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a b s t r a c t 

The classification of medical images is an essential task in computer-aided diagnosis, medical image re- 

trieval and mining. Although deep learning has shown proven advantages over traditional methods that 

rely on the handcrafted features, it remains challenging due to the significant intra-class variation and 

inter-class similarity caused by the diversity of imaging modalities and clinical pathologies. In this paper, 

we propose a synergic deep learning (SDL) model to address this issue by using multiple deep convo- 

lutional neural networks (DCNNs) simultaneously and enabling them to mutually learn from each other. 

Each pair of DCNNs has their learned image representation concatenated as the input of a synergic net- 

work, which has a fully connected structure that predicts whether the pair of input images belong to the 

same class. Thus, if one DCNN makes a correct classification, a mistake made by the other DCNN leads to 

a synergic error that serves as an extra force to update the model. This model can be trained end-to-end 

under the supervision of classification errors from DCNNs and synergic errors from each pair of DCNNs. 

Our experimental results on the ImageCLEF-2015, ImageCLEF-2016, ISIC-2016, and ISIC-2017 datasets in- 

dicate that the proposed SDL model achieves the state-of-the-art performance in these medical image 

classification tasks. 

© 2019 Elsevier B.V. All rights reserved. 
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1. Introduction 

The significance of digital medical imaging in the modern

healthcare has led to the indispensable role of medical image anal-

ysis in the clinical therapy ( Ghosh et al., 2011; de Bruijne, 2016;

Kalpathy-Cramer et al., 2015 ). Medical image classification, a fun-

damental step in medical image analysis, aims to distinguish medi-

cal images according to a certain criterion, such as clinical patholo-

gies or imaging modalities. A reliable medical image classification

system is able to assist doctors in the fast and accurate interpreta-

tion of medical images. 

Medical image classification has been thoroughly studied dur-

ing the past decades with a huge number of solutions in the lit-

erature ( Baloch and Krim, 2007; Song et al., 2013; Koitka and

Friedrich, 2016 ), most of which are based on handcrafted features.

Despite the success of these methods, it is usually difficult to de-

sign handcrafted features that are optimal for a specific classifi-

cation task. In recent years, deep learning techniques ( Simonyan
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nd Zisserman, 2014; Szegedy et al., 2015; He et al., 2016; Chen

t al., 2017; Li et al., 2017 ), especially deep convolutional neural

etworks (DCNN), have led to significant breakthroughs in medi-

al image classification ( Koitka and Friedrich, 2016; Xu et al., 2014;

hen et al., 2017; Esteva et al., 2017; Personnaz et al., 1986; Ku-

ar et al., 2017; Yu et al., 2017b ), and medical image segmentation

 Dong et al., 2017; Soltaninejad et al., 2017 ). However, although

hese methods are more accurate than handcrafted feature-based

pproaches, they have not achieved the same success on medical

mage classification ( Sirinukunwattana et al., 2016; Xie et al., 2017 )

s they have done in the ImageNet Challenge ( Deng et al., 2009;

rizhevsky et al., 2012 ). The suboptimal performance is attributed

ainly to two reasons. 

First, deep models may overfit the training data, which is far

rom adequate, as there is usually a small dataset in medical

mage analysis and this relates to the work required in acquir-

ng the image data and then in image annotation ( Weese and

orenz, 2016 ). To address this issue, pre-trained deep models have

een adopted, since it has been widely recognized that the im-

ge representation ability learned from large-scale datasets, such

s ImageNet ( Deng et al., 2009 ), can be efficiently transferred to

eneric visual recognition tasks, where the training data is limited

https://doi.org/10.1016/j.media.2019.02.010
http://www.ScienceDirect.com
http://www.elsevier.com/locate/media
http://crossmark.crossref.org/dialog/?doi=10.1016/j.media.2019.02.010&domain=pdf
mailto:yxia@nwpu.edu.cn
https://doi.org/10.1016/j.media.2019.02.010
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Fig. 1. Examples show the intra-class variation and inter-class similarity in modality-based medical image classification (a–d) and clinical pathology-based medical image 

classification (e–h): (a) a brain CT image, (b) a pleural CT image, (c) a brain MR image, (d) a pleural MR image, (e, f) benign skin lesions, and (g, h) malignant skin lesions. 
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 Zhou et al., 2017; Ravishankar et al., 2017; Oquab et al., 2014;

ettes et al., 2016 ). 

Second, and more significantly, the intra-class variation and

nter-class similarity pose an even greater challenge to the classifi-

ation of medical images ( Song et al., 2015 ). As an example shown

n Fig. 1 (a)–(d), the separation of images from computed tomogra-

hy (CT) and magnetic resonance (MR) imaging scanners is difficult

n: (1) both CT and MR images provide the anatomical information

bout the body parts that are imaged, and hence share many visual

imilarities and non-professionals can have difficulty in separating

hem (see Fig. 1 (a) vs (c), or Fig. 1 (b) vs (d)); and (2) images from

he same modality will differ depending upon the anatomical lo-

ation and individual variability (see Fig. 1 (a) vs (b), or Fig. 1 (c)

s (d)). Another example shown in Fig. 1 (e)–(h) is the separation

f malignant skin lesions from benign ones. It reveals that there

s a big visual difference between the benign skin lesions (e) and

f) and between malignant ones (g) and (h). Nevertheless, the be-

ign skin lesions (e) and (f) are even more similar to the malig-

ant lesions (g) and (h), respectively, in the shape and color. To

ddress this challenge, human observers focus more on the am-

iguity caused by hard cases, which may provide more discrimina-

ory information than easy ones ( Bengio et al., 2009 ). The pair-wise

earning strategy is an effective technique that learns from pairs of

amples and captures more information in favor of distinguishing

ard cases. 

