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   Abstract—Broad learning system (BLS) is  an emerging neural
network  characterized  by  its  rapid  processing  and  robust
generalization capabilities. However, determining the appropriate
structure  for  broad  learning  system  is  also  a  challenge.  In
addition,  broad  learning  system  may  perform  overfitting  due  to
the  dependence  between  nodes  in  processing  fully  connected
network.  To  deal  with  these  problems,  an  efficient  ensemble
broad  learning  system  based  on  Dropout  and  Dropconnect  is
proposed  in  this  paper.  The  proposed  Dropout  ensemble  broad
learning  system  randomly  discards  hidden  nodes  to  improve
diversity  between  individuals  and  reduce  the  synergy  between
nodes to improve prediction stability. The Dropconnect ensemble
broad  learning  system  randomly  drops  connection  weights  to
generate  more complementary models  by adding input  attribute
disturbance.  The  experimental  results  on  the  UCI  datasets
confirm  that  the  method  proposed  in  this  paper  can  solve  the
problem  of  model  overfitting  caused  by  the  strong  dependence
between  the  nodes  of  ensemble  broad  learning  system.  The
proposed  algorithm  outperforms  the  original  BLS  in  terms  of
prediction stability and classification accuracy.
    Index Terms—Broad learning system, ensemble learning, Dropout,
Dropconnect
  

I.  Introduction

Broad  learning  system  (BLS)  is  an  efficient  algorithm  for
training  single  hidden  layer  feedforward  neural  network,
whose  output  layer  connection  weight  is  determined  by
analysis method [1]. BLS has emerged as a prominent area in
the  field  of  machine  learning  and  has  been  successfully
applied  to  the  fields  of  prediction,  classification,  and
regression due to its strong generalization ability [2–8].

To get better generalization performance, ensemble learning
is  introduced  into  BLS [9, 10].  Ensemble  broad  learning
system  (ENBLS)  has  been  studied  by  many  scholars.  To
address  the  shortcomings  of  aviation  engine  wear  fault
diagnosis  based  on  oil  analysis,  Wang  et  al. [11] proposed  a
bagging-BLS  which  was  established  by  combining  BLS  and

bagging  through  the  ensemble  learning.  Fan  and  Zhang [12]
proposed  the  lncRNA-protein  interactions  with  a  broad
learning  system  (LPI-BLS),  which  used  a  stacked  ensemble
broad learning system classifier with logistic regression model
to  predict  the  interaction  between lncRNA and proteins.  Zhu
et al. [13] proposed the broad learning system with ensemble
and classification (BLS-EC) algorithm, which combined BLS
with  ensemble  learning  to  predict  multi-step  forward  wind
speed and enhance the stability of the network. Yu et al. [14]
proposed  an  ensemble  BLS  based  on  progressive  kernels,
which reduced the impact of noise on the model by combining
multiple randomly mapping feature spaces with kernel spaces.
An incremental weighted ensemble broad learning system was
proposed  by  Yang  et  al. [15],  which  utilized  a  progressive
mechanism  to  improve  the  stability  and  robustness  of  the
system. However, these ensemble methods use all models and
each submodel is fully connected with the output layer, which
may increase the synergy between nodes and the dependence
of  the  model  on  special  local  features.  This  leads  to
redundancy of the whole ensemble model, which may reduce
the generalization of model.

Deep  networks  have  strong  learning  ability  due  to  their
large  number  of  complex  parameters,  but  they  are  easy  to
produce  overfitting,  and  the  training  of  large  and  complex
network  is  quite  time-consuming [16, 17].  Dropout  is  a  new
technology  to  solve  this  problem  proposed  by  Hinton  et  al.
[18]. Its core concept is to randomly delete some hidden layer
nodes  and  their  connections  from  the  neural  network  in  the
network  training  process.  Its  motivation  is  to  prevent
overfitting  caused  by  mutual  adaptation  between  network
hidden layer nodes.  Dropconnect is  also a new regularization
method  for  fully  connected  network [19].  Unlike  Dropout,  it
deletes weights instead of nodes. It is also an efficient method
to reduce model overfitting through model averaging.

