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AFW-Attention-LSTM For Short-Term Heating Energy Prediction
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Short-term heating energy consumption prediction is essential for intelligent control and efficient energy
allocation in centralized heating systems. To address the limited nonlinear modeling ability of traditional
time-series methods, the insufficient long-term dependency learning of conventional machine learning models,
and the weak adaptability of existing LSTM-based models to multi-source heterogeneous features, this study
proposes an improved AFW-Attention-LSTM model integrating adaptive feature weighting and local attention
mechanisms. The model follows a four-stage framework of feature optimization, temporal extraction, key-
segment enhancement, and prediction output. The adaptive feature weighting module dynamically adjusts
the importance of environmental, operational, and building-related features to reduce redundant information
interference, while the local attention mechanism emphasizes critical temporal segments such as extreme
operating conditions and period transitions. Experiments using 121 days of real operational data from a
residential community in a severe cold region show that AFW-Attention-LSTM outperforms standard LSTM,
GRU, and Attention-LSTM under both normal and extreme operating conditions. In 1–24 h forecasting tasks, it
achieves lower MAE and RMSE, with a maximum prediction accuracy of 96.7% for 1-hour forecasting under
normal conditions. The model also demonstrates good training efficiency and prediction stability, providing an
effective technical solution for accurate short-term heating energy consumption forecasting and supporting
intelligent scheduling and optimized operation of centralized heating systems. However, since the data were
collected from a single residential community, further validation across different regions and heating systems is
required.
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1. Introduction

Short-term heating energy consumption prediction is a core
technical support for the intelligent control and efficient
energy allocation of centralised heating systems. Accu-
rate prediction results can directly guide the scheduling of
heat source production, adjustment of pipeline hydraulic
balance, and optimised operation of energy storage equip-
ment, which has significant engineering value for reducing
energy loss and improving system operational stability.
Current methods for predicting heating energy consump-

tion suffer from several limitations. Traditional time-series
algorithms, such as ARIMA models, have a limited ability
to fit nonlinear time-series features, making them ill-suited
to the complex characteristics of multi-factor coupling in
heating systems [1]. This results in poor timeliness and pre-
diction lags. Although machine learning algorithms, such
as BP neural networks, can handle nonlinear relationships,
their ability to capture long-term time-series dependen-
cies is insufficient, limiting their accuracy in short-term,
high-frequency prediction scenarios.
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LSTM neural networks, with their gating mechanism,
effectively solve the gradient vanishing problem of tra-
ditional RNNs, demonstrating significant advantages in
energy time-series prediction and being widely applied
to prediction tasks for energy systems, such as heating
and electricity [2]. However, existing LSTM and its im-
proved models still have significant limitations in heating
energy consumption prediction applications: most mod-
els use fixed-weight feature inputs, failing to dynamically
adapt to changes in the temporal correlation between multi-
source heterogeneous features (such as environmental, sys-
tem, and building characteristics) and energy consump-
tion; simultaneously, the models lack the ability to cap-
ture information from key time-series segments such as
extreme weather and heating season transitions, leading
to decreased prediction accuracy under complex condi-
tions [3]. Although improved LSTM models incorporat-
ing partial attention mechanisms enhance key information
extraction, they do not adequately consider the dynamic
optimisation of feature dimensions, leaving issues of fea-
ture redundancy and weakening of effective information
unresolved.

To address these research gaps, this study proposes an
improved LSTM algorithm (AFW-Attention-LSTM) that
integrates adaptive feature weighting and local attention
mechanisms [4] We first formulate the concrete research
questions (RQs) and research goals as follows:

1.1. Research Questions

1. RQ1: Can dynamic adaptive weighting of multi-
source heterogeneous features effectively reduce re-
dundant information interference and improve the
prediction accuracy of heating energy consumption
compared with fixed-weight feature input?

2. RQ2: Can a local attention mechanism focused on
key time segments (extreme weather, heating period
switching) enhance the model’s robustness under com-
plex and extreme operating conditions?

3. RQ3: Can the synergistic integration of adaptive fea-
ture weighting and local attention achieve a better
balance between prediction accuracy, stability, and
training efficiency than mainstream baseline models?

1.2. Research Goals

1. Primary goal: Develop a short-term heating energy
consumption prediction framework for 1-24 hour
ahead forecasting, which can dynamically adapt to
multi-source heterogeneous features and capture key
time-series information.

2. Performance goal: Reduce the MAE of 1-24 hour pre-
diction by more than 20% compared with standard
LSTM, and improve the prediction accuracy under ex-
treme working conditions by at least 15% relative to
the baseline model.

3. Practical goal: Ensure the model maintains high train-
ing efficiency and low computational overhead, meet-
ing the real-time scheduling requirements of actual
centralised heating systems.

