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A Hybrid Model for Short-term Load Forecast
Using Empirical Mode Decomposition and
Transfer Learning

Zhaorui Meng, Yanqi Xie, Jinhua Sun

Abstract—Short-term load forecasting is one of the most
important smart grid technologies. By transfer learning,
forecasting accuracy for a target location can be improved by
knowledge being transferred from another related location.
However, because of the randomness of power loads and the
noise of raw data, forecasting accuracy can decrease due to
negative transfers. This paper proposes a hybrid model named
EMD-TrAdaBoost.R2 for short-term load forecasting based on
empirical mode decomposition (EMD) and transfer learning.
Using empirical mode decomposition, the original time series of
the load data can be decomposed into several relatively
stationary components. Also, a transfer regression model is able
to produce better results on stationary components. Thus, the
prediction accuracy for a target location can be improved using
the hybrid model. The experiments on two real-world datasets
show that the proposed model can effectively avoid negative
transfer and the prediction accuracy is better than the other five
comparison models.

Index Terms—Empirical mode decomposition, Transfer
learning, Hybrid model, Short-term load forecasting

1. INTRODUCTION

ower load forecasting plays an important role in ensuring

power system planning, reliability and economic

operation. Improving the load forecasting technology of
a power system is beneficial to managing planned power
consumption, the rational arrangement of power grid
operation and the economic and social benefits of power
system [ 1]. Therefore, load forecasting theory and technology
have been rapidly developed, and theoretical research has
been gradually deepened.

High-quality load forecasting requires accurate
mathematical models. With the continuous progress of
modern technology, the theory and method of power load

forecasting are constantly emerging. In the literature, there
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have been various methods developed for power load
forecasting. Generally, these methods can be divided into
three categories: 1) Traditional statistical methods such as:
ARIMA (Auto-Regressive Integrated Moving Average
Model) [2], the SS(State-Space) model with Kalman filter
[3,4] and autoregressive based time varying model [5]; 2)
The artificial intelligence methods represented by
SVR(Support Vector Regression) [6], ANN (Artificial
Neural Networks) [7] and Markov Chain [8]; and 3) Hybrid
methods such as hybridizing EKF(Extended Kalman Filter)
and KELM (Extreme Learning Machine with Kernel) to
predict the hourly power demand [9]. To attain better
prediction accuracy, researchers have considered using
hybrid methods for time series forecasting. These methods
combine more than one model together. The hybrid methods
have gained better accuracy than the single methods alone.
Caraka et al. [10] proposed a hybrid model employing WT
(Wavelet Transforms) and group method of data handling
(GMDH) together to predict short-term electric load. EMD
(Empirical Mode Decomposition) is another decomposition
method of time series data. Huang [11] proposed the EMD
approach as an adaptive approach to time-frequency analysis.
Different that FT (Fourier Transform) and WT (Wavelet
Transforms), EMD decomposes the signal into several IMFs
and one residue based on the time-scaled characteristic of
data itself. And EMD doesn’t require a basis function.
Compared to FT and WT, a signal decomposed by EMD has
a superior signal-noise ratio. Based on the above advantages,
there are more hybrid models utilizing EMD to preprocess
data. For instance, Ghelardoni et al. [12] proposed an EMD-
SVR method for long-term load forecasting. Hui et al. [13]
employed an EMD-ANN model for wind speed prediction.

. Transfer learning [14] has been a hot research topic in
recent years. Using transfer learning, the target learning task
performance can be improved by the knowledge transferred
from another related task. Transfer learning has been applied
in many research fields to improve learning performance,
such as text sentiment classification [15], facial recognition
[16], image classification [17], speech recognition [18],
software defect classification [19] and human activity
classification [20]. Some researchers have applied transfer
learning in power load forecasting. Zhang and Luo [21]
proposed a transfer learning model based on the Gaussian
process for short term load forecasting. Ribeiro et al. [22]
proposed a novel transfer learning method for cross-building
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energy forecasting based on time series multi-feature
regression with seasonal and trend adjustments. Fiot and
Dinuzzo [23] explored the application of a kernel-based
multi-task learning approach to forecast the demand of
electricity for several locations simultaneously. All the above
studies prove that transfer learning methods can also give
promising results in the field of power load prediction.

