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Abstract
Image classification plays an important role in computer vision. The existing convolutional neural network methods have 
some problems during image classification process, such as low accuracy of tumor classification and poor ability of feature 
expression and feature extraction. Therefore, we propose a novel ResNet101 model based on dense dilated convolution 
for medical liver tumors classification. The multi-scale feature extraction module is used to extract multi-scale features 
of images, and the receptive field of the network is increased. The depth feature extraction module is used to reduce 
background noise information and focus on effective features of the focal region. To obtain broader and deeper semantic 
information, a dense dilated convolution module is deployed in the network. This module combines the advantages of 
Inception, residual structure, and multi-scale dilated convolution to obtain a deeper level of feature information without 
causing gradient explosion and gradient disappearance. To solve the common feature loss problems in the classification 
network, the up- down-sampling module in the network is improved, and multiple convolution kernels with different 
scales are cascaded to widen the network, which can effectively avoid feature loss. Finally, experiments are carried out 
on the proposed method. Compared with the existing mainstream classification networks, the proposed method can 
improve the classification performance, and finally achieve accurate classification of liver tumors. The effectiveness of 
the proposed method is further verified by ablation experiments.

Highlights

(a) The multi-scale feature extraction module is intro-
duced to extract multi-scale features of images, it 
can extract deep context information of the lesion 
region and surrounding tissues to enhance the fea-
ture extraction ability of the network.

(b) The depth feature extraction module is used to focus 
on the local features of the lesion region from both 
channel and space, weaken the influence of irrelevant 

information, and strengthen the recognition ability of 
the lesion region.

(c) The feature extraction module is enhanced by the 
parallel structure of dense dilated convolution, and 
the deeper feature information is obtained without 
losing the image feature information to improve the 
classification accuracy.
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1 Introduction

Liver cancer is a malignant tumor of the liver, divided 
into primary and secondary. Hepatocellular carcinoma 
is one of the primary liver cancer with high incidence in 
China. According to the World Health Organization, liver 
cancer kills nearly 700,000 people in worldwide every 
year [1, 2]. Computed tomography (CT) is a common 
medical imaging method for the detection and diag-
nosis of malignant tumors and is widely used in clinical 
trials. Diagnosis is usually made by observing CT images 
of patients. However, due to the complexity of organs 
and the contrast of surrounding areas, misdiagnosis 
may occur when the workload is heavy. Therefore, how 
to achieve accurate classification of liver tumors with 
computer assistance is still a very challenging task [3].

Medical image classification methods can be divided 
into traditional machine learning-based classification 
methods and deep learning based classification meth-
ods according to the extraction method of image fea-
tures. The classification methods based on traditional 
machine learning mainly use machine learning to clas-
sify medical images. Usually, the gray value attribute of 
the CT image is used to manually extract and study the 
statistical characteristics of the lesion area, and then 
build the classification model, finally, realize the image 
classification. Safia et al. [4] used three statistics-based 
and two model-based methods respectively to extract 
texture features from images, and used naive Bayes 
to classify extracted texture features after using each 
method individually and in pairs. Gatos et al., [5] com-
bined the four types of image features calculated by 
traditional methods to obtain comprehensive features. 
Finally, Support Vector Machine (SVM) was used to clas-
sify and determine the optimal feature combination. Tra-
ditional machine learning methods generally have the 
following problems: (1) It takes a long time to extract 
features from texture, shape and other aspects of the 
image, and the selection of effective features should be 
carefully considered; (2) The calculation time of differ-
ent dimensionality reduction methods is inconsistent 
with the obtained results, and improper dimensional-
ity reduction methods may cause data redundancy; (3) 
There are little researches on the depth features of lesion 
regions, and due to the difference between lesions and 
regions, it is difficult to classify the lesion regions that 
are too small with traditional features [6, 7].

The methods based on deep learning solve the prob-
lem that traditional machine learning methods need 
to spend time manually extracting image features and 
selecting appropriate methods for dimensionality reduc-
tion. Meanwhile, advanced features can be obtained.

