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Abstract 
 
Data-driven forecasting has become increasingly important for describing the temporal interactions among heterogeneous 
variables in modern power systems. To capture the nonlinear coupling, heterogeneous fluctuations, and multi-scale temporal 
variations between renewable generation and load demand, this study develops an MT-Transformer framework for 
coordinated wind–solar–load forecasting. Meteorological variables, historical renewable output, historical load, and 
temporal labels are integrated as model inputs. A shared Transformer encoder is used to learn common temporal 
representations, and task-specific forecasting heads are designed to generate synchronized predictions for wind power, PV 
power, and load. The experimental results show that MT-Transformer achieves an MAE of 0.0848, an RMSE of 0.1254, and 
an R² of 0.9302. Compared with the Persistence Model, the MAE and RMSE decrease by 36.05% and 30.49%, respectively. 
The predicted outputs are further converted into a net-load sequence, from which fluctuation indicators are derived. The 
peak-valley difference reaches 0.462 p.u., and the maximum ramp rate reaches 0.087 p.u./h, indicating evident peak-shaving 
pressure and short-term regulation demand. These findings suggest that the proposed framework can improve coordinated 
forecasting performance and provides quantitative evidence for coal-power peak regulation, reserve capacity allocation, and 
ancillary service demand identification. 
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1. Introduction 

China’s dual-carbon strategy is reshaping the power sector 
by increasing the share of renewable generation in the 
electricity mix. Wind and PV power have become important 
incremental sources in the restructuring of power supply [1]. 
However, renewable output is strongly driven by weather 
conditions and therefore shows randomness, intermittency, 
and volatility [2,3]. These characteristics make the net-load 
curve more nonlinear and more variable across multiple time 
scales. At the same time, coal power is shifting from a 
conventional baseload supplier to a resource that provides 
regulation, backup, and capacity support [4]. Its value is no  

longer evaluated only through electricity generation, but also 
through capacity adequacy, flexibility contribution, and low-
carbon transition support[5]. Against this background, data-
driven forecasting models are needed to describe the temporal 
interactions between renewable supply and load demand, and 
to identify peak-shaving, ramping, and reserve-capacity 
requirements caused by net-load fluctuations [6-8]. 
Therefore, a multi-source forecasting model for renewable 
output and electric load is essential for improving net-load 
analysis and coal-power regulation demand identification. 

Renewable-output forecasting and load forecasting 
provide essential support for power-system dispatch and 
operation [9]. Forecasting research has gradually shifted from 
statistical time-series techniques to machine learning and 
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deep neural-network models [10-12]. Statistical models are 
structurally clear and interpretable, but their adaptability is 
limited when renewable output contains random disturbances, 
non-stationary patterns, and nonlinear variations [13]. 
Machine learning methods improve nonlinear fitting ability, 
yet their performance often depends on manual feature design 
and relatively stable data distributions[14]. Deep learning 
models can jointly use weather information, historical 
generation, load records, and temporal labels, making them 
more suitable for extracting complex temporal features 
[15,16]. More recently, self-attention-based models have 
been used to capture global temporal dependencies in long-
sequence, multivariate, and multi-scale forecasting tasks, 
providing a technical basis for coordinated modeling of wind, 
PV, and load [17,18]. Nevertheless, three limitations remain. 
First, existing studies often predict renewable output and load 
separately, while unified wind–solar–load forecasting is still 
insufficient. Second, many evaluations focus mainly on 
average errors, with less attention paid to multi-step stability, 
peak-valley identification, and ramping-related performance. 
Third, forecasting results are rarely transformed into net-load 
fluctuation indicators, which limits their direct use in coal-
power peak regulation, reserve capacity planning, and 
ancillary service analysis [19]. Therefore, it is necessary to 
link artificial intelligence forecasting with net-load 
fluctuation identification. 

Recent work has examined renewable-output prediction, 
demand forecasting, and long-horizon temporal modeling 
from different methodological perspectives. Pandžić et al. 
[20] emphasized that PV forecasting should consider data
quality, forecasting horizon, and application scenario at the
same time. Wang et al. [21] showed that deep learning can
improve the extraction of nonlinear wind-power fluctuation
features, although stable multi-step forecasting remains
challenging. Manandhar et al. [22] compared Prophet [23],
Random Forest, and LSTM for short-term load forecasting,
suggesting that model performance should be assessed
through multiple indicators rather than a single metric.
Vaswani et al. [24] proposed the Transformer architecture,
and Wu et al. [25] introduced graph information into
Transformer-based wind-power forecasting for non-
stationary multivariate spatio-temporal data. These studies
indicate that self-attention is useful for modeling multivariate
dependencies and complex periodic patterns. Overall,
existing studies provide a foundation for renewable
forecasting, load prediction, and Transformer-based temporal
modeling. However, most of them still emphasize single-
object prediction or accuracy improvement, while the
collaborative modeling of wind, PV, and load and its
connection with coal-power regulation demand remain
insufficient.

Figure 1. Overall framework of MT-Transformer-based joint forecasting of wind, PV, and load for coal-power 

policy adaptation

To address the above research gaps, this study constructs 
an MT-Transformer joint forecasting model for the three 

target variables. Based on the idea of multi-task learning, the 
model uses meteorological variables, historical wind power 
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output, historical PV output, historical load, and temporal 
labels as multi-source inputs. A shared Transformer encoder 
is employed to learn common temporal features among wind, 
PV, and load, while three forecasting heads are designed to 
generate synchronized multi-step predictions for the three 
target variables [26]. This design enables the model to jointly 
describe the coupled evolution of renewable generation and 
electric load. To verify the effectiveness of the model, this 
study evaluates forecasting performance in terms of overall 
error, forecasting accuracy, multi-step forecasting stability, 
and ablation experiments. Furthermore, the forecasting results 
are used to calculate the net load and extract indicators 
including peak-valley difference, maximum ramp rate, 
average ramp rate, and fluctuation amplitude [27,28]. 
Through this design, the outputs of the artificial intelligence 
forecasting model are transformed into an analytical basis for 
identifying coal-power peak-shaving pressure, reserve 
capacity demand, and ancillary service demand, thereby 

improving the operational interpretability of joint forecasting 
results. The overall research framework is shown in Figure 1. 