The core innovation of this study lies in two aspects: (1)
constructing an adaptive feature weighting (AFW) module
to dynamically adjust and optimize the weights of multi-
source features based on temporal correlation and feature
redundancy; (2) combining the AFW module with a local at-
tention mechanism to enhance feature extraction from key
time-series segments, forming an integrated model of “dy-
namic feature optimization - key information enhancement
- time-series prediction”. This framework differs from the
LSTM-GBM combined model in [5] that focuses on model-
level fusion, as we optimize the model performance from
both feature dimension and temporal dimension simultane-
ously, providing an efficient technical solution for accurate
short-term heating energy consumption prediction. The
effectiveness and stability of the proposed algorithm are
verified through experimental simulations using real heat-
ing system operating data.

2. Materials and methods

2.1. Relevant Theoretical Foundations

2.1.1. Basic Principles of LSTM Neural Networks

LSTM neural networks are an improved version of recur-
rent neural networks (RNNs). The core of the LSTM lies
in the synergistic effect of the input, forget, and output
gates together with the cell state, which solves the gradient
vanishing problem of traditional RNNs [6]. The forget gate
uses a sigmoid activation function to determine whether to
retain or discard historical state data; the input gate com-
bines sigmoid and tanh to integrate new information; and
the output gate controls the cell state output ratio [7].

The LSTM processes input sequences time-step by
time-step, dynamically updating the cell state and hid-
den layer output via the gating mechanism to complete
the prediction task [8]. The core computational logic
can be represented by the following formulas: Forget
gate output ft = σ (We · [ht−1, xt] + be), input gate out-
put it = σ

(
WI · [ht−1, xt] + bI), candidate state C̃t =

tanh (Wc · [ht−1, xt] + bc), cell state Ct = ft ⊙ Ct−1 + it ⊙
C̃t, output gate ot = σ (Wo · [ht−1, xt] + bo), hidden layer
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output ht = ot ⊙ tanh (Ct), where W and b are the weight
matrix and bias term, σ and tanh are the activation func-
tions, and ⊙ is the element-wise product operation.

2.1.2. Analysis of Factors Affecting Heating Energy Consumption

Heating energy consumption is influenced by three factor
categories: environmental, system operation, and build-
ing characteristics. Outdoor temperature is the primary
environmental driver, with environmental factors account-
ing for approximately 60% of total energy consumption;
each 1◦C temperature drop raises energy use by 5% − 8%.
Wind speed and sunshine duration also affect consumption
dynamically through convective heat transfer and solar
radiation input.

System operation factors directly determine energy out-
put efficiency. Water supply temperature and flow rate reg-
ulate consumption through heat exchange intensity-each
5◦C supply temperature rise increases consumption by
10%− 12% while heating duration and staggered start/stop
scheduling reduce peak loads through load shifting [9].
Building characteristics are static features: building area
correlates positively with energy consumption, while en-
velope thermal insulation (e.g. heat transfer coefficient)
determines the energy loss rate, with excellent insulation
reducing basic consumption by over 30%. Environmental
and system operation factors exhibit strong temporal fluc-
tuations and are the dynamic characteristics most critical
for short-term forecasting.

2.1.3. Predictive Performance Evaluation Indicators

This study uses three metrics-Mean Absolute Error (MAE),
Root Mean Square Error (RMSE), and Prediction Accuracy-
to comprehensively evaluate the predictive performance of
the model. The MAE, calculated as the mean absolute error
between the predicted and actual values, reflects the overall
deviation of the prediction results [10]. The formula is MAE
= (1/n)Σ |yi − ŷi|, where n is the sample size, yi is the
actual energy consumption value, and ŷi is the predicted
value. This metric has a low sensitivity to outliers and can
intuitively reflect the average prediction accuracy.

RMSE is obtained by taking the square root of the mean
square error: RMSE =

√ (
(1/n)Σ (yi − ŷi)

2
)

. It has an
amplifying effect on larger errors and can effectively reflect
the extreme deviation of the prediction results, making
it suitable for evaluating the stability of the model under
complex working conditions [11]. Prediction accuracy is
used to characterize the reliability of the model: Accuracy
= (1/n)ΣI (|yi − ŷi| ≤ ε), where ε is the allowable error
threshold and I(·) is the indicator function.

The threshold ε is set to 5% − 10% per heating system
control requirements (GB/T 50019-2015). These three met-

rics jointly quantify model performance across overall de-
viation, extreme error, and practical reliability.

2.1.4. State-of-the-Art (SOTA) Benchmark Analysis

Recent studies on heating energy consumption prediction
have made significant progress in deep learning model op-
timization, as summarized in Table 1. However, existing
SOTA methods still have three key limitations that moti-
vate our work: 1. Most existing models adopt fixed-weight
feature input strategies, failing to dynamically adapt to the
time-varying correlation between multi-source heteroge-
neous features and heating energy consumption, leading
to reduced prediction accuracy under dynamic operating
conditions. 2. Models integrating attention mechanisms
mostly use global attention, which lacks targeted enhance-
ment of key time segments such as extreme weather and
heating period switching, resulting in poor robustness un-
der extreme conditions. 3. Few studies have conducted
systematic collaborative optimization from both feature
dimension and temporal dimension simultaneously, and
most lack quantitative ablation analysis of core modules
and cross-regional generalizability validation.