In recent years, deep learning has become the main-
stream method to solve the problem of medical image 
classification. Zhang et al. [8] proposed a synergic deep 
learning (SDL) model and used multiple deep convolu-
tional neural networks (DCNN) [9] to solve the problem 
of image difference within classes and similarity between 
classes. Firstly, the image features extracted from each pair 
of DCNNs were connected in parallel and used as the input 
of SDL, and whether the input image was the same cat-
egory was predicted through full connection. When one 
medical image in a pair of DCNN was correctly classified 
[10], the other classification error resulted in a collabora-
tive error and acted as an additional force to update the 
model. Using binary data sets and combining images with 
224 × 224 pixels, the classification accuracy was improved 
by 2.1% compared with the benchmark method. In order 
to distinguish between cysts and metastases, Romero 
et al. [11] proposed an end-to-end discriminant network 
framework for the classification of liver lesions, using 
InceptionV3 [12] to extract features from convolution 
with different sizes, migrated weights pre-trained on 
ImageNet. Finally, the pooling operations and auxiliary 
classifiers were used to improve the convergence of the 
model. Ghoneim et al. (2020) [13] input images into the 
convolutional neural network to extract deep-level image 
features, and then used the Extreme Leaming Machine 
(ELM) classifier to classify the input images, and finally fine-
tuned the network. Jiang et al. [14] designed an Attention 
Hybrid Connection Network architecture which combined 
soft and hard attention mechanism and long and short 
skip connections. And a cascade network was proposed 
based on the liver localization network, liver segmentation 
network, and tumor segmentation network to cope with 
this challenge. Seo et al. [15] showed a modified U-Net 
(mU-Net) with incorporation of object-dependent high 
level features for improved liver and liver-tumor segmen-
tation in CT images. Bai et al. [16] proposed a liver tumor 
segmentation method on CT volumes using multi-scale 
candidate generation method (MCG), 3D fractal residual 
network (3D FRN), and active contour model (ACM) in a 
coarse-to-fine manner. Ahmed et al. [17] developed a real-
time software-based respiration gating scheme that he 
implemented on a Verasonics ultrasound imaging system. 
The above methods are mainly classified by extracting the 
features of lesion regions in medical images, but have the 
following shortcomings:

(1) The learned context information of lesion regions 
and the depth features of different lesion regions are 
not effectively used in the network training process;
(2) Only the overall features of the image are extracted, 
without focusing on the local features of the focal 
region;
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(3) It is affected by irrelevant information, no attention is 
paid to the auxiliary judgment information in the image;
(4) In the process of training, certain positions, details 
and other low-level feature information are lost, which 
reduces the classification accuracy.

The purpose of medical image classification task is to 
supplement and strengthen the features of lesions accord-
ing to the contextual information around the lesion area 
and focus on the area itself. To extract global and local 
features of the focal area comprehensively and deeply. It 
needs to reduce the influence of background noise and 
avoid the loss of details and edge feature information 
of the lesion area. Therefore, a multi-scale deep feature 
extraction method based on ResNet101 for liver tumor 
classification is proposed in this paper. The main contri-
butions are as follows.

(a) The multi-scale feature extraction module is intro-
duced to extract multi-scale features of images, it 
can extract deep context information of the lesion 
region and surrounding tissues to enhance the fea-
ture extraction ability of the network.

(b) The depth feature extraction module is used to focus 
on the local features of the lesion region from both 
channel and space, weaken the influence of irrelevant 
information, and strengthen the recognition ability of 
the lesion region.

(c) The feature extraction module is enhanced by the 
parallel structure of dense dilated convolution, and 
the deeper feature information is obtained without 
losing the image feature information to improve the 
classification accuracy.

(d) The convolution substitution strategy is used to 
reduce the number of parameters and enhance the 
classification performance.

(e) The up- down-sampling module in the network is 
improved, and multiple convolution kernels with 
different scales are cascaded to widen the network, 
effectively avoiding feature loss.

Section  2 of this paper describes the related work. 
Proposed image classification method is given in Sect. 3. 
Section 4 presents the experiments and results. Section 5 
gives the conclusion.

