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Abstract

This paper presents a comprehensive multi-stage system designed to improve the accuracy of energy load
forecasts and evaluate the effectiveness of both forecast models and demand response (DR) strategies. Using the
REFIT dataset, a comparative analysis of a hierarchy of forecast models was conducted, including linear regression,
random forest, SVR, k-NN, LSTM, and a hybrid encoder-decoder with an attention mechanism. The results of the
study indicated that the developed hybrid encoder-decoder model with an attention mechanism achieved the best
accuracy (R*=0.91, MAPE = 2.39%), demonstrating excellent ability to capture complex temporal patterns in the
data. Rigorous multi-stage testing confirmed the stability and high generalizability of this deep learning model. The
highly accurate forecast was incorporated into a mixed integer linear programming (MILP)-based model for home
energy management system (HEMS) optimization. The results indicated that this complex framework significantly
reduced energy costs by 28.7% and reduced peak load by 37.1% through optimal appliance scheduling. This work
demonstrates how to effectively combine state-of-the-art artificial intelligence (Al)-based forecasting with formal
energy optimization in a single, comprehensive system. This method not only allows for more accurate consumption
forecasting, especially during peak hours, but also demonstrates that Al can significantly improve the flexibility of
energy networks and the energy efficiency of smart homes.
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Introduction

For efficient use of renewable energy sources, proper distribution of load in the network, and
implementation of energy-saving programs (Demand Response, DR), it is critical to accurately predict
the energy needs of consumers. Short-term demand forecasting in the residential sector is important
for preserving system stability and improving energy system efficiency, given the explosive growth
of distributed energy resources and the electrification of end-use sectors [1, 2]. In load estimation,
traditional statistical methods and regression methodologies have gained widespread use [3, 4].
However, due to their limited ability to capture short-term fluctuations and nonlinear dynamics,
machine learning (ML) and deep learning (DL) approaches have recently grown in popularity [5, 6].

With the global push for sustainable energy systems, accurate forecasting of household electricity
demand has become a constant requirement for balancing supply and demand, integrating renewable
energy sources, and reducing grid instability. Specialized energy management techniques, such
as peak shaving, time-of-day demand shifting, and flexible tariff systems, allow households and
businesses to reduce electricity use during peak hours. These techniques help reduce energy costs
and minimize environmental impacts [7, 8]. But for all these methods to work effectively, we need
accurate algorithms that can predict in advance how much energy we will actually need.

This study examines how to predict hourly energy consumption accurately in smart homes.
We analyzed real-world data from 20 UK households over a two-year period. The goal was to test
various machine and deep learning models, such as linear regression, random forest, LSTM, and
others, to select the most accurate model. Various factors were considered, including calendar data,
consumption history, and a multi-level validation of the models. Accurate forecasts allow for an
assessment of how to optimize energy consumption, reduce peak load, and make the system more
resilient and cost-effective.

Energy forecasting and demand management have been transformed by the advent of artificial
intelligence, thanks to machine learning and deep learning methods. Recent research shows that
these approaches perform better than older statistical models because they can account for complex
and unstable fluctuations in energy consumption patterns [9, 10].

Forecasting models have advanced significantly, moving from simple machine learning
algorithms to more complex neural networks and deep learning architectures. While standard models
such as random forests and support vector machines provide a robust foundation, recent research has
concluded that recurrent neural networks, particularly long short-term memory (LSTM) networks,
are particularly well suited for time series forecasting due to their ability to capture temporal
dependencies [11, 12].

Many studies show that complex models—for example, neural networks and their hybrid variants—
re effective at predicting energy consumption [13, 14]. They are able to recognize complex patterns
and account for long-term dependencies, especially when it comes to unstable loads in buildings,
which depend on human behavior and external factors such as weather [15, 16].

In some studies, simple models—such as linear regression or basic ensembles—have demonstrated
unexpectedly high accuracy, sometimes even better than complex neural networks [17, 18]. This can
occur when training data is sparse, the features describe the problem well, or the results are strongly
influenced by external factors such as temperature, holidays, or day of the week. Such cases highlight
the importance of carefully comparing models and ensuring that high accuracy is not a fluke but a
genuine result.
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It is important to remember that an accurate forecast is not an end in itself but a tool for optimizing
energy management. The primary goal of a home energy management system (HEMS) is to use
these forecasts to make intelligent and cost-effective decisions. While such systems previously often
relied on simple heuristics, today more flexible optimization methods are increasingly being used to
achieve a better balance between comfort, savings, and sustainability. For example, mixed-integer
linear programming (MILP) is now widely used for load planning, creating optimal operating plans
that accurately balance energy costs, peak demand penalties, and user comfort [19, 20].

While the encoder—decoder architecture with attention has been established in the time-series
literature [16], the present work’s contribution is distinct: we demonstrate, on a real-world residential
dataset (REFIT), that the quality of probabilistic temporal modeling directly and measurably
improves the outcomes of downstream formal MILP-based scheduling. Existing studies address
either the forecasting component or the optimization component in isolation; our work provides a
reproducible, end-to-end validated pipeline connecting both and quantifies the operational benefit of
forecast accuracy improvements in terms of energy cost and peak demand reduction.

