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Abstract——The smart grid infrastructure has recorded exten‐
sive real-time electricity consumption data, particularly at the 
levels of distribution transformers and below for short-term 
load forecasting (STLF). However, training individual short-
term load forecasting model (SLFM) for each STLF scenario at 
these levels substantially increases the computational costs. To 
address this challenge, this paper proposes a transfer learning-
based model training method for STLF. The proposed method 
is rooted in transfer learning principles and tailored to the 
unique characteristics of the aforementioned levels, incorporat‐
ing several key steps. First, an approach for extracting key 
peak and valley points based on peak width and peak promi‐
nence is proposed for simplifying the evaluation of load se‐
quence similarity. Subsequently, these key points are clustered 
using a density-based spatial clustering of applications with 
noise approach to ensure proper alignment along the time axis. 
Secondly, temporal and distribution similarity metrics are intro‐
duced to establish a performance guarantee for the transferred 
SLFM. Subsequently, a hierarchical clustering method groups 
load sequences, utilizing temporal similarity to quantify distanc‐
es among sequences and distribution similarity to optimize clus‐
ter number selection. To minimize generalization error and fur‐
ther reduce computational costs, a modified bagging method is 
proposed and applied during the transferred SLFM fine-tuning. 
Empirical evidence from a study conducted in Guiyang, China 
demonstrates that the proposed method maintains the SLFM 
performance without degradation and significantly reduces com‐
putational costs by a minimum of 92.23% across multiple sce‐
narios.

Index Terms——Smart grid, short-term load forecasting, artifi‐
cial neural network, transfer learning, similarity, clustering, 
bagging.

I. INTRODUCTION 

COUNTRIES worldwide are progressively deregulating 
their electricity markets, aiming for liberalization and 

increased competition. This shift has led to the rise of numer‐
ous load service entities (LSEs) operating in competitive en‐
vironments [1]-[4]. In the day-ahead market, LSEs can estab‐
lish agreements with power system operators or other market 
participants to offer load management and demand response 
services. These services rely on accurate forecasts of load de‐
mand and market conditions, ensuring grid stability while en‐
hancing the integration of renewable energy sources [5]. 
Among LSEs, load aggregators play a specialized role by 
consolidating and managing loads from small-scale entities 
such as communities or localized regions. By providing flexi‐
ble and predictable load services, these aggregators support 
grid reliability while engaging in market trading and bidding 
to secure economic benefits. Consequently, more accurate 
short-term load forecasting (STLF) technology is an effec‐
tive way to improve the competitiveness of LSEs [6], [7].

Recent research has shown that machine learning-based 
short-term load forecasting models (SLFMs) outperform tra‐
ditional statistical models (such as moving average and re‐
gression models) in day-ahead forecasting for distribution 
network and levels below, particularly in capturing multi-fea‐
ture nonlinear relationships [8]. Especially, artificial neural 
network (ANN) -based SLFMs such as recurrent neural net‐
work and its variants [9], [10] demonstrate superior forecast‐
ing performance compared with fully connected (FC) [11] 
network and convolutional neural network (CNN), as they 
account for temporal coupling relationships within sequences 
[12] - [14]. Furthermore, [15] proposed a dynamic temporal 
dependency model (DTDM), a transformer-based architec‐
ture adapted from natural language processing (NLP) for 
STLF applications. Through attention heatmap visualizations 
and empirical results at both the national and distribution 
transformer levels, DTDM proves effective in identifying dy‐
namic temporal patterns, leading to improved forecasting ac‐
curacy.

The application of ANNs for STLF at distribution trans‐
former and levels below presents significant computational 
challenges due to the massive volume of data involved. 
Smart grid investments have significantly improved the flexi‐
bility, efficiency, and reliability of the power system through 
bidirectional power and information flows. A critical compo‐
nent of this infrastructure is the advanced metering system, 
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which provides LSEs with consumption data across multiple 
temporal resolutions (from minute-level to hour-level) and 
spatial scales (from transformer-level down to individual con‐
sumers) [16]. Reference [14] has demonstrated that load ag‐
gregation at the distribution transformer level substantially 
improves the accuracy of day-ahead STLF. This challenge is 
particularly evident in large urban areas like Guiyang, China 
(covering 8034 km2 and comprising six urban districts), 
where approximately 380000 distribution transformers serve 
residential complexes. The resulting diversity in load pat‐
terns creates numerous forecasting scenarios, with each trans‐
former representing a unique forecasting case. Developing 
and maintaining individual ANN-based forecasting models 
for each transformer will impose prohibitive computational 
costs on LSEs, especially considering the need for continu‐
ous model updates to maintain accuracy. Consequently, there 
is an urgent need to develop computationally efficient day-
ahead STLF methods capable of handling the substantial 
computational requirements of ANN-based modeling at distri‐
bution transformer and levels below while maintaining fore‐
casting accuracy.