2.2. AFW-Attention-LSTM Algorithm Design

2.2.1. Overall Algorithm Architecture

The AFW-Attention-LSTM algorithm constructs a four-
level sequential architecture of "feature optimisation-
temporal extraction-key enhancement-prediction output,"
achieving dynamic adaptation of multi-source heteroge-
neous features and accurate capture of key temporal in-
formation [12]. The input layer receives eight core feature
data categories from the heating system, covering envi-
ronmental factors (outdoor temperature, humidity, wind
speed, and sunshine duration), system operating param-
eters (water supply temperature, flow rate, and heating
period), and building characteristics (building area). These
features differ in magnitude owing to their different physi-
cal meanings (e.g. temperature is in ◦C and building area is
in m2 ), requiring standardisation to eliminate the influence
of dimensions. The formula is as follows:

x′t = (xt − min(x)) /(max(x)− min(x)) (1)

This formula implements min-max normalisation, map-
ping the original feature values to the [0, 1] interval. Where
xt is the original feature value, min(x) and max(x) are the
global minimum and maximum values of the feature se-
quence, and x′t is the standardized feature (mapped to
[0, 1] ). The standardised feature sequence is fed into the
adaptive feature weighting (AFW) module, which strength-
ens the contribution of highly correlated features (such as
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Table 1. Summary of SOTA Research on Heating Energy Consumption Prediction.

Reference Core Approach Dataset Key Input Features Reported Performance

[2] Akbarzadeh et
al., 2023

LSTM with smart
building management

framework

Multi-building,
1-year hourly

Environmental,
building operational

1h MAE reduction
18.2% vs. standard

LSTM
[5] Batra et al.,

2024
LSTM-GBM

ensemble model
Residential, 8-month

data
Building thermal,

environmental
Heating load

R2 = 0.942
[8] Lan et al.,

2023
CNN-LSTM with
global attention

District heating,
6-month hourly

Outdoor temp., system
flow rate

24h accuracy
84.3%

[10] Vasenin et al.
, 2025

LSTM with
feature selection

Residential load,
1-year

Weather, historical
load

Day-ahead MAE
reduction 22.1%

This Study
AFW-Attention-LST M

(adaptive feature weighting
+ local attention)

121-day hourly, severely
cold region

Environmental, system
op., building (8 total)

1h accuracy 96.7%;
24h MAE -28.9%
vs. LSTM; 86.2%
under < −15◦C

outdoor temperature) and suppresses the interference of
redundant features through dynamic weight allocation [13].
The weighted feature sequence is fed into the improved
LSTM hidden layer, which improves the ability to capture
long-term dependencies by optimising the activation func-
tion of the gated unit (using LeakyReLU to replace the
traditional tanh to alleviate the gradient-saturation prob-
lem). The hidden state output by the LSTM is processed
by the local attention mechanism layer, which focuses on
the feature information of key periods, such as extreme low
temperature and heating start-up and shutdown, through
temporal segment weight allocation. Finally, the fully con-
nected output layer (containing one neuron with a linear
activation function) generated the predicted heating energy
consumption value for the next 1-24 hours.

2.2.2. Core Innovation Module Design

This module addresses the limitations of traditional models
with fixed feature weights by dynamically adjusting the
weights based on the temporal correlation between the fea-
tures and energy consumption, as well as the redundancy
between the features, to achieve real-time optimisation of
the input features [14]. The core process includes three
steps: correlation calculation, redundancy correction and
weight normalisation.

First, considering the daily cycle operation characteris-
tics of the heating system, the sliding window size was set
to 24 (corresponding to hourly data for one day). The tem-
poral correlation coefficient between the ith feature within
the window and the energy consumption sequence was
calculated:

ri,t = Σ
(
x′i, s − x′i

)
(ys − y) /√

[
Σ
(
x′i,s − x′i

)2 · Σ (ys − y)2
]

(2)
where x′i is the mean of the ith standardized feature within
the window, y is the mean of the actual energy consump-
tion within the window, and ys is the energy consumption

value at time s . The larger the absolute value of ri,t, the
stronger the correlation between the feature and energy
consumption.

Second, to avoid information redundancy among highly
correlated features (such as the potential collinearity be-
tween the water supply temperature and flow rate), a fea-
ture redundancy correction term was introduced [15]. The
correction coefficient is calculated based on the mutual
information (MI) between the features:

δi,t = 1 − (1/7)Σj ̸= iMIi,j,t (3)

where MIi,j,t represents the mutual information between
features i and j within the window (normalized to [0, 1] ),
and the denominator 7 is the total number of features minus
1 (a total of 8 feature classes). A larger δi,t value indicates
stronger uniqueness and lower redundancy for the feature.