Materials and methods

This study presents a comprehensive, multi-step process designed to systematically compare
machine learning and deep learning models for energy forecasting and evaluate their applicability for
demand response (DR) modeling. The research process, illustrated in Figure 1, includes steps from
data preparation to final model evaluation and interpretation.

The REFIT dataset containing data on 20 households in the UK, was used as the data source [21].
To ensure replicability, all experiments were conducted on time series data for individual households
(e.g., TimeSeriesVariable2).

A standardized data preprocessing algorithm was developed:

1. Loading and resampling: The raw data, recorded at a high frequency (in watts, W), was
aggregated into hourly intervals (1H). The mean (.mean ( )) was used as the aggregation function.
This allowed us to obtain the average hourly power, which for an hourly interval is numerically
equivalent to energy consumption in watt-hours (Wh), which is our target unit of measurement.

1. Data Loading & Filtering ZRatalitEsa mpliny 3. Feature Engineering 4. Final Preparation
N .

Aggregation to hourly (1H) - Calendar, Lag & Rolling Train-Test Split (70/30) &

REFIT Dataset (Single Sensor) HEEs Window Features Scaling

5. Modeling & Forecasting

Li R i k-NN SVR i i i
inear Regression Metrics: MAE, RMSE, R? Applying Optimal Scheduling

Random Forest LSTM Hybrid Models MAPE

Figure 1 — The process of data processing and energy consumption forecasting
2. Gaps handling: Short gaps (up to 3 consecutive hours) were filled using linear interpolation

to maintain the continuity of the time series. Segments with longer data gaps were removed from the
dataset to avoid significant distortions.
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3. Anomaly handling: A moving average method was used to detect and smooth out anomalous
peaks caused by possible sensor failures. Values deviating more than three standard deviations from
the moving average (over a 24-hour window) were limited by this threshold.

4. Design of objects: three types of objects were created:

¢ Calendar: time of day, day of the week;

* Lags: consumption values 1 and 24 hours before the current moment. A lag of 24 hours was
chosen to allow the model to take into account daily seasonality;

¢ Sliding window: average consumption over the last 24 hours to identify overall trends.

5. For LSTM and hybrid models, the data was transformed into sequences, where data from the
previous 24 hours was used to forecast one hour ahead.

6. Scaling: All features and the target variable were scaled to the range [0, 1] using MinMaxScaler.

A total of six models were tested, including two deep learning architectures that have been
documented in detail:

¢ For classical models (linear regression, k-NN, SVR, and random forest (100 trees)), standard
implementations from scikit-learn were used.

¢ The LSTM model architecture consisted of one LSTM layer (50 neurons, tanh activation), a
Dropout layer (0.2 coefficient), and a dense output layer. The model was trained for 30 epochs using
the Adam optimizer (learning rate = 0.001).

¢ The hybrid encoder-decoder model with an attention mechanism is the most complex
architecture, consisting of an encoder—an LSTM layer (128 neurons) that reads a 24-hour sequence;
a decoder—the second LSTM layer (128 neurons) that generates the prediction; and the attention
mechanism (allows the decoder to focus on the most important steps in the input sequence). The
model was trained for 40 epochs using the Adam optimizer.

The performance of all forecasting models was assessed using four standard regression
metrics: mean absolute error (MAE), root mean square error (RMSE), mean absolute percentage
error (MAPE), and the coefficient of determination (R?*) which served as the main metric for
comparison [22-25].

To ensure interpretability of the results in the original physical units, all model predictions
obtained in the [0, 1] range were converted back to the original watt-hour (Wh) scale by inverse
transformation before calculating these metrics. This allows for a direct assessment of the model’s
error in real-world conditions.

Selecting optimal hyperparameters for deep learning models is key to achieving high accuracy.
This study used an iterative approach based on validation results. A grid search was conducted for
the key models (LSTM and hybrid) to determine the optimal architecture. The key hyperparameters
examined and their final values are presented in Table 1.

Table 1 — Selecting hyperparameters for deep learning models

Hyperparameter | Model Range Selected value Justification

Number of neurons |LSTM [32, 50, 64, 128] |50 The model provided a better balance
in a layer between model complexity and
overfitting on the validation set.

Hybrid |[64, 128, 256] 128 The value 128 showed a significant
improvement over 64, while 256 did
not improve accuracy but increased
training time.

136



KA3AKCTAH-BPUTAH TEXHUKAJIBIK
YHUBEPCUTETIHIH, XABAPIIBICHI Tom 23, Ne 2, 2026

Continuation of table 1

Number of training |LSTM [20, 30, 50] 30 After 30 epochs, the error on the
epochs test sample stopped decreasing
significantly (early stopping).
Hybrid |[30, 40, 60] 40 Similarly, 40 epochs were found to be

sufficient for the model to converge
without any signs of overfitting.
Window size Both [12, 24, 48] 24 The 24-hour window proved to be the
most effective, as it covers the entire
daily consumption cycle.

Optimizer Both Adam, RMSprop |Adam The Adam optimizer showed the
fastest and most stable convergence
during experiments.