The  existing  research  results  indicate  that  Dropout  can
improve the learning performance of neural networks in many
domains,  such  as  computer  vision,  speech  recognition,  text
classification,  and so on [20].  Starting from Bayesian theory,
Gal  and  Ghahramani [21] explained  Dropout  as  Bayesian
approximate  inference  in  a  deep  Gaussian  process.  DeVries
and  Taylor [20] proposed  the  cutout  method,  which  mainly
applied  Dropout  directly  to  the  input  image,  essentially
removing the visual features with high activation values in the
subsequent  layers  of  convolutional  neural  network  (CNN).
This  method  of  applying  the  mask  to  the  input  image  can
achieve  the  same  performance  with  lower  execution  costs.
Yang  et  al. [22] proposed  a  training  method  of  deep
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convolution neural network for large datasets by applying the
idea  of  Dropout  to  train  samples  and  applied  it  to  Chinese
character  recognition.  Excitation  Dropout  was  proposed  to
encourage  plasticity  by  dropping  high-saliency  neurons  in
deep neural networks [23]. Zhao et al. [24] proposed adaptive
drop  algorithms  by  adaptively  adjusting  the  retention
probability for training spiking neural network (SNN). Achille
and  Soatto [25] proposed  to  minimize  the  loss  function  by
using  information  Dropout,  which  was  a  generalization  of
Dropout that made better use of limited capacity and adapted
to the data. Biased Dropout was proposed and used in extreme
learning  machine  to  prevent  overfitting  by  utilizing  the
difference  of  neurons  and  connection  weights  to  keep  more
information [26].  Visser  and  Zumel [27] compared  the
differences  in  model  regularization  between  Dropout  and
Dropconnect,  and  evaluated  their  regularization  effects  on
shallow  networks.  Biased  Dropconnect  was  proposed,  which
divided  connection  weights  into  high  and  low  groups  by
setting  a  threshold  and  provided  different  Dropout
probabilities  to  enhance sparsity  and reduce complexity [26].
Structured  Dropconnect  was  proposed  to  model  the  output
distribution  of  a  network  for  uncertainty  inference  in  image
classification [28].  Mobiny  et  al. [29] used  Monte  Carlo
(MC)-Dropconnect  to  represent  the  model  uncertainty  by
imposing a Bernoulli distribution on the model weights.

Inspired  by  the  Dropout  and  Dropconnect  techniques,
Dropout  ensemble  broad  learning  system  (DEBLS)  and
Dropconnect  ensemble  broad learning system (DCEBLS) are
proposed for data classification in this paper. Unlike the use of
Dropout  in  Ref. [30],  the  Dropout  technique  is  used  to
generate efficient DEBLS classifier by Dropout hidden nodes
to  weaken  even  eliminate  the  joint  adaptability  between
neuron  nodes  and  enhance  the  generalization  ability.
However,  DEBLS  directly  discards  nodes,  which  may  cause
information  loss.  To  further  enhance  the  performance  of
model, DCEBLS introduces Dropconnect to randomly remove
weights,  which  can  retain  the  weights  of  some  important
nodes.  Different  from DEBLS, DCEBLS randomly drops the
weights  during  training,  resulting  in  sparse  connections  and
obtaining subnetworks with different connection weights. The
potential  implication  is  to  randomly  set  the  input  weights  of
the  hidden  layer  to  0  instead  of  the  output  of  this  layer.  In
summary, the main contributions of the proposed methods are
as follows:

(1)  DEBLS  is  proposed  to  discard  nodes  randomly  and
ensemble submodels  with  different  hidden layer  structures  in
the  training  process.  DEBLS  can  weaken  the  dependence
between  nodes  and  reduce  the  overfitting  risk  of  the  final
model.

(2)  DCEBLS  is  proposed  to  drop  the  connection  weights
rather  than  nodes  to  retain  important  features  in  the  training
process.  DCEBLS  generates  different  individuals  from
different  perspectives of the sample by adding input attribute
perturbations,  and  increases  the  generalization  ability  of  the
model.

The  rest  of  this  article  is  organized  as  follows.  Section  II
briefly  reviews  the  preliminary  information  related  to  our
work.  Section  III  introduces  the  proposed  algorithm.

Statistical  and  analytical  analyses  of  experimental  results  are
detailed in Section IV. Finally, Section V provides a summary
of this article.  