Unlike normal regression problem, electric load data is
time series data with noise and randomness affected by the
type of day, special holidays, all kinds of weather factors and
so on. Applying a transfer learning approach to load
forecasting may bring negative transfers [24] into the learning
process. Zhang and Luo [21] demonstrated that negative
transfer happened while choosing the most unrelated task as
the source task. Currently, few existing transfer learning
approaches take the pre-processing of raw data into account.
In fact, forecasting accuracy can be improved by
incorporating transfer learning with data pre-processing. In
this paper, the hybrid EMD-TrAdaBoost.R2 approach is
developed, which combines the EMD technique and
TrAdaBoost.R2 model. By employing the EMD technique,
the raw electric load data is decomposed into a finite number
of intrinsic mode functions (IMFs) and one residue. Second,
for each pair of IMFs from both the source and target
locations, a separate transfer regression model is constructed
to predict a sub-series of target locations. Finally, aggregating
all the sub-series predictions will give the final predicted
values of the electric load. Experiments on two real-world
datasets prove that the proposed model can obtain a better
result with enhanced forecasting accuracy.

The principal objectives of this paper are as follows:

1) To propose a hybrid model for short-term load
forecasting.

2) To enhance the prediction accuracy of target location
by knowledge transferred from another related location.

3) To avoid negative transfer which decreases predication
accuracy of transfer learning.

The key technical contributions of this paper are as
follows:

1) Development of a new hybrid prediction model. To the
best of our knowledge, there are no existing forecasting
methods that combine the EMD and transfer regression
approaches. The objective of this paper is to propose an EMD
based transfer regression method for short-term load
forecasting.

2) Focusing on avoiding negative transfer during transfer
learning. Because of the noise and randomness of power load
data, negative transfer happens very often while applying a
transfer regression algorithm directly on electric load data. By
applying empirical mode decomposition, the original electric
load data can be decomposed into relatively stationary
components, which is expected to effectively apply the time-
scaled characteristic of the data itself. Therefore, negative
transfer can be avoided by applying a transfer regression
model on the data decomposed by EMD.

3)Focusing on accuracy improvement by setting up
different IMF combinations. To evaluate the effects of
different IMF settings, a number of experiments were carried
out. In addition, IMFs can be recombined into several
components with similar frequency. The experiments prove
that the prediction accuracy can be improved effectively.

This paper is organized as follows: Section 2 states the
framework of the hybrid EMD-TrAdaBoost.R2 model,;
Section 3 introduces the steps of EMD. Section 4
demonstrates the detailed steps of the transfer regression
approach. Section 5 evaluates the proposed model and
compares it with some existing models using two real-world
datasets. Section 6 concludes important results of this work.

Residual IMF1 SRS IMFn

Residual INF1 - IMFn
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II. FRAMEWORK OF EMD-TRADABOOST.R2 HYBRID
MODEL

The flow chart of the proposed EMD-TrAdaBoost.R2
model is demonstrated in Fig. 1. The proposed model consists
of three main steps as follows:

1) Apply the EMD to decompose the original load series
into a collection of IMFs and a residual. The EMD
decomposition process handles load series of source location
and target location separately.

2) Use the TrAdaBoost.R2 approach to build a forecasting
model for target location for each pair of sub-series. For
instance, take the IMF1 of the load series of the source
location as the source domain and the IMF1 of the load series
of the target location as the target domain, then build the
transfer regression model for the IMF1 of the target location.

3) Aggregate the prediction results of the sub-series into
final forecasting for the original load series of the target
location.

III. MODELING STEPS OF EMD

EMD is widely used to solve nonlinear and nonstationary
time series problems. EMD decomposes time series into a
collection of components known as IMFs and one residue.
Analyzing each IMF and residue is much simpler than
analyzing the original time series.

Given a signal x(t), the EMD procedure is as follows:

1)Compute all the local minima and maxima of x(t).

Interpolate between minima and connect them by a
cubic spline curve. The same process applies for the
maxima to form the upper and lower envelopes u(t)
and I(t), respectively.