2  Related works

2.1  Atrous convolution

In convolutional neural networks (CNN), with the size of 
the convolution kernel increasing, the corresponding 

receptive field becomes larger. In addition, the number of 
learning parameters will also increase, resulting in over-
fitting in the training process. To address these problems, 
Yu et al. [18] proposed an Atrous convolution that could 
enlarge the receptive field of a feature graph without reso-
lution loss. This is a special design for intensive forecasting 
tasks [19].

Atrous convolution is also called extended convolu-
tion. Different from conventional convolution, Atrous con-
volution is a convolution with a dilation rate. When the 
expansion rate is equal to 1, the atrous convolution can 
be regarded as the conventional convolution. However, 
when the expansion rate is greater than 1, the convolution 
kernel will conduct interval sampling on the feature graph 
by reducing the expansion rate by 1. The receptive field 
size F is calculated as:

where r and k represent the expansion rate and convolu-
tion kernel size respectively. When the convolution kernel 
size is 3, the comparison of the atrous convolution with 
different expansion rates is shown in Fig. 1.

In the case that the size of convolution kernel remains 
unchanged, compared with conventional convolution, 
atrous convolution does not need to learn more param-
eters and does not produce information loss, so it can 
obtain a larger receptive field, which is conducive to 
enhancing the accuracy of image classification.

2.2  Inception

Szegedy et al. [20] applied the Inception module to the 
GoogLeNet network and achieved the best score in the 
classification and detection competition. Since then, Incep-
tion networks have been continuously improved and inno-
vated for better performance from Inception-V2, V3 to V4 
[21, 22]. Inception network is intended to solve the problem 
of convolutional layer stacking, avoid redundant comput-
ing, and make the network deeper and wider. The convolu-
tional kernels of different scales can not only enhance the 

(1)F = (r − 1) × (k − 1) + k

Fig. 1  Atrous convolution with different dilation rates
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generalization ability and structural expression ability of 
the network, but also add more nonlinearity to the network 
model, which greatly improves the feature learning ability 
of the convolutional neural network. Typically, an Inception 
network consists of a series of Inception modules.

As shown in Fig. 2, a single Inception module contains 
three convolutional kernels of different sizes and a maxi-
mum pooling layer. It uses a 1 × 1 convolution at each layer 
for dimensionality reduction to improve computational effi-
ciency. Splicing together the feature maps from these four 
branches and sending them to the next Inception module 
enables the network to acquire different receptive fields to 
increase the network width.

2.3  Residual network

For convolutional neural networks, if the network layer is 
deeper, the training is more difficult.

Because this will not only lead to network degradation, 
but also be easy to cause gradient disappearance and gra-
dient explosion. In view of this problem, Wu et al. [23] pro-
posed a residual network to enhance feature transmission by 
introducing shortcut connection into the convolutional neu-
ral network. Residual blocks are formed by adding a short-
cut every two layers of conventional convolution. Several 
residual blocks are connected to form a residual network. As 
shown in Fig. 3, x is the input of the network. F(x) represents 
the output operated by two convolution layers. Before send-
ing to the next layer, the original output will be superim-
posed with the mapping of quick connection F(x) + x. In this 
way, the difficulty of deep network training can be reduced 
and the network performance can be improved.

3  Proposed medical image classification 
method

In this paper, we use SE-ResNet101 [24] as the basic net-
work architecture, and propose a multi-scale and deep 
feature extraction model for liver tumor CT image clas-
sification. The specific steps are as follows:

(1) By improving the multi-scale expression ability of 
the network and increasing the receptive field of the 
network to strengthen the connection between the 
context of the lesion region.

(2) By adding the attention mechanism module to 
extract the local features of the focal region and alle-
viate the influence of background noise.

(3) Using the parallel dense cavity convolution to obtain 
a larger image receptive field, which can extract 
multi-scale features and retain more original details 
to improve classification accuracy.