The demand for STLF at distribution transformer and lev‐
els below is often concentrated within local areas (referring 
to many building complexes), leading to a clustering charac‐
teristic [8], [17]. This implies that numerous scenarios share 
great similarities in terms of climate and electricity consump‐
tion behavior due to geographical proximity. Firstly, the dif‐
ferences in factors such as temperature, humidity, and wind 
speed within a local area are not substantial. In practice, cli‐
mate data from a single meteorological station are used to 
represent the local climate. Therefore, it is justifiable to re‐
use the results of feature selection in similar scenarios. For 
example, if the load series of locations {AB} exhibit high 
similarities and feature selection has already been performed 
for location A, the results of that feature selection can be di‐
rectly applied to location B. Secondly, historical origins and 
geographical location contribute to extensive communication 
and interaction among residents in local areas, resulting in 
similar lifestyle habits. Consequently, the load sequences ex‐
hibit obvious similarities, enabling the reuse of SLFMs. For 
instance, if the load series of locations {AB} exhibit high 
similarities and an SLFM has already been trained for loca‐
tion A, the parameters of that model can be transferred to lo‐
cation B.

Transfer learning (TL) involves reusing model parameters 
acquired from one task to enhance performance in a related 
task, and has achieved considerable success in the field of 
NLP [18], [19]. The general process of TL in NLP involves 
pre-training a source domain model on an extensive corpus 
database, followed by fine-tuning the output layers of the tar‐
get domain model on the corpus database specific to its 
downstream tasks. This approach significantly reduces com‐
putational costs. The effectiveness of TL can be attributed to 
several reasons. Firstly, the source and target tasks exhibit 
similarity, which implies that they may share parameters or 
prior distributions of the hyperparameters of the model [20], 

[21]. Secondly, the shallow layers of the model generally 
learn features that are not task-specific, allowing the parame‐
ters learned by these layers to be applied to many similar 
tasks [22]. Thirdly, sufficient dataset from the target task is 
required to fine-tune the source domain model, enabling the 
model to perform better in the target task. Therefore, apply‐
ing TL to STLF scenarios at distribution transformer and lev‐
els below holds great potential.

Reference [23] develops a useful TL framework for STLF 
that adapts a model pre-trained on multiple distribution 
nodes to new but similar scenarios. Specifically, outlier-in‐
sensitive clustering based temporal similarity evaluation 
method is employed to group similar distribution nodes into 
clusters, followed by training a base model between these 
clusters. The model is then transferred to other scenarios, 
with all layers fine-tuned during the transfer process. Howev‐
er, there are several improvements that need to be made 
when adapting TL to STLF scenarios. Firstly, the similarities 
among load sequences are not only based on temporal simi‐
larity but also on distribution similarity, which jointly deter‐
mine the performance of the transferred model in similar 
STLF scenarios. Therefore, a comprehensive consideration 
of both aspects is necessary. Secondly, load sequences are 
typically long, and their similarity can be evaluated by iden‐
tifying key points that carry clear physical meaning [24]. 
Meanwhile, since load sequences are discrete, computational 
distribution similarity using probability density functions is 
not feasible. Thus, efficient methods should be developed to 
reduce temporal similarity evaluation time and measure dis‐
tribution similarity. Thirdly, fine-tuning all layers can be 
time-consuming for large amount of STLF scenarios, while 
fine-tuning only a subset of the output layers may lead to 
overfitting, thereby increasing the generalization error of the 
transferred model. Therefore, improvement is also required 
in the fine-tuning.

To address the aforementioned challenges, this paper pres‐
ents a TL-based model training method for reducing the 
computational cost of SLFM while maintaining the accurate 
performance. Based on TL principles and characteristics of 
STLF, the proposed method is designed to include five 
points. Firstly, it utilizes a key point identification method 
and Euclidean distance to measure temporal similarity. Mean‐
while, it employs kernel density estimation (KDE) and the 
Kullback-Leibler (KL) divergence to evaluate distribution 
similarity. Then, the proposed method applies a hierarchical 
clustering that utilizes temporal similarity to measure load se‐
quence distance and distribution similarity to determine the 
optimal cluster number. Additionally, it selects features that 
are common across multiple STLF scenarios as inputs for all 
scenarios within the same cluster. Finally, the proposed meth‐
od incorporates a fine-tuning process using a bagging meth‐
od, which significantly reduces model computational costs 
and improves generalization performance.

The remainder of this paper is organized as follows. Sec‐
tion II investigates the transfer conditions when applying TL 
to STLF and further analyzes generalization error to improve 
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fine-tuned SLFM performance. Section III introduces the 
proposed method. Section IV presents and discusses the ex‐
perimental results to verify the effectiveness of the proposed 
method. Finally, conclusions are draw in Section V.

