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Two-Stage Selective Ensemble of CNN via Deep
Tree Training for Medical Image Classification
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Abstract—Medical image classification is an important task in
computer-aided diagnosis systems. Its performance is critically
determined by the descriptiveness and discriminative power of
features extracted from images. With rapid development of deep
learning, deep convolutional neural networks (CNNs) have been
widely used to learn the optimal high-level features from the raw
pixels of images for a given classification task. However, due to
the limited amount of labeled medical images with certain qual-
ity distortions, such techniques crucially suffer from the training
difficulties, including overfitting, local optimums, and vanishing
gradients. To solve these problems, in this article, we propose
a two-stage selective ensemble of CNN branches via a novel train-
ing strategy called deep tree training (DTT). In our approach,
DTT is adopted to jointly train a series of networks constructed
from the hidden layers of CNN in a hierarchical manner, leading
to the advantage that vanishing gradients can be mitigated by
supplementing gradients for hidden layers of CNN, and intrin-
sically obtain the base classifiers on the middle-level features
with minimum computation burden for an ensemble solution.
Moreover, the CNN branches as base learners are combined
into the optimal classifier via the proposed two-stage selective
ensemble approach based on both accuracy and diversity criteria.
Extensive experiments on CIFAR-10 benchmark and two specific
medical image datasets illustrate that our approach achieves bet-
ter performance in terms of accuracy, sensitivity, specificity, and
F1 score measurement.

Index Terms—Computer-aided diagnosis, convolutional neural
networks (CNNs), deep learning, ensemble learning.

I. INTRODUCTION

OVER the last decades, medical imaging, such as
X-rays [1]; pathology imaging [2]; magnetic resonance

imaging (MRI) [3], [4]; and computed tomography (CT) [5],
has become a key technique for the early diagnosis and treat-
ment of diseases. Having tremendous increase in medical
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images, it has become extremely hard to manually perform
image-based medical examinations for physicians due to 1) the
visual characteristics of medical images are not always easy
to distinct, and some are visually different while others
may be slightly different and 2) medical images are nor-
mally archived in large volume, high dimensionality, limited
labeling information and the presence of quality distortion.
On the other hand, such trend provides the potential for
computer-aided diagnosis (CAD) systems that may revolution-
ize disease diagnosis and management by rapid examination
of large number of images. CAD [6] can provide comple-
mentary objective advice to medical professionals for the
assistance of diagnosis based on medical images. Previous,
studies [7]–[9] have suggested that the incorporation of the
CAD system into the diagnostic process can significantly
improve the efficiency and effectiveness of image-based dis-
ease screening, and result in the decrease of interobserver
variation [10] and the reduction of unnecessary false-positive
biopsies [11] and thoracotomy [12].

Traditional image-based CAD approaches are commonly
composed of feature extraction, feature selection and clas-
sification, in which feature extraction is the most crit-
ical step. Although many feature extraction techniques,
such as filter-based features [13], [14]; scale-invariant fea-
ture transform (SIFT) [14], [15]; and local binary patterns
(LBP) [16], [17] have been developed, they have to be man-
ually set up, and require extensive tuning to accommodate
specific tasks. Therefore, it is too expensive for medical image
classification tasks.

Recent advances in deep learning offer an effective solu-
tion for image-based CAD [5], [18]. Deep learning [19] can
extract high-level abstract features intrinsically from raw pixels
of image data. As one of the typical deep learning algo-
rithms, convolutional neural network (CNN) has shown the
state-of-the-art performance in image classification tasks [20].
By adopting different convolutional kernels and network archi-
tectures, various CNNs, such as LENET [21], AlexNet [22],
VGG net [23], Network in Network [24], GoogLeNet [25],
ResNet [26], DenseNet [27], and CondenseNet [28] obtain
the abstract representation of target image from different
perspectives.

However, deep learning techniques still face general issues,
such as weak labels and large images, for medical image
classification tasks. Different from natural images, the biggest
challenge of applying deep neural networks in medical images
is that labeling massive medical images is extremely expen-
sive and time consuming, hence the labeled medical images
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are always achieved in a limited amount for training the
deep neural network, which usually causes the problem of
overfitting. In fact, deep neural networks are susceptible
for overfitting, in that learning model fits too well to the
training set, and becomes difficult to generalize to new exam-
ples, such as testing set that are different from training
set. Moreover, as the networks deepen, the training process
becomes quite challenging due to the fundamental problem
of vanishing and exploding gradients [29]–[31], which may
make the network training to converge to bad local optimums
or saddle points [32], and result in unsatisfied classification
performance. On the other hand, conventional CNNs only
focus on the deepest and the most abstract features, while few
CNNs take the effectiveness of the middle layer features into
account. In practice, medical images are normally obtained in
the presence of various quality distortions and degradations,
such as noise, blur, and compression effects, which cause more
bias in the deeper layers [33], [34]. Therefore, middle-level
features are also useful in the medical image classification
tasks. Our previous studies [35], [36] show that the ensemble
approach on the joint use of multiple feature representation
obtained from the target dataset is more likely to achieve
a global optimum solution for the learning tasks, and prevent
the occurrence of overfitting.

To overcome these problems, in this article, we propose
a novel method for medical image classification via combin-
ing the deep CNN and ensemble approach. In summary, our
contributions are highlighted as follows.

1) Inspired by the nature process of that plant roots nourish
the branches, a novel training strategy called deep tree
training (DTT) is proposed to supplement gradients from
deeper layers to shallower layers via splitting multiple
branches from the hidden layers in order to solve the
problem of vanishing gradients.

2) To incorporate the middle-level features into the medical
image classification task, a novel ensemble approach is
proposed to obtain the multiple classifiers on the middle-
level features during DTT training, which effectively
prevents the problems of overfitting and local optimums.

3) We propose a two-stage selection scheme to automati-
cally select the optimal ensemble members from branch
classifiers based on accuracy and diversity criteria, and
further adopt weighting strategy to consolidate them in
order to achieve the optimal ensemble classifier.