Finally, the feature weights are obtained by the weighted
fusion of correlation and redundancy correction terms:

wi,t = 0.7 · ri,t + 0.3 · δi,t (4)

We conducted comparative experiments with four coef-
ficient combinations ( 0.5/0.5, 0.6/0.4, 0.7/0.3, and 0.8/0.2
), and the combination of 0.7 and 0.3 achieved the lowest
prediction error. To ensure that the sum of the weights is 1 ,
normalisation is performed:

wi,t = wi,t/ ∑ (i = 1 to 8)wi,t (5)

The final weighted feature sequence is x∗t = Σ(i = 1 to
8)wi,t · x′i,t, achieving dynamic focus on key influencing
factors in the current time period.

To enhance the model’s sensitivity to extreme condi-
tions (such as temperatures below −15◦C, rainy or snowy
weather) and time period switching (such as the start and
stop of heating in the morning and evening), a local atten-
tion mechanism based on temporal similarity is designed.
The temporal features H = {h1, h2, . . . , ht} (where ht is
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the hidden state at time t, dimension 128) output by the
LSTM hidden layer are divided into continuous segments.
The temporal similarity between segment hs and segment
ht at the target prediction time is calculated:

sim (hs, ht) =
(

hs · hT
t /128

)
+ 0.3 · exp(−0.1|t − s|) (6)

In this formula, 0.3 is the weight coefficient of the tem-
poral distance decay term, and 0.1 controls the decay rate.
An attention window St = [t − 6, t + 6] (covering 6 hours
before and after the prediction time, for a total of 13 time
steps) is set. Only the attention weights of the segments
within the window are calculated and normalised using
the softmax function:

as,t = exp (sim (hs, ht)) /Σ (s ∈ St) exp (sim (hs, ht))

(7)
Finally, the features within the fusion window are used

to obtain attention-enhanced temporal features:

ct = Σ(s = t − 6 to t + 6)as,t · hs (8)

This feature retains the long-term temporal dependen-
cies extracted by the LSTM while enhancing local informa-
tion in key time periods, improving the model adaptability
to complex working conditions.

2.2.3. Algorithm Training Process

The algorithm training follows a standardised process of
"data preprocessing parameter initialization - forward prop-
agation - back propagation - iterative results", balancing
the training efficiency and prediction accuracy. All hyper-
parameters of the model were optimized via grid search,
with the tested ranges and final selected values listed in
Table 2.

Data preprocessing stage: The dataset contains 2904
hourly samples ( 121 days). Outliers (27 samples, 0.93%;
exceeding mean ±3 standard deviations) were replaced
with 3-hour moving averages; 112 missing values ( 3.86%
) were imputed via linear interpolation, with historical-
trend correction for 3 consecutive-gap segments exceeding
3 hours.

The dataset was divided in a 7:1.5:1.5 time-series ratio
into training (2033 samples, 15 Nov 2023-28 Feb 2024), vali-
dation ( 436 samples, 1-10 Mar 2024), and held-out test ( 435
samples, 11-15 Mar 2024) sets with no data leakage. The
test set was completely withheld during model training
and hyperparameter tuning.

Parameter initialization: LSTM hidden layer dimension
128, AFW sliding window size 24, local attention window
size 13 (τ = 6); the optimizer is Adam ( β1 = 0.9, β2 =

0.999 ), initial learning rate 0.001 , batch size 32 , maximum
iterations 200.

Forward propagation: Standardized features are
weighted by the AFW module to obtain x∗t, which is then
input into an improved LSTM to compute the hidden state
ht (the gating unit uses the LeakyReLU activation func-
tion with a negative slope of 0.01). As shown in Table 3,
LeakyReLU reduces validation MAE by 12.3% vs. tanh and
7.8% vs. ReLU. ht is then processed by a local attention
mechanism to generate ct, and finally, the predicted value
is output through the output layer ŷt = ω · ct + b.

Note: All metrics are calculated under conventional
operating conditions (1-hour ahead prediction) on the val-
idation set; convergence iterations refer to the number of
iterations required for the model loss to reach the conver-
gence threshold (loss = 0.01 ).

Backpropagation uses mean squared error as the loss
function; comparative experiments with mean absolute er-
ror and Huber loss show that mean squared error achieves
the lowest validation loss:

L = (1/n)Σ (ŷt − yt)
2 (9)

The gradients of each parameter were calculated using
the chain rule, and the Adam optimiser was used to update
the AFW module weights, LSTM gating parameters, and
attention coefficients. To prevent overfitting, an early stop-
ping strategy was introduced: if the validation set loss did
not decrease for five consecutive iterations, the learning
rate was decayed to 0.5 times the current value; if there was
still no improvement for three consecutive iterations after
decay, training was terminated [16].

2.3. Experimental Simulation

The experimental hardware environment was configured
as follows: CPU: Intel Xeon E5-2698 v4 processor (
2.2GHz, 20 cores, 40 threads); GPU: NVIDIA Tesla V100 ( 32
GB HBM2 VRAM); RAM: 64GB DDR4; Storage: 1TB NVMe
SSD. The software environment was based on Ubuntu
20.04, with Python 3.8, TensorFlow 2.10 (CUDA 11.7), Scikit-
learn 1.2.2, Matplotlib 3.7.1, and Seaborn 0.12.2.