(4) The up- down-sampling module in the network is 
improved, and multiple convolution kernels with 
different scales are cascaded to widen the network, 
effectively avoiding feature loss.

3.1  Multi‑scale feature extraction module

The focal regions in medical images appear with different 
sizes in a single image. Depending on the context informa-
tion of the focal regions, it can better judge which extracted 
region of interest (ROI) belongs to. Therefore, Res2Net [25] is 
used to perceive information at different scales, improve the 
multi-scale expression ability of the network, and increase 
the receptive field of each network layer. The original bot-
tleneck uses 1 × 1, 3 × 3 and 1 × 1 convolution to map fea-
tures. The proposed method replaces the original single 3 × 3 
convolution with multiple 3 × 3 convolution groups. Specifi-
cally, the extracted coarse-grained features from the previ-
ous convolution layer are divided into s parts after a 1 × 1 
convolution. Each part represents a feature subset ai . And 
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each feature subset ai has the same space size [26]. Then, the 
original 3 × 3 convolution is replaced by a smaller 3 × 3 con-
volution group connected by residuals, which is represented 
by mi() . In order to reduce the number of parameters and 
increase the reuse of features, the 3 × 3 convolution after a1 
is omitted. Let bi be the output of mi() . The output of mi−1() 
is added to the feature subset ai and fed into mi() . So bi is 
denoted as:

where i  is an integer and i ∈ {1, 2,⋯ , s} . Finally, the out-
put bi is concatenated through a 1 × 1 convolution. In this 
paper, s = 4, that is, the feature graph is divided into four 
parts on average. At this point, the best performance 
can be obtained, and more feature information can be 
obtained at different scales and processed efficiently.

3.2  Depth feature extraction module

In order to increase the expressiveness of features and sup-
press unimportant features while paying attention to impor-
tant features, Woo et al. [27] introduced an attention mod-
ule to generate attention charts from spatial and channel 
dimensions. The channel attention module and the spatial 
attention module are executed in series. The multiplication 
of the features of spatial attention and the features of the 
previous attention module through the channel comes from 
the refinement of adaptive features, which is specified as:

where AC ∈ RC×1×1 represents channel attention module. 
AS ∈ R1×H×W is spatial attention module. ⊗ indicates the 
element-wise dot product operation between elements. 
F’ represents the output features through the channel and 
spatial attention modules.

In the channel attention module, F ∈ RC×H×W is first pro-
cessed by global average pooling and global maximum 
pooling based on width and height, respectively, and also 
processed by a muti-layer perception (MLP). Then, the out-
put features are added based on dot product, and finally 
the channel attention feature map is generated by activa-
tion function. The input F ∈ RC×H×W of channel attention 
module is integrated into the spatial attention module. 
Namely,

where PGA represents global average pooling. PGM stands 
for global maximum pooling. M is multilayer perceptron. 

(2)bi =

{

ai i = 1

mi(bi−1 + ai) 1 < i ≤ s

(3)F� = AS(AC(F)⊗ F)⊗ AC(F)⊗ F

(4)F = f 1×1[b1;b2;b3;b4]

(5)AC(F) = �(M(PGA(F)) +M(PGM(F)))

� denotes sigmoid activation function. In the spatial atten-
tion module, feature maps are pooled through two 1 × 1 
convolutions respectively, and then activated by sigmoid 
activation function. In this way, the expression ability of 
the network can be improved and the problem of spatial 
information loss in input vector caused by the use of MLP 
can be solved, that is, Eq. (5) can be expressed as:

The output of channel attention is dotted with its input 
as the input of the spatial attention module. After global 
average pooling and global maximum pooling based on 
the channel, concat is performed through the feature 
graphs generated by the two pooling operations, and 
then aggregation is performed through a 7 × 7 convolu-
tion. Finally, the spatial attention feature map is generated 
by the activation function. Namely,

where f 7×7 represents the convolution with kernel size = 7. 
G represents the input of spatial attention module, that is, 
the obtained feature graph by element-wise dot product 
of the channel attention module output and its input. By 
using this module, the effective information of medical 
image can be further mined without the interference of 
background noise [28]. That is, it can focus on the in-depth 
features of detailed lesions needed for correct classifica-
tion, and then send them to the enhanced feature extrac-
tion module.