2. Construction of an MT-Transformer 
Joint Forecasting Model for Coal-Power 
Regulation Demand Identification 

This section presents the design of the MT-Transformer 
model for joint forecasting of the three forecasting targets. It 
first defines the joint forecasting task and then introduces 
multi-source feature construction, sliding-window sample 
generation, the shared Transformer encoder, multi-task 
forecasting heads, and net-load fluctuation feature extraction. 
These components provide the methodological basis for 
subsequent experimental validation and coal-power 
regulation demand analysis. 

 

 

Figure 2. Relationship between the joint forecasting task and indicator transformation for wind, PV, and load

2.1. Joint Forecasting Task Formulation and 
Net Load Mapping Logic for wind, PV, and 
load 

In this forecasting task, the three targets are treated as 
coupled temporal variables within the power-system 
supply–demand balance [29]. Wind and PV outputs describe 
renewable-side variations, while electric load reflects 

demand-side changes. Their joint evolution determines the 
system net-load level [30,31]. Therefore, the proposed model 
does not regard them as isolated prediction objects. Instead, it 
builds a unified wind–solar–load forecasting task, where 
multi-source historical information is used to generate 
synchronized predictions for the three targets. As shown in 
Figure 2, the predicted trajectories are then used for net-load 
calculation and fluctuation-feature extraction. 
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Let L denote the historical input length and H denote the 
forecasting horizon. At time t, the model uses the multi-source 
observations from the previous L time steps to predict the 
three targets over the following H time steps. The input 
sequence contains meteorological variables, historical wind 
output, historical PV output, historical load, and temporal 
labels, as shown in Eq. (1). 

 
Xt-L+1:t=�Xt-L+1:t

met , Xt-L+1:t
w , Xt-L+1:t

pv , Xt-L+1:t
load , Xt-L+1:t

time � (1) 
Y� t+1:t+H= �P� t+1:t+H

w , P� t+1:t+H
pv , P� t+1:t+H

load �         (2) 
 

In Eq. (1), Xmet、Xw、Xpv、Xload and Xtime  denote 
meteorological features, historical wind output, historical PV 
output, historical electric load, and temporal features, 
respectively. The model output is given in Eq. (2), where the 
three components represent the future predictions of wind 
output, PV output, and load. This design enables the model to 
produce synchronized forecasts in one multi-task framework, 
while learning shared temporal information and preserving 
task-specific differences. 

2.2. Multi-Source Feature Construction and 
Sliding Window Sample Generation 

Joint wind–solar–load forecasting depends on the 
coordinated use of heterogeneous temporal information [32]. 
In this study, the input variables are organized into four 
groups: meteorological factors, historical renewable 
generation, historical load, and temporal descriptors. 
Meteorological factors provide external driving information 
for renewable output changes. Wind speed, wind direction, 
and air pressure are closely associated with wind-power 
variation, while solar irradiance, temperature, humidity, and 
cloud cover directly affect photovoltaic generation [33,34]. 
Historical renewable-generation records are used to describe 
inertia, periodicity, and short-term variations in wind and PV 
series. Historical load reflects daily demand changes, weekly 
patterns, and peak-valley characteristics. Temporal 
descriptors further help the model distinguish hour-of-day, 
weekday, month, season, holiday, and working-day effects.

 

 

Figure 3. Sliding window sample construction 

For continuous multivariate time series, the period from 
t−L+1 to t is taken as the historical observation window, and 
the period from t+1 to t+H is used as the forecasting horizon. 
As shown in Figure 3, each sample contains meteorological 
variables, historical wind power output, historical PV output, 
historical electric load, and temporal labels in the input 
window. The corresponding target contains the future values 

of the three forecasting variables. By rolling the window 
forward along the time axis, the original sequence is 
reorganized into supervised learning samples. This 
construction keeps the temporal order of the data and reduces 
the risk of future information leakage caused by random 
splitting [35]. 
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After timestamp alignment, the above variables jointly 
form a multivariate temporal input matrix. For each time step 
t, all input features at that time can be represented as follows: 

 
xt=�xt

met, xt
w, xt

pv, xt
load, xt

time�          (3) 
 
where xt denotes the multi-source feature vector at time t. 

The input features over consecutive time steps can be 
organized into a historical input sequence of length L: 

 
Xt-L+1:t=[xt-L+1, xt-L+2,…, xt]          (4) 

 
To transform continuous time series into trainable samples, 

a sliding window method is adopted to construct supervised 
learning samples. Specifically, multi-source features from the 
past L time steps are used as the input, while the three 
forecasting targets over the future H time steps are used as the 
forecasting targets. When the temporal resolution is 1 hour, 
L=24 and H=24 can be set, meaning that the model uses the 
previous 24 hours of multi-source information to forecast the 
three target series over the next 24 hours. 

The i-th sliding window sample can be expressed as: 
 

X(i)=Xi:i+L-1                 (5) 

Y(i)=�Pi+L:i+L+H-1
w , Pi+L:i+L+H-1

pv , Pi+L:i+L+H-1
load �     (6) 

 
where X(i)  denotes the i-th input sample, and Y(i) 

denotes the corresponding multi-task forecasting target. The 
sliding window sample construction preserves the temporal 
continuity of the original series, avoids future information 
leakage caused by random shuffling, and provides a unified 
data structure for multi-step forecasting. 

