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ABSTRACT: Grid-supplied load is the traditional load minus new energy generation, so grid-supplied load forecasting
is challenged by uncertainties associated with the total energy demand and the energy generated off-grid. In addition,
with the expansion of the power system and the increase in the frequency of extreme weather events, the difficulty of
grid-supplied load forecasting is further exacerbated. Traditional statistical methods struggle to capture the dynamic
characteristics of grid-supplied load, especially under extreme weather conditions. This paper proposes a novel grid-
supplied load prediction model based on Convolutional Neural Network-Bidirectional LSTM-Attention mechanism
(CNN-BiLSTM-Attention). The model utilizes transfer learning by pre-training on regular weather data and fine-tuning
on extreme weather samples, aiming to improve prediction accuracy and robustness. Experimental results demonstrate
that the proposed model outperforms traditional statistical methods and existing machine learning models. Through
comprehensive experimental validation, the attention mechanism demonstrates exceptional capability in identifying
and weighting critical temporal features across different timescales, which significantly contributes to enhanced
prediction performance and stability under diverse weather conditions. Moreover, the proposed approach consistently
exhibits strong generalization capabilities across multiple test cases when applied to different regional power grids
with distinct operational patterns and varying load characteristics, showcasing its practical adaptability to real-world
scenarios. This study provides a practical solution for enhancing grid-supplied load forecasting capabilities in the face
of increasingly complex and unpredictable weather patterns.

KEYWORDS: Grid-supplied load forecasting; extreme weather; transfer learning

1 Introduction

With the expansion of the power system and the increasing frequency of extreme weather events, the
impact of extreme weather on grid-supplied load is becoming increasingly significant. This places higher
demands on the stable operation of the grid and load forecasting [1,2]. Grid-supplied load, defined as the
total electric energy delivered by the grid to users via the public network, encompasses actual user power
consumption and transmission losses, thereby reflecting the grid’s supply capacity. In contrast, common load
merely accounts for the total power consumed by user terminals, without distinguishing the power sources.
Under extreme weather conditions such as typhoons, heavy rainfall, and extremely high temperatures,
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common load fluctuations are transmitted through the distribution and transmission hierarchy, exacerbating
the source-load spatial mismatch caused by cross-regional weather differences. This, in turn, affects the
efficiency of grid scheduling and energy management, posing a threat to the stability of regional power supply
and people’s livelihood security [3,4]. To ensure that the power system can implement appropriate safety
protection measures promptly when extreme weather events occur, it is crucial to predict these events in
advance and provide accurate grid-supplied load prediction results [5].

Statistical forecasting methods, such as time series analysis and regression analysis, are commonly
used [6,7]. However, with the ongoing advancement of science and technology and the refinement of
forecasting theory, these statistical methods have struggled to meet the accuracy requirements of load
forecasting [8-10]. Although the time series method can rapidly predict the continuous change in load over
a future period using limited data, it is complex to model, demands relatively smooth original time series
data, and is only appropriate for short-term predictions in scenarios with minor load fluctuations [11]. The
regression analysis method has a straightforward principle, fast computation, is applicable to historical data,
and can achieve a good fit [12]. Nevertheless, it is highly reliant on historical data and has a relatively simplistic
model structure, making it unable to accurately address complex issues [13]. In general, the aforementioned
methods have notable deficiencies in capturing the dynamically changing characteristics of grid-supplied
loads and adapting to external factors like extreme weather conditions. This results in limitations in the
accuracy and reliability of forecast results under such conditions.