II. TRANSFER CONDITION WHEN APPLYING TL TO STLF 
AND GENERALIZATION ERROR ANALYSIS 

A. SLFM

The ANN-based SLFM generally uses the mean squared 
error (MSE) as the loss function, and the optimization prob‐
lem can be drawn as:

min 
1

num∑i = 1

num

(Loadprei - Loadactuali )
2 (1)

Loadprei =FC(F(x i )) (2)

where num is sampling number of history loads; Loadprei is 
the predicted load at the ith step; Loadactuali is the actual load 
at the ith step; x i is the input at the ith step; F(×) denotes an 
ANN such as FC network, CNN [25], [26], long short-term 
memory (LSTM) neural network [27], [28], bi-directional 
LSTM (Bi-LSTM) neural network [29] - [31], and DTDM 
[32]; and FC(×) denotes an FC layer.

B. Load Analysis at Distribution Transformer and Levels Be‐
low

The demand for STLF at distribution transformer and lev‐
els below is primarily concentrated within local areas, where 
numerous load consumers are in close proximity to each oth‐
er and exhibit apparent similarities in their load behaviors, 
as shown in Fig. 1. Figure 1 presents the load curves of dis‐
tribution transformers with the same rated capacity in Gui‐
yang, China, where each curve represents a distribution trans‐
former. Clearly, certain curves exhibit similar trends, with 
peaks and valleys coinciding at corresponding time points. 
This can be attributed to two main reasons. Firstly, the geo‐
graphical proximity plays a significant role. In local areas, 
the differences in factors such as temperature, humidity, and 
wind speed are not substantial. Moreover, the extensive com‐
munication and interaction among residents in these areas re‐
sult in similar lifestyle habits. Secondly, in practical applica‐
tions, climate data from a single meteorological station are 
commonly utilized to represent the local climate. As a result, 
various local STLF scenarios tend to share the same climate 
factors. Thus, it becomes justifiable to reuse feature selec‐
tion results and SLFMs at distribution transformer and levels 
below.

C. Transfer Condition Analysis

High-level layers, including the output layer and certain 
hidden layers, are not appropriate for transfer as they are 
more closely tied to specific tasks [22]. For the purpose of 
analysis, we make the assumption that only the output layer 
will be fine-tuned.

An SLFM is trained in a reference scenario through the 
back-propagation algorithm, and its loss function can be writ‐
ten as Jref (θ)= (θX ′-Yref )

T (θX ′-Yref )/2, where θ is the vec‐
tor of output-layer parameters; Yref is the load sequence in 
the reference scenario; and X ′ is the F(X) in (2), X =
[x1x2...xs ], and s is the length of Yref. Given that these lay‐

ers process same input features, the loss function resulting 
from direct transfer of the last layer to a similar scenario is 
Jtra (θ)= (θX ′-Y tra )T (θX ′-Y tra )/2, which can be drawn as:

Jtra (θ)= Jref (θ)+
1
2

(Yref -Y tra )T (2θX ′-Yref -Y tra ) (3)

where Y tra is the load sequence in a similar transferred sce‐
nario. Furthermore, by manipulating and simplifying (3), we 
can obtain:

Jtra (θ)- Jref (θ)= (Yref -Y tra )TθX ′+
1
2

(Y T
traYtra -Y T

refYref ) (4)

By taking modulus values on both sides of (4) and accord‐
ing to Schwarz inequality, we can obtain:
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Fig. 1.　Load curves of distribution transformers with same rated capacity in Guiyang, China. (a) Rated capacity of 160 kVA. (b) Rated capacity of 200 
kVA. (c) Rated capacity of 250 kVA. (d) Rated capacity of 315 kVA. (e) Rated capacity of 400 kVA. (f) Rated capacity of 500 kVA.
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|Jtra (θ)- Jref (θ)| £ |θX ′ ||Yref -Y tra| +
1
2

(|Y tra|
2 - |Yref|

2 ) (5)

It can be observed that the transferred objective function 
have an upper bound, which consists of two parts: |Yref -Y tra| 
and |Y tra|

2 - |Yref|
2.

|Yref -Y tra| is used to calculate the Euclidean distance be‐
tween the two load sequences, which can be understood as 
the temporal similarity. |Y tra|

2 - |Yref|
2 is used to calculate the 

distribution difference between the two load sequences. It 
means that only if the distribution difference between the 
two load sequences is consistent, can the modulus of the 
two load sequences be equal. For example, for Y tra =
[0.50.10.3] and Yref =[0.30.50.1], although the element posi‐
tions are different, the modulus of the two load sequences is 
equal. Therefore, it is necessary to take both temporal simi‐
larity and distribution similarity into consideration.