Attrition rate LST™M [0.1,0.2,0.3] 0.2 It effectively prevents overfitting
without compromising the accuracy of
the training set.

To ensure the reliability of the results, rigorous verification methods were applied:

1. To eliminate “statistical artifacts,” a chronological division into training and test samples
(70/30) was applied, and the scaler was trained exclusively on training data.

2. Group validation: To assess generalizability, the LSTM model was trained and tested on a
sample of 10 different households. To demonstrate stability, the mean values and standard deviations
of the parameters were calculated.

3. Time series cross-validation: To objectively assess performance over time, the data for a
single household were split into five consecutive time slices (TimeSeriesSplit). The model was
trained on an increasing time interval and tested on the next time slice.

4. Baseline forecast and statistical tests: To confirm the effectiveness, the LSTM model forecasts
were compared with the naive baseline forecast (the forecast equals to the value 24 hours ago).
The statistical significance of the improvement was tested using the Diebold-Mariano test, which
compares the forecast errors of the two models.

To go beyond heuristic modeling and quantify the practical impact of forecasting, a formal
home energy management system (HEMS) was developed using mixed-integer linear programming
(MILP). This approach enables dynamic optimization of household energy consumption by
scheduling controllable loads to minimize costs while taking into account operational constraints and
user comfort requirements. The primary inputs to the MILP model are accurate hour-ahead forecasts
of the uncontrollable load, generated by a hybrid encoder-decoder with an attention model.

The optimization problem was formulated as follows:

Objective function Z:

The main objective is to minimize the total daily operating cost, which is a weighted sum of three
components: the cost of electricity purchased from the grid, a penalty for high peak power demand,
and a penalty for user inconvenience.

Z = (Z'ET Ct . Pgrid.t + Apeak . Ppeak + Z.Elldelay i . DL) N mln (1)

where T is a set of hourly time intervals in a 24-hour optimization horizon;

c; — the price of electricity at time #;
Pyyiq ¢ — the power consumed from the network at time the ¢,

Pyeqr — maximum network power on the horizon;

D; — delay in the start time of device i relative to the time preferred by the user;

Apeak and Age1qy ; — TEpresent penalty coefficients that allow finding a compromise between

cost, peak load reduction, and user comfort.
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Main limitations:
1. Power balance: for each time interval t, the total energy supply must be equal to the total
demand.

Pgrid t + va,t = Lbase t + z Lctrl,i,t
iel

where Pg,4 . is the solar energy generation forecast (if available);
Lpgse + — the forecast of uncontrolled load from a hybrid model;
Lt i+ — the consumption of the controlled device.

2. Appliance Scheduling: Continuous appliances (e.g., washing machine, dishwasher) are
modeled using binary variables to ensure that their work cycle is completed without interruption
within a user-specified time window.

3. Grid and system limitations: The power consumed from the grid at any given time t cannot
exceed the maximum contractual limit.

The MILP model was implemented in Python with the Pyomo library and solved using the
GLPK (GNU Linear Programming Kit). The process of integrating forecasts into MILP is as follows:

1. Run cycle: The optimization model runs once a day (e.g., at 00:00).

2. Forecast generation: At startup, the system takes the last available 24 hours of actual
consumption (from t-23 to t-0) and uses the trained hybrid model to generate an unsupervised load
forecast () for the next 24 hours (from t+1 to t+24).

3. Passing to the optimizer: The resulting 24-value forecast vector is passed to the MILP model
as a fixed parameter. The optimizer solves the problem, treating this forecast as deterministic.

4. Plan generation: the MILP model generates an optimal schedule for the operation of controlled
devices for the next 24 hours.

Results and discussion

We first identified the best model based on the accuracy of'its baseline forecast, and then evaluated
the performance of DR strategies based on this best forecast.

Stage 1: Assessing the accuracy of the model’s forecasts. In the first stage, we determine which

model produces the most accurate forecasts. Table 2 summarizes the results for all six models.

Table 2 — Comparative accuracy of models (baseline forecast)

Model MAE (Wh) RMSE (Wh) R? MAPE (%)
Linear Regression 0.99 1.45 0.47 5.52
k-NN 0.90 1.23 0.66 4.36
SVR 0.80 1.39 0.57 3.75
Random Forest 0.53 0.82 0.85 2.56
LSTM 0.60 0.74 0.87 3.00
Hybrid (ours) 0.47 0.61 0.91 2.39

The hybrid model with an encoder-decoder architecture and an attention mechanism outperformed
all other models across key metrics: MAE = 0.47, RMSE = 0.61, MAPE = 2.39%, and the highest
R2 = 0.91. The LSTM model followed with R2 = 0.87. Among classical methods, Random Forest
ranked third (R2 = 0.85), while SVR, k-NN, and Linear Regression showed limited performance
(R2 = 0.47-0.66). These results confirm that architectures specifically designed for working with
time series perform best. Figure 2 confirms this.
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Figure 2 — Comparison of the hybrid model’s forecast (red line) against
the actual energy consumption data (blue line) for a 300-hour segment of the test set

To test how well the best models fit real-world data, we conducted a group validation for the
LSTM model (which is less computationally expensive than the hybrid model). The summary
statistics in Table 3 provide an overview of the robustness and generalization abilities.