Machine learning is rooted in rigorous mathematical theory, with algorithms trained on large datasets
to generate predictions [14]. Unlike traditional statistical methods, machine learning can effectively model
nonlinear input-output relationships, identify latent patterns in historical data, and through iterative opti-
mization weight parameters improve prediction accuracy [15,16]. In machine learning applications, support
vector machines (SVMs) and random forests (RFs) are frequently used for urban load forecasting [17,18].
SVMs can efficiently handle small sample sizes and manage nonlinear relationships and high-dimensional
data [19]. However, SVMs are sensitive to parameter selection, perform poorly with highly volatile time
series, and converge slowly when processing large datasets [20-22]. Random forests show strong resistance
to overfitting, can process high-dimensional nonlinear data, and support parallel computation, although
they have significant computational demands and limited interpretability [23,24]. Additionally, the machine
learning-based approach has a limitation in modeling the dynamic change characteristics of grid-supplied
loads. Especially when facing external disturbances like extreme weather conditions, the model’s capacity to
capture the time-varying characteristics of the system is constrained, making it difficult to accurately predict
grid-supplied loads under such conditions.

Compared to traditional prediction models, deep learning models can better capture the complex
interdependencies within data, thus improving the prediction accuracy and robustness of the models [25].
The current deep learning-based methods include Temporal Convolutional Networks (TCN), Recurrent
Neural Networks (RNN), and Transformer architectures. Specifically, RNN-based models have enhanced
the dynamic modeling of time series by introducing gating mechanisms or simplifying the architecture, sig-
nificantly improving their capacity to model temporal dynamics [26-28]. TCNs utilize causal convolutional
structures to facilitate the efficient extraction of temporal features. However, their performance heavily relies
on large-scale training datasets; in situations with limited data, this reliance may result in a decrease in
prediction performance due to inadequate pattern learning [29,30]. The Transformer model, characterized
by its self-attention mechanism, is proficient in establishing long-range dependencies across sequential data.
Nevertheless, when applied to power load data—which features high-frequency sampling and complex
temporal-spatial correlations—it faces the challenge of exponentially increasing computational complexity,
restricting its practical application in real-time prediction tasks [31,32]. Kim et al. use a transfer learning
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approach to forecast solar photovoltaic power generation between different countries [33]. Jia et al. designed
a model integrating CNN and LSTM for grid short-term load forecasting [34]. Monia et al. used the complex
functionality of CNN-BiLSTM combined with Bayesian-based optimization techniques to accurately predict
power system loads in real time [35]. Despite the outstanding performance of deep learning methods in
load forecasting, existing models still have inherent limitations in representing the dynamic time-varying
characteristics of grid-supplied loads and are not sufficiently responsive to exogenous variables such as
extreme weather conditions. This leads to significant limitations in the accuracy and reliability of their
forecasts under such conditions.

Although all of the aforementioned methods have yielded corresponding research results in the field
of load forecasting, grid-supplied load forecasting is significantly influenced by complex factors [36-38],
including dynamic time-varying characteristics and extreme weather conditions. Traditional forecasting
models struggle to meet the requirements for high-precision and high-reliability grid-supplied load fore-
casting due to their inadequate ability to model nonlinear relationships, low sensitivity to external variables,
and limited capacity to capture time-series features [39,40]. While a single deep learning algorithm excels in
feature extraction and complex relationship modeling, it is susceptible to overfitting risks when dealing with
a large number of input variables [41-43]. Moreover, its forecasting performance deteriorates significantly
in data-scarce scenarios or under abnormal climate conditions. Additionally, existing research primarily
focuses on conventional load forecasting and has not yet fully investigated the challenges of grid-supplied
load forecasting under extreme weather conditions.

Therefore, this paper introduces a comprehensive methodology for incorporating extreme weather
conditions into the process of predicting grid-supplied loads. Specifically, a new model is proposed to
account for extreme weather impacts on electric grids, which utilizes meteorological factors and historical
grid-supplied load data to identify extreme weather events. Furthermore, a model based on CNN-BiLSTM-
Attention is developed to predict grid-supplied loads, employing a “pre-training-fine-tuning” strategy
derived from transfer learning. This strategy involves pre-training the model using regular weather samples
and subsequently fine-tuning the model parameters with extreme weather samples. Ultimately, the pre-
diction model is adaptively employed, based on the identified extreme weather processes, to forecast the
grid-supplied load.