The remainder of this article is organized as follows. We
review the related work in Section II. Section III describes
our approach with technical details of the proposed DTT and
the two-stage selective ensemble approach. Section IV presents
our experiments on medical image classification tasks. Finally,
we draw conclusions in the last section.

II. RELATED WORK

CNN has been widely used for medical image classification
tasks, such as mammography mass lesion classification [37],
automatically detection of invasive ductal carcinoma [38],
Alzheimer’s disease classification [25], and so on. Many
works [24], [39], [40] have shown that the image-based
CAD based on CNN generally outperforms the conventional
machine learning methods. But they always require more

training tips to prevent the problems of vanishing gradients,
local optimums and overfitting in the medical image classi-
fication tasks. To tackle these problems, four strategies have
been proposed in previous works. The first one is a strategy
of greedy layerwise training [41] for solving the problem of
local optimums appeared in the gradient-based optimization
process. The second strategy solves the problem of vanishing
gradients by using unsaturated neurons [42]–[44] to replace
traditional saturated neurons, and the third strategy is to sup-
plement gradients for hidden layers [25]–[27], [45]. The fourth
strategy aims to solve the problem of overfitting via a variety
of regularization techniques called “sparse constraint” [46],
“dropout” [47], “batch normalization” [48], “shakeout” [49],
and “maxout” [50]. Despite that these methods can solve the
problems to some extent, there is not a universal solution
to all the problems, and few of them takes into account the
importance of middle-level features for classification tasks.

Similar to our approach, several CNN models, includ-
ing GoogLeNet [25], deeply supervised nets (DSN) [45],
ResNet [26], and DenseNet [27] have been developed for
overcoming the problem of vanishing gradients from differ-
ent aspects. GoogLeNet [25] branches two additional softmax
classifiers from hidden layers in the process of training, but
those branch classifiers are discarded during testing. Its branch
classifiers have one pooling layer, one convolutional layer and
two full connection layers, whereas our branch classifiers only
have one full connection layer. In the training process of DSN,
a branch classifier is also associated with each hidden layer,
where the backpropagation does not only from the final layer
but simultaneously from the hidden layers, and then learning
output is still determined by the final output layer. In contrast,
our approach takes the ensemble of multiple branch classi-
fiers as the final classifier. While ResNet adopts an identity
mapping to establish a shortcut connection that skips one or
more layers, where bypasses the input information to the out-
put and protecting the integrity of the information, the entire
network only needs to learn the part of the input and output
differences called residual, simplifying the learning objectives
and difficulty. Actually, ResNet is a fusion of multiple shal-
low networks. It does not fundamentally solve the vanishing
gradient problem, but avoids such problem due to that it is
composed of multiple shallow networks. DenseNet is to estab-
lish the dense connection between each layer and its previous
layers, where the feature mapping of the current layer is
passed to all subsequent layers, so that each layer gets the
collective knowledge of all the previous layers via cascad-
ing manner. Therefore, in the process of backpropagation, the
front layer can also obtain the gradient supplement of all sub-
sequent layers, thereby alleviating the problem of vanishing
gradients.

Our approach has several major differences with above
methods: 1) the gradient supplement strategy of our approach
is proposed in an iterative manner, and involves all the hid-
den layers from deep to shallow, which can provide much
more supplement to the shallow layers; 2) our approach
adopts multiple middle-level features to conduct classifica-
tion task via ensemble learning, while GoogLeNet, DSN,
ResNet only use the most abstract features for classifica-
tion task; 3) in DenseNet, using middle-level features can be
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Fig. 1. Overview of our approach. This figure shows the two modules of our approach with the traditional CNN network architecture. In the DTT module,
we extend a branch classifier from each hidden layer. Each branch classifier is partially overlapping but has a different structure of the diverse learner and they
can be obtained in one training session. In the two-stage selective ensemble module, we ultimately select the base learners from multiple branch classifiers
for ensemble solution via “accuracy” and “DF diversity” criteria.

seen as integration at the feature level, while our approach
is to integrate multiple branch classifiers obtained on middle-
level features via ensemble learning, and to take full advan-
tage of each hidden layer feature; and 4) our approach is
easy to implement, and compatible with most of existing
CNNs for building better classifiers. This has been tested on
network in network (NIN) and GoogLeNet, and the results
reported in Section IV clearly demonstrate that the classifi-
cation performance of both NIN and GoogLeNet have been
significantly improved by incorporating our approach.

Ensemble learning [51], [52] refers to building multiple
different and effective base learners as ensemble mem-
bers, and then integrating them to make decisions, so
as to achieve better performance than any single base
learner. Due to the advantages of ensemble learning,
three major ensemble learning strategies of bagging [53],
boosting [54], and stacking [55] have been proposed for dif-
ferent learning tasks, including supervised learning [56]–[59],
unsupervised learning [35], [36], [60], [61], semisupervised
learning [62], and achieved promising results. Furthermore,
previous studies [63] and [64] have proved the efficacy of
ensemble learning in medical image classification tasks. For

example, Fraz et al. [65] designed a supervised ensemble
method for segmenting of blood vessels in retinal photographs,
Ochs et al. [66] utilized boosting to build a set of weak
classifiers and then integrated them to classify pulmonary
structures and obtained improved results, and Termenon and
Graña [67] proposed a sequential ensemble method to classify
Alzheimer’s disease based on MRI and obtained better results.

The key to the success of ensemble learning is to build
a set of accurate and diverse base classifiers. However, it
is not straightforward to determine a tradeoff state between
average accuracy and diversity of ensemble members for the
optimal ensemble performance. Moreover, there is not a well-
accepted formal definition for measuring the diversity. On
the other hand, the implementation of deep learning coupled
with ensemble learning approaches is extremely time consum-
ing, and as such the direct application of their combination
to classify massive images is almost infeasible in practical
situation.

III. METHOD

In this section, an overview of our approach is given at the
beginning, and then followed by the technical details of the
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proposed DTT scheme and the two-stage selective ensemble
approach.