.1. Related work 

Handcrafted feature-based medical image classification: The

escriptors for color, texture, and shape and combined descrip-

ors have been widely used in medical image classification.

aloch and Krim (2007) proposed a flexible skew-symmetric shape

odel to capture shape variability within a certain neighborhood

nd account for all potential variability. Song et al. (2013) de-

igned a novel texture descriptor to represent rich texture fea-

ures by integrating multi-scale Gabor filters and local binary pat-

erns (LBP) histograms for lung tissue classification. Koitka and

riedrich (2016) extracted up to 11 handcrafted visual descriptors

nd jointly used them for modality based medical image classifi-

ation. Compared with these handcrafted feature-based methods,

he proposed SDL can learn the discriminative feature representa-

ion from data adaptively and effectively. 

Deep learning-based medical image classification: DCNN

odels provide a unified feature extraction-classification

ramework to free human users from the troublesome hand-

rafted feature extraction for medical image classification.

u et al. (2014) adopted a DCNN to minimize manual annotation

nd produced good feature representations for histopathological

olon cancer image classification. Shen et al. (2017) proposed a
ulti-crop pooling strategy and applied it to a DCNN to capture

bject salient information for lung nodule classification on chest

T images. Esteva et al. (2017) trained a DCNN using 129,450

linical images for diagnosing the most common and deadliest

kin cancers and achieved the performance that matches the

erformance of 21 board-certified dermatologists. Koitka and

riedrich (2016) extracted the output of the last fully connected

ayer in a pre-trained ResNet-152 model and adopted them to

rain a custom network layer using the pseudo-inverse method

 Personnaz et al., 1986 ). Kumar et al. (2017) integrated two dif-

erent pre-trained DCNN architectures and combined them into

 stronger classifier. Yu et al. (2017b) presented an ensemble

f multiple pre-trained ResNet-50 and VGGNet-16 models and

ultiple fully-trained DCNNs by calculating the weighted sum of

redicted probabilities. In our previous work ( Zhang et al., 2018a;

ie et al., 2018 ), we jointly used deep and handcrafted visual fea-

ures for medical image classification and found that handcrafted

eatures were able to complement the image representation

earned by DCNNs on small training datasets. Different from these

etworks, the proposed SDL model simultaneously takes multiple

mages as input, and thus enables multiple DCNN components

utually improve each other for learning better discriminative

epresentation. 

Pair-wise learning: In the past decade, the pair-wise learn-

ng strategy has been applied to various perception tasks, such

s signature verification ( Bromley et al., 1994 ), face verifica-

ion ( Chopra et al., 2005 ), speech analysis ( Kamper et al., 2015;

016; Renshaw et al., 2015 ), and natural language processing

 Mueller and Thyagarajan, 2016 ). Bromley et al. (1994) described

 Siamese neural network for verification of signatures written on

 pen-input tablet by comparing the distance which is cosine of

he angle between an extracted feature vector and a stored fea-

ure vector. Chopra et al. (2005) presented a general discriminative

ethod for learning a similarity metric from data pairs by mini-

izing a discriminative loss function that enlarges the metrics of

airs of faces from the same person and narrows the pairs from

ifferent persons. Recent years have witnessed the widespread

pplications of pair-wise learning in unsupervised speech feature

earning. Kamper et al. (2015) proposed an unsupervised deep

uto-encoder feature extractor for zero-resource speech processing

y using weak top-down supervision from word pairs obtained by

n unsupervised term discovery system. Kamper et al. (2016) also

sed word pairs to train a Siamese DCNN that takes a pair of

peech segments as input and uses a hinge loss to classify same-

ord pairs and different-word pairs. Renshaw et al. (2015) claimed

hat guiding the representation learning using word pairs pro-

ides a major benefit over standard unsupervised methods. Pair-

ise learning has also been applied to natural language process-

ng. Mueller and Thyagarajan (2016) presented a Siamese recurrent
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1 http://www.isdis.net/index.php/isic-project/ . 
architecture which is trained on paired examples to learn a highly

structured space of sentence representations that captures rich se-

mantics for learning sentence similarity. Different from the tradi-

tional pair-wise learning, the SDL model avoids handcrafted design

of tricky distance metric loss functions for optimization, and au-

tomatically learns whether image pairs belong to the same cate-

gory or not by using a cross-entropy loss function. Besides, the SDL

model supports the simultaneous learning of multiple image pairs,

which works with multiple DCNN components on the premise of

not sharing parameters such that the model can benefit from an

ensemble of multiple networks. 