II.  Related Work
  

A.  Brief Review of Broad Learning System

X ∈ RN×M

Y ∈ RN×C N
M C

Broad  learning  system  is  a  new  variant  of  random  vector
function  link  neural  network  (RVFLNN) [31],  an  effectively
simpler network structure without deep architecture [32]. The
structure  of  BLS  includes  four  layers:  input  layer,  feature
layer,  enhancement  layer,  and  output  layer.  The  input  layer
includes  the  input  data  and  the  output  layer
includes the output matrix , where  is the number
of samples and  and  denote the dimensions, respectively.

The  feature  layer  is  composed  of  mapping  features  by
projecting the data as follows [1]
 

Zi = ϕ(XWei+βei), i = 1,2, ...,n (1)
Zi Wei
βei

ϕ (·)
ϕ (x) =

(
1+ e−x)−1

Zn ≡ [Z1,Z2, ...,Zn]
m

r j H j

where  is the i-th group of feature nodes,  is the feature
weight,  is the bias of feature nodes, and they are randomly
obtained.  The  function  is  sigmoid  mapping  function  as

,  where  e  represents  the  natural  constant.
Denote  all  the  feature  nodes  groups  as .
There are  groups of enhancement nodes and each group has

 nodes. The -th group of enhancement nodes  is denoted
as
 

H j = ξ(ZnWh j+βh j), j = 1,2, ...,m (2)
Wh j βh j

ξ (·)

Hm ≡ [H1,H2, . . . ,
Hm]

where  and  are random enhancement weight and bias
of  enhancement  nodes  with  proper  dimensions,  respectively.
The  function  is  the  activation  function  of  enhancement
nodes. It can be various, but generally uses the same form. All
enhancement  node  groups  are  denoted  as 

. The final form of the broad model can be considered as
 

Y = [Zn|Hm]Wm = AWm = AW (3)
A Wm

Wm

where  is  the  expanded  input  matrix,  is  the  output
connecting weight and is calculated by the ridge regression of
the  objective  function  of  this  model.  can  be  abbreviated
as W. The calculation equation is as follows
 

argmin
W
∥Y −AW∥22+λ∥W∥22 (4)

∥Y −AW∥22 ∥W∥22 L2
λ

where  is  the error term and  is  the -norm
regularization used to avoid overfitting. The positive  is the
regularization  constraint  value.  The  closed-form solution  can
be compressed by the ridge regression as follows
 

W = (λI+ATA)−1ATY (5)
where I is the identity matrix. More details of the original BLS
can be found in Ref. [1].  

B.  Dropout

Î =
(
Î1, Î2, ..., Îs

)
This  section  briefly  introduces  the  basic  idea  of  Dropout

through simple linear networks whose output is  the weighted
sum  of  the  inputs [33, 34].  Given  the  input  vector

,  the  output  of  the  linear  neuron  is
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O
(
Î
)
=

s∑
i=1

wi Îi s

Î wi

E =

t− s∑
i=1

wi Îi

2 t

2s

Îi (1 ⩽ i ⩽ s)

, where  represents the dimension of the input

vector  and  is the i-th output weight of the neural network.

The  error  can  be  expressed  as ,  where 

represents the  actual  output  value.  By  introducing  Dropout,
there  are  possibilities  to  get  a  subnet  (including  empty
network)  by  deleting  with  equal  probability
0.5 [30]. The average output of all subnetworks is [35]
 

E (O) =
1
2s

∑
S

O
(
Î
)

(6)

S

Es =

t− s∑
i=1

wiδi Îi

2 δi (1 ⩽ i ⩽ s)

pi

pi = p (δi = 1) qi

qi = p (δi = 0) = 1− pi

where  is the number of subnetworks. The error of S modes

is expressed as ,  where  is  a

random variable  that  obeys  the  Bernoulli  distribution  and  is
independent  of  each  other.  is  the  probability  of  a  binary
vector from 0 to 1 appearing as 1,  and  is the
probability  of  a  binary  vector  from  0  to  1  appearing  as  0,

.
According  to  the  linear  property  of  mathematical

expectation, Eq. (7) can be obtained
 

E (O) =
s∑

i=1

wiE (δi) Îi =

s∑
i=1

wi pi Îi (7)

H = m̂ · f (WX+β) β

m̂
p f (·)

Applied  to  neural  networks,  the  feature  nodes  of  a  neural
network  can  be  expressed  as ,  where  is
the  bias,  is  a  binary  mask  vector  with  each  element  being
equal  to  1  with  probability ,  and  represents  the
activation function, which can be expressed in different forms.
More details of the Dropout can be found in Ref. [30].  