A. Overview

As illustrated in Fig. 1, our approach is comprised of two
modules, the DTT and the two-stage selective ensemble, they
are described as follows.

1) In the DTT module, multiple branches of CNN are
obtained via iteratively attaching an output layer to the
hidden layers of deep CNN, and these branches are
trained to not only optimally supplement the gradients
from the deeper layers to the shallower layers but also
create a set of classifiers on the middle-level features,
which just happens to produce the inputs of ensemble
module without additional cost. The technical details of
DTT are presented in Section III-B.

2) In the two-stage selective ensemble module, a two-stage
selection scheme is adopted to select the optimal ensem-
ble members from the branch classifiers due to the fact
that some of branch classifiers have the degradation
effect to the ensemble solution. It selects the classi-
fiers with high accuracy as the candidates in the first
stage, and further selects the ones with high diversity
as ensemble members from the candidates in the sec-
ond stage. Finally, a weighted ensemble method is used
to combine the ensemble members into final classifier
by considering different contributions of the ensemble
members to the final decision. The technical details of
the two-stage selective ensemble approach are presented
in Section III-C.

B. Deep Tree Training

The major difficulty in training deep neural network using
the gradient-based optimization is the vanishing gradients
problem, which is caused by the chain rule computation of
gradient on small value during the backpropagation process.
In order to alleviate this problem, we design a novel train-
ing strategy called DTT, which intends to inject gradients for
hidden layers by simulating the process of that a tree trans-
ports nutrition from roots to branches. As illustrated in Fig. 1,
CNN with DTT is split into M branches by adding the output
layers into the hidden layers, then the gradients of layer m is
strengthened by adding up the gradients from all the branches
from m to M. Therefore, the shallower layers will get more
gradient supplement.

Here, we denote the input training dataset as S =
{(Xi, Yi), i = 1, 2, . . . , N}, in which Xi ∈ Rn denotes the input
image data and Yi ∈ {1, . . . , K} is the corresponding label for
sample Xi. In this illustration, σm and υm refer to the convo-
lution kernels and bias term for hidden layer m, respectively,
and combining them gives wm = (σm, υm). We can denote the
convolution and activation processes in layer m ∈ {1, . . . , M}
as

Qm = f (σm ∗ Zm−1 + υm), and (Z0 ≡ Xi) (1)

where M is the total number of hidden layers, wmis the weights
for hidden layer m, while ∗ corresponds to the convolution

operation, Zm−1 refers to the feature maps compressed by
a pooling function at the hidden layer m−1, and Qm denotes
the feature maps after convolutions and activation processes.
Some recent studies [22] suggested that rectified linear (ReLu)
function f (μ)=max(0, μ) improves both learning speed and
classification performance in CNN application, and hence
we choose such function as the neuron activation function.
Subsequently, the compressed feature maps Zm is obtained
from feature maps Qm at the hidden layer m via the max
pooling function, Zm =g(Qm).

In our approach, an additional output layer is attached to
each hidden layer of deep CNN, where the feature maps are
fed into a softmax classifier [68] via the full connection layer.
In each branch network, we utilize V (m) and w(m)

full to represent
the input vector and the weights matrix of full connection,
respectively. V (m) refers to the flatten features of feature map
Qm obtained from the hidden layer m. After full connection
layer, the input vector O(m) of the output layer in branch m
can be obtained as

O(m) = w(m)
full V

(m) + b(m)
full (2)

where b(m)
full is a bias term defined in the output function of full

connection layer. Finally, a softmax function h(m)(·) is attached
at the end of branch m to establish the branch classifier m

h(m)(y = k|Xi) =
exp

(
O(m)

k

)

∑K
j=1 exp

(
O(m)

j

) , and ∀k ∈ {1, . . . , K}

(3)

where Oj
(m) refers to the jth element of input vector O(m), and y

denotes the possible category of sample Xi. Giving an example
of classification task on Alzheimer’s disease, h(m)(y=’AD’|Xi)
calculates the probability of that sample Xi is diagnosed as AD
by branch classifier m. The output of h(m)(·) is a probability
vector of instance Xi classified as different categories. The
class label is then determined by the category with the highest
probability.

The cross-entropy loss [19] is usually used to measure
the dissimilarity between predicted label and true class label
in the classification task, where the smaller value of cross-
entropy loss corresponds to higher similarities between the
predicted label and true label, and hence the better classifica-
tion performance is achieved. By taking all the weight matrix
and bias term of the full connection layer in branch classifier
m as θ

(m)
full =

(
w(m)

full , b(m)
full

)
, such loss function is defined as

Loss(m)
(

W(m), θ
(m)
full

)
= −

n∑
i=1

K∑
k=1

Yi log
(

h(m)(y = k|Xi)
)
.

(4)

Here, W(m) = (w1, . . . , wm) is established by concatenating
the convolution weights of hidden layer 1 to m. n is the number
of instances, and 1 ≤ n ≤ N.

In general, mini-batch stochastic gradient descent is used
to train the neural networks with deep architecture since it
is a better choice to use the average value as the unbiased
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estimation of loss. Therefore, the objective function of branch
classifier m can be expressed as

J(m)
(

W(m), θ
(m)
full

)
= min

W(m),θ
(m)
full

(
1

n
Loss(m)

(
W(m), θ

(m)
full

))
. (5)

By summing up the objectives of all branch classifiers, the
objective function of our approach is finally obtained as

J(W, θfull) = min
W,θfull

(
M∑

m=1

β(m)J(m)
(

W(m), θ
(m)
full

))
(6)

in which W = (W(1), . . . , W(M)) and θfull = (θ (1)
full, . . . , θ

(M)
full ),

and β(m) denotes the weights of branch classifier m. In
our approach, we simply use the average weighting scheme
β(m)=M−1 in order to avoid additional computational cost,
which denotes that each branch classifier effects training pro-
cess equally. Essentially, DTT can be formulated as optimizing
the objective function defined in (6) and such optimization
process intrinsically generates a set of branch classifiers on
different middle-level features, which is regarded as the input
candidates of the two-stage selective ensemble module.