2 Impact of Extreme Weather on Grid-Supplied Loads
2.1 Impact of Extreme Weather

Extreme weather events exert significant and distinct influences on grid-supplied load patterns, catego-
rized primarily by their impact on demand characteristics. High-load weather events occur during periods
of intense heat, for example, heat waves lead to an exponential surge in electricity demand due to the
intensive use of refrigeration equipment, particularly during afternoon peak hours. Or heatwaves, as well as
during cold snaps, heavy rain, snow, or freezing conditions. These conditions trigger a concentrated surge in
customer-side electricity demand. Specifically, sustained high temperatures drive an exponential increase in
consumption due to the widespread, intensive operation of cooling equipment, leading to pronounced peaks
during afternoon hours. Conversely, cold snaps and related inter weather significantly elevate heating loads,
resulting in overall steeper load curves characterized by heightened demand levels.

Low load weather events manifest under conditions of abnormal temperature deviations relative to
seasonal norms, such as unusually warm winter periods or unexpectedly cool summer periods. These
deviations cause a substantial reduction in traditional customer-side heating or cooling demand. The altered
thermal environment leads to inverse fluctuations in temperature-sensitive loads, causing the typical daily
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load curve to flatten considerably. This flattening often results in a single, less pronounced peak or the absence
of a distinct peak pattern entirely, reflecting significantly suppressed overall consumption.

Meanwhile, sudden load change weather events are closely associated with rapid meteorological
transitions, such as the onset of summer rainfall, typhoons, or intense cold snaps. These events induce
dramatic, dynamic fluctuations in user-side load. The key driver is the instantaneous and severe shift in
temperature, humidity, and other meteorological factors during such severe weather. This abrupt change
provokes rapid responses from temperature-sensitive loads (e.g., air conditioning and heating systems),
causing the grid-supplied load curve to exhibit jagged, high-frequency oscillations as demand adjusts sharply
to the changing environment.

2.2 Defining Conditions for Extreme Weather

(1)  This is shown in Fig. 1, a regional load-equivalent meteorological condition index I is classified as the
weather process of high load if it satisfies Eq. (1):

©)

I > Iggyp (Summer)
I < Iggo.n (Winter)

where Igg, ), represents the regional load-equivalent meteorological condition index corresponding to the
82nd percentile of the temperature-sensitive load heating/cooling ratio. Here, f3 is the temperature—sensitive
load heating/cooling ratio. It reflects the relative proportion of heating and cooling demands in the load
due to temperature changes and is a key coeflicient for measuring the relationship between temperature and
heating/cooling demands of the load, s,.; denotes the 82nd percentile value of historical  samples, and
Iggy.n is the index value associated with Bg;.,.

(2) This is shown in Fig. 2, the weather process of low load is defined when the monthly average daily
temperature (T) in a region deviates by >10% from the climatological average for the same period:

{ T < 0.9T (Summer) (2)

T > 11Ty (Winter)

where T; is the average summer perennial temperature and Tyy is the average winter perennial temperature.

(3) This is shown in Fig. 3, the weather process of sudden load changes is identified if the 4-h variation
amplitude of the temperature-sensitive load heating/cooling ratio (Ap) satisfies Eq. (3):

AB > ABgasn (3)

where Af is the 4-h variation amplitude of the temperature-sensitive load heating/cooling ratio. Afgs;,
represents the 82nd percentile of historical A samples.
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Figure 3: The weather process of sudden load

3 Construction of Grid-Supplied Load Forecasting Method under Extreme Weather Conditions

The overall process depicted in Fig. 4 begins with the collection of regular weather samples from the
source domain, which serve as the foundation for pre-training an initial prediction model. Upon completion
of the pre-training phase, a pre-trained prediction model is obtained. Subsequently, extreme weather samples
from the target domain are utilized to fine-tune this pre-trained model, resulting in a fine-tuned prediction
model. Following this, a decision-making mechanism is activated, which relies on a predefined standard for
extreme weather. If the prevailing weather conditions meet this standard, the system will generate extreme
weather forecast results. Conversely, if the conditions do not meet the standard, conventional weather
forecast results will be generated.