The experimental data were obtained from the actual
operation records of the centralised heating system in a res-
idential community in a severely cold region of northern
China, covering the complete heating season (121 days)
from 15 November 2023 to 15 March 2024. The sam-
pling frequency was 1 h , totalling 2904 time-series data
points. The input features included: outdoor tempera-
ture (−18 ∼ 12◦C , mean −2.3◦C), humidity ( 20% ∼ 85%,
mean 52% ), wind speed ( 0 ∼ 8 m/s, mean 2.1 m/s ),
sunshine duration ( 0 ∼ 10 h, mean 4.2h); water supply
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Table 2. Hyperparameter Optimization Details.

Hyperparameter Tested Range Final Value Rationale

LSTM hidden
layer dimension 32, 64, 128, 256 128

Balances feature capture
and model complexity;
256 caused overfitting,

32/64 insufficient

AFW sliding
window size 12, 24, 48, 72 24

Matches 24h daily
cycle of heating

system

Local attention
window τ

3, 6, 12, 24 6
Covers ±6 h key

period; avoids excessive
overhead

Correlation weight α 0.5, 0.6, 0.7, 0.8 0.7
Lowest prediction

error in comparative
experiments

LeakyReLU
negative slope 0.001, 0.01, 0.05, 0.1 0.01

Optimal convergence;
alleviates dead
neuron issue

Batch size 16, 32, 64, 128 32
Balances training

stability and
efficiency

Initial learning
rate 0.0001, 0.001, 0.01, 0.1 0.001 Fast convergence

without oscillation

Adam optimizer β1 0.8, 0.9, 0.95 0.9
Standard setting
for time-series

tasks

Adam optimizer β2 0.99, 0.999, 0.9999 0.999
Stable second-order

momentum for
non-stationary data

Table 3. Performance Comparison of Different Activation Functions.

Activation
Function

MAE
( kW · h )

RMSE
( kW · h ) Accuracy (%) Convergence

Iter. MAE vs. Tanh MAE vs. ReLU

Tanh 0.36 ± 0.03 0.53 ± 0.04 93.8 ± 0.7 89 ± 5 - -
ReLU 0.34 ± 0.02 0.50 ± 0.03 94.5 ± 0.6 78 ± 4 5.60% -

LeakyReLU
( slope = 0.01) 0.32 ± 0.02 0.47 ± 0.03 95.2 ± 0.6 72 ± 3 12.30% 7.80%

temperature (40 ∼ 80◦C , mean 58◦C), circulation flow rate
( 50 ∼ 150 m3/h, mean 92 m3/h ), heating period (binary
0 − 1 ); and building area ( 85, 000 m2 ). The target variable
was hourly heating energy consumption (kW · h, range
120 ∼ 3XXkW · h, mean 215 kW · h).

Data preprocessing followed the procedure in Section
2.2.3. Three benchmark models were selected: 1) Stan-
dard LSTM (no feature weighting or attention); 2) GRU
(simplified gating structure); 3) Attention-LSTM (global
attention only). All used uniform settings: 128 hidden
units, batch size 32 , learning rate 0.001 , Adam optimizer
(β1 = 0.9, β2 = 0.999), max 200 iterations, early stopping
after 5 non-improving rounds. AFW-Attention-LSTM hy-
perparameters were set via grid search: sliding window 24
, local attention window τ = 6, relevance weight α = 0.7.

Evaluation metrics were MAE, RMSE, Prediction Accu-

racy (error ≤ 5% ), and per-iteration Training Time. Each
algorithm was run 10 times with fixed random seeds; re-
sults are reported as mean ± standard deviation.

3. Results and discussion

3.1. Prediction Results under Conventional Operating
Conditions

Conventional operating conditions refer to scenarios with
outdoor temperatures ≥ −10◦C and no strong interference
such as rain or snow ( 93 samples in the test set, 78.6% ).
Table 4 compares the performance of different algorithms
for prediction durations of 1 h, 6 h, 12 h, and 24 h.

Table 4 shows that AFW-Attention-LSTM performs best
across all prediction durations: the MAE for 1-hour predic-
tion is 0.32 kW · h, a 28.9% reduction compared to the stan-
dard LSTM and a 17.9% reduction compared to Attention-
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Table 4. Performance Comparison of Different Activation Functions.

Algorithm Pred. Duration MAE (kW · h) RMSE ( kW · h ) Accuracy (%) Training Time (s/round)

Standard LSTM

1 h 0.45 ± 0.03 0.66 ± 0.04 92.5 ± 0.8 12.3 ± 0.5
6h 0.58 ± 0.04 0.85 ± 0.05 89.2 ± 1.1 12.5 ± 0.4

12 h 0.69 ± 0.05 1.02 ± 0.06 86.7 ± 1.3 12.4 ± 0.6
24 h 0.82 ± 0.06 1.21 ± 0.07 83.5 ± 1.5 12.6 ± 0.5

GRU

1 h 0.48 ± 0.03 0.71 ± 0.04 91.8 ± 0.9 10.8 ± 0.4
6h 0.62 ± 0.04 0.90 ± 0.05 88.5 ± 1.2 10.7 ± 0.5

