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Abstract
This paper introduces a novel,  multidimensional  cascade bagging system designed to work in online 
mode.  The  key  feature  is  a  cascade  of  simple,  independently  adjustable  submetamodels,  replacing  a 
complex, monolithic metamodel. This approach provides computational efficiency, rapid processing, and 
online adaptability, allowing the system to respond to changing data characteristics without extensive 
retraining. Simulation results demonstrate forecasting accuracy gain and optimization potential.
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1. Introduction

The landscape of information processing has been dramatically reshaped in recent years, largely 
due  to  the  widespread  adoption  of  artificial  neural  networks,  particularly  deep  learning 
architectures. These networks have demonstrated remarkable capabilities across a vast spectrum of 
applications,  encompassing  areas  such  as  audio  and  video  processing,  natural  language 
understanding, and the analysis of complex biological data. The driving force behind this success 
lies in their inherent universal approximating and extrapolating properties.

However,  the  deployment  of  these  powerful  deep  learning  systems  brings  also  significant 
challenges. They are quite slow to set up and require very large datasets for effective training. 
These training data requirements can be a major obstacle when addressing real-world problems 
where data acquisition is costly, time-consuming, or simply unavailable in sufficient quantities.  
Traditional, shallower neural networks offer a more rapid development cycle, particularly those 
employing  bell-shaped  kernel  activation  functions.  However,  they  are  often  hampered  by  the 
“curse  of  dimensionality,”  a  phenomenon  where  performance  degrades  exponentially  as  the 
number of input features increases.

Recognizing these limitations, researchers have explored hybrid approaches that combine the 
strengths  of  different  computational  intelligence  paradigms.  Neuro-fuzzy systems,  for  instance, 
offer a promising avenue for tackling a wide class of Data Stream Mining tasks. These systems 
integrate  the  learning capabilities  of  neural  networks  with  the  interpretability  and knowledge 
representation capabilities of fuzzy logic.  Despite their potential,  neuro-fuzzy systems also face 
their own set of shortcomings, which can restrict their applicability.

Often  it  is  the  case  that  the  same  problem  can  be  addressed  using  several  different 
computational intelligence systems. Selecting the most suitable system for a specific application 
can be a non-trivial endeavor, particularly when dealing with data streams – sequences of data 
arriving one observation at a time. These data streams are frequently non-stationary, meaning their 
underlying statistical properties change over time, further complicating the selection process.
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Under these conditions, the ensemble approach [1–4] becomes a particularly attractive solution. 
This  methodology  involves  tackling  a  single  problem  using  multiple,  diverse  computational 
intelligence systems, and then combining their individual outputs to produce a final, refined result. 
Here the problem arises of how to combine the ensemble members outputs in order to obtain a 
final result that is optimal in some sense.

From  a  mathematical  perspective,  the  bagging  approach  [5]  is  often  considered  the  most 
effective technique for this combining process. In bagging, the output signals from all ensemble  
members are fed into the inputs of a so-called metamodel. This metamodel then processes these 
signals, generating a final result that represents a synthesis of the individual member contributions.  
A key advantage of this approach is the possibility of its implementation in online mode [6–9],  
allowing for real-time processing of sequential data with potentially non-stationary characteristics. 
However, when the output signals of the ensemble members are multidimensional sequences, this  
approach becomes complicated. In such cases, the signal presented to the metamodel can have a 
very high dimension, making it difficult to tune the metamodel and potentially slowing down its  
processing speed.

To mitigate this complexity, the cascade systems ideas [10–12] can be employed to simplify the 
implementation and functioning of the metamodel. Cascade systems break down the processing 
into a series of interconnected stages, where each stage operates on a smaller number of input 
signals.  This  modular  approach  reduces  the  overall  computational  burden  and  improves  the 
efficiency  of  the  system.  Furthermore,  the  cascade  approach  has  proven  successful  in  the 
development of several  hybrid computational intelligence systems, demonstrating its  versatility 
and effectiveness.

