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AHHoOTanusA. [1porHo3upoBaHue HArpy3oK fBJifeTcA KJK4YeBbIM 3TanoM /s obecnedeHHs
ONTHUMaJbHOTO 3HeproobMeHa U HaJleXHOH paboThl 3HEprocucTeM, 0CO6€HHO NMPHU aKTUBHON MH-
Terpauuu pacrpe/ie/leHHbIX BO306HOB/IAEMbIX UCTOYHUKOB 3Hepruu (DRES). MeTo/bl riny60Koro
06y4yeHHs NMOJYyYUH IIHPOKOe paclpocTpaHeHHe cpefiu uccaejoBaTeseil 61arojaps Ux cnocobHo-
CTH 0606111aTh C/10KHbIE HeJIMHEeHHble Kose6aHusa aeKTponoTpe6ieHus. B 4acTHOCTH, peKyppeHT-
Hble HelpOHHbIe ceTH HauboJiee MOAXOAAT JIJisi MOJe/JMPOBAHUA 3JIeKTPUIeCcKoro notpebieHus,
TaK KaK XOpOIlI0 OTpaXaloT BpeMeHHble 3aBUCMMOCTH. /laHHadA paboTa HanpaBJieHa Ha Jja/ibHeliliee
coBepiieHcTBoBaHue MoJeseil RNN, NocTpoeHHbIX HAa OCHOBe MCXOAHBIX U BPYYHYIO CO3JJaHHBIX
Npu3HaKoB. [OpU30HT NPOrHO3MPOBAHUA ObLJI paclIMpeH B COOTBETCTBHH C IPaKTHYeCKUMH Tpe6o-
BaHMsAMM. CpaBHeHBbI /iBa MO/IX0/la MHOTOJHEeBHOT0 MPOTHO3UPOBAaHNA, PU 3TOM NpeAJI0XKeHHbIN
MeTOoJ, MoKa3aJl Jy4lllhe pe3y/JbTaThbl M0 CPAaBHEHHIO C albTepPHAaTUBHBIM PeKypPCUBHBIM METOA0M
MPOTrHO3UPOBAHHUA.

KiioueBble c/i0Ba: MPOrHO3WPOBaHUe Harpy3ok, riaybokoe obydenue, RNN HelipoHHbIe CEeTH,
pyuHble IPU3HAKH, TOPU30HT MPOTrHO3UPOBaHHUA, PeKypCUBHOE NPOrHO3UPOBaHKUe, MHOTOHEBHOE
POTHO3UPOBaHHUE.

AHHoTanuA. XKyKTeyyHY 60/3K0/1100 ONTUMAAYYy 3Heprud ajJMalllyyHy aHa sHepreTHKa-
JIBIK CUCTeMaJ/lap/iblH UIIeHUM/IYY MIITeNIMH KaMCbl3 KbIJIYYHYH HerM3ry KajaMmbl 60/1yn caHaiar,
e3reye 6eJYIITYPYAreH Kaipa kapaayydy sHeprus 6ynakrapbid ([P3C) akTHUBAYY MHTerparus-
J100 MeHeH. TepeH yipeHYY MeTO0pY 3JIeKTP 3HePrUAChbIH KepeKTOOHYH TaTaasl ChI3bIKTYY aMec
TepMeJIYYJ/IOPYH KaJIbLI00 KOHAOMAYYAYTYHEH yJiaM U3W//ee4y/iep apacblH/ia KeHUPH TapaiaraH
KabbL/1 anbIHTaH. ATan ailTKaH/4a, KalTalaHyy4y HeMpOH TapMaKTaphbl 3JIeKTP d3HepPrusacChiH Kepek-
TOOeHY MOJIe/1/16e6 YYYH 63re4e bLIaWbIKTYy, aHTKeHHU ajap y6aKbITTaH Ke3 KapaH/bLJIbIKTbI KakK-
bl KapMallaT. By/ Wil OpuruHaAAyy »aHa KoJl MeHeH TY3yJreH QyHKLMAIapAbl KOJJOHYY Me-
HeH KypyaraH RNN MojesiepyH aHJaH apbl 6pKYH/6TYYre 6arbiTTaarald. bonkosi/100 TOpu3oHTY
NpaKTUKaJbIK TaJanTapra oo 6epyy Y4YH KeHeUTUireH. CyHylITajJrad MeTo/i aJbTepHaTUBaIyy
peKypcuBAYY 60/K01/100 bIKMacblHA KaparaH/ia *akKIilblpaaK HaTblHKalap/bl KOPCOTKOH KU Ken
KYH/YK 60J13K0J1/100 bIKMaJiaphbl CaJblIITbIPbII/bL.