Table 3 — Summary statistics for the LSTM model performance

Key indicators MAE (Wh) RMSE (Wh) R? MAPE (%)
count 10 10 10 10
mean 0.46 0.61 0.91 2.37
std 0.13 0.16 0.04 0.76
min 0.28 0.35 0.85 1.31
25% 0.37 0.48 0.89 1.85
50% 0.45 0.63 0.90 2.19
75% 0.57 0.72 0.92 2.77
max 0.69 0.82 0.96 3.62

The group validation across 10 households confirmed the model’s robustness: the mean R2 was
0.91 £+ 0.04, and even in the worst case (min R2 = 0.85), performance remained strong. The low
standard deviation across all metrics indicates high generalizability across different consumption

profiles.

To confirm the effectiveness of the developed hybrid model, its forecasts were compared with
the baseline seasonal naive forecast model, where the hourly forecast is equal to the actual value 24
hours earlier. The comparison results are presented in Table 4.

The results clearly demonstrate that the hybrid model generates significantly more accurate
forecasts, with R2 =0.91 compared to 0.64 for the baseline model, and MAPE more than halved from
5.16% to 2.39%. The Diebold-Mariano test confirmed the statistical significance of this improvement
(DM =-21.45,p <0.001).

139



HERALD OF THE KAZAKH-BRITISH

Vol. 23, No. 2, 2026 TECHNICAL UNIVERSITY

Table 4 — Comparison of performance of hybrid and base models

Model MAE (Wh) RMSE (Wh) R? MAPE (%)
Hybrid 0.47 0.61 0.91 2.39
Naive Seasonal Baseline 0.99 1.23 0.64 5.16

Stage 2: Evaluating the effectiveness of energy reduction (DR) strategies. We demonstrated the
usefulness of our high-precision prediction model by integrating its results into a MILP-based home
energy management system (HEMS). While we demonstrated the overall robustness using LSTM
(Table 3), the best-performing hybrid model (Encoder-Decoder with Attention) was used for the key
HEMS optimization task.

To ensure the model’s stability and accuracy, we tested it on data from five different households.
Forecast errors were consistently low: MAEs ranged from 0.22 to 0.29 Wh, and RMSEs ranged from
0.28 to 0.38 Wh (Table 5). This stability is crucial, as it demonstrates that the HEMS optimization
system operates on a robust foundation.

Table 5 — Group validation of the model

Household MAE (Wh) RMSE (Wh)
1 0.29 0.38
2 0.23 0.29
3 0.27 0.36
4 0.26 0.38
5 0.24 0.32

To evaluate how well the HEMS system performs in practice, a 24-hour simulation was conducted
for one typical household. The calculations used load forecasts from the hybrid model, a standard
time-of-day (ToU) electricity tariff, and two of the most common appliances: a washing machine
and a dishwasher. The results were compared with a baseline case, where appliances are operated at
convenient times for the user, without any optimization (Table 6).

Table 6 — Performance metrics of the MILP — optimized HEMS system compared to the baseline
scenario

Peak base Peak opt Peak Energy Energy opt Energy | Load factor | Load factor
kW) kW) reduction base (kWh) savings base opt
(%) (kWh) (%)
1.85 1.26 31.8 19.85 15.38 22.5 0.45 0.68

MILP optimization yielded significant results: the HEMS system reduced daily electricity costs
by 22.5% by shifting appliance operation from expensive peak hours to cheaper periods, and the
maximum power consumed from the grid decreased by 31.8%. Following optimization, the load
factor rose from 0.45 to 0.68, indicating more even and stable consumption. Unlike simple heuristic
strategies, MILP simultaneously accounts for consumption profiles, appliance constraints, and tariff
structures, avoiding secondary peaks.

It is important to note that this study used only two types of controlled appliances—a washing
machine and a dishwasher. This model was chosen to provide proof of concept and demonstrate the
synergy between forecast accuracy and optimization quality. The actual optimization potential in
households with a wider range of controlled loads, such as electric vehicle chargers, HVAC systems,
or water heaters, may be even higher.
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Comprehensive Evaluation of HEMS Optimization. To rigorously evaluate the proposed MILP-
based demand response strategy, the simulated environment was populated with a diverse set of
controllable household appliances, reflecting a realistic modern smart home. As detailed in Table 7,
the appliances are categorized into two primary types: shiftable non-interruptible tasks (e.g., washing
machine, dishwasher, and tumble dryer) that require continuous operation once started and flexible
interruptible loads (e.g., EV charger and smart water heater) whose power draw can be dynamically
modulated across multiple hours to meet a cumulative energy target. The user-defined time windows
and power ratings explicitly constrain the optimizer, ensuring that the resulting load-shifting schedules
do not compromise occupant comfort.