2) Calculate the mean value of the envelopes: m(t) =
u(t)+1(t)

2

3) Subtract the mean from the original signal x(t) to get a
detailed component d(t) = x(t) — m(t).

4) Repeat Steps 1) to 3) until one of the stopping criteria
is satisfied: a) m(t) approaches zero, b) maximum
iteration defined by user is reached, or c) the number
of zero crossings and the number of local extrema
differs at most by one. The first IMF imf;(t) =
d(t)and the first residue 1 (t) = x(t) — d(t).

5) Repeat Steps 1) to 4) on 1;(t) to obtain the subsequent
IMF imf; 1 (t) and the second residue r; 4 (t)until the
residue becomes a monotonic function, or a user
defined threshold is achieved.

Finally, the original time series is decomposed as

x(t) =X imfi() + (@) (D)

In short, EMD first seeks for the differences among the parts
of the mixed sequence, then separate IMFs with the same
frequency. Finally, the raw power load can be divided into
several frequency components, as in Equation (1). The high
frequency part represents the slight changes of the load value,
and the low frequency part describes the amplitude. Thus, it’s
rational to use EMD to analyze the raw load value for short-
term load forecasting problems.

IV. TRANSFER REGRESSION:

One of the best-known boosting-based transfer learning
methods is TrAdaBoost [25], which makes use of those

source instances that are most similar to the target data.
However, TrAdaBoost handles classification problems only.
TrAdaBoost.R2 [26] is an instance transfer approach used for
regression.

A detailed description of TrAdaboost.R2 is given in
Algorithm 1. As the algorithm shows, in each iteration, if a
source training instance is predicted incorrectly, the instance
may conflict with target training data. Then, we increase the
weights of the target instances and decrease the weights of the
source instance in step 6 of each iteration. Thus, in the next
round, if a source training instance is predicted incorrectly, it
will affect the learning process less than the current round.
Finally, a source training instance with large training weights
will help the learning algorithm to build a better prediction
model for the target dataset.

Algorithm 1 TrAdBoost.R2

Input: Source data set Tg,yrce (size: n), Target dataset
Tiarget(size: m), T is the combination of Tgpyrce and Tigrger
and the first n samples are those from Tg,,;-ce, the number of
steps S, base learning algorithm Learner, the maximum
number of iteration N.

1. Set the initial weight vector as w} = %, 1<i<sn

For t=1,2,...,N:
2. Call Learner with the training set T and the
distribution wt, and get a hypothesis h,: x > y
3. Use the linear loss function to calculate the adjusted
error ef for each training sample. Let D, =
maxj |y; — he(x;)|, then ef = |y; — he(x;)|/D;
4. Calculate the adjusted error of h;: e, = Y1, efwf, if
e; = 0.5,stop and set N=t-1

e
S.Letﬁt = t/(l_et)
6. Update the weight:
wipei/z,1<i<n
L

t+1 — .
—e; .
wiB, JZyn+1<i<n+m
where Z, is a normalizing constant.

_1
P= /(1 ++/2Inn/N)

Output: the hypothesis:
h¢(x) = the weighted median of h,(x) for1 <t < g, using

In (1/ ﬁt) as the weight for hypothesis h;

V. EXPERIMENTS

In this section, we report the experiment results on two
real world datasets.

To evaluate performance of the proposed hybrid method,
the other four comparison models are described below:

GBDT: GBDT (Gradient Boosting Decision Tree) is a
traditional machine learning technique that produces a
prediction model by forming an ensemble of weak prediction
models, typically decision trees.

AdaBoostRegressor: This is a boosting algorithm for
regression problems. Basically, it follows the AdaBoost
procedure, except that examples are filtered out with a
relative estimation error that is higher than the pre-set
threshold value.
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EMD-GBDT: Similar to the proposed method, load
values are decomposed into IMFs before applying GBDT
model.

EMD-AdaBoostRegressor: Similar as the proposed
method, load values are decomposed into IMFs before
applying the AdaBoostRegressor model.

TrAdaBoost.R2 : The TrAdaBoost.R2 described in
algorithm 1 is applied on an original dataset directly without
decomposing the load series.