Prediction model

after pre training
Pre
. ___training |
N

Regular weather Initial prediction & \ Befinition Conventional
samples (source domain) model Fing’ standard weather forecast
: of extreme results
tuning weather
Extreme weather
samples (target ——
domain) Prediction model Extreme weather
after fine tuning forecast results

Figure 4: General structure

3.1 CNN-BiLSTM-Attention Structure

In order to predict the grid-supplied loads more accurately, this paper proposes a grid-supplied loads
prediction model based on CNN-BiLSTM-Attention, and its algorithm flow is shown in Fig. 5.
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Figure 5: CNN-BiLSTM-Attention structure

As shown in Fig. 5, the proposed method first preprocesses the input data using Pearson correlation
coeflicient analysis in the input layer. The CNN then extracts features from the processed grid-supplied load
data, which are subsequently fed into the BILSTM network for training to capture intrinsic relationships
within the data. The Attention layer dynamically assigns different weights to each feature, generating
prediction values while evaluating their similarity with the time-series data. The attention scores are then
normalized through a SoftMax function for weight calculation, ultimately producing the grid-supplied load
forecasting results. This hierarchical architecture enables the model to effectively handle various sequential
data processing tasks.

3.1.1 Convolutional Neural Network (CNN) Layer

The structure of Convolutional Neural Network (CNN) usually consists of an input layer, a convolu-
tional layer, a pooling layer, a fully-connected layer, and an output layer, which are combined to achieve
learning and prediction from complex data.

The convolutional layer extracts the features of the input data through a convolutional kernel. The size,
step size and padding of the convolution kernel define the scope of the convolution operation and the size
of the output feature map. The convolution operation generates a feature map by calculating the dot product
of the convolution kernel weights and the input data, thus extracting local features of the input data. The
generalized formula for the convolution layer is:

Zi,j = me Yivm,j+n * fm,n (4)
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where Z; ; denotes the value of the output feature map, y;,, j+» denotes the value of the input feature map,
and f,, ,» denotes the value of the convolution kernel at position (m, n).

3.1.2 Bidirectional Long Short-Term Memory Network (BiLSTM) Layer

The LSTM unit has 3 gates, namely the forgetting gate, the input gate and the output gate. The forgetting
gate forgets a certain percentage of the past information; the input gate records part of the current moment’s
input information into the cell state; and the output gate encodes the hidden state vector and the cell state
selectively as the input to the LSTM unit at the next moment.

The output of the current moment may be related not only to past information but also to future
information. However, LSTM cannot encode information from backward to forward, whereas BiLSTM can
better capture the effects of bidirectional sequences by reversing the time series, consisting of forward and
backward LSTMs. The BiLSTM output expression is as follows:

h, :concat(htf,htb) (5)

where h; denotes the hidden state vector of BiLSTM; concat denotes the splicing operation in the output
dimension; h;y, hy, denote the hidden state vectors of forward and backward LSTM, respectively.

3.1.3 Attention Layer

Temporal Pattern Attention (TPA) mechanism is an improved attention mechanism specialized in
dealing with multivariate time series forecasting problems. Different from traditional attention mechanisms,
TPA is able to simultaneously extract complex nonlinear relationships between time series and correlations
among different variables. The core idea is to extract features from the hidden state matrix through
convolutional operations, so as to capture the interdependencies among multivariate variables. The working
principle of TPA can be divided into several key steps: first, the original time series are processed using a
bidirectional long short-term memory (BiLSTM) network to obtain the hidden state matrix. Next, multiple
one-dimensional convolution kernels are applied to the row vectors of the hidden state matrix to extract
the temporal pattern matrix. Each convolution kernel performs a convolution operation along the time step
to capture the features of different time steps. Then, the attention weights are computed by the attention
mechanism function and the temporal pattern matrix is weighted and summed to obtain an attention vector
containing multivariate association information. Finally, the attention vector is linearly mapped to the hidden
state vector of BILSTM and then summed to obtain the final prediction value.