2.3. Shared Encoding and multi-task 
Forecasting Architecture of MT-Transformer 

MT-Transformer is developed to predict renewable output 
and load demand in one multi-task framework. In this model, 
MT refers to multi-task learning. The architecture includes 
multi-source input processing, feature embedding, positional 
encoding, a shared Transformer encoder, and task-specific 
forecasting heads. Heterogeneous input variables are first 
projected into a common representation space. The shared 
encoder then extracts temporal features that are useful for all 
three forecasting tasks, and the forecasting heads separately 
generate the future trajectories of wind, PV, and load. 

 

 

Figure 4. Architecture of the MT-Transformer model 
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As illustrated in Figure 4, the multi-source variables are 
embedded and combined with positional information before 
entering the shared Transformer encoder. The encoder output 
is a unified temporal representation, which is then delivered 
to three separate forecasting heads. This design allows the 
model to complete joint prediction in a unified structure while 
maintaining the individual variation characteristics of 
different targets. 

Given the input sequence Xi:i+L-1 , the original multi-
source variables are first converted into a latent feature 
representation by a linear projection or embedding operation. 
Let dmodel denote the hidden dimension of the model. The 
embedding process is formulated in Eq. (7). 

 
E=Linear(X)                   (7) 

 
where E∈RL×dmodel  represents the embedded feature 

matrix, and Linear(·)  is a learnable mapping function. 
Through this embedding process, meteorological variables, 
historical wind power output, historical PV output, historical 
load, and temporal labels are placed in the same feature space. 
This provides a consistent input representation for the 
subsequent shared Transformer encoder. 

Because the Transformer structure itself does not explicitly 
record the chronological order of input observations, 
positional information is introduced to retain the temporal 
relationship among different time steps [36,37]. In this study, 
the positional encoding PE is added to the multi-source 
feature embedding E, and the initial representation entering 
the shared Transformer encoder is obtained as Eq. (8). 

 
Z0=E+PE                    (8) 

 
The positional encoding can be constructed by sinusoidal 

functions or by learnable positional embeddings. For the joint 
forecasting of wind, PV, and load, this design helps the model 
recognize time-related patterns, including the daily variation 
of photovoltaic output, the peak-valley pattern of load, and 
short-term fluctuations in wind power [38]. 

The shared encoder acts as the central representation-
learning component of MT-Transformer. Several encoder 
blocks are stacked to update the temporal representation, with 
attention-based interaction, residual paths, normalization, and 
nonlinear transformation applied inside each block. Before 
the attention operation, the temporal representation is 
projected into Q, K, and V so that relevance among different 
time steps can be evaluated. The self-attention operation is 
defined in Eq. (9). 

 
Attention(Q, K, V)=softmax �QKT

�dk
�V       (9) 

 
where Q, K, and V denote the query matrix, key matrix, 

and value matrix, respectively, and dk is the dimension of the 
key vectors. Through the attention weights between different 
time steps, the model can identify which historical 
observations are more relevant to the current prediction. In 
this way, the model can identify cross-time dependencies 
within the coupled forecasting sequence. 

The multi-head design allows several attention patterns to 
be learned in parallel rather than relying on a single temporal 
relation. In this way, the model can learn temporal 
relationships from different representation subspaces, as 
shown in Eq. (10) and Eq. (11). 

 
MultiHead(Q, K, V)=Concat(head1, head2,…, headh)WO(10) 

headi=Attention(QWi
Q, KWi

K, VWi
V)         (11) 

 
where h is the number of attention heads, and Wi

Q
、Wi

K

、Wi
V and WO are learnable parameter matrices. Different 

heads may emphasize different time scales or cross-variable 
interactions, allowing the model to represent the complex 
interactions among multi-source inputs. 

In each encoder block, the multi-head attention output is 
first combined with the original representation through 
residual connection and layer normalization, and is then 
transformed by the feed-forward network. This process is 
expressed in Eq. (12) and Eq. (13). 

 
Z�=LayerNorm(Z+MultiHead(Z))         (12) 

Z'=LayerNorm(Z�+FFN(Z�))           (13) 
 
where FFN(·) denotes the feed-forward neural network, 

and Z' is the output of the encoder block. After several 
encoder blocks, the shared temporal representation is 
obtained as Eq. (14). 

 
Z=Encoder(Z0)               (14) 

 
The representation Z integrates common temporal 

information needed by the wind, PV, and load forecasting 
tasks. 

After the shared temporal representation Z is generated, the 
model introduces three separate forecasting heads to produce 
the outputs of wind, PV, and load. These forecasting heads 
can be constructed by linear layers or multilayer perceptrons, 
and their output forms are shown in Eq. (15)-Eq. (17). 

 
P� t+1:t+H

w =Headw(Z)                (15) 
P� t+1:t+H

pv =Headpv(Z)                (16) 
P� t+1:t+H

load =Headload(Z)               (17) 
 
where Headw(·)、Headpv(·) and Headload(·) denote the 

wind power forecasting head, PV power forecasting head, and 
load forecasting head, respectively. Each head outputs H 
future values, corresponding to the forecasting horizon. The 
shared encoder provides common temporal representations 
for the three tasks, while the separate heads allow each target 
variable to retain its own changing pattern. 

Compared with a standard Transformer used for single-
target forecasting, MT-Transformer retains the shared 
Transformer encoder but replaces the single-output layer with 
three task-specific forecasting heads. In this study, MT-
Transformer uses 3 encoder layers, 4 attention heads, and a 
hidden dimension of 64, enabling coordinated wind, PV, and 
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load forecasting while preserving target-specific output 
patterns. 

2.4. Multi-task Joint Optimization for 
Coordinated Forecasting of Wind, PV, and 
Load 

Because the model generates wind, PV, and load 
predictions at the same time, the training objective needs to 
combine the errors of the three tasks. Let Lwind , Lpv  and 
Lload represent the forecasting losses for wind, PV, and load, 
respectively. The total training loss is defined in Eq. (18). 