Backpropagation is a generalization of the delta rule to mul-
tilayered feedforward networks, made possible by using the
chain rule to iteratively compute gradients. Then, the network
parameters are updated with the computed gradients. In our
approach, the parameters’ gradient ∇θ

(m)
full = (∇w(m)

full,∇b(m)
full) of

additional output layers can be calculated as

∇ θ
(m)
full =

∂J(W, θfull)

∂θ
(m)
full

= β(m) ×
∂J(m)

(
W(m), θ

(m)
full

)

∂h(m)
× ∂h(m)

∂O(m)
× ∂O(m)

∂θ
(m)
full

. (7)

Here, the weights w(m)
full can be update at the ith iteration

as w(m),i
full = w(m),i−1

full − λ∇w(m),i
full , where λ is the learning

rate. Similarly, the update of b
(m)

full at the ith iteration can be
expressed as b(m),i

full = b(m),i−1
full − λ∇b(m),i

full .
For the CNN without DTT, the entire network only has one

output layer and the gradient ∇wm of hidden layer m can be
obtained as

∇ wm = ∂J(W, θfull)

∂wm

=
∂J
(

W(M), θ
(M)
full

)

∂h(M)
× ∂h(M)

∂O(M)
× ∂O(M)

∂V(M)

× ∂V(M)

∂ZM
× ∂ZM

∂QM
· · · × ∂Qm

∂wm
. (8)

Then, we can update the parameters wm of the hidden layer
m at the ith iteration as wi

m = wi−1
m − λ∇wi

m. However, the
computation of ∇wm is a continued product from the output
layer to the hidden layer m, with small value of derivative
obtained at each layer. As the network goes deeper, the gra-
dient of shallow layers may get vanished. As a result, the
training process becomes unfunctional. This is the vanishing
gradients problem commonly appeared in the training process
of deep neural networks.

In contrast, by training CNN with DTT, M (M>1) branches
are obtained as trimmed version of CNN with less numbers
of hidden layers. In the backpropagation process, the gradi-
ents fed back by each branch are combined at the meeting
point in a summing manner [19], therefore, in each branch,
the parameters’ gradients can be calculated by using gradient
descent method shown in (8), then the gradient ∇w∗mof hidden
layer m is obtained by summing the gradients obtained in all
the branches from m to M

∇ w∗m =
∂J(W, θfull)

∂wm

=
M−m∑
i=0

β(m+i) ×
∂J(m+i)

(
W(m+i), θ

(m+i)
full

)

∂wm

=
M−m∑
i=0

β(m+i) ×
∂J(m+i)

(
W(m+i), θ

(m+i)
full

)

∂h(m+i)
× ∂h(m+i)

∂O(m+i)

× ∂O(m+i)

∂V(m+i)
× ∂V(m+i)

∂Zm+i
× ∂Zm+i

∂Qm+i
· · · × ∂Qm

∂wm
. (9)

In the above equation, ([∂J(m+i)(W(m+i), θ
(m+i)
full )]/[∂wm])

indicates the gradient of hidden layer m obtained in branch
m+i, and β(m+i) refers to the weights of branch classifier m+i,
and again we use average weighting scheme in our approach. It
can be observed that the gradient ∇w∗m is greater than the ∇wm,
which effectively alleviate the vanishing gradients problem to
some extent.

In fact, the essence of DTT is to obtain the average of gradi-
ents from different branch classifiers with a common objective,
and use these supplementary gradients to update the parame-
ters of network for minimizing objective function. The average
gradients can significantly reduce the impact of contingency,
and lead to a robust training process for deep neural network,
which has been demonstrated by its experimentally observed
advantage in effectiveness and efficiency.

C. Two-Stage Selective Ensemble

Previous, study [52] suggests that it is better to partially
combine the accurate and diverse base learners instead of
all for an efficient ensemble solution. Therefore, to achieve
a promising classification performance, we further propose
a two-stage selective ensemble approach. It selects a part
of branch classifiers obtained from middle-level features as
ensemble members at two stages by considering their accu-
racy and diversity. Then, the selected ensemble members are
optimally consolidated into the final classifier via a weighted
ensemble strategy.

1) Accuracy-Based Selection: The fundamental criterion of
selecting the ensemble members is the accuracy of the base
learners. It has been proven that better performance of ensem-
ble could be achieved by rejecting weak learners. In the first
stage of selection, we first measure the accuracy of branch
classifiers on validation set, and then access the validation
accuracy of branch classifiers by sorting them in descending
order. Only the top R classifiers are selected as candidates for
the second stage of selection.
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Algorithm 1: Diversity-Based Selection

Input: validation dataset Sval = {Xi}Ni=1, the number of selected
classifiers T and candidate classifier set D = {di}Mi=1

Output: selected classifier set D∗ = {d∗i }Ti=1

1 Compute the error rate of each classifier di ∈ D on Sval
2 d← the classifier achieved the lowest error rate on Sval
3 D∗ ← {d}
4 D← D/D∗
5 for t = 1 to T − 1 do
6 for each classifier dj ∈ D do
7 Compute Div(dj, D∗) as defined in (11)

8 Rt ← sorted classifiers dj ∈ D in ascending order by
Div(dj, D∗)

9 d← top 1 classifier in Rt
10 D∗ ← D∗ ∪ {d}
11 D← D/{d}
12 return D∗

2) Diversity-Based Selection: It is well known that to gain
from combination, the ensemble members must be different,
and otherwise there would be no performance improvement
if they are identical. Thus, diversity has been recognized as
an important characteristic in ensemble learning. Although
there is no formal definition of diversity in the field of
machine learning, various diversity measurements have been
proposed from different perspectives, including pairwise and
nonpairwise method. Shipp and Kuncheva [69] found that dou-
ble fault (DF) [70] is an effective measurement of diversity
via studying the correlation between diversity measurement
and ensemble method. It indeed represents the statistical rela-
tionship between a pair of base classifiers. As shown in Table I,
the DF-based diversity between classifiers di and dj can be
calculated by the joint distribution of such pair of classifiers