3.3  Dense dilated convolution module

The existing classification task network structure usually 
outputs the classification prediction results through the 
convolutional pooling of the full connection layer. If the 
network structure can acquire receptive fields of different 
sizes in training, it can capture information of different 
scales, thus improving the classification accuracy.

U-net network has some common limitations. On the 
one hand, feature resolution is reduced through continu-
ous pooling and convolutional operation, which often 
affects prediction tasks requiring very detailed spatial 
information, such as lung image classification in this paper. 
On the other hand, if the receptive field is increased by 
expanding the size of the convolution kernel, the model 
parameters will increase correspondingly, which is not 
conducive to model training. Considering the above situ-
ation, a dense dilated convolution (DDC) module is added 
in the middle of the network.

(6)AC(F) = �(f 1×1(f 1×1(PGA(F))) + f 1×1(f 1×1(PGM(F))))

(7)G = AC(F)⊗ F

(8)AS(G) = �(f 7×7[PGA(G);PGM(G)])
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Although DDC looks like a dense connected block, the 
structure of this module aggregates Inception, residual 
networks, and dilated convolution. As shown in Fig. 4, the 
DDC module has four cascaded branches, and the num-
ber of dilated convolution in each branch increases one 
by one, and the corresponding receptive fields are 3, 7, 9 
and 19 respectively. At the same time, each branch finally 
uses a 1 × 1 convolution for ReLU activation. In addition, 
the module also introduces fast connections in the resid-
ual network to fuse original features with other features, 
avoiding the explosion and gradient disappearance. By 
combining dilated convolution with different expansion 
rates, DDC blocks can fully extract features at different 
scales.

3.4  Improved up‑ down‑sampling module

In the standard dense network framework, maximum 
pooling and up-sampling are used to reduce and increase 
the resolution of feature maps respectively, but feature 
loss and precision reduction may occur during training. 
Therefore, this paper improves the up- down-sampling 
module to avoid feature loss.

As shown in Fig. 5, the two modules have the same 
structures. The maximum pooling layer and the convolu-
tion layer in the down-sampling module are replaced by 
the up-sampling layer and the transpose convolution layer 
in the up-sampling module. This structure is composed of 
parallel cascades of multiple convolutional kernels with 
different scales, which can be regarded as a simple Incep-
tion structure, it can perceive local features of different 
scales and improve the learning ability of the network.

3.5  Loss function

The loss function can be used to assess the difference 
between the predicted result and the actual result. When 
the loss function is small, the robustness of the cor-
responding model is relatively strong. We replace the 

Fig. 4  DDC structure
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commonly used binary cross entropy (BCE) [29] loss func-
tion with Dice loss function [30].

Dice similarity coefficient ( CDice ) is a measurement 
method to calculate the overlap area between two sam-
ples. It ranges from 0 to 1, with 1 indicating complete over-
lap and 0 indicating no overlap area. Dice loss function is 
calculated as:

where N represents the number of pixels. gi ∈ {0, 1} repre-
sents whether pixel i  is the label of the foreground, while 
pi ∈ (0, 1) represents the prediction result of pixel i output 
by the Softmax layer.

3.6  Overall network architecture

The flowchart of the proposed method is shown in Fig. 6. 
The network consists of three 3 × 3 convolutions, four 
blocks, DDC and Softmax. The input layer of the original 
SE_ResNet101 is a 7 × 7 convolution. In order to obtain the 
same receptive field with 7 × 7 convolution and capture 
more features, it is replaced with three 3 × 3 convolutions, 
which can reduce the number of parameters and learn 
more distinguishing features of the lesion edge region. In 
order to better extract the multi-scale and depth features 
of the lesion region, expand the convolution layer recep-
tive field, avoid the loss of image features and alleviate 
the influence of background noise, this paper combines 
the multi-scale feature extraction module (MSFE), depth 

(9)lossdice = 1 − CDice = 1 −
2
∑N

i
pigi

∑N

i
p2
i
+
∑N

i
g2
i

feature extraction module (DFE) and DDC model to opti-
mize the network bottleneck of SE_ResNet (The detailed 
bottleneck is shown in Fig. 7).