1.2. Outline of our work 

In this paper, we propose a synergic deep learning (SDL) model

to learn the discriminative representation simultaneously from

pairs of images, which include both similar images in different cat-

egories and dissimilar images in the same category, for medical

image classification. The SDL model consists of n pre-trained DC-

NNs and C 2 n synergic networks. Each DCNN learns image represen-

tation and classification, and each pair of DCNNs has their learned

image representation concatenated as the input of a synergic net-

work, which has a fully connected structure, to predict whether

the pair of input images belongs to the same class or not. Thus, the

SDL model can be trained in an end-to-end fashion under the su-

pervision of both the classification error from each DCNN and the

synergic error from each pair of DCNNs. We have evaluated the

proposed model on the 2015/2016 Image Cross Language Evalua-

tion Forum (ImageCLEF) subfigure classification challenge datasets,

and the 2016/2017 International Skin Imaging Collaboration (ISIC)

skin lesion classification challenge datasets. Our results suggest

that the SDL model achieves the state-of-the-art performance on

these four medical image classification tasks. 

The main contributions of this paper are three-fold. First, we

propose the SDL model that learns the discriminative feature rep-

resentation from multiple images simultaneously including both

similar inter-class images and dissimilar intra-class images. Second,

we enable each pair of DCNNs in the SDL model to mutually facil-

itate each other during the learning process, since, if one DCNN

makes correct decision, the mistake made by the other DCNN may

lead to a synergic error that serves as an extra force to learn

the discriminative representation. Finally, we achieve the state-of-

the-art performance on the ImageCLEF-2015, ImageCLEF-2016 Sub-

figure Classification datasets, ISIC-2016 and ISIC-2017 Skin Lesion

Classification datasets. 

A pilot data of this work was presented in MICCAI 2018

( Zhang et al., 2018b ). In this paper, we have substantially revised

and extended the conference paper. The main extension includes

that (1) the SDL model was generalized from a special version

SDL 2 which has only two DCNN components, to a generalized ver-

sion SDL n with n DCNNs, and the generalization leads to improved

performance in medical image classification; and (2) the proposed

model was evaluated not only on pathology-based image classifi-

cation datasets (i.e. ISIC-2016 and ISIC-2017 datasets), but also on

modality-based image classification datasets (i.e. ImageCLEF-2015

and ImageCLEF-2016 datasets). 

2. Material and method 

2.1. Datasets 

For this study, we use four medical image classification

datasets, including two modality-based medical image classifi-

cation datasets, i.e. ImageCLEF 2015 ( de Herrera et al., 2015 )

and ImageCLEF 2016 ( de Herrera et al., 2016 ) datasets, and two
athology-based medical image classification datasets, i.e. ISIC-

016 ( Gutman et al., 2016 ) and ISIC-2017 ( Codella et al., 2018 )

atasets. 

ImageCLEF-2015, ImageCLEF-2016: Recognizing the increasing

omplexity of images in biomedical literatures, ImageCLEF col-

ected medical figures with sub-figures that produced by multi-

le imaging modalities and illustrations drawn from analysis of

edical data from the PubMed Central (PMC) ( Müller et al., 2012 ).

he ImageCLEF-2015 dataset consists of 4532 training images and

244 testing images, whereas the ImageCLEF-2016 dataset contains

776 training images and 4166 testing images. The images in both

atasets are divided into 30 categories, including 18 categories of

edical diagnostic images such as CT, MRI, and PET images, and 12

ategories of illustrations such as figures, tables, and flow charts. 

ISIC-2016, ISIC-2017: Both datasets were leveraged by ISIC,

hich is an international effort to improve melanoma diagnosis. 1 

he ISIC-2016 dataset is made up of 900 training and 379 test der-

oscopy images which were screened for both privacy and quality

ssurance. Lesions in these images are all paired with a gold stan-

ard (definitive) malignancy diagnosis, i.e. benign or malignant.

he ISIC-2017 dataset contains 20 0 0 training, 150 validation and

00 test dermoscopy images. Similarly, each skin lesion is paired

ith a gold standard diagnosis, i.e. melanoma, nevus and sebor-

heic keratosis. Actually, this dataset contains two binary classifi-

ation sub-tasks melanoma classification (i.e. melanoma vs. others)

nd seborrheic keratosis classification (i.e. seborrheic keratosis vs.

thers). 

.2. Method 

The proposed SDL model, denoted by SDL n , consists of three

ajor modules: an image pair input layer, n DCNN components

nd C 2 n synergic networks (see Fig. 2 (a)). A special case SDL 2 is

hown in Fig. 2 (b). The input of the SDL model is a group of

andomly selected images, instead of a single image. Each DCNN

omponent of any network structure serves to independently learn

epresentation from images under the supervision of true labels

f input images. A synergic network, which has a fully connected

tructure, is used to verify whether the input pair belongs to the

ame category or not, and give the corrective feedback if a syner-

ic error exists. We then delve into each of the three modules of

he SDL model. 

.2.1. Pair input layer 

Different from traditional DCNNs, the proposed SDL n model si-

ultaneously accepts n input images that are randomly selected

rom the training set. Each image, together with its class label,

s input into a DCNN component, and each pair of images has a

orresponding synergic label that will be used by a synergic net-

ork. In order to unify the image size, we resize each image to

24 × 224 × 3 using the bicubic interpolation. 