Div
(
di, dj

) = N00/(N11 + N10 + N01 + N00
)

(10)

where N00 refers to the number of samples that are incorrectly
classified by both classifier di and dj on validation dataset.
Analogously, N10 is the number of samples which are correctly
classified by di but incorrectly classified by dj on validation
dataset. In fact, DF-based diversity indicates the intersection
of misclassification areas between a pair of base classifiers:
1) the smaller the value of DF and 2) the higher the ensemble
accuracy. The diversity between a based classifier di and a set
of classifiers D* can be further obtained as

Div
(
di, D∗

) = 1

|D∗|
∑

dj∈D∗
Div

(
di, dj

)
. (11)

As illustrated in Algorithm 1, it begins to form the initial
ensemble member set of having a single classifier with the best
accuracy on the validation dataset Sval, and then iteratively
selects the base classifier d from the candidate set D obtained
at the first selection stage to add into the ensemble member set
D* with maximum diversity measured in (11). As suggested by
Martínez-Muñoz et al. [71], we select 20%–50% of candidate
set to form the ensemble member set in our diversity-based
selection stage.

TABLE I
JOINT DISTRIBUTION OF A PAIR OF BASE CLASSIFIERS

3) Combination of Selected Classifiers: By considering dif-
ferent contributions of the selected classifiers to the ensemble
solution, a weighted ensemble model is used in our approach,
and it can be formulated as

EN(x) =
T∑

t=1

αtdt(x) (12)

where T denotes the number of selected classifiers in ensemble
set D*, and αt(αt ≥ 0

∑T
t=1 αt = 1) is the weight for classifier

dt in D*, while dt(x) is the predicted result of the t-th classifier
in D*, and EN(x) represents the output of the weighted ensem-
ble model. The objective of our weighted ensemble approach
can be formulated as minimizing the following loss function:

Loss(EN) =
∑

x

∥∥∥∥∥
T∑

t=1

αtdt(x)− f (x)

∥∥∥∥∥
2

=
∫ ( T∑

t=1

αtdt(x)− f (x)

)2

p(x)dx

=
∫ ( T∑

i=1

αidi(x)− f (x)

)

×
⎛
⎝

T∑
j=1

αjdj(x)− f (x)

⎞
⎠p(x)dx

=
T∑

i=1

T∑
j=1

αiαjCQij (13)

where CQij =
∫
(di(x)− f (x))

(
dj(x)− f (x)

)
p(x)dx, and the

instance x of the training set is sampled according to the dis-
tribution p(x). It is obvious that the optimal weight can be
solved by [52]

a = argmina

T∑
i=1

T∑
j=1

αiαjCQij. (14)

By adopting the Lagrange multiplier method [52], the
weight of classifier dt can be finally obtained as

αt =
T∑

j=1

CQ−1
jt

/ T∑
i=1

T∑
j=1

CQ−1
ij . (15)

In the above equation,
∑T

j=1 CQ−1
jt corresponds to the

quality of classifier dt, and it has to be normalized by∑T
i=1

∑T
j=1 CQ−1

ij .

IV. EXPERIMENTS AND EVALUATION

To validate our proposed approach for the image clas-
sification task, we conduct our experiments and evaluation
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TABLE II
NIN WITH DTT CONFIGURATIONS

on three image datasets, including: 1) CIFAR-10 bench-
marking dataset [72]; 2) breast histopathology images (BHI)
dataset [73]; and 3) Chest X-rays dataset [74]. The first part
of our experiments is carried out to evaluate the general
performance of our approach on the CIFAR-10 dataset due to
the fact of that such dataset is well accepted for benchmark-
ing, and most of well-established deep learning methods have
been validated on CIFAR-10. In the second part, we evaluate
our approach in real-world medical applications by process-
ing micrograph of invasive ductal carcinoma (IDC) and chest
X-rays images for pneumonia. In our experiments, we intend
to verify the own ability of the CNN-based models to over-
come overfitting under the condition of limited training set,
because data augmentation is extremely capable of relieving
overfitting, which is not conducive to our experiments and
analysis. Therefore, the testing approaches are performed on
the original datasets without data augmentation. While pre-
trained models on ImageNet were not adopted due to that we
intend to evaluate the performance of compared approaches
with insufficient training data.

A. Experimental Setup

1) Testing Environment Setup: Our experiments are imple-
mented by python 3.6 and Keras (high-level API on the top
of TensorFlow) with GPU of NIVIDIA 1080ti. For com-
prehensive evaluation on medical image datasets, we adopt
four performance measures in classification tasks, includ-
ing: 1) classification accuracy; 2) sensitivity; 3) specificity;
and 4) F1 score. Apart from the classification accuracy and
F1 score which are standard validation metrics, sensitivity,
and specificity are essential in medical diagnosis analysis:
they indicate the misdiagnosis rate and missed diagnosis rate,

TABLE III
GOOGLENET WITH DTT CONFIGURATIONS

respectively. Furthermore, we study the binary classification
performance of the compared methods on medical image
datasets by observing area under curve (AUC) on receiver
operating characteristic (ROC) curves. In our experiments, we
compare our proposed approach with a variety of recently
well-established CNN models, including AlexNet [22], VGG
net [23], NIN [24], GoogLeNet [25], ResNet(depth=110) [26],
and DenseNet (k=12, depth=40) [27], and their implementa-
tions are obtained from GitHub.