In the formula, B represents the output through the bot-
tleneck. fc is the full connection layer. � represents ReLU 
activation function. Xt ∈ RC×H×W represents the original 
feature map before feeding into the bottleneck.

The optimized bottleneck is composed of multi-scale 
feature extraction module, depth feature extraction mod-
ule and DDC. In the training process, octave convolution 
is used to replace the ordinary convolution to reduce 
resource consumption and improve classification accu-
racy [31]. The network structure and parameter settings 
are shown in Table 1. C, AP, MP, and FC represent convolu-
tion layer, average pooling, maximum pooling and fully 
connected layer respectively. The following parameters are 
kernel size, step size and fill value in order.

4  Experiment and analysis

The experimental data set consists of 5200 abdominal CT 
images. The data comes from https:// compe titio ns. codal ab. 
org/ compe titio ns/ 17094. In this paper, we only select 190 
patients with portal vein CT scan (four lesions), including 35 
metastasis (MET), 40 hemangiomas (HEM), 62 hepatocellu-
lar carcinoma (HCC) and 53 healthy tissues. The radiologist 

(10)B = 𝜎(fc(𝛿(fc(PGA(F
��)))))⊗ F�� + Xt
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marks the edges of each lesion and confirms the corre-
sponding diagnosis by biopsy or clinical follow-up. The data 
samples are shown in Fig. 8.

4.1  Experimental preprocessing

All data samples are preprocessed as follows:

(1) ROI extraction. The required ROI is extracted from the 
liver tumor profile marked by an experienced radiolo-
gist, in order to increase the diversity of samples, the 
ROI of a healthy liver is delineated by the physician 
from healthy liver tissue.

(2) Convert pixel values. The unit of CT value is Houns-
field (HU) and the range is (-1024,3071), which reflects 
the degree of X-ray absorption of tissues. Digital 
imaging and communications in medicine (DICOM) 
format, the image range is usually (0,4096). The RI 
(Rescale Intercept) and RS (Rescale Slope) need to be 
read from the DICOM header file during conversion. 
The conversion relationship between CT value and 
pixel value can be expressed as:

where, PV represents pixel value. In this experiment, 
RS = 1 and RI = -1024 are taken in this paper [33].

(11)HU = PV × RS + RI

(3) Image enhancement. In order to enhance the features 
of lesions and improve the generalization ability of 
the network, the extracted ROI is enhanced by ran-
dom flipping, filling, clipping and affine transforma-
tion.

After pre-processing, the data set is randomly divided 
into the training set and testing set, the training set 
accounts for 80% of the total samples, and the testing set 
accounts for 20% of the total samples. The sample size 
is trimmed to 64 × 64 pixels, and the data distribution is 
shown in Table 2. In the experiment, due to the limitation 
of graphics processing unit (GPU) graphics memory, the 
batch size is set as 16 and Adam optimization algorithm 
[34] is adopted in this paper. The initial learning rate is set 
as 0.002, the exponential decay rate is set as 0.98, and the 
decline period is set as 1. Experiments are carried out on 

Fig. 7  Detailed bottleneck structure

Table 1  Network structure and parameter setting

Layer Parameter

Previous 
layer

C:3,S:2,P:1
BatchNorm

C:3,S:1,P:1
BatchNorm

C:3,S:1,P:1
BatchNorm
ReLU

MP:3,S:2,P:1

Bottleneck MSFE
DFE
DDC:256

MSFE
DFE
DDC:512

MSFE
DFE
DDC:1024

MSFE
DFE
DDC:2048

Latter layer DDC:4 Softmax

Fig. 8  Typical samples of liver dataset [32]
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the PyTorch framework with NVIDIA GeForceGTX 1060 Ti 
GPU for all experiments to verify the validity of the pro-
posed method.