In this study, Mean Absolute Percentage Error (MAPE) is
used to evaluate the performance of different models. MAPE
is calculated as follows:

n |99
Yi

MAPE = ———2— x 100% )

where y; and J; are the i, actual and predicted values
respectively, and n is the total number of predictions.

All our experiments were carried out in Python 3.6 using
a computer with Intel Core 17-7500U CPU, 2.90 GHz, and 8
GB RAM.
Case 1: GEFCOM2012

A. Data description

The dataset used in this study is from the load forecasting
competition of GEFCom2012 [27]. More specifically, the
original data contains load and temperature values from 20
geographical zones of a US utility. The complete dataset
includes data from January 1,2004 to July 7,2008. In this
study, we use data from January 1,2007 to March 31, 2007 as
the training set to predict the load value from April 1,2007 to
April 7, 2007.

B. Results and discussions

a) Effectiveness of decomposition pattern
At first, the training set of both the source location and the
target location were decomposed by EMD. Fig. 2 shows that

the original load series were decomposed into a series of
relatively stationary sub-series, which can be used to build
their corresponding transfer regression models. As Fig. 2.
shows, the change of sub-series slows down slowly with the
increase of the number of IMFs. This happens because the
IMF slowly appears like an oscillation mode similar to the
sinusoidal signal as the oscillating frequency decreases.
Therefore, the occurrence of random bursts is reduced, which
focuses the learning process on the local features presented
by each sub-series.
To evaluate the effects of different decomposition patterns
on prediction results, a series of experiments were carried out.
The results are described in Table I, where N-1 represents N
IMFs and 1 residue after EMD decomposition. Clearly, Table
1 depicts that:
® In general, the EMD-based hybrid methods had better
performance than GBDT, AdaBoost and TrAdBoost.R2.
This concludes that the EMD-based hybrid methods can
improve the prediction results of short-term load
forecasting.

® Taking the best performance of both GBDT and
AdaBoostRegressor as a baseline, TrAdBoost.R2
brought a negative transfer in 8 out of 10 experiments.
This means that TrAdBoost.R2 is not suitable for load
forecasting due to the randomness and noise of the
electric load values.

® Among all EMD-based hybrid methods, EMD-
TrAdBoost.R2 outperformed EMD-GBDT proving
EMD-based transfer learning had better performance
than EMD-based traditional machine learning approach.
Therefore, TrAdBoost.R2 can utilize knowledge
transferred from sub-series of a source location
produced by the EMD process.

® Among all EMD-TrAdaBoost.R2 experiments, the
prediction result is the best while decomposing load

Original load series
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Fig. 2. Decomposition results of the original load series by EMD
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TABLE 1

MAPE PERFORMANCE COMPARISON OF DIFFERENT METHODS. NEGATIVE TRANSFERS ARE MARKED WITH “** AND

BEST PERFORMANCES ARE HIGHLIGHTED WITH BOLDFACE FONT

Target GBDT AdB TrAd EM EM EMD- EM EM EM EM EM EM EM
zone ID oost  Boos D- D GBDT( D D- D D- D D- D
(Source Regr tR2 GBD - 2-1) - GBD - GBD - GBD -
zone ID) essor T(1- TrAd TrAd T(@3- TrAd T@4- TrAd  T(5- TrAd