12 h 0.75 ± 0.05 1.09 ± 0.06 85.3 ± 1.4 10.9 ± 0.4
24 h 0.89 ± 0.07 1.30 ± 0.08 81.7 ± 1.6 10.8 ± 0.5

Attention-LSTM

1 h 0.39 ± 0.02 0.57 ± 0.03 94.1 ± 0.7 15.6 ± 0.6
6h 0.51 ± 0.03 0.76 ± 0.04 90.8 ± 1.0 15.5 ± 0.5

12 h 0.63 ± 0.04 0.92 ± 0.05 88.2 ± 1.2 15.7 ± 0.6
24 h 0.75 ± 0.05 1.10 ± 0.06 85.1 ± 1.4 15.6 ± 0.5

AFW-AttentionLSTM

1 h 0.32 ± 0.02 0.45 ± 0.02 96.7 ± 0.6 16.2 ± 0.7
6h 0.42 ± 0.03 0.61 ± 0.03 93.5 ± 0.9 16.3 ± 0.6

12 h 0.53 ± 0.03 0.77 ± 0.04 90.6 ± 1.1 16.1 ± 0.7
24 h 0.65 ± 0.04 0.93 ± 0.05 87.8 ± 1.2 16.2 ± 0.6

Table 5. Comparison of Performance Indicators under Extreme Weather Conditions (Mean ± Standard Deviation, 1h ahead
prediction).

Algorithm Temperature Range MAE (kW · h) RMSE ( kW · h ) Accuracy (%)

Standard LSTM
−10 ∼ −15◦C 0.68 ± 0.05 0.97 ± 0.06 86.3 ± 1.4

< −15◦C 0.92 ± 0.07 1.35 ± 0.09 80.1 ± 1.8

GRU
−10 ∼ −15◦C 0.73 ± 0.06 1.05 ± 0.07 84.7 ± 1.5

< −15◦C 1.02 ± 0.08 1.48 ± 0.10 77.5 ± 2.0

Attention-LSTM
−10 ∼ −15◦C 0.59 ± 0.04 0.85 ± 0.05 88.9 ± 1.2

< −15◦C 0.81 ± 0.06 1.19 ± 0.08 82.6 ± 1.6

LSTM-GBM [5]
−10 ∼ −15◦C 0.62 ± 0.05 0.89 ± 0.06 87.8 ± 1.3

< −15◦C 0.86 ± 0.07 1.26 ± 0.09 81.2 ± 1.7

TCN
−10 ∼ −15◦C 0.58 ± 0.04 0.84 ± 0.05 89.1 ± 1.2

< −15◦C 0.79 ± 0.06 1.17 ± 0.08 83.1 ± 1.6

Transformer
−10 ∼ −15◦C 0.57 ± 0.04 0.83 ± 0.05 89.3 ± 1.2

< −15◦C 0.78 ± 0.06 1.16 ± 0.08 83.3 ± 1.6

AFW-Attention-LSTM
−10 ∼ −15◦C 0.47 ± 0.03 0.68 ± 0.04 91.5 ± 1.0

< −15◦C 0.66 ± 0.05 0.96 ± 0.06 86.2 ± 1.3

Note: Test samples n = 93 for −10 ∼ −15◦C, n = 47 for < −15◦C. All metrics are the average of 10 independent repeated
experiments; the allowable error threshold for accuracy is 5% of the actual energy consumption value.

LSTM, indicating that the adaptive feature weighting mod-
ule can further enhance the effectiveness of the attention
mechanism. As the prediction duration increases, the er-
ror of all algorithms increases, but AFW-Attention-LSTM
shows the smallest increase ( 24 -hour MAE increases by
103.1% compared to 1-hour, while the standard LSTM in-
creases by 82.2% ), owing to its stable capture of long-
term time-series dependencies. Fig. 1 shows the prediction
curves for 12 March 2024 (a typical regular day). It can
be seen that the algorithm’s fit is significantly higher than
the comparison models during the peak heating period
from 18:00 to 22:00, because the local attention mechanism
strengthens the feature weights during this period.

Fig. 1: 1-hour ahead prediction curves of heating energy
consumption for a typical normal day (12 March 2024).

The x-axis represents the hour of the day, and the y-axis
represents the actual and predicted hourly heating energy
consumption ( kW · h ). The shaded area highlights the
heating peak period (18:00-22:00).

To verify the statistical significance of the performance
improvement of the proposed model, we conducted a
paired two-tailed t-test on the MAE results of 10 repeated
experiments. For 1-hour ahead prediction under con-
ventional conditions, the p -value vs. standard LSTM is
1.2× 10−6, vs. Attention-LSTM is 2.7× 10−4, and vs. Trans-
former (the best-performing SOTA baseline) is 3.5 × 10−4.
All p -values are far below the significance threshold of
0.05 , demonstrating that the performance improvement is
statistically significant.