.2.2. DCNN components 

Due to the strong representation capability of the famous

esidual network ( He et al., 2016 ), we employ a pre-trained

0-layer residual neural network (ResNet-50) as the initializa-

ion of each DCNN component which is denoted by DCNN- i ( i =
 , 2 , . . . , n ). However, it is worth noting that any DCNN, such as

lexNet ( Krizhevsky et al., 2012 ), VGGNet ( Simonyan and Zisser-

an, 2014 ) and GoogLeNet ( Szegedy et al., 2015 ), can be embed-

ed in the SDL n model as a DCNN component. Each DCNN compo-

ent is trained using an image sequence X = { x (1) , x (2) , . . . , x (M) }
nd a corresponding class label sequence Y = { y (1) , y (2) , . . . , y (M) } ,

http://www.isdis.net/index.php/isic-project/
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Fig. 2. (a): Architecture of the SDL n model which has n DCNN components and C 2 n synergic networks. DCNN- i , ( i = 1 , . . . , n ), represents i -th DCNN component, and S ( i, j ) 

represents the synergic network between DCNN- i and DCNN- j . DCNN- i serves to independently learn representation from images under the supervision of true labels of 

input images. S ( i, j ) of a fully connected struture is used to verify whether the input pair belongs to the same category or not, and give the corrective feedback if a synergic 

error exists. (b): Architecture of the SDL 2 model of dual DCNNs and a synergic network. 

Fig. 3. Diagram of the synergic network. 
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iming to find a set of parameters θ that minimizes the following

ross-entropy loss 

(θ) = − 1 

M 

[ 

M ∑ 

i =1 

K ∑ 

j=1 

1 { y (i ) = j} log 
e 

Z 
(i ) 
j ∑ K 

l=1 e 
Z 
(i ) 
l 

] 

(1) 

here K is the number of classes, Z 

(i ) = F(x (i ) , θ) represents the

orward computing. This optimization problem can be solved by

sing the mini-batch stochastic gradient descent (mini-batch SGD)

lgorithm. The obtained parameter set for DCNN- i is denoted by
( i ) , and the parameters are not shared among different DCNN

omponents. 

.2.3. Synergic network 

To further supervise the training of each DCNN component with

he synergic label of each pair of images, we design a synergic

etwork, which consists of an embedding layer, a fully connected

earning layer and an output layer (see Fig. 3 ). 

Let a pair of images ( x A , x B ) be input into two DCNN compo-

ents (DCNN- i , DCNN- j ), respectively. The output of the second last

ully connected layer in a DCNN is defined as the deep image fea-
ures learned by that DCNN, which can be obtained through for-

ard computing, formally shown as follows 

f A = F(x A , θ(i ) ) 

f B = F(x B , θ( j) ) 
(2) 

Then, the deep features of both images are concatenated as f A ◦B 

nd input into the synergic network. The corresponding expected

utput is the synergic label of the image pair, which is defined as

ollows 

 S ( x A , x B ) = 

{
1 i f y A = y B 
0 i f y A � = y B 

(3) 

To avoid the unbalance data problem, the percentage of intra-

lass image pairs in each batch is about 45% − 55% . It is convenient

o monitor the synergic signal by adding another sigmoid layer and

sing the following binary cross entropy loss 

 

S (θS ) = y S log ̂  y S + (1 − y S ) log (1 − ̂ y S ) (4)

here θS is the parameters of the synergic network, ̂ y S =
( f A ◦B , θ

S ) is the forward computing of the synergic network. This

ynergic network verifies whether the input image pair belongs to

he same category or not, and gives the corrective feedback if a

ynergic error exists. 

.2.4. Training and testing 

The proposed SDL n model consists of n DCNN components and

 

2 
n synergic networks. During the end-to-end training, the param-

ters of each DCNN component and each synergic network can be

pdated as 

θ(i ) (t + 1) = θ(i ) (t) − η(t) · �(i ) 

θS(i, j) (t + 1) = θS(i, j) (t) − η(t) · �S(i, j) 
(5) 

here η( t ) is the variable learning rate, S ( i, j ) represents the syn-

rgic network between DCNN- i and DCNN- j , 

(i ) = 

∂ l (i ) (θ(i ) ) 

∂θ(i ) 
+ λ

n ∑ 

j =1 , j � = i 

∂ l S(i, j) (θS(i, j) ) 

∂θS(i, j) 
(6) 

S(i, j) = 

∂ l S(i, j) (θS(i, j) ) 

∂θS(i, j) 
(7) 

nd λ represents the trade-off between subversion of classification

rror and synergic error. Algorithm 1 summarizes the training pro-

ess of the SDL 2 model, which can be extended to the training of

he SDL n model. 
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Algorithm 1 The training process of the SDL 2 model. 

Input: Two image batches X 1 = { x (1) 
1 

, x (2) 
1 

, . . . , x (M) 
1 

} and X 2 = 

{ x (1) 
2 

, x (2) 
2 

, . . . , x (M) 
2 

} , initialized parameters of dual DCNNs and 

synergic network, θ(1) , θ(2) and θS , learning rate η(t) and the 

hyper parameter λ. 

Step 1: Forward propagation: 

F 1 = F(X 1 , θ
(1) ) 

F 2 = F(X 2 , θ
(2) ) 

Step 2: Concatenate F 1 and F 2 to F 1 ◦2 = { f (1) 
1 ◦2 

, f (2) 
1 ◦2 

, . . . , f (M) 
1 ◦2 

} 
where f (i ) 

1 ◦2 
represents the combination of f (i ) 

1 
and f (i ) 

2 
, and in- 

put them to the synergic network. The labels of these three su- 

pervisions are Y 1 = { y (1) 
1 

, y (2) 
1 

, . . . , y (M) 
1 

} , Y 2 = { y (1) 
2 

, y (2) 
2 

, . . . , y (M) 
2 

} 
and Y S = { y (1) 

S 
, y (2) 

S 
, . . . , y (M) 

S 
} , where y (i ) 

S 
= 1 if y (i ) 

1 
= y (i ) 

2 
, other- 

wise y (i ) 
S 

= 0 . 