 
Loss=αLwind+βLpv+γLload           (18) 

 
where α, β, and γ are the weighting coefficients of the three 

task losses. When the three targets are considered equally 
important, the weights can be set as α=β=γ=1. In preliminary 
validation experiments, different task-loss weight 
combinations were compared, and the equal-weight setting 
achieved more balanced overall performance across wind, 
PV, and load forecasting tasks. For each single task, the loss 
is calculated by the mean squared error between the predicted 

and actual values within the forecasting horizon, as shown in 
Eq. (19). 

 
Ltask= 1

H
∑ (H

h=1 Pt+h-P� t+h)2            (19) 
 
where Pt+h is the actual value at the t+h-th time step, Pt+h 

denotes the corresponding predicted value, and H is the 
forecasting horizon. The losses of wind, PV, and load are first 
calculated separately and then combined through Eq. (18) for 
joint optimization. 

With this multi-task loss design, the three forecasting 
objectives are updated together during model training. As a 
result, the shared Transformer encoder can learn temporal 
representations that better reflect the relationships among 
system variables. Compared with independent single-task 
training, this optimization strategy reduces repeated feature 
extraction and improves the use of shared information among 
wind, PV, and load. 

2.5 Construction of Net Load Fluctuation 
Indicators and Representation of Regulation 
Demand 

 

Figure 5. Net load calculation and fluctuation feature extraction 

After the model outputs the forecasts of wind power, PV 
power, and electric load, this study further designs a module 

for net-load calculation and fluctuation-feature extraction. 
This module is arranged after the forecasting stage and 
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functions as a post-processing component. It converts the 
three predicted trajectories into a residual-demand sequence 
of the power system and then extracts fluctuation indicators 
related to regulation pressure. 

As illustrated in Figure 5, the predicted wind, PV, and load 
are first combined to calculate the net-load series over the 
future forecasting horizon. On this basis, four indicators are 
extracted, including peak-valley difference, maximum ramp 
rate, average ramp rate, and fluctuation amplitude. These 
indicators are used to describe system peak-shaving pressure, 
ramping demand, and operational uncertainty. Therefore, this 
step connects the forecasting results with the subsequent 
analysis of coal-power regulation demand. 

Net load represents the remaining electricity demand after 
wind power and PV power are subtracted from the total load. 
This remaining demand needs to be supplied by coal-fired 
power units, energy storage, gas-fired units, or other 
dispatchable resources. For the future t+h-th time step, the 
predicted net load is calculated as Eq. (20). 

 
P� t+h

net =P� t+h
load-P� t+h

w -P� t+h
pv , h=1, 2,…, H       (20) 

 
where P� t+h

net  denotes the predicted net load, P� t+h
load denotes 

the predicted load, P� t+h
w  denotes the predicted wind power 

output, and P� t+h
pv  denotes the predicted PV output. Compared 

with examining wind power, PV power, or load curves 
individually, net load provides a more direct representation of 
the supply and regulation pressure that remains on the system 
after renewable generation has been absorbed. 

To describe the fluctuation characteristics of net load, this 
study extracts four indicators: peak-valley difference, 
maximum ramp rate, average ramp rate, and fluctuation 
amplitude. 

First, the peak-valley difference measures the gap between 
the maximum and minimum net-load values within the 
forecasting horizon, as shown in Eq. (21). 

 
ΔP=max(P� t+1:t+H

net )-min(P� t+1:t+H
net )          (21) 

 
A larger ΔP  means that the net load varies more 

significantly between high-load and low-load periods, which 
corresponds to stronger peak-shaving pressure. 

 
Second, the maximum ramp rate describes the largest net-

load change between two adjacent time steps, as shown in Eq. 
(22). 

 
Rmax=maxh=2,…, H �P� t+h

net -P� t+h-1
net �          (22) 

 
A larger Rmax indicates that the system faces a stronger 

requirement for short-term fast regulation. 
Third, the average ramp rate reflects the overall changing 

intensity of the net-load sequence during the forecasting 
horizon, as expressed in Eq. (23). 

 
Ravg= 1

H-1
∑ �P� t+h

net -P� t+h-1
net �H

h=2           (23) 
 

where Ravg represents the average variation level of net 
load over the forecasting horizon. 

Fourth, the fluctuation amplitude measures the dispersion 
degree of the predicted net-load sequence, as shown in Eq. 
(24). 

 
σnet=std(P� t+1:t+H

net )               (24) 
 
A larger σnet indicates that the net-load series fluctuates 

more strongly and that the system faces a higher level of 
operational uncertainty. 

Through these indicators, the forecasting outputs of wind, 
PV, and load generated by MT-Transformer are converted 
into interpretable net-load fluctuation features. This module 
retains the numerical information contained in the model 
outputs and further provides quantitative evidence for 
analyzing regulation pressure, ramping demand, reserve 
capacity demand, and ancillary service demand in the 
experimental section. 

For engineering interpretation, the p.u. fluctuation 
indicators can be converted into MW or MW/h according to 
the reference system capacity. The peak-valley difference 
reflects MW-level peak-shaving demand, while the ramp-rate 
indicators describe MW/h-level regulation requirements. This 
conversion links normalized net-load indicators with practical 
coal-power regulation needs, including deep peak shaving, 
ramping capability, and reserve capacity. 

3. Experimental Evaluation and Result 
Analysis 

3.1. Data Description and Experimental Setup 

The experimental dataset used in this study was 
constructed from China-related renewable generation and 
electricity load datasets. Wind and PV generation data were 
obtained from the Chinese State Grid Renewable Energy 
Generation Forecasting Competition dataset, and the electric 
load series was obtained from a provincial hourly electricity 
load dataset in China. The selected study period covers 2019-
2020. The original renewable-generation data were 
aggregated to an hourly resolution and aligned with the load 
and meteorological records by timestamp. After 
preprocessing, approximately 17,500 valid hourly records 
were retained. 