Consequently,  within  the  framework  of  this  cascade  bagging  approach,  the  ensemble 
metamodel is structured as a set of submetamodels. Each submetamodel is fed with the output 
signal from the preceding cascade along with the output signal from one of the individual ensemble 
members. This cascading arrangement allows for a progressive refinement of the combined output, 
ultimately leading to a more accurate and robust final result.

2. Architecture of multidimensional cascade bagging system

Fig  1.  shows  the  architecture  of  the  proposed  multidimensional  ensemble  bagging  system 
consisting of  p ensemble subsystems  ES1 , ES2 ,…, ESr ,…, ES p connected in  parallel and p -1 

bagging submetamodels SMM 2 ,…, SMM r ,…, SMM p.

Figure 1: Architecture of multidimensional cascade bagging system



The ensemble contains  p subsystems (ensemble members)  solving the same problem.  They 

receive the same vector input signal  x (k )= (x1 (k ) ,… , x i (k ) ,… , xn (k ))T∈ Rn (here k =1,2 ,… is 

the current discrete time) and output a set of vector output signals  ŷ1 (k ) ,…, ŷr (k ) ,…, ŷ p (k ), 

where ŷr (k )= ( ŷr 1 (k ) ,…, ŷrj (k ) ,…, ŷrm (k ))T∈ Rm.  These signals  are fed to a  set  of  cascaded 

submetamodels  SMM 2 ,…, SMM r ,…, SMM p which  form  the  bagging  system  outputs 

ŷ2
* (k ) ,…, ŷr

* (k ) ,…, ŷ p
* (k ). 

In the simplest case, if the output signal of the first ensemble member ES1 meets the a priori 

given accuracy target, submetamodels are not utilized and the ES1 output is used as the ensemble 

output ŷ1
* (k )= ŷ1 (k ). If the accuracy of ŷ1 (k ) is not satisfactory, then this signal together with the 

output of ES2 ŷ2 (k ) are fed into submetamodel SMM 2 which forms the signal ŷ2
* (k ) as 

ŷ2
* (k )=c2 ŷ2 (k )+ (1- c2) ŷ1

* (k )=c2 ŷ2 (k )+ (1- c2) ŷ1 (k ) , (1)

where 0≤c2≤1 is a tuned parameter.

The signal  ŷ2
* (k ) should be more accurate than  ŷ1 (k ).  The same cascade principle applies to all 

subsequent submetamodels until the signal of the r-th submetamodel SMM r

ŷr
* (k )=cr ŷr (k )+ (1- cr ) ŷr -1

* (k ) ,0≤cr≤1 (2)

meets the a priori given accuracy target or all ensemble members p are used.
The  advantage  of  this  approach  is  that  each  cascade  has  only  one  tuned  parameter 

cr ,  r=2,3 ,…, p that greatly simplifies the whole metamodel tuning process.

3. Fast online cascade metamodel learning

The  cascade  bagging  metamodel  learning  process  involves  continuous  calculation  of  the 
parameters 
c2 ,…,cr ,…,c p to achieve and maintain the desired accuracy level for the task at hand

Let’s introduce a vector learning error of the r-th submetamodel SMM r

er (k )= y (k ) - ŷr
* (k )= y (k ) - ŷr -1

* (k ) - cr ( ŷr (k ) - ŷr -1
* (k ))=er -1 (k ) - cr ( ŷr (k ) - ŷr -1

* (k )) , (3)

where y (k ) is a m-dimentional reference signal,
and its squared norm

‖er (k )‖2
=‖er -1 (k )‖2

- 2cr er -1
T (k )( ŷr (k ) - ŷr -1

* (k ))+cr2‖ ŷr (k ) - ŷr -1
* (k )‖2

. (4)

Summing up squared errors over the whole dataset

∑
k

‖er (k )‖2
=∑

k
‖er -1 (k )‖2

- 2cr∑
k

er -1
T (k )( ŷr (k ) - ŷr -1

* (k ))+cr2∑
k

‖ ŷr (k ) - ŷr -1
* (k )‖2

, (5)

and solving for

∂∑
k

‖er (k )‖2

∂cr
=- 2∑

k

er -1
T (k )( ŷr (k ) - ŷr -1

* (k ))+2cr∑
k

‖ ŷr (k ) - ŷr -1
* (k )‖2

=0 , (6)

we arrive at



cr=
∑
k

er -1
T (k )( ŷr (k ) - ŷr -1

* (k ))