4.2  Evaluation index

Accuracy (A), recall (R), precision (P), F1 score and receiver 
operating characteristic curve (ROC) are adopted to evalu-
ate the classification results. They are defined as:

TP represents the number of correctly predicted tumor. 
TN represents the number of correctly predicted back-
ground. FP represents the sample number that the back-
ground is predicted as a tumor. FN represents the sample 
number that the tumor is predicted as background. The 
value is in the range [0,1], and the larger value denotes the 
better effect. FPR is the false positive rate, which refers to 
the probability of being correct in all other categories. TPR 
is the true positive rate, which refers to the probability that 
is actually predicted under this category. ROC is measured 
according to FPR and TPR. Area under the curve (AUC) is 
the area under the ROC curve [35]. If the value of AUC is 
close to 1, the authenticity of the testing method will be 
higher.

(12)A =
TP + TN

TP + TN + FP + FN

(13)R =
TP

TP + FN

(14)P =
TP

TP + FP

(15)F1 =
2TP

2TP + FP + FN

(16)TPR =
TP

TP + FN

(17)FPR =
FP

TN + FP

4.3  Comparison experiments

4.3.1  A. Comparison with the benchmark method.

ResNet101 is used as the benchmark experiment. 
The multi-scale feature extraction module, depth fea-
ture extraction module and DDC module are added in 
ResNet101, and the octave convolution is used to replace 
ordinary convolution. Figure 9 is the confusion matrix 
comparison of HCC, MET, normal and HEM between 
the proposed method and the benchmark method. The 
x-axis represents the true label and the y-axis indicates 
the predicted label. Each row represents the probability 
of a correct prediction (recall). Each column represents 
the probability of a correct prediction in the case of the 
prediction label, that is, precision. As can be seen from 
Fig. 9, the recall and accuracy of the proposed method for 
each type of liver lesions are higher than or equal to that 
of the ResNet101, and each type of sample is balanced. 
It shows that the proposed algorithm can achieve bet-
ter overall classification, enhance the feature extraction 
ability of the network, alleviate the influence caused by 
background noise, and strengthen the utilization of image 
features. However, due to the similarity of lesion areas 
being too close, there are still some misclassifications in 
the lesion types.

The ROC curves of different liver lesions and the ROC 
between the proposed method and benchmark model 
are shown in Figs. 10 and 11. It can be seen that the ROC 
curve obtained by the proposed method is more stable 
and smooth than the benchmark performance. It has a 
larger AUC, indicating that the proposed method in this 
paper has a better classification effect.

4.3.2  Ablation experiments

The proposed method mainly consists of multi-scale 
feature Extraction module (MSFE), deep feature extrac-
tion module (DFE), dense dilated convolution module 
(DDC) and convolution substitution strategy (CSS). Abla-
tion experiments are performed on the same data set 
to verify the validity of each component. The results are 
shown in Table 3. It can be seen that by using MSFE, the 
classification accuracy is improved by 2.92%, indicat-
ing that strengthening the multi-scale extraction ability 
of the network and obtaining more context informa-
tion can effectively improve the classification accuracy. 
Combined with MSFE and DFE, the accuracy is improved 
by 2.94% compared with the MSFE. It can be seen that 
the depth feature extraction module can strengthen 
the effective utilization of the features of the lesion 
region and reduce the impact of background noise on 
the classification task. The accuracy of the combination 

Table 2  Distribution of the liver dataset

Type MET HEM HCC healthy

Training set 1300 662 1470 664
Testing set 325 165 366 165
Total 1625 827 1836 829
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of MSFE, DFE and DDC is 2.7% higher than that of MSFE 
and DFE. DDC module enlarges the receptive field and 
increases the multi-scale features of the network during 
training, thus reducing the loss of accuracy. Combining 

MSFE, DFE, DDC and CSS, the accuracy is improved by 
1.36%, and the number of parameters is reduced by 
3.67 M, which proves that the combination of CSS can 
effectively improve the classification accuracy while 
reducing redundancy