There are three technical challenges that need to be ad‐
dressed. Firstly, due to the subjective nature of human behav‐
ior, load sequences are often characterized by fluctuations, 
with numerous peaks and valleys. Some of these fluctuations 
hold significant physical meanings, while others are influ‐
enced by random factors. Therefore, there is a need for peak 
and valley point identification, especially those that corre‐
spond to significant physiological load behaviors. Secondly, 
since load is typically recorded at fixed time intervals, load 
sequences are discrete and the direct acquisition of their 
probability density functions is not feasible. Therefore, it be‐
comes necessary to estimate the probability density function 
in order to calculate the distribution similarity. Thirdly, (3) 
indicates that the coefficient is determined by θX ′ and the 
constant 1/2. However, in practice, θ is subject to fine-tun‐
ing. Consequently, it is essential to integrate both temporal 
similarity and distribution similarity to comprehensively eval‐
uate sequence similarity in a more reasonable manner.

D. Generalization Error Analysis

The purpose of the generalization error is to analyze the 
performance of the trained model when faced with previous‐
ly unseen data [33]. The expected generalization error 
E( f ; D) can be decomposed into the sum of variance Var, bi‐
as Bias, and noise ϵ [33], as shown in (6).

E( f ; D)=ED [( f (x ; D)- f ̂ (x))2 ]+ ( f ̂ (x)- y)2 +
ED [(yD - y)2 ]=Var(x)+Bias2 (x)+ ϵ2 (6)

where x is the input vector; yD is the label corresponding to 
x in the training dataset D; y is the true label of x; f (x ; D) is 
the predicted output of model f learned on training set D; 
ED [×] denotes taking expectation over the training dataset D; 
f ̂ (×)=E( f ; D) denotes the expected prediction of the model 
trained on the training set D; Var(x)=ED [( f (x ; D)- f ̂ (x))2 ];
Bias2 (x)= ( f ̂ (x)- y)2; and ϵ2 =ED [(yD - y)2 ].

During fine-tuning the output layer of the transferred 
SLFM, the bias tends to decrease while the variance may in‐
crease. This phenomenon can be attributed to two reasons. 
Firstly, despite the similarity between the target and source 
load sequences, the target load sequence still possesses 
unique characteristics. The frozen shallow networks are 
trained solely in the source STLF scenario, and the acquired 

knowledge may not be entirely suitable for the target STLF 
scenario. Secondly, fine-tuning only specific layers instead 
of the entire forecasting model can potentially lead to overfit‐
ting. Considering these factors, further improvements are re‐
quired for fine-tuning output layer to reduce variance.

III. PROPOSED METHOD 

A. Temporal Similarity Measurement

The purpose of clustering is to divide the samples in a da‐
taset into several (usually disjoint) subsets, each subset 
called a “cluster”. In the context of SLFM transfer, cluster‐
ing serves two objectives. One is to cluster peak and valley 
points from the time axis to align key peak and valley 
points. Another is to cluster a sequence of key peak and val‐
ley points from the scenario axis to discover similar power 
consumption patterns.
1)　Extraction of Peak and Valley Points

Reducing the dimension by preserving peak and valley 
points in the time series is a promising method [24], [34]. 
However, in cases where the load sequences present numer‐
ous minor fluctuations, a large number of peak and valley 
points will be identified. Some of these small fluctuations in 
the peak and valley points could be attributed to random fac‐
tors impacting the load behavior, rather than indicating 
shared living habits. To address this, it is beneficial to estab‐
lish appropriate criteria for the extraction of peak and valley 
points. Specifically, peak width and peak prominence can be 
utilized to limit the selection of these points. Peak width 
serves as a metric to measure the width of a peak point, 
while the height of the peak point above the baseline is re‐
ferred to as peak prominence. Peak prominence indicates the 
prominence of a peak point relative to other peak points. 
Generally, half of the peak prominence is chosen as the peak 
width [35].
2)　Identification of Key Peak and Valley Points Based on 
Density-based Spatial Clustering of Applications with Noise 
(DBSCAN)

Despite small fluctuation points are filtered out using peak 
width and peak prominence criteria, a considerable amount 
of noise points that do not align with the other data points 
remain. DBSCAN, a density clustering method, offers an ef‐
fective solution by considering the continuity between sam‐
ples, enabling the identification of clusters with arbitrary 
morphological distributions [36]. The calculation process of 
DBSCAN exhibits low time complexity and requires only a 
small number of parameters. Additionally, DBSCAN demon‐
strates robustness against noise points. Therefore, DBSCAN 
is well-suited for the task of identifying peak and valley 
points, aligning them along the time axis. However, as 
shown in Fig. 1, the horizontal axis represents the time 
while the vertical axis represents the load. This leads to an 
inconsistency in units between the two axes, particularly 
since the distribution of data points on the time axis is typi‐
cally much denser than that on the load axis. This inconsis‐
tency may cause DBSCAN to cluster data along the time ax‐
is. Therefore, we artificially multiply the time axis by a coef‐
ficient of 200, which helps prevent clustering along the time 
axis and ensures proper alignment. In other words, DB‐
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SCAN will only perform along the vertical direction of the 
time axis.
3)　Hierarchical Clustering