∑
k

‖ ŷr (k ) - ŷr -1
* (k )‖2 . (7)

For nonstationary situations, the submetamodels parameters calculations should be performed 
on a sliding window. Let s be a sliding window size, then

cr (k , s )=
∑

τ =k - s+1

k

er -1
T (τ )( ŷr (τ ) - ŷr -1

* (τ ))  

∑
τ =k - s+1

k

‖ ŷr (τ ) - ŷr -1
* (τ )‖2

. (8)

When s=1, we obtain a single-step learning rule in the following form

cr (k )=
er -1
T (k )( ŷr (k ) - ŷr -1

* (k ))  

‖ ŷr (k ) - ŷr -1
* (k )‖2 . (9)

It is easily seen that

‖er (k )‖2
=‖er -1 (k )‖2

- 2
(er -1
T (k )( ŷr (k ) - ŷr -1

* (k )))2
 

‖ ŷr (k ) - ŷr -1
* (k )‖2 +

+
(er -1
T (k )( ŷr (k ) - ŷr -1

* (k )))2‖ ŷr (k ) - ŷr -1
* (k )‖2

 

‖ ŷr (k ) - ŷr -1
* (k )‖4 =‖er -1 (k )‖2

-
(er -1
T (k )( ŷr (k ) - ŷr -1

* (k )))2
 

‖ ŷr (k ) - ŷr -1
* (k )‖2 ,

(10)

hence

‖er (k )‖2
≤‖er -1 (k )‖2

. (11)

This means that each submetamodel  SMM r in the cascade system is not inferior in terms of 

accuracy than the preceding one SMM r -1.
The process of adding more cascades can continue until the desired accuracy is achieved or the 

maximum number  of  submetamodels  p is  reached.  If  the desired  accuracy is  achieved with a 
smaller number of submetamodels than currently employed r , the “excess” submetamodels can be 
removed  to  conserve  computational  resources.  Both  these  processes  of  adding  and  removing 
submetamodels don’t require retraining the preceding submetamodels.

4. Simulation results

To evaluate the efficacy of the proposed cascade bagging system, we applied it to the challenging 
problem of short-term electric load forecasting (STLF). STLF is a critical task for regional power 
system operators,  enabling  efficient  resource  allocation  and  grid  stability.  To  demonstrate  the 
system’s capabilities, we utilized a real-world dataset comprising hourly electric load data collected 
over a one-year period at  m= 4 geographically distinct nodes within a regional power system in 
Ukraine. This dataset consists of  N =8760 observations, each represented as a 4-element vector, 
representing four interdependent time series reflecting the electric load at each node.

The inherent complexity of the STLF problem stems from the stochastic nature of electricity 
demand. Inspection of the dataset (Fig. 2) revealed several key characteristics that pose significant 
forecasting challenges. The individual vector components – representing the load at each node – 
exhibit a combination of common trends, unique temporal patterns, and abrupt shifts in behavior. 



The data is  also prone to outliers,  representing unexpected surges or drops in demand, and is  
inherently subject to noise, arising from random influences. These complexities necessitate a robust 
forecasting  methodology  capable  of  capturing  the  nuanced  relationships  within  the  data.  We 
believe an ensemble approach, particularly our cascade bagging system, offers a promising solution 
to mitigate these challenges.