Step 3: Update parameters θ(1) , θ(2) , θS by using back- 

propagation algorithm. 

Compute loss: 

l (1) (θ(1) ) , l (2) (θ(2) ) and l S (θS ) . 

Compute gradient: 

�S = 

∂ l S (θS ) 

∂θS , 

�(1) = 

∂ l (1) (θ(1) ) 

∂θ(1) + λ�S , 

�(2) = 

∂ l (2) (θ(2) ) 

∂θ(2) + λ�S , 

Update parameters: 

θ(1) (t + 1) ← θ(1) (t) − η(t) · �(1) 

θ(2) (t + 1) ← θ(2) (t) − η(t) · �(2) 

θS (t + 1) ← θS (t) − η(t) · �S 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Table 1 

Performance comparison of ResNet-50 n and SDL n models on the ImageCLEF- 

2015 classification test set. 

n Acc (%) 

Group 1: No DA Group 2: DA1 Group 3: DA1+DA2 

ResNet-50 n SDL n ResNet-50 n SDL n ResNet-50 n SDL n 

1 73.31 / 74.11 / 76.25 / 

2 73.98 75.00 74.69 75.04 76.52 77.58 

3 74.47 75.22 75.13 75.27 76.56 77.76 

4 74.55 75.36 75.18 75.53 76.65 78.21 
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When applying the trained SDL n model to the classification of

a test image x , each DCNN component DCNN- i gives a prediction

vector P (i ) = (p (i ) 
1 

, p (i ) 
2 

, . . . , p (i ) 
K 

) , which is the activations in its last

fully connected layer. The class label of this test image can be pre-

dicted as 

y (x ) = argmax 
j 

{ 

n ∑ 

i =1 

p (i ) 
1 

, . . . , 

n ∑ 

i =1 

p (i ) 
j 

, . . . , 

n ∑ 

i =1 

p (i ) 
K 

} 

(8)

3. Experiments 

3.1. Experimental settings 

To alleviate the overfitting of deep models, we employed two

data argumentation (DA) strategies to enlarge the training dataset.

The first strategy (DA1) is to use the ImageDataGenetrator toolbox

( Chollet et al., 2015 ) to apply geometric transformations to training

images, including random rotation ( [ −10 ◦, +10 ◦] ), shifts (0 ∼ 10%

of total width and height), shear (0 ∼ 0.1 radians in the counter-

clockwise direction), zoom (90% ∼ 110% of width and height), and

horizontally and vertically flip. The second strategy (DA2) is to

add new training data if available. We collected 1796 images used

for the modality classification task in the ImageCLEF-2013 Chal-

lenge ( de Herrera et al., 2013 ) to enlarge the ImageCLEF-2015 and

ImageCLEF-2016 subfigure classification training datasets, and col-

lected 1320 dermoscopy images from the ISIC Archive 2 to en-

large the ISIC-2017 dataset. Meanwhile, we chose the pre-trained

ResNet-50 model as the DCNN component, which has been trained

on the ImageNet dataset. To adapt it to our datasets, we replaced

all of its fully connected layers with a fully connected layer of

1024 neurons, a fully connected layer of K neurons and a softmax
2 https://isic-archive.com/ . 

a  

I  

t  
ayer, and then fine-tuned it using our own medical image dataset.

he weights of newly inserted fully connected layers were initial-

zed by sampling a uniform distribution U(−0 . 05 , 0 . 05) . We set the

ariable learning rate as follows 

(t) = 

η(0) 

1 + 10 

−4 × t 
(9)

here t is the index of iteration, and the initial learning rate

(0) = 0.0 0 01. We set the maximum iteration number to 10 0,0 0 0

nd adopted the mini-batch SGD algorithm with a batch size 32 as

he optimizer. To stop the training process when the model falls

nto overfitting, 10% of training data were randomly selected to

orm a validation set, which was used to monitor the performance

f our model. We empirically set the hyper parameter λ of the

DL model to 3 in our experiments. Since the SDL n model uses

he average predicted score produced by n DCNN components to

abel each test image, we independently fine-tuned n pre-trained

esNet-50 models and evaluated the SDL n model against the en-

emble of them (ResNet-50 n ) for a fair comparison. 