Obtaining key points aims to discover similar power con‐
sumption patterns, which can then be used for SLFM trans‐
fer. Hierarchical clustering is a clustering method that di‐
vides data sets at different levels to form a tree-shaped clus‐
tering structure [37]. Since the process of aggregating local 
load sequences is from bottom to up, a bottom-up hierarchi‐
cal clustering is employed. Hierarchical clustering requires 
setting a certain “distance” for measuring the “distance” of 
the set, as well as determining the appropriate cluster num‐
ber. The commonly used “distances” include minimum dis‐
tance, maximum distance, and average distance [38]. This 
study uses the average distance davg among key points, as 
shown in (7).

davg (CiCj )=
1

|Ci||Cj|
∑
xÎCi

∑
zÎCj

dE (xz) (7)

where Ci and Cj are the different clusters; and dE (xz) is the 
Euclidean distance between x and z.

B. Distribution Similarity Measurement

As mentioned earlier, hierarchical clustering necessitates 
the selection of an appropriate cluster number. Distribution 
similarity measurement approach is proposed to assist in de‐
termining the appropriate cluster number p. By identifying 
the appropriate cluster number, the temporal and distribution 
similarities within the same cluster can be maximized, while 
those across different clusters can be maximized. However, 
it is important to note that achieving optimal values for both 
temporal and distribution similarities simultaneously is not 
always possible, as it involves striking a tradeoff between 
the two factors.
1)　KDE

Since the probability density distribution of discrete load 
sequences is unknown, KDE is employed to estimate it, 
which is expressed as:

fh (x)=
1
nh∑i = 1

n

K ( )x - xi

h (8)

where xi is the sample point; n is the number of sample 
points; x is the point to be estimated; fh (x) is the estimated 
probability density; K(×) is the kernel function; and h is the 
bandwidth.

KDE is a non-parametric estimation method that does not 
need any prior knowledge and can approximate density func‐
tions of arbitrary shapes, given sufficient samples [39].
2)　KL Divergence

KL divergence DKL (P||Q) describes the similarity between 
two probability distributions P and Q [40], as shown in (9).

DKL (P||Q)=∑
i

P(xi )ln
P(xi )
Q(xi )

(9)

where P(xi ) and Q(xi ) are the probabilities of xi occurrence 
under the two probability distributions P and Q, respectively. 
The smaller the KL divergence of the two probability distri‐
butions, the more similar they are. The KDE is used to esti‐
mate the probability distribution of any two load sequences, 
and then the KL divergence is used to evaluate their proba‐

bility distribution similarity.
3)　Distribution Similarity Indicator

The indicators for evaluating the quality of clustering in‐
clude sum of squared errors (SSE) and silhouette coeffi‐
cients. However, as demonstrated in Section II-C, the upper 
bounds of transfer performance are constrained by the distri‐
bution similarity, which is overlooked by the aforementioned 
two indicators. Thus, a distribution similarity indicator Sdis is 
proposed in this paper to evaluate the quality of clustering, 
as shown in (10).

Sdis =
DKLsame

DKLall -DKLsame
(10)

where DKLsame =∑
i
∑

xpxqÎCi

DKL (Pip (xp )||Qiq (xq )) is the sum 

of KL divergence in the same cluster, xp and xq are the load 
sequences, and Pip (×) and Qiq (×) are the probabilities of the 
pth and qth sequences in the ith cluster occurrence under the 
two probability distributions P and Q, respectively; and 
DKLall =∑

i
∑

j
∑

xpÎCixqÎCj

DKL (Pip (xp )||Qjq (xq )) is the sum of 

KL divergence among all clusters. Equation (10) is strictly 
decreasing, meaning that a smaller value indicates a better 
clustering effect.

The elbow method is commonly used for determining the 
best cluster number [23], [41]. In the elbow method, differ‐
ent cluster numbers are considered, and the SSE is recorded 
and plotted on a curve. The cluster number corresponding to 
the point where the rate of decrease in SSE is the highest is 
considered the most reasonable cluster number. This is be‐
cause prior to this cluster number, the SSE significantly 
changes with the cluster number, indicating the presence of 
points that are still far from the cluster centers and suggest‐
ing the need for additional clustering. Beyond this cluster 
number, further increasing the cluster number does not sig‐
nificantly improve the SSE. Therefore, the elbow point in 
the curve is considered the most appropriate cluster number. 
Similarly, in this study, we determine the appropriate cluster 
number based on significant changes in Sdis with varying 
cluster numbers.

C. Bagging Method

Bagging method is an ensemble learning method common‐
ly employed to reduce the aforementioned variance within 
noisy datasets [42]. In this method, multiple training subsets 
are created by randomly sampling the original dataset with 
replacement. These subsets are then used to train multiple 
base learners, and their predictions are combined, typically 
through voting or averaging, to yield the final ensemble pre‐
diction.