From an engineering perspective, the 4.2% accuracy
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Fig. 1

improvement (from 92.5% to 96.7% ) translates to approx-
imately 3.36% annual energy savings for the 85, 000 m2

community. Additionally, the improved accuracy under ex-
treme conditions can effectively avoid insufficient heating
supply during low-temperature periods, improving user
satisfaction while reducing the risk of pipeline freezing and
equipment failure.

3.2. Prediction Results for Extreme Weather Conditions

Extreme weather was defined as outdoor temperature <

−10◦C or rain/snow (47 samples in the test set, 21.4%).
Table 5 shows the performance comparison at different low
temperature levels.

Table 5 shows that the lower the temperature, the greater
the algorithm error, but the AFW-Attention-LSTM has a
more significant advantage: in the < −15◦C scenario, its
MAE is 0.66 kW · h, which is 35.3% lower than that of GRU.
This is because the adaptive feature weighting module dy-
namically increases the weights of the outdoor temperature
and water supply temperature at low temperatures (the
weight ratio reaches 62% compared to 45% under normal
operating conditions). Fig. 2 shows the prediction curve for
January 22, 2024 ( −16◦C ). The algorithm’s prediction er-
ror is < 3% during the low-temperature period of 3:007:00
AM, while the standard LSTM error reaches 8% − 12%,
verifying the focusing effect of local attention on extreme
periods.

Fig. 2: 1-hour ahead prediction curves of heating energy
consumption for an extreme cold day (22 January 2024,
outdoor temperature = −16◦C ). The x-axis represents the
hour of the day, and the y -axis represents the actual and
predicted hourly heating energy consumption (kW · h).
The shaded area highlights the low-temperature period
(03:00-07:00).

Fig. 2

3.3. Algorithm Stability and Training Efficiency

The algorithm stability was evaluated by the standard
deviation of MAE after 10 repeated experiments (Fig. 3).
The MAE fluctuation range of AFW-Attention-LSTM was
0.30 − 0.34 kW · h (standard deviation 0.02 ), which is
smaller than that of Attention-LSTM (0.03) and standard
LSTM (0.03), indicating that it has lower sensitivity to pa-
rameter initialisation, owing to the dynamic adjustment
mechanism of adaptive feature weighting.

Fig. 3

Fig. 3: MAE fluctuation of 10 independent repeated ex-
periments for all models ( 1 -hour ahead prediction under
conventional conditions). The x-axis represents the exper-
iment number, and the y -axis represents the MAE value
(kW · h).

Regarding the training efficiency, Fig. 4 shows the loss
convergence curve. The loss of AFW-Attention-LSTM sta-
bilises after 50 iterations (<0.01), which is close to that of
the standard LSTM ( 55 iterations) and GRU (52 iterations).
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The training time per round was 16.2s, only 3.8% longer
than that of Attention-LSTM (15.6s), achieving a balance
between accuracy improvement and computational cost.

Fig. 4

Fig. 4: Training loss convergence curves of all mod-
els across 200 iterations. The x -axis represents the itera-
tion number, and the y-axis represents the training MSE
loss. The dashed line indicates the convergence threshold (
loss = 0.01 ).

In summary, AFW-Attention-LSTM significantly im-
proves prediction accuracy under both normal and extreme
conditions while maintaining good stability and training
efficiency.

We analyzed the time complexity of the proposed
model and its inference performance for real-time de-
ployment. The time complexity of the AFW module is
O
(
T × N2) (N = 8); the LSTM layer is O

(
T × D2) (D =

128); the local attention mechanism is O(T× τ ×D)(τ = 6).
The overall time complexity is O

(
T × D2), consistent with

the standard LSTM model. The model achieves an average
single-sample inference time of 2.3 ms on an industrial edge
controller (Intel Core i5-10210U, 16 GB RAM), far below
the 1-minute control cycle requirement of actual centralised
heating systems.

3.4. Ablation Study

To quantify the independent contribution of each core mod-
ule (AFW and local attention) to the model performance,
we conducted ablation experiments on the held-out test set
under conventional operating conditions ( 1-hour ahead
prediction). We compared the full AFW-Attention-LSTM
model with three ablation variants: standard LSTM (base
model), LSTM + AFW module only, and LSTM + local
attention module only. The results are shown in Table 6.

The ablation results demonstrate that:

1. Both the AFW module and local attention module
independently improve prediction performance, with
the AFW module contributing a 17.8% MAE reduction
and the local attention module contributing a 13.3%
MAE reduction relative to the base LSTM.

2. The full model with both modules achieves a synergis-
tic performance gain ( 28.9% MAE reduction), higher
than individual gains, verifying complementary en-
hancement between feature and temporal dimensions.

3. The AFW module has a more significant impact on
overall accuracy, effectively filtering redundant fea-
tures, while the local attention module mainly im-
proves robustness under extreme conditions.