1) Boos Boos 1) Boos 1) Boos 1) Boos
t.R2( t.R2( t.R2( t.R2( t.R2(
1-1) 2-1) 3-1) 4-1) 5-1)
12(20) 0.2491 0.23 0.23 0.25 0.25 0.2358 0.21 0.24 0.21 0.36 0.41 0.34 0.42
54 58* 40 21%* 87 37 76 26 50* 20 74*
20(12) 0.1951 0.20 0.19 0.17 0.17 0.1746 0.18 0.17 0.17 0.18 0.16 0.17 0.15
78 26 66 76 41 79 54 15 59 29 04
12(15) 0.2491 0.23 0.24 0.25 0.23 0.2367 0.23 0.23 0.21 0.40 0.41 0.33 0.41
54 17* 32 15 24 56 70 75 24% 09 00*
15(12) 0.2221 0.23 0.23 0.19 0.20 0.1898 0.20 0.19 0.17 0.19 0.17 0.18 0.18
20 20%* 88 91 77 47 45 25 80 80 00
11(20) 0.2501 0.24 0.23 0.24 0.22 0.2332 0.20 0.22 0.18 0.22 0.20 0.30 0.28
08 56 20 52 61 04 84 05 40 53 91*
20(11) 0.1951 0.20 0.19 0.17 0.17 0.1788 0.18 0.17 0.17 0.18 0.18 0.17 0.18
54 95%* 66 95 28 68 38 37 04 67 02
20(15) 0.1951 0.20 0.19 0.17 0.18 0.1734 0.18 0.17 0.16 0.18 0.17 0.18 0.18
54 93* 66 65 19 87 77 30 67 19 86
15(20) 0.2221 0.23 0.22 0.19 0.20 0.1896 0.19 0.19 0.19 0.19 0.18 0.18 0.17
20 38* 74 30 01 60 08 19 54 75 98
15(11) 0.2221 0.23 0.22 0.19 0.20 0.1882 0.19 0.19 0.17 0.19 0.17 0.18 0.17
20 40%* 90 09 05 41 91 32 62 84 59
11(15) 0.2501 0.24 0.24 0.24 0.22 0.2318 0.21 0.22 0.19 0.21 0.20 0.31 0.36
08 90* 18 26 91 16 61 82 20 26 10*
Prediction results for Zone 20
EMD-TraAdaboost.R2
110000
__ 100000
< 90000
T 80000
S 70000
60000
50000
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Actual TraAdaboost.R2 —— GBDT ——EMD-TraAdaboost.R2(3-1)

Fig. 3. Experimental results of GBDT, TrAdBoost.R2 and EMD-TrAdBoost.R2. The target zone ID is 20 and the source zone ID is 15.

value into 3 IMFs and 1 residual. In general, as the
number of IMFs rises, the prediction accuracy increases
first and then decreases. In fact, the 3-1 pattern had the
best results in 7 out of 10 experiments. Once the load
value is decomposed into more than 4 IMFs, negative
transfer may happen during transfer learning. Even
though there is no negative transfer, the prediction
performance of the 4-1 and 5-1 patterns were worse than
the 3-1 pattern in most experiments. The main reason
could be that more IMFs decomposed by EMD couldn’t

present local features of the sub-series more precisely.
Based on the above analysis, the 3-1 decomposition
pattern was adopted in all subsequent experiments.
b) Comparisons of different models
Fig. 3. shows the actual load value from April 1 to April
7 of 2007 and the predicted values obtained by each method.
TABLE II shows the experimental results, where the
proposed method (EMD-TrAdBoost.R2 approach) is
validated again the GBDT, AdaBoostRegressor, EMD-
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TABLE I
MAPE PERFORMANCE COMPARISON OF DIFFERENT METHODS. NEGATIVE TRANSFERS ARE MARKED WITH *’
AND BEST PERFORMANCES ARE HIGHLIGHTED WITH BOLDFACE FONT

Target zone ID GBDT AdaBoost TrAd EMD EMD EMD-
(Source zone ID) Regressor Boost.R2 -GBDT -AdaBoost TrAdBoost.R2(3-1)
(3-1) Regressor
(3-1)
12(20) 0.2491 0.2354 0.2358* 0.2437 0.2323 0.2176
20(12) 0.1951 0.2078 0.1926 0.1779 0.1770 0.1754
12(15) 0.2491 0.2285 0.2417* 0.2356 0.2198 0.2170
15(12) 0.2221 0.2320 0.2329* 0.1947 0.1876 0.1745
11(20) 0.2501 0.2408 0.2356 0.2204 0.2109 0.1884
20(11) 0.1951 0.2054 0.1995* 0.1768 0.1738 0.1710
20(15) 0.1951 0.2078 0.1993* 0.1787 0.1758 0.1677
15(20) 0.2221 0.2320 0.2238* 0.1960 0.2120 0.1908
15(11) 0.2221 0.2320 0.2240* 0.1941 0.1869 0.1791
11(15) 0.2501 0.2408 0.2490* 0.2216 0.1980 0.1961
TABLE III