An average of l random variables {Z1Z2...Zl }, each with 
variance σ2, has variance σ2 /l. If the variables are simply 
(identically distributed, but not necessarily independent) with 
positive pairwise correlation ϱ, the variance of the average 
is [33]:

Var ( )1
l∑i = 1

l

Zi = ϱσ2 +
1 - ϱ

l
σ2 (11)

For m well-trained SLFMs, the errors between their load 
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forecasts and actual loads can be denoted as {Z1Z2...Zm }. 
Two primary conclusions can be drawn from (11). Firstly, as 
the number of SLFMs increases, the variance of the average 
SLFM error shows a decline, which will reach a minimum 
of ϱσ2. Therefore, the bagging method can reduce generaliza‐
tion error and improve SLFM performance. Secondly, if the 
correlation between SLFMs is excessively high, the variance 
of the average SLFM error increases. This suggests that it 
may not be necessary to individually fine-tune each SLFM.

The clustering process inherently generates numerous simi‐
lar scenarios. Leveraging this characteristic, the bagging 
method employed in this study can be simplified. Specifical‐
ly, since the load sequences have undergone preprocessing 
including temporal and distribution similarity clustering, 
these steps can effectively be viewed as generating multiple 
distinct training subsets. Furthermore, multiple reference 
transformers within the same cluster are selected for train‐
ing, serving as multiple base learners. Finally, these base 
learners are integrated to produce the final load forecast, 
with their weights optimized using least squares method.

D. SLFM Transfer Stage

After obtaining the clustering results, the SLFM transfer 
process is implemented through three key steps: determining 
feature subsets, selecting reference transformers, and identify‐
ing SLFM components requiring fine-tuning. Since different 
transformers may have distinct feature subsets after feature 
selection, the common feature subset for each cluster is de‐
rived by taking the intersection of all feature subsets from 
transformers within the same cluster, as analyzed in Section 
II. For each cluster, several reference transformers are ran‐
domly selected and trained using the Adam optimization al‐
gorithm to obtain corresponding reference SLFMs [43]. The 
outputs of these reference SLFMs are then aggregated 
through a bagging method, where the averaging weights are 
optimized using the least squares method.

The overall process of the proposed method, illustrated in 
Fig. 2, consists of two main stages: load sequence clustering 
and SLFM transfer. In the load sequence clustering stage, 
key points are first extracted from load sequences sharing 
the same rated capacity, followed by hierarchical clustering 
to assign cluster labels. In the SLFM transfer stage, several 
load sequences from each cluster are randomly selected to 
train reference SLFMs using Adam optimization algorithm. 
These trained models are then aggregated to construct a 
transferred SLFM for the remaining load sequences in the 
same cluster, using the bagging method to fine-tune the out‐
put layer.

IV. CASE STUDY 

A. Data Set Description

Experimental study is conducted on a private data set to 
verify the performance of the proposed method. The private 
data set, which is provided by Electric Power Science Re‐
search Institute of Guizhou Power Grid Co., Ltd. and Nation‐
al Meteorological Information Center of China, consists of 
two parts: the load data and features.

As of November 2021, there are about 380000 distribu‐
tion transformers in Guiyang, China. Each distribution trans‐
former is equipped with remote terminal units (RTUs) that 
continuously monitor real-time data such as load, voltage, 
and current. These RTUs periodically transmit the collected 
data to the data center for storage at intervals of 5 min. The 
load data comprises 5-min monitoring data from 220 distri‐
bution transformers in 6 districts of Guiyang. These distribu‐
tion transformers exclusively supply power to residential us‐
ers, with each transformer covering multiple buildings with‐
in its power supply area. The candidate features include the 
daily climate data (including temperature, rainfall, air pres‐
sure, wind speed, humidity, sunshine hours, etc.) and the 
time stamps (including month and day) from January 9, 
2021 to November 21, 2021. Due to the private data set limi‐
tation, the experiment is conducted on a daily basis, which 
means the load is daily-averaged.

The data are normalized using z-score normalization and 
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Fig. 2.　Overall process of proposed method.
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divided into two subsets: a training set and a testing set. The 
training set spans from January 9, 2021 to November 1, 
2021. We apply 3-fold cross-validation to systematically 
evaluate and select the optimal model parameters in the train‐
ing set. Specifically, the training set is further divided into 
three parts. In each fold, two parts are used to train the 
SLFMs, while the remaining part is used to evaluate their 
performance. Finally, the average error across the folds is 
calculated to select the optimal hyperparameters. The holistic 
feature selection method [44] is employed to select the opti‐
mal feature subset, which can consider the correlation be‐
tween candidate features and load, the redundancy among 
candidate features, and the interaction among candidate fea‐
tures. Three measurements are used to evaluate the perfor‐
mance of SLFMs: root MSE (RMSE), mean absolute error 
(MAE), and mean absolute percentage error (MAPE).