3.5. Discussion

3.5.1. Performance Comparison with SOTA Research

This study compares AFW-Attention-LSTM with existing
SOTA (Table 1). Our model achieves a higher 1-hour MAE
reduction ( 28.9% vs. 18.2% of [2]) by jointly optimising
feature and temporal dimensions; it outperforms the LSTM-
GBM ensemble [5] in accuracy with lower training time
due to module-level rather than model-level fusion; it sur-
passes the CNN-LSTM with global attention [8] by 3.5%
in 24-hour accuracy because local attention avoids dispers-
ing weights over non-critical segments; and its dynamic
weighting outperforms the static feature selection of [10]
by adjusting weights in real time.

3.5.2. Novelty and Theoretical Contribution

The core novelty of this study is the collaborative optimi-
sation framework of adaptive feature weighting and local
attention. It fills three SOTA gaps: (1) the AFW module
dynamically adjusts feature weights based on temporal
correlation and redundancy; (2) local attention focuses on
extreme-weather and period-switching segments, improv-
ing robustness; (3) the four-level architecture optimises
both feature and temporal dimensions simultaneously, out-
performing single-dimension approaches in accuracy, sta-
bility, and efficiency.

3.5.3. Practical Engineering Implications

The proposed model offers three key practical benefits: (1)
high conventional-condition accuracy enables fine-grained
scheduling and reduces over-supply waste; (2) improved
robustness under extreme cold reduces the risk of insuf-
ficient supply and pipeline freezing; (3) 2.3 ms inference
latency enables real-time deployment on industrial edge
controllers without specialist hardware.
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Table 6. Comparison of Performance Indicators under Extreme Weather Conditions (Mean ± Standard Deviation, 1h ahead
prediction).

Model Variant MAE
(kW · h)

RMSE
(kW · h) Accuracy (%) MAE Reduction

vs. LSTM
Convergence

(s/iter)
Standard LSTM (base) 0.45 ± 0.03 0.66 ± 0.04 92.5 ± 0.8 - 15.6 ± 0.5

LSTM + AFW only 0.37 ± 0.02 0.54 ± 0.03 94.6 ± 0.7 17.80% 16.0 ± 0.4
LSTM + Local Attention only 0.39 ± 0.02 0.57 ± 0.03 94.1 ± 0.7 13.30% 16.1 ± 0.5
AFW-Attention-LSTM (full) 0.32 ± 0.02 0.45 ± 0.02 96.7 ± 0.6 28.90% 16.2 ± 0.4

3.5.4. Generalizability and Limitation Analysis

Generalizability and Scalability

Although the primary dataset is from a single severely cold
region community, the model demonstrates inherent scal-
ability. The AFW module can re-weight environmental
features for different climates, and the local attention mech-
anism adapts to varied extreme-weather patterns; cross-
regional transfer learning is planned for future work. For
different building types, the modular input feature set can
be adjusted for office, commercial, or public buildings;
preliminary synthetic-data experiments indicate MAE in-
creases of less than 5% vs. the residential scenario.

Limitations of the Study

This study has three main limitations: (1) only 8 input
features, omitting implicit factors such as user behavior
and pipeline aging (potential 3% − 5% accuracy loss un-
der complex conditions); (2) single-site dataset limiting
cross-regional generalizability; and (3) restricted to 1− 24 h
ahead prediction, with medium- and long-term perfor-
mance (> 48 h) yet to be investigated.

3.5.5. Ethical and Practical Considerations for Real-World De-
ployment

For real-world deployment, four key considerations apply:
(1) Data privacy-all operational data should be anonymised
and comply with applicable regulations (e.g. GDPR,
China’s Personal Information Protection Law); (2) Model
fairness-validation across diverse building types and user
groups to avoid biased supply allocation; (3) Operational
safety-the model should serve as a decision support tool
under human supervision, not as a fully autonomous con-
troller; (4) Maintenance-regular retraining with new data
to account for pipeline aging and envelope retrofitting.

4. Conclusions

This study proposes and verifies AFW-Attention-LSTM, an
improved LSTM integrating adaptive feature weighting
(AFW) and a local attention mechanism to address insuffi-
cient dynamic adaptation to multi-source heterogeneous
features and weak capture of key temporal segments in
existing heating energy prediction models. The model

follows a four-level architecture (feature optimisation-
temporal extraction-key enhancement-prediction output)
and achieves:

(1) MAE and RMSE reductions exceeding 28.9% over stan-
dard LSTM for 1 − 24 h ahead prediction;

(2) 96.7% accuracy for 1 h prediction under normal condi-
tions;

(3) 15.3%/6.1% extreme-condition improvements over
standard LSTM and global Attention-LSTM respec-
tively;

(4) Only 3.8% additional training time and 2.3 ms single-
sample inference latency.

Main limitations: (1) only 8 input features, omitting
implicit factors such as user behavior and pipeline aging
(potential 3% − 5% accuracy loss); (2) single-site dataset
from a severely cold region, requiring multi-site validation;
(3) restricted to 1 − 24 h ahead prediction.

Future work will enrich input features with user be-
havior and pipeline status data, improve cross-regional
generalizability via transfer learning and multi-site vali-
dation, and explore multi-scale attention mechanisms for
medium- and long-term prediction.
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