MAPE PERFORMANCE COMPARISON OF DIFFERENT COMBINATION OF SUB-SERIES. NEGATIVE TRANSFERS ARE
MARKED WITH ‘*” AND BEST PERFORMANCES ARE HIGHLIGHTED WITH BOLDFACE FONT

Target GBDT Ada TrAd EMD EMD EMD- EMD EMD EMD EMD EMD EMD EMD
zone ID Boos  Boos - - GBDT( - - - - - - -
(Source tReg t.R2 GBD TrAd COMB TrAd GBD TrAd GBD TrAd GBD TrAd
zone ID) ress T(9- Boos Boos T(CO Boos T(CO Boos T(CO Boos
or 1) t.R2( tR2( MB3 tR2( MB4 tR2( MB5  tR2(
9-1) CO ) CO ) (6{0] ) CO
MB2 MB3 MB4 MB5
) ) ) )
12(20) 0249 023 023 022 035 02213 025 021 022 018 020 027 021
1 54 58+ 51 25% 97x 75 51 50 76 41 40
20(12) 0195 020 019 018 017 01721 015 016 015 016 015 016 016
1 78 26 18 95 60 21 65 95 32 92 22
12(15) 0249 023 024 025 039 02288 027 023 023 018 017 030 027
1 54 17+ 93 88+ 04+ 07 25 01 59 51 31
15(12) 0222 023 023 019 017 01878 018 019 018 019 018 018 018
1 20 29% 00 78 86 29 47 16 66 55 45
11(20) 0250 024 023 026 026 02426 026 023 024 028 034 021 0.19
1 08 56 02 78 05+ 08 26 72 37* 12 20
20(11) 0195 020 019 017 018 01778 024 016 021 018 017 017 0.16
1 54 95« 90 56 07+ 53 10 02 07 21 00
20(15) 0195 020 019 018 015 01748 015 015 015 017 016 017 045
1 54 93« 02 07 87 85 55 19 92 29 03
15(20) 0222 023 022 018 018 01875 019 019 019 019 018 018 0.8
1 20 38+ 96 82 57 20 88 20 92 87 51
15(11) 0222 023 022 018 017 01901 018 019 019 019 019 018 0.7
1 20 40+ 88 92 00 24 15 08 06 49 79
11(15) 0250 024 024 025 026 02437 025 023 020 020 019 020 021
1 08 90% 60 41* 57% 30 12 33 95 59 48

GBDT, EMD-AdaBoostRegressor and TrAdBoost.R2. It

notes that:

® EMD-TraAdboost.R2 performs the best in all 10
experiments. There is no negative transfer at all.
Knowledge transferred from the sub-series of a source
location helps improve the prediction performance of
the target location.

® EMD-GBDT performed better than GBDT in all 10
experiments. EMD-AdaBoostRegressor performed
better than AdaBoostRegressor in all 10 experiments.
EMD was a very helpful tool for load forecasting.

® Taking the best performance from both GBDT and
AdaBoostRegressor as a baseline, TrAdBoost.R2
brought negative transfer in 8 out of 10 experiments. A
normal transfer regression approach may not work well
in short-term load forecasting.

¢) Effectiveness of IMFs and Res combination
As mentioned in sub-section b, load prediction accuracy
decreases as more sub-series are produced by EMD. One way
to improve the prediction accuracy is to reconstruct the sub-
series with a similar frequency. This not only preserves the
load data’s main feature information, but it also reduces the
computation time by decreasing the number of prediction
models. Several experiments were performed to appraise the
effectiveness of different IMF recombination. In the
experiments, COMBn means that every n IMFs are stacked
as one sub-series. If the remaining sub-series is less than n,
all remaining sub-series are stacked as one sub-series. The
experiment results are depicted in Table III.
TABLE III shows that negative transfer happened in 4 out
of 10 experiments when decomposing the original load series
into 9 IMFs and 1 residue, while negative transfer only
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TABLE IV
MAPE PERFORMANCE COMPARISON OF DIFFERENT METHODS FOR FOUR BUILDINGS IN SHANGHAIL NEGATIVE
TRANSFERS ARE MARKED WITH ‘*’ AND BEST PERFORMANCES ARE HIGHLIGHTED WITH BOLDFACE FONT