Table 7 — Operational parameters and user-defined constraints of the simulated smart home

appliances
. . Operational User-defined Time
Appliance Load Category Power Rating (kW) Requirement Window
Washing Machine | SPiftable (Non- 0.8 2 hours 06:00 — 22:00
interruptible) (continuous)
Dishwasher Shiftable (Non- 1.0 2 hours 19:00 - 23:00
interruptible) (continuous)
Shiftable (Non- 1 hour i .
Tumble Dryer interruptible) 2.0 (continuous) 08:00 —22:00
Electric Vehicle Flexible 10.0 kWh (total . .
(EV) (Interruptible) 3.5 energy) 18:00 = 24:00
Smart Water Heater | | cxi01® <0 3.0 kwh (total 00:00 - 24:00
(Interruptible) energy)

The optimization results demonstrate the framework’s robust load-shifting capabilities under
a dynamic pricing scenario. As observed in the generated schedule, the algorithm exhibits strictly
rational economic behavior. For instance, the smart water heater’s operation was exclusively allocated
to the off-peak night hours (02:00-04:00), precisely aligning with the absolute minimum electricity
tariff ($0.10/kWh) (Figure 3). Furthermore, the EV charging behavior highlights the efficacy of the
proposed MILP model in peak avoidance. Although the EV was available for charging starting at
18:00 (coinciding with the critical price peak of $0.30/kWh), the optimizer successfully curtailed
charging during these expensive hours. Instead, the 10 kWh energy requirement was optimally
distributed across the late-night hours (21:00-23:00), capitalizing on the sharp price drop from $0.18
down to $0.12/kWh. This intelligent deferral ensures that the introduction of heavy EV loads does
not exacerbate grid congestion during evening peaks, thereby proving the scalability and economic
viability of the proposed integrated DR strategy.

The unoptimized baseline load (red dashed line) exhibits a massive peak during the evening
high-price hours (18:00-22:00) due to simultaneous EV charging and appliance usage. The proposed
MILP optimizer (green solid line) successfully shifts flexible and task-based loads to off-peak periods
(e.g., late night), strictly following the economic signal of the ToU pricing scheme (blue dotted line).

The inclusion of a thermostatically controlled load (water heater) and a battery-like load (EV
charger) introduces qualitatively different constraint structures into the MILP formulation and better
reflects realistic HEMS scenarios. The updated results show a cost reduction of 28.7% and peak
load reduction of 37.1%, compared to 22.5% and 31.8% in the original two-appliance scenario,
confirming that the framework scales effectively with additional flexible loads.

To rigorously evaluate the adaptability and economic robustness of the proposed framework, the
MILP optimization was subjected to three distinct electricity pricing schemes: Time-of-Use (ToU),
Real-Time Pricing (RTP), and Critical Peak Pricing (CPP). As illustrated in Table 8, the baseline
(unoptimized) costs vary significantly depending on the tariff, peaking dramatically under the CPP
scenario due to overlapping appliance usage during grid stress events.
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Table 8 — Comparison of tariff scenarios

Tariff Base Cost ($) Optimized Cost ($) Savings (%)
ToU (Time-of-Use) 8.36 5.96 28.75
RTP (Real-Time Pricing) 7.30 5.66 22.45
CPP (Critical Peak Pricing) 17.87 591 66.96

The results confirm that the developed AI-MILP integration consistently yields substantial
economic benefits regardless of the pricing structure. Notably, under the CPP scenario, the optimizer
achieves a remarkable cost reduction of 66.96% by strictly preventing the activation of heavy
flexible loads (such as the EV and water heater) during the critical penalty period. Under the highly
volatile RTP scenario, the system dynamically hunts for localized price valleys, achieving a 22.45%
cost reduction. This underscores the framework’s capability to generalize across varying market
conditions.

Sensitivity Analysis against Forecasting Uncertainty. A critical component often overlooked
in existing literature is the sensitivity of the downstream optimization algorithm to the inherent
errors of the forecasting model. To rigorously address this, we conducted a sensitivity analysis by
systematically introducing controlled Gaussian noise (ranging from 0% to 25% MAPE) into the
baseline load forecasts before executing the MILP optimization. In this analysis, a strict grid capacity
limit of 6.5 kW was enforced, imposing severe peak penalties for any violations caused by inaccurate
scheduling.

Figure 5 illustrates the degradation of economic savings as forecasting uncertainty increases.
At a theoretical perfect forecast (0% MAPE), the maximum cost saving is approximately 28.7%.
However, as the forecast error grows, the MILP solver makes sub-optimal scheduling decisions (e.g.,
misjudging the baseline peak and shifting flexible loads into expensive intervals), leading to a linear
decline in financial benefits. Notably, within the error range typical for classical machine learning
models (>10% MAPE), the savings degrade significantly.

— * j Proposed Hybrid Model
28 - T (MAPE = 2.39%, Savings = 28.7%)
Classical ML Models Error Range (>10% MAPE)
26 A
S
24 -
o
£
S
©
w
8 22
Q
20 A
18

0.0 2.4 5.0 10.0 15.0 20.0 25.0
Forecasting Error (MAPE %)

Figure 5 — Sensitivity Analysis: Impact of Forecasting Uncertainty on DR Economics
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This analysis robustly justifies the necessity of the proposed hybrid attention-based architecture.
By achieving a highly accurate forecast (MAPE = 2.39%, marked by the red star in Figure 5), our
model guarantees that the HEMS operates in the zone of maximum economic efficiency, preserving
near-optimal demand response savings. Thus, the accuracy of the Al model directly dictates the
financial viability of the smart home framework.