C.  Dropconnect
Similar  to  Dropout,  the  introduction  of  dynamic  sparsity

during  neural  network  training  is  a  characteristic  of
Dropconnect,  with  the  only  difference being that  the  sparsity
of  Dropconnect  acts  on  weights  rather  than  nodes  in  the
hidden  layer [28].  The  main  idea  of  Dropconnect  can  be
expressed as follows [36]
 

H = f (X(W ◦ M̂)+β) (8)
◦ X

W β

M̂
p

where  denotes the Hadamard (elements-wise) product,  is
the input,  is the traditional connecting weight, and  is the
bias,  respectively.  is  a  binary  mask  matrix  with  each
element  being  equal  to  1  with  probability ,  which  is  drawn
independently from the Bernoulli distribution.

p
ŵ ∼ N(µ,σ2) µ = pWX

σ2 = p(1− p)(W ◦W) (X ◦X)

In the testing phase,  the weight  of  each input  (each hidden
layer  node  is  connected  with  multiple  inputs)  is  sampled  by
Gaussian distribution [19].  Of course,  the mean and variance
of  the  Gaussian  distribution  are  related  to  the  previous
probability  value .  The  input  weight  that  follows  the
Gaussian  distribution  is ,  where  and

.  More  details  of  the
Dropconnect can be found in Ref. [19].  

D.  Combination Strategy

Ŷ

Ensemble  learning  method  improves  generalization
performance  by  combining  a  set  of  base  learners  instead  of
selecting  the  best  one [37].  This  shows  that  an  appropriate
combination  method  used  in  ensemble  learning  is  crucial.  A
good  combination  method  can  reduce  the  risk  of  false
selection  of  hypothesis,  reduce  the  risk  of  false  selection  of
local optimal solution assumption, and obtain a more accurate
approximation of the real  unknown hypothesis.  In this paper,
the  absolute  majority  voting  method  is  used  as  the
combination strategy of the basic learner. In this method, each
classifier  votes  for  a  category  label,  and  the  final  output
category  is  marked  as  the  label  with  more  than  half  of  the
votes. If all labels get less than half of the votes, the prediction
is rejected. The method of obtaining the output result  can be
expressed as [38]
 

Ŷ =


c j, if

L∑
i

Y j
i > 0.5×

C∑
f̂=1

L∑
i=1

Y f̂
i ;

reject, otherwise

(9)

Y f̂
i

f̂ Y j
i

Yi

c j

L
j

j

where  represents the output predicted by the i-th submodel
of  the -th  category,  represents  the  output  of  on
category  mark ,  and “reject” indicates  that  the  number  of
votes cast is less than half and the model rejects the prediction
result. In other words, if the prediction results of  classifiers
for class  are greater than half of the total voting results, they
are  predicted  as  class ,  otherwise,  they  are  rejected.  More
details of the combination strategy can be found in Ref. [38].  

III.  Dropout and Dropconnect Ensemble Broad
Learning Systems

  

A.  Dropout Ensemble Broad Learning System
This  section  introduces  the  proposed  method  of  Dropout

ensemble  broad  learning  system.  For  a  given  practical
problem,  it  can  select  appropriate  network  structure  and
improve the accuracy of  data classification.  Based on a large
redundant BLS network, this method trains multiple BLSs by
discarding  some  hidden  layer  nodes,  and  uses  them  as  the
basic  classifier  of  ensemble.  The  absolute  majority  voting
method is  used in DEBLS to combine the results  of  multiple
BLS submodels for data classification [39]. The basic idea of
the algorithm is  shown in Fig.  1,  and the pseudo code of  the
algorithm is shown in Algorithm 1.