Wind power, PV power, and electric load were normalized 
into p.u. values based on their corresponding capacity or load 
bases. Missing records were filled by linear interpolation, and 
abnormal values were checked according to the physical 
range of each variable before normalization. The p.u. values 
reported in the experiments are normalized relative values, 
which are used to compare fluctuation intensity across models 
and time periods. Therefore, the net-load peak-valley 
difference and ramp rate discussed later represent relative 
fluctuation levels within the forecasting horizon, rather than 
the original unnormalized power values. 
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Figure 6. Intraday distribution characteristics of wind power output, PV output, and electric load 
(a) Hourly distribution characteristics of wind power output and photovoltaic power output 

(b) Hourly distribution characteristics of electric load. 

The time resolution is one hour, and the forecasting 
horizon is the next 24 hours. The input set combines weather-
related variables, historical wind and PV generation, previous 
load observations, and calendar-based labels. The outputs are 
the 24-hour-ahead forecasts of the three target series. The 
samples were divided chronologically, with the first 70% 
used for training, the following 15% for validation, and the 
final 15% for testing. Random partitioning was avoided 
because time-series samples have temporal dependence, and 
random shuffling may introduce future information into the 
training process. The training set was used to learn model 
parameters, the validation set was used for hyperparameter 
adjustment and early stopping, and the test set was reserved 
for evaluating generalization performance. 

To present the intraday distribution patterns of the three 
targets, Figures 6(a) and 6(b) show their hourly boxplot 
distributions. Figures 6(a) and 6(b) indicate that the three 
targets have clearly different intraday distribution 
characteristics. Wind power output varies more widely across 
hours, PV output follows a distinct daytime generation 
pattern, and electric load shows a relatively stable peak-valley 
structure within the day. These differences in fluctuation 
range, periodicity, and distribution shape suggest that the 
three variables are governed by different temporal dynamics. 
This provides data-level support for adopting a multi-task 
joint forecasting framework. 

For evaluating the effectiveness of MT-Transformer, this 
study selects baseline models from several categories, 
including persistence forecasting, traditional statistical 
modeling, machine learning, recurrent neural networks, and 
Transformer-based methods. The specific comparison models 
are Persistence Model, ARIMA, SVR, Random Forest, 
XGBoost, LSTM, GRU, Transformer, Informer, and 
Autoformer. This setting enables the proposed model to be 
compared under different forecasting paradigms. 

For implementation, MT-Transformer was configured 
with 3 Transformer encoder layers, a hidden dimension of 64, 
4 attention heads, and a dropout rate of 0.1. The model was 
trained using the Adam optimizer with a learning rate of 1e-3 
and a batch size of 64. The maximum number of training 
epochs was set to 100, and early stopping was applied when 
the validation loss did not improve for 10 consecutive epochs. 
The random seed was fixed at 42 for reproducibility. For 
baseline models, the input window, forecasting horizon, 
chronological data split, and evaluation metrics were kept 
consistent with MT-Transformer. Their main 
hyperparameters were tuned on the validation set. 

3.2. Forecasting Performance Comparison 
among Different Models 

The comparative results in Table 1 show clear performance 
differences among the evaluated forecasting methods. The 
evaluation metrics include MAE, RMSE, MAPE, SMAPE, 
NRMSE, and R², where SMAPE denotes symmetric mean 
absolute percentage error. The Persistence Model and 
ARIMA produce larger errors, which suggests that simple 
continuation assumptions and linear time-series structures are 
insufficient for describing the nonlinear variations of wind 
power, PV power, and electric load. Compared with these 
traditional models, SVR, Random Forest, and XGBoost 
obtain better results to varying degrees. SVR performs well in 
MAE and MAPE, Random Forest shows relatively stable 
RMSE and R² values, and XGBoost achieves competitive 
results on several indicators. This result implies that well-
designed input features can still make conventional machine 
learning models competitive. 

Because photovoltaic output may approach zero during 
nighttime periods, MAPE can become sensitive and may 
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overstate the relative error under low-output conditions. For 
this reason, SMAPE and NRMSE are introduced as 
supplementary metrics. MAE, RMSE, and R² are also 

considered together so that model performance can be 
assessed from multiple perspectives. 

Table 1. Comparative forecasting results of different models 

Model MAE RMSE MAPE/% SMAPE/% NRMSE R² 

Persistence Model 0.1326 0.1804 23.36 20.17 0.1879 0.8258 
ARIMA 0.1214 0.1661 20.85 18.46 0.1718 0.8509 

SVR 0.1068 0.1594 18.74 17.31 0.1652 0.8698 
Random Forest 0.1142 0.1476 18.29 16.08 0.1537 0.8856 

XGBoost 0.0976 0.1448 16.68 15.42 0.1491 0.8943 
LSTM 0.1013 0.1365 15.52 14.16 0.1414 0.9072 
GRU 0.0946 0.1402 16.21 13.71 0.1453 0.9041 

Transformer 0.0924 0.1287 14.26 13.18 0.1346 0.9179 
Informer 0.0881 0.1239 14.72 12.86 0.1305 0.9248 

Autoformer 0.0869 0.1276 13.79 12.61 0.1324 0.9271 
MT-Transformer 0.0848 0.1254 14.05 12.43 0.1269 0.9302 

Deep temporal models generally improve prediction 
quality, although their advantages are distributed unevenly 
across different metrics. LSTM has slightly lower RMSE and 
higher R² than GRU, while GRU performs better in MAE and 
SMAPE. Among the Transformer-based models, Informer 
obtains the lowest RMSE, and Autoformer has an advantage 
in MAPE. MT-Transformer performs well in MAE, SMAPE, 
NRMSE, and R². Although it is not the optimal model for 
every single metric, it achieves a more balanced result across 
the main indicators. This suggests that the shared encoder and 
the multi-task forecasting heads help improve the joint 
prediction of wind, PV, and load. 