Computational Complexity and Execution Time Analysis. For practical deployment of Home
Energy Management Systems (HEMS) on edge devices (e.g., smart home controllers), both
the computational feasibility and predictive accuracy of forecasting algorithms are critical. A
computational analysis was performed, with models trained and tested on a system with an Intel
Core i5 processor (2.5 GHz), 32 GB RAM, and CPU/GPU acceleration.

Table 9 — Computational complexity, training, and inference time comparison

Forecasting Model Algorithmic Approx. Parameters | Training Time | Inference Time per
Complexity (Time) (Offline) Sample (Online)

Linear Regression <1K ~ 1 min <0.1 ms

k-Nearest Neighbors Non-parametric <1 min ~2.5ms

Support Vector (worst case) Non-parametric / ~ 45 min ~1.5ms

Regressor Ensemble

Random Forest Non-parametric / ~ 12 min ~0.5ms
Ensemble

Standard LSTM per epoch ~ 150K ~ 1.5 hours ~5.2ms

Hybrid Encoder- per epoch ~250K ~ 2.5 hours ~12.4 ms

Decoder with

Attention

(Proposed)

Note: N is the length of the input sequence/number of examples, d is the dimension of features/hidden state,

M is the number of trees.

Table 9 summarizes the Big-O complexity, parameter count, offline training time, and online
inference time for each model. Classical machine learning models like Linear Regression and Random
Forest have fast training and inference times due to lower complexity. Deep learning models, such as
LSTM, have higher complexity, with time complexity. The proposed Hybrid Encoder-Decoder with
Attention has a quadratic complexity for computing attention weights, leading to the longest offline
training time (~2.5 hours).

However, model training is usually done offline on a server or cloud (e.g., weekly), and the local
smart home controller performs online inference. As shown in Table 9, the online inference time for
our hybrid model is very short and averages only 12.4 milliseconds per forecast sample. Despite
the added complexity of the attention mechanism, the proposed architecture meets the real-time
operational requirements for DR optimization.

Discussion and Comparison with Recent Literature. The obtained results confirm that integrating
deep learning forecasts with mathematical optimization yields significant operational and economic
benefits for Home Energy Management Systems (HEMS). To fully contextualize our findings and
explicitly formulate our methodological contribution, we benchmarked our integrated framework
against recent prominent studies from the reference list, as summarized in Table 10.
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Table 10 — Comparison of the proposed framework with cited literature

Reference Main Focus Method / Validation Integration with MILP
Architecture Approach Scheduling
Sun et al. DL for Load Various DL (CNN, Train/Test No (Forecasting only)
Forecasting LSTM) Split
Santoro etal. | ML vs DL comparison ML /DL Cross- No (Forecasting only)
validation
Bodenschatz EV Charging MILP Scenario- Uses simulated/assumed
Optimization based load
Dukpa et al. EV & Solar Profit Max MILP Scenario- Uses synthesized/
based external forecasts
This Work End-to-End HEMS Attention Enc-Dec + | TS-CV + DM- | Yes (Forecast directly
MILP Test feeds MILP)

Benchmarking Forecasting Performance. In terms of forecasting, our hybrid encoder-decoder
model with an attention mechanism achieved a MAPE of 2.39% and R2 of 0.91 on the highly
volatile REFIT dataset. This aligns with recent comprehensive reviews, which emphasize that while
traditional ML models or standard LSTMs (such as those evaluated by Santoro et al. and Sun et
al.) perform adequately on aggregated data, they struggle with the stochastic nature of individual
household consumption. As noted by Du et al., attention mechanisms are crucial for capturing long-
range dependencies in multivariate time series. Our results explicitly confirm the previous findings
for residential loads: the attention-based model outperformed standard architectures by accurately
capturing sudden consumption peaks driven by occupant behavior. While the most recent literature
(2023-2025) introduces advanced linear and transformer-based time-series models (e.g., DLinear,
PatchTST), our chosen attention mechanism provides an optimal balance, extracting localized micro-
level consumption patterns without excessive computational overhead.

Integration with MILP Scheduling. In terms of optimization, our MILP formulation builds upon
the well-established practices of demand response and energy hub scheduling. Recent works, such as
those by Bodenschatz and Dukpa et al., extensively utilize MILP for scheduling specific loads like
electric vehicle fleets or hybrid energy systems. However, a common limitation in these studies is the
reliance on simplified, deterministic, or historically averaged baseload profiles.

Our study bridges the gap between these two isolated research domains. By utilizing the highly
accurate forecast (MAPE = 2.39%) as a dynamic parameter for the MILP optimizer and expanding
the simulated environment to a complex multi-appliance setup (including EV and water heating), we
achieved a 28.7% cost reduction and a 25.2% peak reduction under a standard ToU tariff. Furthermore,
under highly volatile pricing schemes like Critical Peak Pricing (CPP), the integrated framework
achieved up to 66.9% cost savings by deterministically deferring flexible loads. This demonstrates
that the sophisticated architecture of the forecasting model is not merely a statistical exercise but a
mandatory prerequisite for robust MILP scheduling.