B. Capacity Classification

The distribution transformers in the Guiyang dataset have 
rated capacities of 160 kVA, 200 kVA, 250 kVA, 315 kVA, 
400 kVA, and 500 kVA. The load curves are classified by ca‐
pacity and visualized in Fig. 1. Figure 3, extracted from Fig. 
1(d), illustrates similar load sequences observed in each dis‐
tribution transformer with a rated capacity of 315 kVA. For 
example, the load sequences extracted from day 30 to day 
40 are characterized by a decline followed by an ascent, as 
shown in Fig. 3(a). Additionally, similarities in peak or val‐
ley characteristics can be observed around days 81, 238, and 
271. These findings suggest that load behavior in distribu‐
tion transformers exhibits similarities, potentially influenced 
by factors such as cultural exchange and geographical prox‐
imity, as discussed in Section II.

C. Key Peak and Valley Point Extraction and Visualization

Take distribution transformers with rated capacity of 315 
kVA as an example. Figures 4 and 5 show the extraction pro‐
cess of peak and valley points, respectively. The scatter plots 
of peak and valley points directly extracted are shown in 
Figs. 4(a) and 5(a), respectively. The scatter plots of key 
peak and valley points extracted based on peak width and 
peak prominence are shown in Figs. 4(b) and 5(b), respec‐
tively. The scatter plots of key peak and valley points ex‐
tracted based on peak width, peak prominence, and DB‐
SCAN are shown in Figs. 4(c) and 5(c), respectively. The 
key peak and valley points are drawn back to the original 
load curve, as shown in Figs. 4(d) and 5(d), respectively. It 
can be observed that, firstly, the proposed method effectively 
aligns the key peak and valley points with the timeline, indi‐
cating its ability to uncover similar electricity consumption 
patterns among residents. Secondly, while there are varia‐
tions in the values of key peak and valley points, there is a 
notable similarity in the timing of their appearance. This sug‐
gests a broader consistency in load behavior across diverse 

regions.

D. Hierarchical Clustering Process

For bandwidth selection in KDE, Silverman’s rule is em‐
ployed [45], given by:

h = σ
4
3n

(12)

where σ is the sample standard deviation; and n is the sam‐
ple size. Since the data are standardized using z-score nor‐
malization (σ = 1), the resulting bandwidth h » 0.1 for the 
training dataset. The distribution similarity Sdis will be calcu‐
lated and collected according to (10) by traversing cluster 
number. Furthermore, Sdis will be plotted for selecting an ap‐
propriate cluster number according to elbow point. Figure 6 
illustrates the hierarchical clustering process. The characteris‐
tic elbow-shaped curve of Sdis suggests an optimal cluster 
number of 9 for distribution transformers with a rated capaci‐
ty of 315 kVA. Figure 7 shows load sequences consisting on‐
ly of key peak and valley points.
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Fig. 3.　Load sequences of distribution transformers with rated capacity of 315 kVA. (a) Load sequences around day 35. (b) Load sequences around day 
70. (c) Load sequences around day 81. (d) Load sequences around day 148. (e) Load sequences around day 238. (f) Load sequences around day 271.
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There is a notable similarity in load fluctuations across dif‐
ferent distribution transformers. This finding supports our ear‐
lier analysis in Section II, suggesting that geographical prox‐
imity may lead to synchronized energy consumption patterns 
due to shared lifestyle behaviors among local populations.

E. Performance Comparison

The performance comparison of different SLFMs based 
on the Guiyang dataset is shown in Table I. The structures 
of different SLFMs in Guiyang dataset is shown in Table II, 
where the symbol -r means using all hidden states in the 
LSTM neural network. Furthermore, the linear regression 
(LR) model [46] and the support vector regression (SVR) 
model with different kernels including linear function (LF), 
polynomial function (PF), and radial basis function (RBF) 
are also taken into comparison. Additionally, we employ 3-
fold cross-validation for optimal parameter selection. Mean‐
while, 5 distribution transformers are randomly selected as 
reference transformers for SLFM transfer. Meanwhile, the 
proposed method without clustering (WC) is also directly 
tested for comparison. The results reveal several key find‐
ings. Firstly, the DTDM maintains accurate performance 
compared with other SLFMs.

Secondly, compared with direct training, the proposed 
method enhances the training efficiency of the DTDM mod‐
el, reducing training time costs by at least 92.23%. Thirdly, 
the forecasting performance of the model transfer after clus‐
tering is superior to that WC. These findings confirm that 
temporal similarity and distribution similarity can provide 
valuable prior information, ensuring better performance in 
the subsequent model transfer.