Figure 2: Hourly electric load recorded at 4 power system nodes during 1 year

For the 24-hour ahead forecasting task, we deployed  p=3 specialized Neuro-Fuzzy Network 
(NFN) models  as ensemble subsystems.  NFNs are a  class of  Hybrid Systems of  Computational  
Intelligence, known for their ability to combine the strengths of neural networks (learning complex 
patterns) and fuzzy logic (handling uncertainty and expert knowledge) [13]. Each of these ensemble 
subsystems  was  carefully  tailored  for  STLF  problems,  featuring  distinct  architectures  and 
hyperparameter  settings,  we refer  to  them as  ensemble  subsystems  ES1 - ES3 for  clarity.  This 
intentional variation in model structure and parameters was implemented to encourage diversity in 
the ensemble,  enabling each subsystem to potentially capture different aspects of  the dataset’s  
intricacies and ultimately contributing to a more comprehensive forecast. The specifics of the NFN 
design and parameter optimization for the STLF problem are beyond the scope of this paper, we 
refer readers to the corresponding sources [14, 15].

Fig. 3–5 present the 24-hour ahead forecasting results for a 168-hour period, generated by each 
of  the corresponding ensemble subsystems. As anticipated, the individual subsystems exhibited 
distinct  forecasting  behaviors,  reflecting  their  differing  structures  and  parameter  settings.  A 
quantitative comparison of forecasting errors, detailed in Table 1, further confirms this diversity.  
To assess forecasting accuracy, we employed Mean Absolute Percentage Error (MAPE), a standard 
error measure widely used in STLF applications, calculated over the entire dataset. The diversity 
observed in the individual subsystem performance highlights the potential for the cascade bagging 
system to leverage these differences to generate a more accurate and robust forecast.



Figure 3: True electric load (solid line) and its 24 hours ahead forecast (dashed line) produced by 
ensemble subsystem ES1 for 4 power system nodes over a 168 hours period

Figure 4: True electric load (solid line) and its 24 hours ahead forecast (dashed line) produced by 
ensemble subsystem ES2 for 4 power system nodes over a 168 hours period



Figure 5: True electric load (solid line) and its 24 hours ahead forecast (dashed line) produced by 
ensemble subsystem ES3 for 4 power system nodes over a 168 hours period

We applied the proposed cascade approach to combine the ensemble subsystems’ outputs. As 
we have 3 ensemble subsystems, 2 submetamodels are sufficient in the cascade structure according 
to the architecture shown in Fig. 1. The output signals are produced using relation (2). The data is 
treated in online mode, i.e. data vectors are processed sequentially, one-by-one and only once, as a  
data stream. This eliminates the need to divide the dataset into training, validation, and test sets. 

In order to be able to adapt the cascade combining process to changing properties of the signals  
over time (trend shifts, unexpected fluctuations, etc.), we used the sliding window version of the 
proposed learning algorithm (8). Choosing a proper value for the sliding window size s, provides a 
reasonable tradeoff between the smoothing and following properties of the learning process.  It  
should be noted that a suitable meta-algorithm could be implemented to dynamically adjust this 
parameter during the learning process, based on real-time monitoring of learning errors, further 
optimizing the system’s responsiveness and accuracy. 

The outputs of submetamodels SMM 2 and SMM 3 are displayed in Fig. 6 and Fig. 7 respectively. 
The corresponding errors are presented in Table 1. As we are dealing with vector signals, the first 4 
rows of Table 1 represent errors for each of the 4 components, and the last row contains the errors  
averaged over the whole vector as a cumulative metric. And finally, for the reference purpose, the 
last  column in  Table  1  lists  errors  for  a  simple  averaging  ensemble  approach  widely  used  in 
bagging procedures.

Let’s now examine the data and make some observations.
While ES3 exhibits a lower average error compared to ES2, which in turn is better than ES1, 

this  ranking  does  not  universally  hold  for  all  individual  vector  components.  Notably,  ES1 

demonstrates the highest accuracy for the first component;  ES3 outperforms the others for the 

second  and  third  components;  and  ES2 is  the  most  accurate  for  the  fourth  component.  This 
confirms the diversity and complementary strengths of the individual ensemble subsystems.



Figure 6: True electric load (solid line) and its 24 hours ahead forecast (dashed line) produced by 
submetamodel SMM 2 for 4 power system nodes over a 168 hours period

Figure 7: True electric load (solid line) and its 24 hours ahead forecast (dashed line) produced by 
submetamodel SMM 3 for 4 power system nodes over a 168 hours period



Table 1
24 hours ahead forecasting errors for all ensemble subsystems and submetamodels

E S1 E S2 E S3 SMM 2 SMM 3 Simple avg.