2) DTT Setup: With the flexibility of our approach, we
apply DTT to both NIN and GoogLeNet, which have
shown good performance for a variety of image classifica-
tion tasks [63]. As shown in Tables II and III, two approaches
are comprised of eight branches (A1–A8) and nine branches
(A1–A9), respectively, completed with softmax at the end, and
a branch classifier is attached to each hidden layer. In our NIN-
based approach, multilinear perceptrons are adopted within the
receipt field instead of traditional linear filters, and the global
average pooling layer is used to get rid of the full connection
layer at the end thereby reducing parameters and complexity.
In our GoogLeNet-based approach, the “Inception v1” mod-
ules are adopted, which is a subnetwork comprises of parallel
convolutional filters whose outputs are concatenated. The rep-
etition of the Inception v1 modules captures the optimal sparse
representation of the image while simultaneously reducing
dimensionality.

3) Hyperparameters Setup: The experiment datasets are
divided into training, validation, and testing dataset, where the
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Fig. 2. Mean absolute value of gradients of weights and biases during the
training on CIFAR-10 dataset. (a) NIN and our approach (NIN-based) com-
parison. (b) GoogLeNet and our approach (GoogLeNet-based) comparison.

validation dataset is specially used to determine hyperparam-
eters of testing approaches. In our experiments, we train our
approach with learning rate of 1e-3 at 100 epochs, and adopt
the mini-batch stochastic gradient descent method to update
the weights of our approach with batch size of 128. In addi-
tion, we apply the dropout method in our approaches, where
the hyperparameter called keep probability is selected as 0.5.
In the ensemble learning module, the number of ensemble
member candidates R is set to 6 in the accuracy-based selec-
tion, and the number of ensemble members T is selected as
4 during the diversity-based selection.

B. Experiment With CIFAR-10 Dataset

To evaluate the effectiveness of our approach from differ-
ent perspectives, and compare with state-of-the-art techniques,
we first conduct experiment on the CIFAR-10 dataset. The
CIFAR-10 dataset consists of 32×32 color images from
ten different classes, including 50 000 training and 10 000 test-
ing images. Further, we divide original training set into
training set (80%) and validation set (20%). In this part of
our experiments, we conduct three experiments to test our
approach from three perspectives, the capability of alleviat-
ing vanishing gradients, preventing overfitting and improving
classification performance stuck at bad local optima.

First, we trained our approaches and their prototypes with
average weighted ensemble and their average values of gradi-
ents at shallowest layer during training process are recorded,
and presented in Fig. 2(a) and (b). These figures show that
our approaches backpropagate stronger gradient-based feed-
back than their prototypes due to the gradients supplement of
branch classifiers.

Second, we follow the experiment protocol in [49] to inves-
tigate the capability of preventing overfitting for compared
approaches, where the performance of the approaches trained
on different sizes of training set are validated with their aver-
age testing accuracy. As shown in Fig. 3(a), our approaches are
generally superior to others, and has a larger lead gap in testing
accuracy when the amount of training data is smaller. Because
the deep learning model trained on the limited training set
tends to be overfitting and results a poor testing accuracy. Such
experiment results demonstrate that our approaches have better
resistance to overfitting than their prototypes and state-of-the-
art approaches. Actually, our approach incorporates gradient
injection via DTT and middle-level features via ensemble

Fig. 3. Classification on CIFAR-10 using training sets with different size.
The average testing accuracies of these models are obtained by 5 runs of
the experiment. (a) Performance of our approaches and other competing
methods. (b) Performances of our NIN-based approach and its submodels.
(c) Performances of our GoogLeNet-based approach and its submodels.

learning manner to prevent overfitting. In order to explore
the contribution of each component to the improvement on
classification accuracy, we disassemble our approach into
two submodels: 1) multiple middle level feature, respectively,
obtained from hidden layers of NIN and GoogLeNet is directly
fed into several attached softmax classifier as base learner,
and then a final classifier is achieved by an ensemble of
these base learners. They are called as NIN-mid ensemble and
GoogLeNet-mid ensemble in Fig. 3(b) and (c) and 2) similar
to DSN by using softmax [45], a branch classifier is attached
to each hidden layers of NIN and GoogLeNet for gradient
injection, and finally the deepest classifier result is taken, they
are called as NIN-DTT and GoogLeNet-DTT in Fig. 3(b)
and (c). By incorporating both of gradient injection and ensem-
ble of middle level features, our approaches (NIN-based and
GoogLeNet-based) are finally conducted. It can be seen from
Fig. 3(b) and (c) that our approaches have better performances
than others in the present of limited training data. A close
observation indicates that the DTT-based methods (NIN-DTT
and GoogLeNet-DTT) outperform their corresponding middle
level feature ensemble-based methods (NIN-mid ensemble and
GoogLeNet-mid ensemble). Such results can reveal that the
effectiveness of gradient injection via DTT is more obvious,
and the sole integration of the middle layer of the proto-
type model has no significant improvement on classification
performance. Because these intermediate layers are far from
the final output layer, the objective function is weakly super-
vised and cannot be directly used for classification tasks. As
we know, the primary cause of overfitting in deep neural
network approach is the insufficient training data. These exper-
iment results show that our approach has significant capability
of preventing overfitting caused by the limited training data.
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TABLE IV
CIFAR-10 CLASSIFICATION ACCURACY (%)

TABLE V
EXTRA 5 TESTING DATASETS INFORMATION

Third, we follow the experiment protocol in [75] to
investigate the performance of approaches on local optima.
We trained our approaches along with their prototypes
on 40 000 images as training set, and validated them on
10 000 images as validation set, the cross-entropy loss of
approaches from training and validation are calculated by
(4), respectively. As shown in Fig. 4, our approaches and their
prototypes are able to converge at certain local optima, how-
ever, our approaches achieve better local optima, which are
illustrated by the smaller losses on training and validation,
than their prototype models with faster convergence speed.
Such results significantly demonstrate our approaches are able
to prevent worse local optima to some extent.