To further evaluate the robustness of the forecasting 
results, repeated experiments were conducted using three 
random seeds, and Table 2 reports the mean and standard 
deviation of the main deep-learning models. The results show 
that MT-Transformer maintains stable and competitive 
performance across different random seeds. It achieves the 
lowest MAE, SMAPE, and NRMSE and the highest R², while 
remaining close to the best results in RMSE and MAPE. This 
indicates that its overall advantage is not caused by a single 
random initialization. 

Table 2. Robustness comparison under different random seeds 

Model MAE RMSE MAPE/% SMAPE/% NRMSE R² 

LSTM 0.0917 ± 
0.0025 

0.1331 ± 
0.0032 15.42 ± 0.45 13.31 ± 0.36 0.1378 ± 

0.0033 
0.9181 ± 

0.0063 

Transformer 0.0895 ± 
0.0022 

0.1294 ± 
0.0029 14.96 ± 0.39 13.06 ± 0.32 0.1340 ± 

0.0030 
0.9235 ± 

0.0055 

Informer 0.0881 ± 
0.0019 

0.1239 ± 
0.0024 14.72 ± 0.35 12.86 ± 0.29 0.1305 ± 

0.0026 
0.9248 ± 

0.0049 

Autoformer 0.0869 ± 
0.0018 

0.1276 ± 
0.0023 13.79 ± 0.32 12.61 ± 0.26 0.1324 ± 

0.0024 
0.9271 ± 

0.0043 

MT-Transformer 0.0848 ± 
0.0013 

0.1254 ± 
0.0018 14.05 ± 0.28 12.43 ± 0.22 0.1269 ± 

0.0019 
0.9302 ± 

0.0035 

 
 

Table 3. Task-specific forecasting performance of MT-Transformer 

Target MAE RMSE SMAPE/% R² 

Wind power 0.0896 0.1328  13.84  0.9187 
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PV power 0.0785 0.1169 11.76 0.9364  
Electric load 0.0863 0.1265 11.69 0.9355 

 

Figure 7. Bubble-based comparison of model performance metrics 
 
Table 3 shows that MT-Transformer achieves stable 

forecasting performance across wind power, PV power, and 
electric load. The results suggest that the multi-task structure 
can support coordinated forecasting of all three targets, 
although the prediction difficulty varies among different 
targets. 

Figure 7 further presents the multi-metric comparison 
among different models in the form of a bubble chart. The 
distribution of the indicators shows that MT-Transformer 
maintains a relatively balanced performance, while Informer 
and Autoformer retain advantages in some specific error 
metrics. This visual comparison is consistent with the 
numerical results reported in Table 1. 

3.3. Forecasting Accuracy and Multi-Step 
Stability Analysis 

For dispatch-oriented applications, mean error values are 
insufficient to describe the practical usefulness of a 
forecasting model. Therefore, this study further uses 
forecasting accuracy (FA), FA based on SMAPE (FA-
SMAPE), and Acc10%, which denotes the percentage of 
predictions with relative error within 10%, to evaluate 
forecasting accuracy, and compares error variations under 
different forecasting horizons to assess multi-step stability 
[39]. The corresponding results are listed in Table 4. 

Table 4. Accuracy and horizon-wise error comparison of forecasting models 

Model FA/% FA-SMAPE/% Acc10% 1h Error 6h Error 12h Error 24h Error 
Persistence Model 76.94 80.06 61.20 0.0946 0.1198 0.1487 0.1873 

ARIMA 79.11 82.03 64.85 0.0872 0.1104 0.1361 0.1712 
SVR 81.38 82.74 70.12 0.0618 0.1126 0.1374 0.1698 

Random Forest 80.52 84.61 67.84 0.0845 0.0954 0.1216 0.1539 
XGBoost 84.06 84.36 72.91 0.0714 0.0918 0.1279 0.1467 

LSTM 82.86 86.03 74.28 0.0756 0.0837 0.1089 0.1415 
GRU 84.52 85.42 76.03 0.0667 0.0906 0.1158 0.1342 

Transformer 86.18 86.49 76.62 0.0642 0.0788 0.1047 0.1328 
Informer 85.16 87.52 78.35 0.0613 0.0824 0.0978 0.1296 

Autoformer 85.74 86.91 78.92 0.0631 0.0756 0.1012 0.1264 
MT-Transformer 86.08 87.71 79.64 0.0601 0.0774 0.0965 0.1236 

Table 4 compares forecasting accuracy and multi-step 
errors under different horizons. Traditional models have 
lower accuracy, and their errors increase more obviously as 
the forecasting horizon becomes longer. This indicates that 
they have limited ability to adapt to multivariate nonlinear 

fluctuations. Machine learning models and recurrent neural 
network models improve the results to some extent, but error 
accumulation is still visible in longer-horizon forecasting 
[40]. Deep time-series models show better stability overall, 
although each structure has its own local advantage. LSTM is 
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relatively stable in 6h and 12h Error, GRU performs better in 
Acc10% and 24h Error, Transformer has a slight advantage in 
FA, and Autoformer obtains a lower 6h Error. MT-
Transformer performs well in FA-SMAPE, Acc10%, 1h 
Error, 12h Error, and 24h Error, showing balanced 
performance in overall accuracy, short-horizon error control, 
and long-horizon stability. Figures 8(a) and 8(b) show that the 
errors of all models increase from 1 hour to 24 hours, but the 
growth of MT-Transformer is relatively smaller. This pattern 
further suggests that shared representation learning and task-
specific decoding help control error accumulation. 

In addition to the horizon-based stability analysis, high-
fluctuation periods in the test set were further reviewed to 

examine model behavior under abrupt-change conditions. 
These periods involve rapid variations in renewable output 
and load demand, including short-term changes in PV 
generation, wind power, and electric load. The results indicate 
that MT-Transformer can generally follow the main changing 
trend, although local prediction errors may increase when the 
fluctuation becomes more intense. This suggests that the 
proposed model has a certain level of robustness under non-
stationary conditions, while forecasting under more extreme 
or strong-fluctuation scenarios remains a challenging issue 
for future work. 