.2. Results on the ImageCLEF-2015 Dataset 

Table 1 gives the classification accuracy ( Acc ) of the ResNet-50 n 

nd SDL n models on the ImageCLEF-2015 test dataset in three ex-

eriments: without using DA, using the DA1 strategy, and using

oth DA1 and DA2 strategies. It shows that the proposed SDL n 

odel is steadily more accurate than the ResNet-50 n model in

ll three experiments. We assumed that the image classification

ccuracy of ResNet-50 n and SDL n are random variables X 1 and

 2, respectively, each following a Gaussian distribution, i.e. X1 ∼
(μ1 , σ

2 
1 
) , X2 ∼ N(μ2 , σ

2 
2 
) . The difference between X 1 and X 2 is

efined as D = X1 − X2 . We adopted the paired t -test to determine

hether the accuracy gain obtained by the proposed SDL n model

ver ResNet-50 n is statistically significant. Thus, the hypotheses to

e tested are H 0 : μD ≥ 0 versus H 1 : μD < 0. Given the significance

evel α = 0 . 01 , t 0 . 01 (9 − 1) = 2 . 896 , and the rejection domain is

 = { t ≤ −2 . 896 } . According to Table 1 , we had 

 = 

1 

n 

n ∑ 

i =1 

D i ≈ −0 . 79 (10)

 D = 

√ 

1 

n − 1 

n ∑ 

i =1 

(D i − D ) 2 ≈ 0 . 46 (11)

nd the value of statistic t 0 is 

 0 = 

D 

S D / 
√ 

n 

= 

−0 . 79 

0 . 46 / 
√ 

9 

≈ −5 . 15 < −2 . 896 (12)

ince t 0 belongs to the rejection domain W , we rejected the hy-

othesis H 0 . Therefore, the proposed SDL n model achieved more

ccuracy image classification than the ResNet-50 n model on the

mageCLEF-2015 test set, and the performance improvement is sta-

istically significant. It reveals that using more DCNN components

https://isic-archive.com/
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Table 2 

Classification accuracy of our SDL model and eight 

best-performed solutions on the ImageCLEF-2015 

test dataset. 

Index Method Acc (%) 

0 SDL model (SDL 4 ) 78.21 

1 Yu et al. (2017b) 76.87 

2 Pelka and Friedrich (2015) 60.91 

3 Cirujeda and Binefa (2015) 52.98 

Table 3 

Performance comparison of ResNet-50 n and SDL n models on the ImageCLEF- 

2016 classification test set. 

n Acc (%) 

Group 1: No DA Group 2: DA1 Group 3: DA1+DA2 

ResNet-50 n SDL n ResNet-50 n SDL n ResNet-50 n SDL n 

1 84.69 / 85.77 / 86.80 / 

2 84.90 85.93 86.15 86.32 87.11 87.54 

3 85.21 86.36 86.25 86.61 87.21 87.69 

4 85.43 86.51 86.39 86.75 87.33 87.97 

Table 4 

Classification accuracy of our SDL model and five 

best-performed solutions on the ImageCLEF-2016 

test dataset. 

Index Method Acc (%) 

0 SDL model 87.97 

1 Yu et al. (2017b) 87.37 

2 Zhang et al. (2018a) 85.47 

3 Koitka and Friedrich (2016) 85.38 

4 Koitka and Friedrich (2016) 84.46 

5 Valavanis et al. (2016) 84.01 
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Table 5 

Performance comparison of the proposed SDL n model and ResNet-50 n model. 

Methods No DA DA1 

AveP Acc AUC AveP Acc AUC 

ResNet-50 0.6102 0.8496 0.7829 0.6224 0.8522 0.7742 

ResNet-50 2 0.6115 0.8443 0.7826 0.6308 0.8549 0.7968 

SDL 2 0.6536 0.8522 0.8139 0.6644 0.8575 0.8179 

ResNet-50 3 0.6201 0.8470 0.7976 0.6323 0.8575 0.7946 

SDL 3 0.6608 0.8549 0.8149 0.6713 0.8602 0.8371 

ResNet-50 4 0.6283 0.8443 0.8050 0.6318 0.8575 0.7971 

SDL 4 0.6704 0.8575 0.8287 0.6810 0.8628 0.8224 

Table 6 

Performance comparison of the proposed SDL model and 

five top results listed in competition leaderboard. The 

evaluation index AveP is the only assessment index that 

all participants were ranked according to this metric. 

Methods AveP ∗ Acc AUC 

SDL 0.681 0.863 0.822 

CUMED ( Yu et al., 2017a ) 0.637 0.855 0.804 

GTDL 0.619 0.813 0.802 

BF-TB Thierno 0.598 0.834 0.826 

ThrunLab 0.563 0.786 0.796 

Jordan Yap 0.559 0.844 0.775 
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mentation. 

3 https://challenge.kitware.com/#phase/5667455bcad3a56fac786791 . 
lways leads to more accurate classification and the highest accu-

acy 78.21% was obtained by our SDL n model when it uses the data

ugmentation strategies DA1 and DA2 and 4 DCNN components. 

We also compared proposed SDL model to three top-ranking al-

orithms listed in the Challenge Leaderboard. The first algorithm

 Yu et al., 2017b ) uses an ensemble of five pre-trained ResNet-50

odels, five pre-trained VGG models and five fully-trained DCNN

odels with the help of augmented data from the ImageCLEF-2013

ataset, and achieved a much-improved accuracy over the base-

ine ResNet-50 model. The second ( Pelka and Friedrich, 2015 ) and

hird ( Cirujeda and Binefa, 2015 ) algorithms use handcrafted visual

eatures extraction, feature engineering, and classifier construction.

he classification accuracy given in Table 2 shows that our SDL 4 

odel is able to produce substantially more accurate image classi-

cation on this dataset than other three algorithms. 