3.1.4 Model Feature Training

However, directly employing a CNN-BiLSTM-Attention architecture for forecasting grid-supplied load
based solely on meteorological data reveals a significant degradation in predictive performance during
specific temporal segments, particularly when load trends undergo transitions. The hourly distribution
heatmap of actual grid-supplied load values and their corresponding predictions, illustrated in Fig. 6,
unequivocally demonstrates substantial discrepancies in load value distributions during the periods of 5:00-
7:00 a.m., 12:00-1:00 p.m., and 6:00-7:00 p.m. Consequently, a specialized modification of the prediction
model is warranted. This paper augments the original model by incorporating time-segment dummy
variables, explicitly modeling the systematic prediction errors observed during the aforementioned three
periods. These dummy variables are introduced as additional regressors, enabling the CNN-BiLSTM-
Attention model to learn the incremental impact of these specific time segments on load, thereby rectifying
systematic overestimation or underestimation of predicted values.
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Figure 6: The hourly distribution heatmap of actual grid-supplied load values and their corresponding predictions

Therefore, the regression equation used in this paper is shown below.
GridLoad = «a( + a;FLoad + a,FH + a3FT + a4, FWS + asFAP
7

24
+agFP+a;FV + ) ¢;Hour;+ Y fiWeekday,

j=2 k=2
73 2017 3

+ Z ysSeason; + Z d,Year, + Z o;x; (1)
s=2 y=2015 i=1

here, the Latin letters denote the respective regression coefficients for each corresponding term. FLoad
represents the forecasted grid-supplied load. FH, FT, FWS, FAP, FP, and FV represent humidity, temperature,
wind speed, atmospheric pressure, precipitation, and visibility, respectively. Hour, Weekday, Season, and

Year represent the corresponding textual variables. Finally, x(t) denotes the dummy variable for the ith time
period, defined as follows:

% (1) = 1, If time ¢ falls within the target, period
"7 0, other situation
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3.2 Transfer Learning

Transfer learning, a machine learning paradigm, that leverages knowledge from a source task to enhance
performance on a related but distinct target task, addresses critical limitations of traditional approaches.
Unlike conventional methods that assume identical training-test data distributions, transfer learning enables
effective adaptation to scenarios with scarce target domain samples or distribution shifts. The flow chart is
shown in Fig. 7, by transferring features learned from abundant source domain data (e.g., “normal weather”
patterns), this approach reduces dependence on limited target data while accelerating model convergence
and strengthening generalization capabilities—particularly valuable for extreme weather forecasting where
suddenness, nonlinearity, and data sparsity challenge traditional load prediction models.

Source Iabels I Target Iabels m

Large Small
amount of Source Transfer Learned Target |_amount of
data/labels mode| Knorwled ge model data/labels

Source data ‘ Target data J

Figure 7: Transfer learning

To further ensure robustness during fine-tuning with scarce target samples, we implement a targeted
strategy to mitigate overfitting risks. Specifically, instead of retraining the entire model, only high-level
parameters (the Attention layer and latter layers of the BILSTM network) are updated during adaptation. This
selective refinement drastically reduces learnable parameters exposed to limited extreme weather data. Con-
currently, we enforce a constant low learning rate (Section 3.2) to constrain update magnitudes, preserving
universal spatiotemporal patterns from pre-training while adapting to extreme dynamics. Consequently, the
transfer learning model achieves MAE = 7.23 and R? = 0.8894, substantially outperforming direct training
on extreme data (MAE =10.79, R? = 0.7973)—validating its efficacy in preventing overfitting and enhancing
generalization under data scarcity. This methodology enhances prediction robustness by systematically
combining historical pattern recognition with targeted adaptation to rare meteorological events.