 

 

Figure 8. Horizon-wise error variation of forecasting models 
(a) 3D error surface of all compared models 
(b) Stability comparison of advanced models 

3.4. Model Training Process and Variable 
Correlation Analysis 

The training process is examined to evaluate the 
convergence behavior and stability of MT-Transformer. 
Figure 9 presents the comprehensive convergence diagnosis 

during model training. Both the training loss and validation 
loss decrease in the early stage and gradually stabilize in later 
epochs. This pattern indicates that the model can learn 
temporal features from wind, PV, and load series in a stable 
manner. The two curves do not show obvious separation, 
suggesting that serious overfitting does not occur during 
training.
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Figure 9. Training convergence diagnosis of MT-Transformer 

Although wind, PV, and load series are driven by different 
mechanisms, they still have statistical relationships with 
meteorological factors, historical output, and temporal 
variables. Figure 10 shows the correlation distribution among 
the wind–solar–load related variables. Wind power output is 
closely associated with wind speed and wind direction, 
photovoltaic output is more strongly related to solar 

irradiance, temperature, and temporal labels, and electric load 
is influenced by historical load, time-related features, and 
meteorological conditions [41]. The heatmap therefore 
supports the necessity of multi-source feature integration and 
also provides data-level evidence for using a shared encoder 
in multi-task time-series modeling.
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Figure 10. Correlation heatmap of wind power, PV power, load, and related variables 
 

 
3.5. Model Ablation and Module Contribution 
Analysis 

Ablation experiments are carried out to examine how 
different components contribute to the forecasting 
performance of MT-Transformer. Three comparative settings 
are designed: removing the multi-task structure, removing 
temporal features, and removing meteorological features. In 
the w/o Multi-task setting, the shared encoder and multi-task 

forecasting heads are removed, and separate single-task 
models are built for wind, PV, and load. In the w/o Time 
Features setting, temporal variables such as hour, day of 
week, month, season, holiday, and working-day indicators are 
excluded. In the w/o Meteorological Features setting, 
meteorological variables including wind speed, wind 
direction, air pressure, solar irradiance, temperature, 
humidity, and cloud cover are removed. The results of the 
ablation experiments are reported in Table 5.

Table 5. Ablation experiment results of MT-Transformer 

Model MAE RMSE MAPE/% SMAPE/% FA/% R² 
MT-Transformer 0.0848 0.1254 14.05 12.43 86.08 0.9302 
w/o Multi-task 0.0924 0.1316 15.37 13.48 84.91 0.9176 

w/o Time Features 0.0887 0.1334 14.69 13.31 85.38 0.9159 
w/o Meteorological 

Features 0.0951 0.1357 15.82 13.86 84.27 0.9098 

Table 5 shows that the full MT-Transformer obtains the 
best overall results among all ablation settings, which 
indicates that the multi-task structure, temporal features, and 
meteorological features all contribute to forecasting 
performance. When the multi-task structure is removed, 
MAE, MAPE, and SMAPE increase clearly. This suggests 
that separate modeling weakens the use of shared temporal 
information among wind, PV, and load. When temporal 
features are removed, MAE and MAPE increase slightly, and 
RMSE and R² also become worse to some extent. This result 

indicates that temporal labels help the model capture daily 
cycles, load peak-valley patterns, and photovoltaic output 
variation. When meteorological features are removed, the 
model shows the weakest performance, especially in MAE 
and MAPE. This is consistent with the strong dependence of 
renewable power output on exogenous weather factors such 
as wind speed, solar irradiance, and temperature. Figure 11 
further presents the performance changes under different 
ablation settings and visually confirms the importance of 
meteorological inputs. 
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Figure 11. Ablation experiment comparison of MT-Transformer 

3.6. Net Load Fluctuation Features and Coal-
Power Regulation Demand Identification 

After the forecasts of wind, PV, and load series are 
obtained, the predicted net load is further calculated, and four 
fluctuation indicators are extracted: peak-valley difference, 

maximum ramp rate, average ramp rate, and fluctuation 
amplitude. This section goes beyond forecasting-error 
comparison. It further examines whether the model outputs 
can be converted into operational indicators that describe 
system regulation pressure. Table 6 summarizes the net-load 
fluctuation indicators and the corresponding coal-power 
regulation demands.

 
Table 6. Net-load indicators and corresponding regulation requirements 

Indicator Numerical result System operation implication Corresponding coal-power regulation 
demand 

Peak-valley difference 0.462 p.u. Increased peak-shaving pressure Deep peak-shaving demand 
Maximum ramp rate 0.087 p.u./h Rapid short-term variation pressure Fast ramping capability demand 
Average ramp rate 0.041 p.u./h Continuous regulation pressure Flexible regulation demand 

Fluctuation amplitude 0.118 p.u. Increased operational uncertainty Reserve capacity and ancillary 
service demand 

 
Table 7. Validation of predicted net-load fluctuation indicators 

Indicator Actual value Predicted value Absolute error Relative error 
Peak-valley difference 0.474 p.u. 0.462 p.u. 0.012 p.u. 2.53% 
Maximum ramp rate 0.091 p.u./h 0.087 p.u./h 0.004 p.u./h 4.40% 
Average ramp rate 0.043 p.u./h 0.041 p.u./h 0.002 p.u./h 4.65% 

Fluctuation amplitude 0.122 p.u. 0.118 p.u. 0.004 p.u. 3.28% 
Large ramping-event 
detection accuracy 91.67% — — — 

According to Table 6, the peak-valley difference of the 
predicted net load reaches 0.462 p.u., corresponding to 462 
MW under the reference system capacity of 1000 MW. This 
value indicates that residual demand changes markedly 
between high-load and low-load periods within the 
forecasting horizon. Such variation implies evident peak-
shaving pressure on the system. For coal-fired power units, a 
larger peak-valley difference means that they need to reduce 
output or participate in deep peak-shaving during low net-
load periods, while providing capacity support when net load 
rises [42]. Therefore, the MW-level peak-shaving demand is 
closely related to the minimum stable output and deep peak-
shaving capability of coal-fired units. 