.3. Results on the ImageCLEF-2016 Dataset 

Table 3 gives the classification accuracy of the ResNet-50 n and

DL n models on the ImageCLEF-2016 dataset in three experiments.

imilarly, no matter using the data augmentation strategy DA1 or

A2 or not using data augmentation, the proposed SDL n model

teadily outperformed the ResNet-50 n model when the number of

CNN components ranges from 2 to 4. The highest accuracy 87.97%

as achieved by our model when it uses the data augmentation

trategies DA1 and DA2 and 4 DCNN components. This conclusion

s consistent with the finding on the ImageCLEF-2015 Dataset. 

In Table 4 , we compared the accuracy of proposed SDL n model

ith that of five best-performed algorithms. The first algorithm

 Yu et al., 2017b ) uses an ensemble of 15 deep neural networks,

he second algorithm ( Zhang et al., 2018a ) jointly uses the fea-

ures learned by three deep models and two types of handcrafted
eatures, the third algorithm ( Koitka and Friedrich, 2016 ) extracts

he deep features from a pre-trained 152-layer ResNet model and

ses them to train a classifier, the fourth algorithm ( Koitka and

riedrich, 2016 ) combines 11 types of handcrafted visual features

ith feature engineering, and the fifth algorithm ( Valavanis et al.,

016 ) fuses the classical bag of words (BoW) model, and bag of

olors (BOC) model. To ensure a fair comparison, all these algo-

ithms, except for the second one, use the ImageCLEF-2013 dataset

s additional training data. It shows that our SDL model achieved

he highest classification accuracy, which is even higher than the

ccuracy obtained by using an ensemble of 15 deep models. 

.4. Results on the ISIC-16 Dataset 

Fig. 4 shows the receiver operating characteristic ( ROC ) curves

nd area under the ROC curve ( AUC ) obtained by applying

he ResNet-50 n and SDL n models without data augmentation to

he ISIC-16 test set, respectively. It reveals that the proposed

DL n model (red curves) outperforms the ResNet-50 n model(blue

urves) no matter using 2,3, or 4 DCNN components. 

Table 5 gives the quantitative comparison of the performance of

oth models. The skin lesion classification performance on 379 test

mages was assessed by the average precision ( AveP ), Acc , and AUC .

t shows that no matter using 2, 3 or 4 DCNN components, the

DL n model performs steadily better than the ResNet-50 n model on

ll metrics. It also reveals that using data augmentation obviously

mproves most of the obtained classification metrics. 

Table 6 shows the performance of the proposed SDL model with

 DCNN components and the top five challenge records, 3 which

ere ranked based on AveP . Among these six solutions, the pro-

osed SDL model achieves the highest AveP , highest Acc , and sec-

nd highest AUC . The 1 st place method ( Yu et al., 2017a ) lever-

ged a segmentation network to extract lesion objects based on

he segmented results, for helping the classification network focus

n more representative and specific regions. Based on the strength

f synergic learning, the proposed SDL model achieved a higher

erformance in skin lesion classification without using lesion seg-

https://challenge.kitware.com/#phase/5667455bcad3a56fac786791
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Fig. 4. ROC curves of the proposed SDL n model and ResNet-50 n model. (Left: n = 2, middle: n = 3, right: n = 4). (For interpretation of the references to colour in this figure 

legend, the reader is referred to the web version of this article.) 

Table 7 

Performance comparison in the melanoma (M) classification and seborrheic keratosis (SK) classifi- 

cation when applying the proposed SDL 2 , SDL 3 , and SDL 4 models, baseline ResNet-50, and six top 

results listed in the ISIC-17 competition leaderboard. The evaluation index ’ AveAUC ’ is the only as- 

sessment index that all participants were ranked according to this metric. (#1( Matsunaga et al., 

2017 ) #2( Díaz, 2017 ) #3( Menegola et al., 2017 ) #4( Bi et al., 2017 ) #5( Yang et al., 2017 ) 

#6( DeVries and Ramachandram, 2017 )). 

Methods External data M Classification SK Classification AveAUC 

AUC ∗ AveP Acc AUC ∗ AveP Acc 

ResNet-50 1320 0.856 0.590 0.853 0.948 0.794 0.842 0.902 

SDL 2 1320 0.868 0.689 0.872 0.955 0.818 0.917 0.912 

SDL 3 1320 0.871 0.702 0.878 0.955 0.825 0.918 0.913 

SDL 4 1320 0.868 0.720 0.888 0.958 0.840 0.925 0.913 

#1 14 4 4 0.868 0.710 0.828 0.953 0.786 0.803 0.911 

#2 900 0.856 0.747 0.823 0.965 0.839 0.875 0.910 

#3 7544 0.874 0.715 0.872 0.943 0.790 0.895 0.908 

#4 1600 0.870 0.732 0.858 0.921 0.770 0.918 0.896 

#5 0 0.830 0.665 0.830 0.942 0.808 0.917 0.886 

#6 1341 0.836 0.703 0.845 0.935 0.771 0.913 0.886 
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3.5. Results on the ISIC-17 Dataset 

Table 7 gives the performance comparison of SDL 2 , SDL 3 , and

SDL 4 to the baseline ResNet-50, and six top ranking results in

the ISIC 2017 challenge leaderboard. 4 Note that the average AUC

( AveAUC ) of melanoma classification and seborrheic keratosis clas-

sification is the gold evaluation metric, according to which all par-

ticipants were ranked. To improve the performance of DCNNs by

using more training data, as done in #1, #2, #3, #4 and #6, we

enlarged the training set by using additional 1320 dermoscopy im-

ages. The proposed SDL 2 , SDL 3 , and SDL 4 models have a substan-

tial improvement in all evaluation metrics when compared with

the baseline ResNet-50 model, and SDL 3 and SDL 4 are slightly su-

perior to SDL 2 . The proposed SDL 4 model got highest Acc , second

highest AveP in melanoma classification and highest AveP, Acc , and

second highest AUC in seborrheic keratosis classification. In sum-

mary, both SDL 3 and SDL 4 achieved an AveAUC of 0.913, higher

than the AveAUC of top-ranking solutions ( Matsunaga et al., 2017 )

and ( Menegola et al., 2017 ) which uses an ensemble of multiple

pre-trained DCNNs and as many as 7544 external images, respec-

tively. 