4 Experiments and Analysis of Results

4.1 Data Collection and Preprocessing

This study utilized meteorological data and grid-supplied loads data from a specific location in the
southeastern coast of China in 2018, as well as grid-supplied loads under extreme weather conditions. The
dataset for pre-training on normal weather included approximately 300 days of hourly grid-supplied load
(traditional load minus new energy generation), six-dimensional meteorological parameters (temperature,
humidity, wind speed, air pressure, precipitation, visibility), and temporal features (hour, week, season).
Normal weather was defined as periods without extreme weather triggers, covering typical load patterns
in all four seasons. For fine-tuning on extreme weather, about 20 days of data were selected based on the
regional load-equivalent meteorological index (Eqs. (1)-(3)), encompassing high-load weather (sustained
>35°C heatwaves), low-load weather (winter temperatures deviating >10% from annual mean), and sudden
load change weather (4-h temperature-sensitive load ratio variation > 82nd percentile). Meteorological
parameters and grid-supplied loads were normalized prior to model input to address data volatility,
implemented in Python on an Intel Core i7-14700K platform.
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Xnorm =" (6)

where Xy and Xy.x denote the minimum and maximum values of the load dataset, scaling values to the
range [0, 1].

Furthermore, we conducted a comprehensive analysis of the annual grid-supplied load data and
meteorological records for 2018, identifying eight extreme weather days that satisfy the classification criteria
outlined in Sections 2.1 and 2.2. These selected dates—specifically 14, 18, 21, 29, and 30 January; 1 March; and
1 and 31 December 2018—constitute our validation set for model verification. The January and December
dates correspond to extreme cold wave events, while March 1 represents the unique regional meteorological
phenomenon known in China as the return of the humid southerly winds.

4.2 Experimental Design and Evaluation Criteria

In order to evaluate the forecasting model performance and improve the training process, this paper
uses several error evaluation criteria. Specifically, the RMSE is obtained by taking the square root of the
average value of the squared differences for each data point. In addition, the gradient of the function related to
the RMSE decreases as the error decreases, which promotes function convergence. The function can rapidly
achieve its minimum value when the learning rate remains constant. However, when outliers exist within
the sample, the RMSE assigns a higher weight to these outliers in the sense that the squared differences
are averaged and then the square root is taken. The MAE measures the average absolute error between the
predicted value and the true value. The smaller the value of MAE, the better the model performance. This
is because a smaller MAE value means that the model predicts less error. The input value exhibits a stable
gradient regardless of its magnitude, ensuring that it does not result in the gradient explosion issue. Therefore,
it possesses a fairly robust solution. While the MAE curve maintains continuity, it lacks differentiability at x =
0. Additionally, the MAE gradient remains uniform in the majority of cases, leading to significant gradients
for even minor loss values. This characteristic hampers function convergence and impedes model learning.
The R-square (R?) represents the portion of the variation in the dependent variable that can be explained by
the model. It usually takes a value in the range of 0 to 1. The closer it is to 1, the better the model’s ability to
explain the data. And the predicted values built by the model fit the actual observations better.

w2
RMSszlz% (7)
i=1

MAE :M (8)
n
R2=1- M 9)
2 (yi-7)

4.3 Comparison of Experimental Results
4.3.1 Advanced CNN-BiLSTM-Attention Model Result Comparison

This section elaborates on the superior performance of the proposed advanced CNN-BiLSTM-Attention
model in grid-supplied load forecasting, particularly under extreme weather conditions, as evidenced
by Figs. 8 and 9, and Table 1. Across the eight extreme weather days used for validation (including 14, 18,
21, 29, 30 January; 1 March; and 1, 31 December 2018), the results consistently demonstrate a clear pattern.
The “Corrected Load” curve from the improved model consistently aligns more closely with the “True Load”
curve compared to the “Predicted Load” curve from the original model. This improvement is particularly
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noticeable during periods of significant load fluctuations or pronounced peaks and troughs, which are
characteristic of extreme weather events. For instance, in several subplots (e.g., 14 January, 21 January,
1 March) the original model’s predictions (“Predicted Load”) often exhibit noticeable deviations or delayed
responses to rapid changes in demand. In contrast, the “Corrected Load” from the advanced model closely
tracks the actual load, accurately capturing both the magnitude and timing of these dynamic shifts. These
visual comparisons strongly attest to the significantly enhanced prediction accuracy and robustness of the
advanced CNN-BiLSTM-Attention model when dealing with challenging extreme weather scenarios.