The last part of this experiment is conducted for 5 runs.
Table IV shows the mean and standard deviation of the classi-
fication accuracy on the predefined testing set of 10 000 sam-
ples. As illustrated, the both of NIN and GoogLeNet-based
submodels equipped with our two-stage selective ensemble
learning approach achieve high classification accuracy than
the one with conventional ensemble learning setup of that
all branch classifiers are combined via average weighting
scheme, such result significantly demonstrate the effective-
ness of our proposed two-stage selective ensemble learning
scheme. Meanwhile the submodels, in association with either
two stage selective ensemble learning or DTT module, are
superior to their prototypes (NIN and GoogLeNet), and our
approaches achieve the best performance by incorporating both
proposed modules, where the higher average results illustrate
that our approach overwhelmingly outperform its baselines and
other competing methods, while the smaller value of standard
deviation achieved by our approaches demonstrate their stable
classification performance due to the fact that our approaches

Fig. 4. Cross-entropy loss of approaches from training and validation on
CIFAR-10, are calculated by (4). (a) Loss of our NIN-based approach and its
prototype model. (b) Loss of our GoogLeNet-based approach and its prototype
model.

TABLE VI
PERFORMANCES COMPARISON (%) OF THE COMPETING

APPROACHES ON IDC DATASET

are insensitive to model initialization, and prevent a poor result
stuck at local optima.

C. Experiment With Medical Image Datasets

In this part of experiments, we are going to systematically
investigate the feasibility of our approach for medical image
classification tasks from different perspectives.

1) Breast Histopathology Images Dataset: IDC [76] is the
most common type of breast cancer: almost 80% of all breast
cancers are IDCs. However, due to the lack of discriminative
features, it is difficult to determine IDC as a special histo-
logical type like lobular or tubular cancer. In this experiment,
we evaluate the performance of our approaches in comparison
with six CNNs on the BHI dataset [73]. This dataset comprises
274 histopathology slide images of IDC tissue regions, which
are digitized by a whole-slide scanner, from 274 patients.
Each slide is split into nonoverlapping patches of 50*50 pixels
via grid sampling, and the patches with fatty tissue or slide
background are discarded, and then the networks take input
image size of 50*50. The class labels of patches have been
manually annotated by a pathologist.

This experiment is conducted on two subsets sam-
pled from entire BHI dataset with ready processed image
patches. The first subset consists of 269 patients’ slides
with 272 494 patches, including 76 303 positive samples and
196 191 negative samples as shown in Fig. 5. To evalu-
ate the general classification performance of the compared
approaches, we divided the patch images of such subset into
training set (60%), validation set (20%), and testing set (20%).
On the other hand, we simulate the practical diagnosis by
applying our approaches on the second subset consisting of
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TABLE VII
DIAGNOSIS PERFORMANCES (%) OF THE COMPETING APPROACHES ON THE 5 PATIENTS’ SLIDE OF IDC DATASET

Fig. 5. IDC Dataset. (a) Positive samples (IDC). (b) Negative samples
(non-IDC).

five patients’ slide images with different rates of positive
samples shown in Table V.

These experiments are conducted for five runs, and the
results are presented in form of mean and standard deviation.

As shown in Table VI, among the compared approaches, our
GoogLeNet-based approach achieves the best performance in
terms of accuracy, sensitivity, specificity, and F1 score. From
the perspectives of different measures, it can be seen that the
six CNNs without ensemble module produce higher standard
deviations, indicating that the performances of such CNNs are
unstabilized due to the fact that they are more sensitive to
model initialization than our approaches. From these results,
we can see that our approach provides a promising technique
for binary classification tasks on medical image dataset.

To evaluate our approach in practical diagnosis, Table VII
lists all the testing results achieved on the five sets of slides
obtained from five patients with different positive rate shown
in Table V, where these compared models are trained by the
same setup in the previous part of experiment. It is observed
that, our GoogLeNet-based approach win on P1, P2, and
P5 sets with two or three out of four validation criteria,
while our NIN-based approach and DenseNet achieved the best
results with two validation criteria on P3 set, respectively, and
our approaches and DenseNet win on P4 with two validation

criteria, respectively. Such results clearly demonstrate the
effectiveness of our approach in the real-world medical appli-
cation. In addition, according to the classification accuracy,
we selected the top three competing methods, including:
1) ResNet; 2) DenseNet; and 3) our approach (GoogLeNet-
based), and further evaluate their performance by plotting their
ROC curves with AUC indicator. As shown in Fig. 6, our
approach is closest to the upper left corner, and the AUC
area is larger than the other two methods. This further illus-
trates that our approach is superior over other methods in
medical applications.

2) Chest X-Rays Dataset: According to World Health
Organization (WHO), pneumonia [77] is the single leading
cause of childhood mortality, especially in developing coun-
tries, such as Southeast Asia and Africa. In fact, bacterial
and viral pathogens are two major causes of pneumonia, but
require very different manners of treatment and management.
Therefore, how to accurately diagnose different types of pneu-
monia is very important to treat such disease. As a major
technique, chest X-rays imaging is commonly used to diagnose
pneumonia patients. However, rapid professional interpretation
of X-rays images is not always available, particularly in the
resource-poor medical environment. Hence, the wide applica-
tion of computer-aided diagnosis based on image classification
has been urgently demanded. In this experiment, we simulate
the medical application of our approach for diagnosing pedi-
atric pneumonia by performing classification tasks on Chest
X-rays dataset [74].

As shown in Fig. 7, this pediatric chest X-rays dataset is
archived in three classes, including: 1) Normal; 2) Bacterial;
and 3) Viral, and it has been preseparated as the training set
(5216 samples) consisting of 2530 bacteria images, 1345 viral
images and 1341 normal images, and testing set (624 sam-
ples) consisting of 242 bacteria images, 148 viral images and
234 normal images. Due to the fact of that the original image
sizes are various from 529*968 to 952*1192, we have to
resize the images into the uniform size of 224*224 via the
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Fig. 6. ROC curves with AUC on the (a)–(e) P1–P5 test datasets (Our
approach is GoogLeNet based).