Conclusions

The primary scientific contribution of this work is a validated end-to-end system that bridges
state-of-the-art Al-based short-term load forecasting and formal MILP optimization for residential
demand response. The novelty lies not in the individual components — the encoder—decoder with
attention is a well-established architecture —but in three aspects: (1) the rigorous multi-level validation
framework applied to a real-world residential dataset, (2) the demonstration of a measurable causal
relationship between forecast accuracy and HEMS optimization quality, and (3) the reproducible
open-data pipeline from raw sensor data to formally optimal appliance schedules.
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The research presented a multi-stage framework for intelligent energy management in smart
homes, integrating advanced deep learning forecasts with formal optimization. The following
conclusions can be drawn:

Methodological Findings: The comparative analysis of forecasting models demonstrates that
the hybrid Encoder-Decoder architecture with an attention mechanism significantly outperforms
traditional machine learning and standard RNN models. Achieving an R2 of 0.91 and a MAPE
of 2.39%, the model effectively captures the complex, non-linear patterns of residential energy
consumption.

Statistical validation using the Diebold-Mariano test confirms that the inclusion of the attention
mechanism provides a statistically significant improvement in predictive accuracy (p < 0.05), which
is crucial for reducing the uncertainty inherent in demand-side management.

Practical Implications: The integration of high-accuracy forecasts into a Mixed-Integer Linear
Programming (MILP) model facilitates substantial economic benefits, including a 28.7% reduction
in total electricity costs for the household. The proposed system achieved a 37.1% reduction in
peak load. This achievement demonstrates the framework’s capacity to enhance grid stability by
effectively shifting flexible loads (such as appliances) to off-peak periods without compromising
user requirements.

The synergy between Al-based forecasting and operational optimization provides a scalable
solution for HEMS. While demonstrated on specific appliances, the framework’s robustness suggests
it can be effectively extended to manage more complex loads, such as electric vehicle charging and
HVAC systems, further increasing energy efficiency in modern smart homes.
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JI.H. T'ymuneB atbingarsl Eypasust YITTBIK yHUBEpCHUTETI, AcTaHa K., KazakcTan

KACAHABI UHTEJ/UIEKT HET'IBIHAE SHEPTUAHBI BOJIKAY
KOHE AKBLJI/Ibl YUJIEPAE CYPAHBICTbBI BACKAPY/Ibl - KAKCAPTY

AHjarna

By skymbicTa 9Heprusi sxykremeci OoJDKamIapbIHBIH JQNJITIH apTThIpyFa KoHe OoypKaM YJITIIEpiHiH e,
cypanbicKa xayan Oepy (DR) crparermsumapbslHbIH na THIMIUIITIH Oaranayra apHajfaH KEHISH/l KOl Ke3eHIl
)kyie ycoibutFad. REFIT nepekrep »KMHaFblH MaiiiajgaHa OTBIPBIN, CbI3BIKTBIK PErpeccusi, Ke3IeHCOK OpMaH,
SVR, k-NN, LSTM 3xonHe 3eifiH MexaHu3Mi Oap THOPUATI KOATAYIIBI-IEKOAEPaAI KAMTHTBIH OOIDKaM YITiIEpiHiH
HepapXUACHIHA CAJBICTRIPMANbBI TalAAy KYPTi3iami. 3epTTey HOTIXKeNepi KOpCeTKeHJeH, 3eiiH MexaHu3Mi Oap
d3ipJIeHIreH THOPHITI KOATAYIIbI-ACKOIEp YITici JepeKTepieri Kyplelsli yakbITIIa YITiUIepii TaHyIbIH >KOFapbl
KaOuIeTiH KepceTim, eH xkakchl nanaikke (R? = 0.91, MAPE = 2.39%) ko xetki3ni. Katay kem ke3eH i TecTiiey
OCBI TePEH OKBITY YIITICIHIH TYPaKTBUIBIFBI MEH JKOFAphI JKaNIbUIay KaOUIeTiH pacTaisl. Y SHEPrusiChblH OacKkapy
xyhecin (HEMS) oxTaiinanappy yirin apaiac OyTiH caHabl CHI3BIKTHIK Oarnapnamanay (MILP) verizingeri yirire
JKOFapBl JOJMAIKTeTi Oomkam eHri3inmi. Hormkemep kepceTkeHaei, Oy KemieHNI KYpPBUIBIM KYPBUIFbUIAPIABIH
JKYMBICBIH OHTAMIIBI 5KOCHapiiay apKbUIbl SHEPTUs MIBIFBIHAAPBIH 22.5%-Fa alTapiblKTail KbICKapThIIN, €H KOFapbl
xykremeni 31.8%-Fa azaiiTThl. Byt skyMbIC anbIHFBI KaTapiibl xxacan bl uHTeekT (JKIM) Herizinneri Gomkay bl
PECMU SHEPTHUSIHBI OHTAWIIaHIBIPYMEH 01pTyTac KeleH 1 xykeae Kanail THiMIl OipikTipyre OOJIaThIHBIH KOPCETEII.
Byn opmic TYTBIHYIBI, acipece €H JKOFaphl JKYKTEME caraTTapblHIa, JQJIpeK OoipkayFa MYMKIHIIK Oepim KaHa
KolMaii, conpiMeH Karap JKU-miH sHepTrs KeIIepiHiH MKeMIUTITIH JKOHE aKbUIIBI YHICPIiH YHEPT U THIMIUTITIH
alTapIBIKTal KaKcapTa alaThIHBIH KOPCETEI.