Nomalized Gri Load

Figure 9: Comparison of grid-supplied load forecasts: original vs. modified CNN-BiLSTM (Part 2)
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Table 1: Comparison of prediction error metrics between the original and modified models over eight days

CNN-BiLSTM-attention CNN-BiLSTM-attention (Advanced)

Casel(1-14) MAE 0.0316 0.0255

RMSE 0.0401 0.0329

R 80.4% 86.8%

Case2(1-18) MAE 0.0247 0.0202
RMSE 0.0340 0.0266

R’ 74.02% 84.09%

Case3(1-21) MAE 0.0240 0.0234

RMSE 0.0301 0.0297

R 79.69% 80.14%

Case4 (1-29) MAE 0.0263 0.0235
RMSE 0.0301 0.0274

R 79.59% 83.12%

Case5(1-30) MAE 0.0257 0.0212
RMSE 0.0294 0.0242

R’ 79.14% 84.24%

Case 6 (3-1) MAE 0.0262 0.0199

RMSE 0.0300 0.0231

R 79.59% 85.12%

Case7 (12-1) MAE 0.0284 0.0229
RMSE 0.0321 0.0283

R 78.56% 81.34%

Case 8 (12-31) MAE 0.0301 0.0229
RMSE 0.0375 0.0301

R’ 74.02% 80.45%

Table 1 quantifies the prediction performance of the original CNN-BiLSTM-Attention model vs. the
CNN-BiLSTM-Attention (advanced) model across eight specific extreme weather dates. For all eight cases,
the “CNN-BiLSTM-Attention (advanced)” model consistently outperforms the original “CNN-BiLSTM-
Attention” model. Specifically, the advanced model consistently yields lower MAE values, indicating a smaller
average absolute difference between the predicted and actual loads. For example, in Case 1 (14 January), the
MAE decreased from 0.0316 to 0.0255. Similar reductions are observed across all cases, with the advanced
model achieving a lowest MAE of 0.0199 (Case 6,1 March) compared to 0.0262 for the original model on the
same day. Moreover, the R? values for the advanced model are consistently higher, indicating that a larger
proportion of the variance in grid-supplied load can be explained by the model. For example, in Case 1, the R?
increased from 80.4% to 86.8%. The advanced model achieves R? values above 80% in most cases, reaching
up to 86.8%, which demonstrates its superior ability to fit and explain the data compared to the original
model, which typically ranged from 74% to 80%.

Furthermore, in terms of training time comparison, although the CNN-BiLSTM-Attention model
requires longer training time than the basic model, it is relatively shorter compared to the Transformer
model. We conducted a training duration comparison between the CNN-BiLSTM-Attention model and the
Transformer model. The CNN-BiLSTM-Attention model averages 1.252 s per epoch, while the Transformer
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model averages 2.173 s per epoch. Additionally, thanks to the early stopping mechanism applied in the CNN-
BiLSTM-Attention model, its training steps are also shorter than those of the Transformer model. Moreover,
this paper proposes transfer training for extreme weather conditions, which can avoid the excessively long
training time caused by model retraining.