Fig. 7. Chest X-rays dataset. (a) Normal. (b) Bacteria. (c) Viral.

bilinear interpolation method. For evaluating the multiclass
classification performance of our approach, we further divided
the predefined training dataset into training set (90%) and
validation set (10%) randomly. For evaluating the binary clas-
sification performance of our approach, we construct three
sets from this dataset. In Bacteria versus Viral set, the part
of predefined training set, consisting of 2530 bacteria images
and 1345 viral images, are randomly divided into training set
(90%) and validation set (10%), and the corresponding testing
set (390 samples) is obtained from the predefined testing set
with bacterial (242 samples) and viral (148 samples) images.
Meanwhile Bacteria versus Normal and Viral versus Normal

TABLE VIII
PERFORMANCES COMPARISON (%) OF THE COMPETING METHODS IN

MULTICLASS CLASSIFICATION TASK ON CHEST X-RAYS DATASET

sets are built in the same way. We also conduct the experiments
for five trials, and report the average and standard devia-
tion of experiment results obtained by different performance
measures, respectively.

Table VIII lists all the results achieved in multiclass classi-
fication task on this dataset. It can be observed from the table
that our approaches generally outperform other approaches,
as our GoogLeNet approach has the best performance in
terms of accuracy, sensitivity, and F1 score, and our NIN-
based approach achieves the best result in terms of specificity.
At the same time, the standard deviations demonstrate that
our approach is more stable in comparison with others since
they are insensitive to initial conditions. These results clearly
demonstrate the outstanding performance of our approach for
multiclass classification tasks on the Chest X-rays dataset.

By further evaluating the binary classification performance
of our approaches on this dataset, it can be seen from Table IX
that our approaches achieve the best results once again.
A closer observation shows that our NIN-based approach is
completely superior to the competing approaches in terms
of sensitivity, specificity, and F1 score for Bacteria versus
Viral classification task, while our GoogLeNet-based approach
has the best classification accuracy, sensitivity, and F1 score
on two binary classification tasks, and constantly has the
best accuracy on all tasks. In practical diagnosis of pneumo-
nia, discriminating the bacteria pneumonia patients from viral
pneumonia patients is critical due to their different treatments.
These results show that our approach provides a potential
solution for assisting the diagnosis of pediatric pneumonia on
X-rays images.

In order to make further comparison between our approach
and state-of-the-art methods in practical medical applications,
we further plot the ROC curves with AUC by implement-
ing ResNet, DenseNet and our GoogLeNet-based approach on
three binary classification tasks. As shown in Fig. 8, the curve
obtained by our approach is closer to the optimal situation in
the upper left corner than the ResNet and DenseNet methods,
and its corresponding AUC area is larger than others. This
significantly illustrates that our approach has greater potential
for pediatric pneumonia diagnosis based on X-rays images.

D. Summary

The experiment results demonstrate that our approach is
able to obtain high-quality classifiers with a simple algorithm
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Fig. 8. ROC curves with AUC on three binary classification tasks (a) Bacteria VS Virus, (b) Bacteria VS Normal, and (c) Normal VS Virus listed in Table
IX (Our approach is GoogLeNet based).

TABLE IX
PERFORMANCES COMPARISON (%) OF THE COMPETING METHODS IN BINARY CLASSIFICATION TASKS ON CHEST X-RAYS DATASET

implementation. Thus, it provides a promising yet easy-to-use
technique for medical image classification tasks. As a result,
the advantages of our approach can be summarized as follows.

First, we propose a novel training strategy called DTT to
solve vanishing gradients problem. It has been justified in
Section III-B, and tested on a variety of image datasets. As
specifically shown in Fig. 2, our approach alleviates vanishing
gradients occurred in deep neural networks to a certain extent,
and gains a better performance on various image classification
tasks on both standard benchmark and practical medical appli-
cations than their baselines and other state-of-the-art methods,
which is shown in Tables IV and VI–IX. In addition, our
approach intrinsically obtains multiple branch classifiers on
different middle-level features, whereas ensemble learning is
just right to provide an adequate solution for reconciling these
branches of CNNs.

Second, we propose a two-stage selection scheme to select
the optimal ensemble members from branch classifiers based
on accuracy and diversity criteria, and further adopt weight-
ing strategy to achieve the optimal ensemble classifier, which
significantly prevents the problems of overfitting and local
optima. This is validated by a benchmarking experiment from
different perspectives. The results on benchmarking dataset
presented in Section IV-B prove adequacy of the fundamen-
tal concepts introduced by our approach. Furthermore, two
medical image datasets are used to evaluate the robustness
and feasibility of our approach in the real-world medical
applications. The results reported in Section IV-C showed the
higher average values and lower standard deviations of various

performance measures, which demonstrates that our approach
can obviously reduce missed diagnosis rate and the misdiag-
nosis rate in practical diagnosis process. It indicates that with
the help of our approach, a medical image-based CAD system
could be built to diagnose patients efficiently and accurately.

V. CONCLUSION

In this article, we proposed a novel approach by combining
the strengths of CNN and ensemble learning, and explored
the feasibility of the approach to classify different types of
medical images. In order to evaluate the performance of our
approach on the classification tasks of medical image datasets,
we designed several experiments, and compared our approach
with several state-of-the-art CNN models. Experiment results
showed that our approach can achieve superior performance
on medical image classification tasks. This study has a great
potential to lead to a new perspective for image-based CAD,
and further facilitate more applications of CAD.

Although our findings show that our approach has excel-
lent performance on medical image classification tasks, there
are still some issues that have to be addressed in our future
research. Our approach introduces many extra hyperparame-
ters, such as the number of branches, the location of splitting,
the number of selected base classifiers, and even the measure-
ment of diversity. These hyperparameters bring the potential
of further improvement of our proposed approach on medical
image classification tasks. How to select a set of appropri-
ate parameters for the target datasets with different forms and
characteristics remains to be an interesting issue for future
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studies. Moreover, inspired by the works [78], [79], we are
going to explore the potential of incorporating visual attention
mechanisms and different high-level feature into deep fea-
ture representations for improving the performance of medical
image classification.
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