Building GBDT AdaBoostRegressor TrAd EMD- EMD EMD EMD- EMD- EMD
1D Boost.R2  GBDT(3- - -TrAd GBDT(4- AdaBoost -TrAd
(Source 1) AdaBoost  Boost.R2(3- 1)) Regressor  Boost.R2(4-
building Regressor 1) 4-1) 1)
ID) (3-1)
A(B) 4.32 4.62 5.05% 4.12 4.52 4.01 4.18 491 4.05
A(C) 4.32 4.62 4.88% 4.12 4.52 3.98 4.18 491 4.06
A(D) 4.32 4.62 4.95% 4.12 4.52 4.03 4.18 491 4.01
B(A) 4.02 4.13 3.95 3.95 4.03 39 3.99 4.03 3.85
B(C) 4.02 4.13 4.68*% 395 4.03 3.85 3.99 4.03 3.93
B(D) 4.02 4.13 5.13% 395 4.03 3.74 3.99 4.03 3.85
C(A) 9.79 9.93 9.02 9.52 9.75 9.43 9.69 9.8 9.56
C(B) 9.79 9.93 10.06* 9.52 9.75 9.32 9.69 9.8 9.45
C(D) 9.79 9.93 10.35* 9.52 9.75 9.5 9.69 9.8 9.6
D(A) 8.11 8.92 9.12% 8.01 8.65 7.88 8.06 8.65 7.95
D(B) 8.11 8.92 9.23* 8.01 8.65 7.95 8.06 8.65 8.02
D(C) 8.11 8.92 9.87* 8.01 8.65 7.93 8.06 8.65 7.99

happened once in COMB4 and COMBS5 respectively.
COMB4 and COMBS showed the best prediction accuracy in
4 and 5 out of 10 experiments respectively. The main reason
could be that the recombination of sub-series reduces certain
errors of sub-series with a similar frequency. In summary,
reconstructing the sub-series with a similar frequency can
improve forecasting accuracy in this dataset.
Case 2: Four commercial buildings in Shanghai

A. Data description

The dataset used in this experiment is the power load data
for four commercial buildings in Shanghai, China. In this
experiment, we used data from October 1,2017 to November
30, 2017 as the training set to predict the load value from
December 1,2017 to December 31, 2017.

B. Results and discussion

To save space, we will focus on the forecasting accuracy
only, instead of a detailed analysis as done in case 1. TABLE
IV shows the experiment results in terms of MAPE. As
TABLE IV shows:

® TrAdBoost.R2 brought a negative transfer in 10 out

of 12 experiments.

® EMD-based hybrid method had better prediction

accuracy than those methods without using EMD
decomposing.

® EMD-TrAdBoost.R2 brought no negative transfers

in all 24 experiments.

® Among all EMD-TrAdaBoost.R2 experiments, the

prediction result was the best in 10 out of 12
experiments while decomposing the load value into
3 IMFs and 1 residual.

In general, the two different datasets used in this paper
show the scalability of our approach. The dataset of
GEFCOM2012 covers a wide area geographically. The
dataset of four commercial buildings of Shanghai covers a
smaller area geographically since all four buildings are
located in one city.

VI. CONCLUSION

In this paper, a novel EMD-TrAdaBoost.R2 method for
short-term load forecasting was proposed. Utilizing sub-
series decomposed by EMD, knowledge of a source location

can be transferred to a target location without bringing a
negative transfer. Based on a series of experiments on two
real-world datasets, EMD-TrAdaBoost.R2 was proved to be
able to improve the prediction accuracy of the target location
by incorporating knowledge transferred from another similar
location. The EMD-TrAdaBoost.R2 method outperforms
traditional machine learning approaches GBDT and
AdaBoostRegressor and normal transfer regression model
TrAdaBoost.R2.

Future work could investigate the following aspects:

1). The other hybrid transfer learning method could be
further investigated, for instance: Fourier transform
and Wavelet transforms.

2). The implementation of the proposed hybrid model
for long term forecasting cases could be investigated.
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