4.3.2 Comparison of Prediction Models for Extreme Weather

This control experiment also used CNN bilstm attention as the initial model, first training the source
domain and then fine-tuning the parameters in the target domain. Finally, it was compared with direct
prediction in the target domain. The experiment proved that transfer learning has significant advantages
in the application of extreme weather conditions in the grid-supplied load. By utilizing a large amount of
data under normal weather conditions for source domain training, the model can learn effective feature
representations. Under extreme weather conditions, transfer learning not only effectively solves the problem
of data scarcity by fine-tuning pre trained models, but also significantly improves the prediction accuracy
and interpretability of the models. Compared with models trained directly on extreme weather data, transfer
learning performs better in error metrics such as MAE, RMSE, and MAPE, and has higher R? values
(Table 2, Figs. 10-12), indicating its stronger ability to fit and interpret data. Although transfer learning
performs slightly better than source domain training on certain error metrics, its overall performance in the
target domain is superior to direct training, especially in situations where data is scarce. Therefore, transfer
learning is an effective method to solve the problem of extreme weather prediction for grid-supplied load,
which can improve the robustness and reliability of the model.

Table 2: Comparison of error metrics and R? values for different training approaches

Source domain Target domain Target domain
performance (Transfer learning) (Direct training)
MAE 3.94 7.23 10.79
RMSE 6.26 8.75 11.85
MAPE 1.55% 2.84% 3.96%
R’ 0.9013 0.8894 0.7973
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Figure 10: Source domain prediction
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As illustrated in Table 2, the transfer learning strategy exhibits remarkable advantages in the target
domain (extreme weather scenarios): compared with direct training on extreme weather data, the transfer
learning model achieves a 33.0% reduction in MAE (from 10.79 to 7.23), a 26.2% decrease in RMSE (from 11.85
t0 8.75), and a 28.3% drop in MAPE (from 3.96% to 2.84%), while the R? value increases by 11.6% (from 0.7973
to 0.8894). These metrics clearly demonstrate that transfer learning effectively mitigates the negative impact
of scarce extreme weather samples on model performance. Fig. 10 presents the source domain prediction
results, where the predicted values closely align with the actual grid-supplied load under regular weather,
with a high R* of 0.9013, indicating that the pre-trained model has learned robust general spatiotemporal
patterns from abundant normal weather data, laying a solid foundation for subsequent fine-tuning. In the
target domain comparison (Fig. 11), the prediction curve of the transfer learning model shows a tighter fit
to the actual load, especially during periods of sharp load fluctuations caused by extreme weather, where it
accurately captures the magnitude and timing of load changes, whereas the directly trained model exhibits
larger deviations and delayed responses to such fluctuations. The metrics comparison in Fig. 12 further
visualizes these improvements: the bar heights for MAE, RMSE, and MAPE are significantly lower for
transfer learning than for direct training, while the R? bar is notably higher, providing intuitive evidence for
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the superiority of the transfer learning strategy in balancing prediction accuracy and generalization under
extreme weather conditions.

5 Conclusion

In conclusion, given the inadequate accuracy of grid-supplied load forecasting in an expanding
power system characterized by increasingly frequent extreme weather conditions, this paper proposes a
CNN-BiLSTM-Attention model integrated with transfer learning. The model leverages pre-training on
approximately 300 days of normal weather data and fine-tuning on 20 days of extreme weather samples
from a region in the southeastern coast of China, where data were strictly screened based on regional
load-equivalent meteorological indices to cover high-load, low-load, and sudden load change scenarios.
Experimental results demonstrate superior accuracy over traditional methods, with significant improve-
ments in MAE, RMSE, MAPE, and R* metrics. The regional case study, contextualized to the southeastern
coast’s typhoon-prone climate and subtropical load dynamics, highlights the model’s adaptability to climate-
specific patterns, with multivariate meteorological inputs (including temperature, humidity, visibility, etc.)
ensuring comprehensive capture of weather-load interactions. The regional case study in Fujian Province,
contextualized to its typhoon-prone climate, highlights the model’s adaptability to climate-specific load
dynamics. Multivariate meteorological inputs ensure comprehensive capture of weather-load interactions,
while the industry-standard definition of grid-supplied load enhances practical relevance. Building on the
validated transfer learning strategy, future research may expand to cross-regional datasets and integrate
off-grid energy dynamics to further enhance generalizability. This work advances both methodological
innovation and operational resilience for power systems in evolving climatic landscapes.
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