Fig. 9  Comparison of confu-
sion matrix between baseline 
method and proposed method

Fig. 10  ROC curves comparison of each type between ResNet101 model and proposed model
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4.3.3  Comparison with classical networks

To further verify the classification performance, the pro-
posed method is compared with DenseNet [36], ResNet101, 
MnasNet [37], MobileNet2 [38], ShuffleNetV2 [39], SK_
ResNet101 [40] and SE_ResNet101 are compared under the 
same data sets. The results are shown in Table 4. It can be 
seen that by enhancing the multi-scale and depth features 
of the lesion region, the influence of background noise 
can be weakened, the utilization of useful information can 
be increased, and the classification performance can be 
improved without losing accuracy.

Figure 12 shows the overall ROC curve of the proposed 
method and the existing classical classification algorithms. It 
can be seen that, among all the classical classification mod-
els, the ROC curve of the proposed method has a smaller and 
smoother fluctuation range, and a larger AUC is obtained 
than that of other classical classification network mod-
els, which further proves the superiority of the proposed 
algorithm.

5  Conclusion

To solve the problems of the existing classification meth-
ods, such as the insufficient mining of context informa-
tion, the influence of background noise and the loss of 
image feature information, this paper proposes a novel 
ResNet101 model based on dense dilated convolution 

Fig. 11  ROC comparison between ResNet101 and proposed model

Table 3  Ablation experiments 
on liver dataset

The bold value denotes the best result

Method A R P F1 AUC Parameter size/M

ResNet101 77.93 77.89 78.86 78.86 91.11 49.23
MSFE 80.85 81.87 79.46 80.45 94.11 34.64
MSFE + DFE 83.79 83.11 84.47 83.96 95.11 56.25
MSFE + DFE + DDC 86.49 86.86 86.18 86.49 96.11 58.94
MSFE + DFE + DDC + CSS 87.85 86.15 87.11 86.53 96.11 55.27

Table 4  Classification performance of the liver dataset

The bold values are the best results

Method A R P F1 AUC 

DenseNet 79.69 79.28 78.44 79.61 93.11
ResNet101 77.74 76.51 77.58 76.39 93.11
MnasNet 73.65 73.68 73.73 73.73 91.11
MobileNet2 81.24 81.16 80.42 80.43 95.11
ShuffleNetV2 76.18 76.67 77.00 77.01 91.11
SK_ResNet101 81.43 82.33 81.14 81.61 91.11
SE_ResNet101 77.93 77.89 78.86 78.86 91.11
Proposed 87.85 86.15 87.12 86.54 96.21
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for medical liver tumors classification. The improvements 
are made in the following four aspects: (1) The multi-
scale feature extraction module is used to strengthen 
the connection between the context information of the 
lesion region, and the semantic information can be fully 
mined while increasing the receptive field; (2) The depth 
feature extraction module is used to enhance the fea-
tures of the lesion region and reduce the influence of 
background noise, so as to pay deep attention to the 
useful lesion information; (3) Dense dilated convolution 
is connected in parallel so that feature maps with dif-
ferent scales can be sampled to expand the receptive 
field of the network and improve feature utilization of 
the original image; (4) The up- down-sampling module 
in the network is improved, and multiple convolution 
kernels with different scales are cascaded to widen the 
network, effectively avoiding feature loss. Through the 
improvement of the above aspects, the accurate classi-
fication of liver tumors can be achieved. The superiority 
of the proposed method is verified on the liver data set, 
and the optimal performance is achieved under several 
evaluation indexes. Compared with the mainstream clas-
sical networks, the classification effect of the proposed 
method is better than that of the classical networks. In 
the future, it will be extended to more medical fields. 
As a method of early lesion detection, it will be of far-
reaching significance to assist doctors in diagnosis and 
treatment. The proposed method in this paper still has 
some shortcomings. Since the collected organs CTs in 
different periods, such as venous phase, arterial phase, 
delayed phase and plain scanning, are different. The clas-
sification results will decline. Therefore, how to use CT 
values in different periods to accurately classify tumors 
remains to be studied.
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