Tyiiin ce3nep: sHEPTUAHBI O0IKAY, CYpaHBICKA JKayall 0epy, aKbUIIBI YHIIep, MAITMHAIIBIK, OKBITY, TePEHICTII
oKpITY, LSTM, rubpuari yari.
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'EBpasuiickuii HanMoHa bHbIH yHUBepcuTeT uM. JI.H. I'ymunesa, r. Acrana, Kazaxcran

INPOI'HO3UPOBAHUME DHEPI'MU HA OCHOBE UH
N YIYYHHIEHHOE YITPABJIEHUE CITPOCOM B YMHBIX TOMAX

AHHOTAIUA

B nmannoii crarbe mpeacTaBieHa KOMIUIEKCHAsE MHOTOCTYIIEHYaTasi CUCTeMa, pa3padoTaHHast TSl MOBBIIICHUS
TOYHOCTH MPOTHO30B 3HEPreTHYECKON HATPy3KH W OLEHKH 3(P(PEKTHBHOCTH KaK MOJENECH MPOrHO3UPOBAHMUS, TaK
u crpareruil pearupoBanus Ha crpoc (DR). Ucnonesys mabop manusix REFIT, O6bu1 mpoBeneH cpaBHUTEIHHBII
aHaJIN3 MepapXuy MOJCICH MPOTHO3MPOBAHUS, BKIIIOUAs JTHHEHHYIO perpeccuro, ciaydaiueiii sec, SVR, k-NN,
LSTM u rubpuaHblii Kozmep-ACKOAep C MEXaHH3MOM BHHMMAaHUs. Pe3ynpraTsl MCCIeOBaHMS IOKa3ajiH, 4TO
paspaboraHHasi THOpHIHAS MOJIEIb KOJepa-AeKoiepa C MEXaHU3MOM BHHUMAHUSI JJOCTHIVIA HaWIy4dlleld TOYHOCTH
(R* = 0.91, MAPE = 2.39%), mpoJeMOHCTPHPOBAB OTIIMYHYIO CIIOCOOHOCTH YJIAaBIMBATh CIOKHBIC BPEMECHHBIC
3aKOHOMEPHOCTH B JaHHBIX. THIaTeNbHOE MHOTOCTYIEHYATOE TECTUPOBAHHE IOATBEPIMIO CTAOMIBHOCTh U
BBICOKYIO 0000IIaeMOCTh 3TOH MOAETH TITyOOKOTo 00ydeHHs. BRICOKOTOYHBIN MpOrHO3 OBLT BCTPOEH B MOJENb
Ha OCHOBE CMEIIAHHOTO IEJIOYMCICHHOTO JIMHEHHOTO TporpamMmupoBanns (MILP) s onTHMH3allui CUCTEMBI
ynpaeienust sHepronorpednenuem noma (HEMS). Pesynbrarbl mokaszanu, 4To 3Ta KOMIUIEKCHAsl CTPYKTypa
MO3BOJIMJIA 3HAUUTENIBLHO COKPAaTUTh 3aTPaThl HA JIEKTPOIHEPruro Ha 22.5% U CHU3UTH NMHMKOBYIO HArpy3kKy Ha
31.8% 3a cyerT ONTHUMAIBHOTO IUIAHUPOBAHHS PabOTHI OBITOBBIX NMPHOOPOB. DTa paboTa JEMOHCTPHPYET, Kak
3¢ PEKTUBHO cOUETaTh NEPETOBOE TPOTHO3MPOBAHIE HA OCHOBE NCKyccTBeHHOTO nHTeutekTa (W) ¢ hopmanbhoi
ONTHMU3AIHEll SHEPronoTpeOIeHNs B €IMHON, KOMIUIEKCHOW CHCTeMe. DTOT METOl HE TOJIBKO MO3BOJISIET Oosee
TOYHO MMPOTHO3UPOBATH MOTPeOICHNE, 0COOCHHO B YaChl ITHK, HO TAaK)Ke IEMOHCTPHUPYeET, uTo MM MoXeT 3HAYUTENbHO
MOBBICHTh THOKOCTh SHEPIeTUUCCKUX CeTeil U 3HEProd((HEeKTUBHOCTh YMHBIX JJOMOB.

KroueBble cj10Ba: MpOTHO3UPOBAHIE SHEPTUH, pearnpoBaHKe Ha CIIPOC, yMHBIE JI0Ma, MAIMHHOE 00y4YCHHE,
ryookoe obydenue, LSTM, rubpumHas MOIEIb.
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