In terms of ramping behavior, the maximum ramp rate 
reaches 0.087 p.u./h, corresponding to 87 MW/h. This means 
that the net load changes sharply between some adjacent time 
steps and reflects the need for short-term response capability 
and fast load-following support. The average ramp rate is 
0.041 p.u./h, corresponding to 41 MW/h, indicating that net-
load variation is not only caused by local abrupt changes but 
also involves continuous regulation pressure over the 

forecasting horizon. The fluctuation amplitude is 0.118 p.u., 
corresponding to 118 MW, showing that the predicted net-
load sequence still has dispersion and uncertainty. Therefore, 
reserve capacity and ancillary service resources are needed to 
support stable system operation. 

The reliability of the net-load-based regulation demand 
identification was then validated by comparing predicted and 
actual net-load indicators. The actual net load was calculated 
using the observed wind power, PV power, and electric load 
in the test set, and the same fluctuation indicators were 
extracted from both the predicted and actual net-load 
sequences. As shown in Table 7, the predicted indicators are 
close to the actual indicators in terms of peak-valley 
difference, maximum ramp rate, average ramp rate, and 
fluctuation amplitude. The relative errors of the main 
indicators remain within 5%, and the large ramping-event 
detection accuracy reaches 91.67%. These results indicate 
that the predicted net-load indicators can effectively reflect 
the actual fluctuation characteristics and provide reliable 
support for coal-power regulation demand analysis. 
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Figure 12. Predicted net-load curve and derived fluctuation features 

Figure 12 shows the predicted net-load curve and the 
corresponding fluctuation features. The curve presents the 
high and low variations of net load within the forecasting 
horizon. The distance between the peak and valley 
corresponds to the peak-valley difference, while the changes 
between adjacent time periods reflect ramping demand [43]. 
The curve rises and falls noticeably in several periods, which 
indicates that the system requires both deep peak-shaving 
capability and rapid response capability.  

These results show that net-load fluctuation indicators can 
convert the forecasting outputs of MT-Transformer into 
operationally interpretable indicators. Therefore, joint 
forecasting of wind, PV, and load can support not only 
forecasting error evaluation, but also the identification of 
coal-power peak regulation pressure, fast ramping demand, 
reserve capacity demand, and ancillary service demand. 

4. Conclusions and Policy Implications 

This study examines coordinated forecasting of renewable 
output and electric load under high renewable-energy 
penetration. An MT-Transformer-based multi-task 
framework is developed, and its prediction outputs are further 
used to derive net-load and fluctuation indicators. The results 
show that the proposed framework can describe both 
renewable-side variability and demand-side changes. 
Compared with single-target forecasting, this approach 
provides a more direct basis for analyzing net-load variation 
and identifying the peak regulation, ramping, and reserve-
support requirements of coal-fired power units. 

In terms of forecasting performance, MT-Transformer 
achieves strong results in overall error, prediction accuracy, 
and multi-step stability. The model obtains an MAE of 
0.0848, an RMSE of 0.1254, and an R² of 0.9302. Compared 
with the Persistence Model, its MAE and RMSE decrease by 
36.05% and 30.49%, respectively. Compared with other deep 
learning and Transformer-based models, MT-Transformer 
remains competitive on most key indicators. This suggests 
that the shared Transformer encoder and multi-task 
forecasting heads can effectively learn common temporal 
features among wind, PV, and load. The ablation results 
further confirm the contribution of the multi-task structure, 
temporal features, and meteorological features. Among them, 
removing meteorological features leads to the most obvious 
performance decline. 

From the net-load perspective, the peak-valley difference 
within the forecasting horizon reaches 0.462 p.u., and the 
maximum ramp rate reaches 0.087 p.u./h. These values 
indicate that the system faces both peak-shaving pressure and 
short-term fast regulation demand under the joint influence of 
renewable output fluctuation and load variation. The average 
ramp rate and fluctuation amplitude further suggest that net-
load variation includes not only local peak-valley differences 
but also continuous fluctuation characteristics. Therefore, the 
MT-Transformer forecasting outputs can be used not only for 
joint forecasting accuracy evaluation, but also for 
constructing net-load fluctuation indicators. These indicators 
provide quantitative support for coal-power peak regulation, 
rapid ramping, reserve capacity allocation, and ancillary 
service demand identification. 
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Based on these findings, coal-power policy adaptation 
should place greater emphasis on capacity value and 
regulation value. Indicators such as peak-valley difference, 
ramp rate, and fluctuation amplitude can be introduced into 
the evaluation of capacity compensation, ancillary services, 
and flexibility retrofitting. This would provide quantitative 
evidence for coal-power peak regulation, reserve capacity 
allocation, and fast ramping services. In future policy 
implementation, regional renewable-energy structures and 
net-load fluctuation levels should also be considered. 
Differentiated flexibility retrofitting and low-carbon 
transformation of coal-fired power units should be promoted, 
so that coal power can provide stronger regulation support in 
power systems with high renewable energy penetration. 

Overall, the study links artificial intelligence forecasting 
with net-load fluctuation analysis and provides a quantitative 
route for identifying coal-power regulation demand. Future 
work can extend the model to longer time spans and multi-
region datasets. Probabilistic forecasting, energy storage 
participation, and electricity market mechanisms may also be 
incorporated to enhance model generalization and practical 
interpretability in complex power-system scenarios. 
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