The  generation  process  of  feature  nodes  and  enhancement
nodes  is  the  same  as  before,  which  is  obtained  by  random
weight mapping. The corresponding hidden layer node matrix
can be obtained as follows
 

A = [Zn|Hm] (10)
pi

pi ∼ Bernoulli(p)

After  obtaining A, l groups  of  vectors  conforming  to
Bernoulli  distribution  are  randomly  generated,  where

.
To  reduce  the  co-adaptability  between  nodes,  different

hidden layer node matrices are obtained by
 

Ai = A◦ pi, 1 < i < l (11)
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lwhere  is  the  number  of  individual.  The  output  weights  can
be expressed as
 

Wi =
(
Ai

TAi+λI
)−1

Ai
TY (12)

Y =max
1⩽i⩽l
{Yi}

Yi =WiAi

The  final  ensemble  model  output  is ,  where
.  

B.  Dropconnect Ensemble Broad Learning System
Dropconnect  ensemble  broad  learning  system  is  proposed

by  randomly  droping  connecting  weights  to  make  sure  that
each neuron is  not  linked to the same weights,  so that  model
can  get  better  performance.  In  DCEBLS,  Dropconnect  is
applied  to  the  process  of  randomly  generating  feature  nodes
and  enhancement  nodes,  generating  different  hidden  layer
nodes  with  implicit  diversity  through  different  connection
weights.

iAfter applying Dropconnect,  the equation of the -th group
of feature nodes is
 

Zi = ϕ
(
X(Wei ◦ M̂ei)+βei

)
, i = 1,2, ...,n (13)

Wei M̂ei
p

1− p β ϕ(·)
M̂ei

Zn = [Z1,Z2, ...,Zn]

where  is the feature weight,  is a binary mask matrix
with  each  element  being  equal  to  1  with  probability  and
equal  to  0  with  probability ,  is  the  bias,  and  is  a
mapping function for feature nodes.  is  different  for  each
feature nodes group, so that  is different for

Zi Zn jeach  submodel  and  is  different  in .  The -th  group  of
enhancement nodes is denoted as
 

H j = ξ
(
Zn(Wh j ◦ M̂h j)+βh j

)
, j = 1,2, ...,m (14)

Wh j M̂h j
p βh j

ξ(·)

A = [Zn|Hm]
Zn Hm

where  is  the  enhancement  connecting  weight,  is  a
random binary mask matrix with keeped probability ,  is
random  bias  of  enhancement  nodes  with  proper  dimensions,
and  is  the  activation  function  of  enhancement  nodes.  It
can be various, but usually uses the same form. Hidden layer
nodes  groups  can  be  represented  as .  In  each
submodel,  and  are  different,  so  there  is  implicit
diversity  among  individuals.  The  output  weights  of  each
model are as follows
 

Wi =
(
Ai

TAi+λI
)−1

AiY (15)

Y =max
1⩽i⩽l
{Yi} Yi =WiAiThe final output is , where . The basic

idea of DCEBLS can be represented in Fig. 2, and the pseudo
code of the algorithm is shown in Algorithm 2.  

IV.  Experiment

To  verify  the  performance  of  the  proposed  methods
(DEBLS  and  DCEBLS),  some  experiments  are  designed.  In
the  experiments,  some  public  datasets  are  used  to  prove  the
effectiveness  by  comparing  the  classification  ability  of  the
proposed  methods  with  the  standard  BLS  and  the  ensemble
broad learning system. The datasets come from UCI machine
learning library [40], and the details are shown in Table 1. The
simulation is carried out in MATLAB R2021b, running on the
same Windows  10  machine  with  8  GB memory  and  i5-8400
(2.80 GHz).  

A.  Evaluation Metric
To  evaluate  the  proposed  algorithms  comprehensively,  the

following evaluation indices are  adopted.  The four  indicators
are  accuracy  (ACC),  precision  (PRE),  recall  (REC),  and  F1
score [41]. The accuracy is the ratio of the number of correctly
classified  samples  to  the  total  number  of  samples.  Precision
and  recall  are  two  commonly  used  measures  in  the  field  of
statistical  classification.  F1  value  is  the  harmonic  average
value  based  on  precision  and  recall.  A  higher  F1  value
represents  a  better  comprehensive  performance  of  the

 

Enhancement nodesFeature nodes
···

Z1

Zi = ϕ (XWei + βei), i = 1, 2, ..., n. Hj = ξ ([Z1, Z2, ..., Zn] Whj + βhj),
j = 1, 2, ..., m.