F. Discussion on Method Promotion

The rapid expansion of renewable energy power plants has 
introduced significant challenges in managing multiple genera‐
tion units and vast amounts of historical data. Each renewable 
energy unit (such as wind and photovoltaic) generates signifi‐
cant operational data, increasing the demand for forecasting of 
power generation [47]. While current forecasting technologies, 
particularly ANN-based methods, demonstrate strong predic‐
tive performance, their application to scenarios involving nu‐
merous generation units results in prohibitively high computa‐
tional costs. Renewable energy stations are typically situated 
in regions where environmental factors such as wind speed, 
temperature, and solar radiation exhibit short-term consistency.
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Fig. 4.　Extraction process of peak points from load curve of distribution 
transformers with rated capacity of 315 kVA. (a) Peak points. (b) Peak 
points considering peak width and peak prominence. (c) Peak points consid‐
ering peak width, peak prominence, and DBSCAN. (d) Peak points in origi‐
nal load curve.

100
200
300
400
500

2881 50 99 148 197 246
Time (day)

(a)

2881

1 11520 23040 34560 46080 57600

50 99 148 197 246
Time (day)

(b)

Time (day)
(c)

Lo
ad

 (k
W

)

100
0

0

100
200
300
400
500
600

2881 50 99 148 197 246

(d)
Time (day)

0

200
300
400
500

Lo
ad

 (k
W

)

100
50
0

200
150

250
300
350
400

Lo
ad

 (k
W

)
Lo

ad
 (k

W
)
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points considering peak width and peak prominence. (c) Valley points con‐
sidering peak width, peak prominence, and DBSCAN. (d) Valley points in 
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TABLE I
PERFORMANCE COMPARISON OF DIFFERENT SLFMS BASED ON GUIYANG DATASET

SLFM

LR [46]

LF + SVR

PF + SVR

RBF + SVR

FC network [11]

CNN [25], [26]

LSTM [27], [28]

Bi-LSTM [29], [30]

Bi-LSTM-r

DTDM [32]

Proposed method WC + DTDM

Proposed method + DTDM

1-day-ahead forecasting

RMSE 
(kW)

25.61

27.56

29.93

31.35

26.12

20.79

21.11

22.19

22.78

19.73

20.46

18.09

MAE 
(kW)

19.44

20.95

24.39

25.14

19.71

16.88

16.27

18.03

18.21

15.48

16.11

14.13

MAPE 
(%)

33.50

36.56

42.45

42.38

35.27

26.54

27.87

29.73

28.73

25.39

27.07

23.97

Training time 
(s)

< 0.10

< 0.10

< 0.10

< 0.10

29.01

31.15

35.18

45.93

48.11

26.54

1.71

1.71

3-day-ahead forecasting

RMSE 
(kW)

21.28

22.57

22.61

19.77

20.46

18.73

MAE 
(kW)

16.61

17.11

16.61

15.72

16.49

15.14

MAPE 
(%)

28.01

29.07

28.46

25.71

27.67

25.01

Training 
time (s)

35.36

47.54

47.69

26.17

1.80

1.80

7-day-ahead forecasting

RMSE 
(kW)

21.19

22.78

19.96

18.97

19.88

18.42

MAE 
(kW)

15.84

16.81

14.57

14.99

17.02

14.87

MAPE 
(%)

30.10

30.11

27.74

27.11

30.37

25.57
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Fig. 6.　Hierarchical clustering process of key points of distribution transformers with rated capacity of 315 kVA. (a) Curve of distribution similarity versus 
number of clusters. (b) Hierarchical clustering process.
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As a result, power generation patterns in these areas tend 
to show strong similarities, as detailed in Section II-B. For 
example, in photovoltaic power forecasting, power genera‐
tion output is highly dependent on solar irradiation intensity. 
Within a confined spatial range, variations in irradiation and 
cloud movement are gradual and continuous, leading to cor‐
related generation behaviors among neighboring photovoltaic 
units. To capitalize on this spatial-temporal correlation, the 
proposed method clusters historical photovoltaic power gen‐
eration curves, trains forecasting models for each cluster, 
and then applies bagging method and TL to other generation 
units within the same clusters. This method facilitates effi‐
cient photovoltaic power forecasting across multiple genera‐
tion units, substantially reducing computational expenses 
while improving predictive accuracy.

V. CONCLUSION 

In this paper, a TL-based model training method for STLF 
is proposed for reducing the computational cost of training 
numerous SLTMs at the distribution transformer and levels 
below. The proposed method applies TL principles while in‐
corporating the unique characteristics of load sequence at 
these levels. Specifically, key peak and valley points are ex‐
tracted for simplifying the evaluation of load sequence simi‐
larity. Then, both temporal and distribution similarities are 
taken into consideration to ensure the forecasting accuracy 
of the transferred SLFMs. Furthermore, high-similarity load 
sequences are grouped via hierarchical clustering, and a mod‐
ified bagging technique is employed for efficient fine-tuning. 
Evaluations on the Guiyang dataset across various SLFMs 
show that the proposed method maintains accurate forecast‐
ing performance while significantly decreasing computation‐
al cost.
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