MAPE1 3.6932% 3.9689% 3.7272% 3.5387% 3.4826% 3.5942%
MAP E2 2.8699% 2.7779% 2.7703% 2.5458% 2.4422% 2.6663%
MAPE3 5.3788% 5.3016% 5.1585% 4.7630% 4.6069% 5.0321%
MAPE4 3.0220% 2.6665% 2.7657% 2.4238% 2.3439% 2.6565%

Avg. MAPE 3.7410% 3.6787% 3.6054% 3.3178% 3.2189% 3.4873%

Submetamodel SMM 2 (which combines the outputs of ES1 and ES2) consistently outperforms 
all ensemble subsystems both in terms of the average error and for each component individually. In 
case this level of accuracy would be sufficient for the task at hand, the ES3 and SMM 3 could be 
removed from the system to reduce computational load.

Submetamodel  SMM 3 (which combines the outputs of  SMM 2 and  ES3)  further reduces all 

error metrics in comparison to  SMM 2,  validating the theoretical prediction outlined in relation 
(11). This incremental improvement underscores the effectiveness of the cascading structure.

The simple averaging approach (used here only for reference) provides more accurate forecasts 
than any of the ensemble subsystems alone. However, the proposed adaptive cascade procedure 
consistently outperforms the simple averaging starting already from the first submetamodel. This 
demonstrates the effectiveness of the adaptive learning algorithm.

Therefore,  the  simulation  results  conclusively  confirm  the  effectiveness  of  the  proposed 
adaptive  cascade  ensemble  approach,  showcasing  its  ability  to  generate  superior  forecasts 
compared to individual models and a basic averaging ensemble. The ability to adapt to changing 
signal  characteristics  and  the  potential  for  computational  optimization  further  increase  the 
practical utility of this approach.

5. Conclusions

Traditional bagging systems, particularly those dealing with multidimensional outputs, often face 
challenges  in  scalability  and  adaptability.  The  complexity  of  a  single  metamodel  tasked  with 
integrating the outputs of numerous ensemble members can become computationally expensive, 
especially  when dealing  with  high-dimensional,  non-stationary data  streams.  To address  these 
limitations, we introduced a novel multidimensional bagging system that leverages a cascade of  
simple,  independently  configurable  submetamodels.  This  approach  prioritizes  computational 
simplicity, high processing speed, and online adaptability.

The core innovation of our system lies in replacing the monolithic metamodel with a sequence 
of  interconnected,  computationally lightweight submetamodels arranged in a cascade structure. 
Each submetamodel is configured online, i.e. its single parameter can be adjusted dynamically in 
response to changes in the data stream. The independent learning of each submetamodel allows 
them to adapt to changing data characteristics without requiring global retraining of the entire 
system.  The  computational  simplicity  and  high  speed  make  the  proposed  cascade  system 
particularly well-suited for real-time applications where rapid adaptation to changing conditions is 
paramount. Furthermore, the modularity of the system facilitates easy expansion and modification, 
allowing  for  seamless  integration  of  new  ensemble  members  or  the  incorporation  of  more 
sophisticated  submetamodels  as  computational  resources  become  available.  This  adaptability 
allows the system to remain effective even as data characteristics and application requirements 
evolve.

Simulation results conclusively proved the proposed method’s ability to generate more accurate 
forecasts  and  offer  potential  for  computational  optimization,  enhancing  its  practical  utility. 



Namely, SMM 2 consistently outperformed the individual subsystems, and SMM 3 further reduced 
forecasting errors, validating the cascade structure’s effectiveness. The adaptive learning algorithm, 
incorporating a sliding window, allows the system to respond to changing signal characteristics, 
while keeping the balance between tracking and smoothing behavior.

Future  work will  focus  on exploring various  online  learning algorithms for  submetamodels 
tuning and investigating the optimal cascade depth for different data characteristics.
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