Z2

··· ······

Zn

··· ··· ···
H1 H2 Hm

X

···

Enhancement nodes

··· ···

Y

Wm

···

Feature nodes

 
Figure 1 Structure of Dropout ensemble broad learning system.

 

Algorithm 1　Dropout ensemble broad learning system
(X,Y)
W1,W2, ...,Wl

n m
l

pn

Zn ≡ [Z1,Z2, ...,Zn]
Hm ≡ [H1,H2, ...,Hm]

l
pn

Ai = A◦ pi

W1,W2, ...,Wl

Y = max
1⩽i⩽l
{Yi} Yi =WiAi

Input: training samples ;
Output: output weights ;
Initialization parameters:  groups of feature nodes, 
enhancement nodes, the number of individual , and nodes
retention probability ;
1: Calculate the mapping feature  and the
enhancement feature ;
2: Calculate  binary mask vectors with retention probability

;
3: Calculate the corresponding extended matrix ;
4: Calculate output weights  of DEBLS by Eq.
(12);
5: Calculate final prediction , where .
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algorithm.  These  four  metrics  are  chosen  to  evaluate  the
proposed approaches and their definitions are as follows
 

ACC =
TP+TN

TP+TN+FP+FN
(16)

 

PRE =
TP

TP+FP
(17)

 

REC =
TP

TP+FN
(18)

 

F1 =
2×PRE×REC

PRE+REC
(19)

TP TNwhere  and  are the numbers of true predicted positive

FP FNsamples and true predicted negative samples,  and  are
the  numbers  of  false  predicted  positive  samples  and  false
predicted negative samples, respectively.  

B.  Result and Discussion

[1, 10]× [1, 40]× [1, 400][
210,25,24, ...,2−4,2−5,2−10,2−20,2−30

]
l = 10

[−1,1]

In the experiments, the standard BLS and ENBLS are used
to compare with DEBLS and DCEBLS. To better illustrate the
effectiveness  of  the  algorithms,  the  above  four  performance
indices  and  training  time  are  compared.  For  structure
parameters,  including  the  numbers  of  feature  groups,  the
feature  nodes  in  each  group,  and  the  enhancement  nodes,
the  search  range  is .  The
regularization  parameters  are  selected  in  the  range  of

.  The  number  of
individuals  in  all  ensembles  is  set  as .  In  addition,  the
corresponding weights and bias are randomly generated from
the uniform interval .

p

2−2

[0.1, 0.2, 0.3, 0.4, 0.5, 0.6, 0.7, 0.8, 0.9]

As  an  important  parameter  of  DEBLS  and  DCEBLS,  the
retention probability  has  a  great  impact  on the generalization
performance. To clarify the impact of retention probability on
DEBLS and  DCEBLS,  on  Australian  and  Heart  datasets,  the
changed retention probability  is used to observe the change
of classification accuracy. In this experiment, the feature node
groups,  the  number  of  feature  nodes  in  each  group,  and  the
number  of  enhancement  nodes  are  fixed  to  10,  10,  and  100,
respectively. The regularization parameter is fixed as , and
the  selection  range  of  retention  probability  is

.  The  rest  setting
including  activation  function  is  the  same  as  that  of  standard
BLS.

p = 0.5
p = 0.1

The  influence  of  retention  probability  on  the  accuracy  of
DEBLS and DCEBLS is shown in Fig. 3. As shown in Fig. 3,
different  retention  probabilities  make  the  accuracy  of  the
model change greatly. In both datasets, DEBLS and DCEBLS
achieve the optimal accuracy when . It is more obvious
from Fig. 3 that the model performance is poor at  due
to  too  little  retained  information.  With  the  increase  of
retention  probability,  the  model  accuracy  first  increases  and
then  decreases.  To  achieve  better  generalization  performance
of the model, in the next experiment, the retention probability
p is fixed to 0.5.
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Figure 2 Structure of Dropconnect ensemble broad learning system.