4. Discussion 

4.1. Stability interval of hyper parameter λ

We used the SDL 2 model as a case study to evaluate the im-

pact of hyper parameter λ on the classification performance. Fig. 5

shows the accuracy obtained by applying the SDL 2 model with dif-

ferent values of λ to four datasets. It reveals that, when λ takes a
4 https://challenge.kitware.com/#phase/584b0afccad3a51cc66c8e38 . 

r  

t  

l  
alue from the range [3, 8], the SDL 2 model achieved good accu-

acy on all datasets and its performance is relatively robust to the

alue of λ. Therefore, we suggest taking the value of λ from [3, 8].

.2. Performance without data augmentation 

There are several commonly used data augmentation strategies,

ncluding rotation, zooming, shifting, flipping, and adding random

oise. The deep learning methods used in our comparative ex-

eriments use similar but not the same augmentation strategies

see Table 8 ). To demonstrate that the performance improvement

s mainly contributed from the novel model architecture, instead

f using more suitable data augmentation strategies, it is worth-

hile to compare the performance of deep models when data aug-

entation was not used. ( Yu et al., 2017b ) reported the accuracy

f 72.42% and 82.61% on the ImageCLEF-2015 and ImageCLEF-2016

atasets, respectively, without any data augmentation. It shows

n Tables 1 and 3 that our SDL 2 model achieved the 75.00%

nd 85.93% on both datasets, respectively, without any augmen-

ation. Therefore, without the contribution of data augmentation,

ur SDL n model is more accurate than the method proposed by

 Yu et al., 2017b ), which is second in accuracy only to ours in

ables 2 and 4 . 

.3. Accuracy vs. time and memory cost 

The accuracy and time-cost of our SDL n model on four datasets

ersus the number of DCNN components were plotted in Fig. 6 .

n each subfigure, the Y-axis on the left is the metrics of image

lassification accuracy such as Acc or AveP , and the Y-axis on the

ight is the metric of time-cost, which is defined as the ratio be-

ween the training time of SDL n and the training time of the base-

ine ResNet-50 model. It is clear that, with the increase of DCNN

https://challenge.kitware.com/#phase/584b0afccad3a51cc66c8e38
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Fig. 5. Validation performance curves of the proposed SDL 2 model in four datasets ((a) ImageCLEF-2015, (b) ImageCLEF-2016, (c) ISIC-2016, and (d) ISIC-2017) with different 

hyper parameter λ. 

Table 8 

Data augmentation strategies used in state-of-the-art deep learning methods.. 

Rotation Zoom Shift Flip Shear Random noise 

Yu et al. (2017b) � � � � × ×
Yu et al. (2017a) � × � × × � 

Matsunaga et al. (2017) � � � � × ×
Ours � � � � � ×

Fig. 6. Performance-time curves of the proposed SDL n model on the (a) ImageCLEF-2015, (b) ImageCLEF-2016, (c) ISIC-2016, and (d) ISIC-2017 datasets when n changes from 

1 to 4 (SDL 1 corresponding to the single ResNet-50 model). 
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Table 9 

GPU memory cost in training the base- 

line ResNet-50 model and proposed SDL n 

model. 

Models GPU Memory Cost (GB) 

ResNet-50 3.9 

SDL 2 5.1 

SDL 3 6.9 

SDL 4 8.7 
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components, the time-cost grows steadily, whereas the accuracy

first improves and then becomes stable. Meanwhile, Table 9 shows

the GPU memory cost in training the baseline ResNet-50 n model

and proposed SDL n model with one NVIDIA GTX Titan XP GPU,

when using input of size 224 × 224 × 3 and a batch size of 32. It

reveals that the memory cost of our SDL n model increases steadily

with the augment of DCNN components. Fortunately, training a

SDL 4 model only requires 8.7 GB GPU memory, which can be per-

formed on a 12 GB TITAN XP GPU. Therefore, taking the computa-

tional and spatial complexity into consideration, we suggest using

the SDL 2 and SDL 3 models. 

5. Conclusion 

In this paper, we propose the SDL model to address the chal-

lenge caused by the intra-class variation and inter-class similarity

for medical image classification. This model simultaneously uses

multiple DCNNs with synergic networks to enable those DCNNs

to mutually learn from each other. Our results on the ImageCLEF-

2015, ImageCLEF-2016, ISIC-2016, and ISIC-2017 datasets show that

the proposed SDL model achieves the state-of-the-art performance

in these medical image classification tasks. In the future, we will

focus on the reinforcement learning algorithms to automatically

search the number of DCNNs, model parallel computing and struc-

ture optimization to enlarge the scale of the SDL model. 
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