 

Algorithm 2　Dropconnect ensemble broad learning system
(X,Y)
W1,W2, ...,Wl

n m
l

pw

pw

Zn ≡ [Z1,Z2, ...,Zn]

Hm ≡ [H1,H2, ...,Hm]

Ai

W1,W2, ...,Wl

Y = max
1⩽i⩽l
{Yi} Yi =WiAi

Input: training samples ;
Output: output weights ;
Initialization parameters:  groups of feature nodes, 
enhancement nodes, the number of individual , and weights
retention probability ;
1: Calculate binary mask matrix with probability  for
feature and enhancement nodes groups;
2: Calculate the mapping feature  by Eq.
(13);
3: Calculate the enhancement feature 
by Eq. (14);
4: Calculate the corresponding extended matrix ;
5: Calculate output weights  of DCEBLS by
Eq. (15);
6: Calculate final prediction , where .

 

Table 1 UCI dataset description.
Dataset Sample Attribute

Australian 690 14

Default 30,000 24

Heart 270 13

Sonar 208 60

Spectf 267 22

Zoo 101 16
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To better demonstrate the best results of several algorithms,
we display them in bold and analyze the performance of each
algorithm based  on  the  experimental  information  in Table  2.
Overall, the proposed algorithms perform well on all datasets.
Compared  with  BLS,  DEBLS  has  the  best  accuracy
improvement in Sonar dataset, with an increase of 8.22% and

an  increase  of  1.37% compared  with  ENBLS.  At  the  same
time, compared with BLS, the comprehensive index F1 value
also  increases  by  5.63%.  Other  indicators  also  have  different
degrees of improvement on different datasets. For instance, on
Spectf  dataset,  the  accuracy  of  DEBLS  is  0.7125,  which  is
2.50% and  1.25% higher  than  that  of  BLS  and  ENBLS,
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Figure 3 Variation of the classification accuracy of DEBLS and DCEBLS with different retention probabilities.

 

Table 2 Performance of different algorithms on selected UCI datasets. Bold indicates the best results.
Dataset Method ACC PRE REC F1 Training time (s)

Australian

BLS 0.8789 0.8836 0.8748 0.8792 0.0116

ENBLS 0.8947 0.9008 0.8910 0.8959 0.3646

DEBLS 0.8895 0.8926 0.8850 0.8888 0.2217

DCEBLS 0.9053 0.9098 0.9010 0.9054 0.3588

Default

BLS 0.8169 0.5963 0.7620 0.6690 0.1198

ENBLS 0.8249 0.6190 0.7767 0.6889 12.5469

DEBLS 0.8297 0.6412 0.7744 0.7015 10.2048

DCEBLS 0.8323 0.6579 0.7700 0.7095 10.5523

Heart

BLS 0.8429 0.8424 0.8405 0.8414 0.0101

ENBLS 0.8714 0.8681 0.8708 0.8695 0.3939

DEBLS 0.8714 0.8681 0.8708 0.8695 0.1160

DCEBLS 0.9000 0.8904 0.9126 0.9014 0.2349

Sonar

BLS 0.7671 0.8191 0.8023 0.8106 0.0073

ENBLS 0.8356 0.8637 0.8337 0.8485 0.2416

DEBLS 0.8493 0.8830 0.8514 0.8669 0.0835

DCEBLS 0.9041 0.9255 0.8939 0.9095 0.2285

Spectf

BLS 0.6875 0.6875 0.7421 0.7138 0.0222

ENBLS 0.7000 0.7000 0.7381 0.7185 0.2106

DEBLS 0.7125 0.7125 0.7473 0.7295 0.1234

DCEBLS 0.8000 0.8000 0.8030 0.8015 0.4508

Zoo

BLS 0.8710 0.8786 0.8393 0.8585 0.0108

ENBLS 0.8710 0.8786 0.8429 0.8603 0.2174

DEBLS 0.9032 0.9000 0.8571 0.8780 0.0567

DCEBLS 0.9677 0.9643 0.9762 0.9702 0.1175
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respectively.  The  recall  rate  is  0.52% and  0.92% higher  than
that of BLS and ENBLS, respectively.

The  performance  of  DCEBLS  is  also  shown  in Table  2.
Compared  with  the  other  three  methods,  DCEBLS  has  a
certain degree of improvement in each index. As can be seen
from Table 2, the accuracy of DCEBLS is increased by 6.45%
and  the  F1  value  is  increased  by  9.22% compared  with
DEBLS in Zoo dataset. On Australian dataset, the accuracy of
DEBLS is  worse  than  that  of  ENBLS,  while  the  accuracy  of
DCEBLS  is  1.06% higher  than  that  of  ENBLS.  The  main
reason  is  that  DEBLS  directly  discards  nodes,  so  important
feature  information  cannot  be  retained,  while  DCEBLS  only
discards  weights,  which  can  better  retain  the  feature
information.

It can be seen from Fig. 4 that the performances of DEBLS
and  DCEBLS  are  basically  better  than  those  of  ENBLS  and
BLS  in  the  ensemble  process.  As  shown  in Fig.  4,  the
accuracy  of  ENBLS  reached  0.90  and  then  began  to  decline
and  fluctuate,  while  the  accuracy  of  DCEBLS  is  0.88  when
the  four  submodels  were  integrated,  and  then  the  accuracy
began to rise steadily. As can be seen from Fig. 5, the training
time  of  DEBLS is  improved  compared  with  that  of  ENBLS.
Due  to  the  addition  of  matrix  operation,  the  training  time  of
DCEBLS  is  increased  compared  with  DEBLS,  but  it  is  also
slightly  lower  than  ENBLS.  As  shown  in Fig.  5,  in  Heart
dataset,  the  training  time  of  ENBLS  is  3.40  and  1.68  times
that of DEBLS and DCEBLS, respectively. The training time
gap  between  DEBLS  and  ENBLS  is  increasing  with  the
increase of the number of submodels.

In  general,  DEBLS  is  better  than  ENBLS  in  4  out  of  6
datasets and DCEBLS performs the best in all datasets in this
experiment.  Taking  all  evaluation  indicators  into  account,

standard  BLS  has  the  worst  performance,  which  shows  that
ensemble  learning  under  Dropout  and  Dropconnect
framework  introduced  into  BLS  can  effectively  improve  its
unstable  performance.  DEBLS  reduces  the  synergy  between
nodes  through  Dropout  technology  to  prevent  model
overfitting.  Moreover,  DEBLS  implicitly  increases  the
diversity  through  different  model  structures  to  get  better
generalization  and  drops  in  training  time  for  modeling.
DCEBLS provides  different  input  subspaces  and  reduces  the
dependence  of  the  model  on  local  features,  which  generates
more  complementary  submodels  to  improve  the  performance
of the ensemble model.  

V.  Conclusion

In this paper, Dropout ensemble broad learning system and
Dropconnect ensemble broad learning system are proposed to
improve the performance of models by reducing the similarity
between  submodels,  so  as  to  reduce  the  model  overfitting.
DEBLS retains the original  advantages of starting training of
BLS  and  increases  the  diversity  between  submodels  by
randomly  discarding  some  nodes  in  the  training  process,
reducing the  synergy between nodes.  In  order  to  retain  some
important  features  and  add  input  attribute  disturbance,
DCEBLS  changes  discarding  nodes  to  randomly  discard
connection  weights.  Compared  with  DEBLS,  DCEBLS  can
generate more complementary models, but the training time is
slightly  increased.  In  addition,  many  experiments  are
conducted to verify the feasibility of the proposed method. For
several  datasets  proposed  in  the  experiment,  the  experiment
results show that the methods proposed in this paper can solve
the  problem  of  model  overfitting  caused  by  the  strong
dependence  between  the  nodes  of  ensemble  broad  learning
system and improve prediction stability.  

 

(a) Australian dataset (b) Default dataset (c) Heart dataset
Number of models 

0.91

0.90

0.89

Te
st

in
g 

ac
cu

ra
cy

0.88

0.87

0.86

0.85
1 2 3

DEBLS

BLS
ENBLS

DCEBLS
DEBLS

BLS
ENBLS

DCEBLS DEBLS

BLS
ENBLS

DCEBLS
4 5 6 7 8 9 10

Number of models 

0.834

0.830
0.832

0.826
0.828

Te
st

in
g 

ac
cu

ra
cy

0.822
0.824

0.820
0.818
0.816

1 2 3 4 5 6 7 8 9 10
Number of models 

0.90
0.88

0.84
0.86

Te
st

in
g 

ac
cu

ra
cy

0.80
0.82

0.78
0.76
0.74

1 2 3 4 5 6 7 8 9 10

 
Figure 4 Comparison of different methods in terms of accuracy.
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Figure 5 Comparison of different methods in terms of training time.
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