AUKBIY ce3Jep: KYKTy 60/mKon100, TepeH yiipeHyy, RNN HelipoH/IyK TapMaKTaphbl, KOJITO 3a-
cajsraH GyHKLHAAAP, 60/HK0I00 TOPU30HTY, pEKYPCUB/YY 60/3K0/1/100, KBI KYHAYK 60J13K01/100.

Abstract. Load forecasting is a crucial step in achieving optimal power exchange and ensuring
the robust operation of utilities, particularly in the active integration of distributed renewable ener-
gy sources (DRES). Deep learning methods have gained popularity among researchers due to their
capability to generalize complex nonlinearity in power consumption fluctuations. Especially, recur-
rent neural networks are suitable for modeling electricity consumption as they have strong temporal
patterns. This work aims to continue enhancing RNN models, which are built on base and manual
features. The forecasting horizon has been extended to meet the requirements of practical applica-
tion. Two approaches of multiple-day forecasting have been compared, and the proposed method
outperformed the alternative recursive forecasting method.

Keywords: Load forecasting, deep learning methods, RNN model, manual feature, forecasting
horizon, recursive forecasting, multiple-day forecasting.
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Introduction

Accurate residential load forecasting is es-
sential for power system operation, demand-side
management, and the integration of renewable
resources. Multi-day forecasts, in particular,
support scheduling and planning over horizons
longer than a single day, yet remain a challeng-
ing task due to the nonlinear dependence of
consumption on weather conditions and user
behavior.

Traditional statistical approaches such as
ARIMA and SARIMA provide limited capability
in modeling nonlinear temporal dependencies.
Deep learning methods, including Long Short-
Term Memory (LSTM) networks, Gated Recur-
rent Units (GRUs), and Bidirectional recurrent
models, have shown superior performance in
capturing complex load dynamics. However,
most studies focus on one-day-ahead prediction,
with multi-step forecasting typically achieved
by recursive strategies. Such approaches suffer
from error accumulation, leading to degraded
accuracy across longer horizons.

This paper addresses the problem of mul-
tiple-day residential load forecasting by lever-
aging historical consumption, daily average
temperature, and a manually engineered tem-
perature-based feature. We propose a frame-
work that extends LSTM, GRU, and Bidirection-
al architectures with a TimeDistributed dense
layer, enabling direct multi-output prediction
and reducing error propagation. A comparative
analysis with recursive day-ahead forecasting
demonstrates the advantages of the proposed
method in terms of accuracy and robustness for
multi-day horizons.

Related works

Many studies have been conducted on fore-
casting residential aggregate load over mul-
tiple days. However, it remains a challenging
problem, owing especially to nonlinear tempo-
ral dependencies, exogenous influences (such
as temperature), and error accumulation in
multi-step forecasting. The network architec-
tures using recurrent neural networks (RNNs),
including LSTM, GRU, and bidirectional LSTM
networks, strategies for multi-day or multi-step
forecasting, especially recursive versus direct
forecasting, and the use of engineered features
or auxiliary variables such as weather, tempera-
ture, to improve performance. Recurrent neural
networks, particularly LSTM and GRU, are wide-

ly used in electrical load forecasting because of
their ability to capture temporal dependencies
over time. For example, Tang et al. (2019) pro-
pose a short-term power load forecasting model
based on multi-layer bidirectional RNNs com-
bining LSTM and GRU [1]. The proposed meth-
od outperformed simpler RNNs and classical
statistical models on multiple datasets. Cai et al.
(2021) presented a stacked bidirectional LSTM
model for short-term load forecasting in Applied
Sciences, demonstrating that bidirectional lay-
ers capturing both past and forward temporal
context help reduce forecasting error [2]. More
recent work has focused on combining bidirec-
tional recurrent architectures with attention
mechanisms, convolutional components, or fea-
ture extraction modules. For instance, “Adaptive
Bi-Directional LSTM Short-Term Load Forecast-
ing with Improved Attention Mechanisms” (Yu
etal,, 2024) adds clustering and pattern recogni-
tion to distinguish load patterns before forecast-
ing [3]. Another example is “Multi-feature Short-
Term Power Load Prediction Method Based
on Bidirectional LSTM Network” (Xiong et al,,
2023), which integrates multiple input features
and uses feature mining and deep convolution-
al layers to extract high-dimensional input fea-
tures before feeding them into a BiLSTM [4]. Ke,
Hongbin, Chengkang et al. (2019) apply stacked
auto-encoding to pre-process load data before a
GRU network to improve short-term forecasting
[5]. Also, “Short-Term Aggregated Residential
Load Forecasting using BiLSTM and CNN-BiL-
STM” (Bohara et al.,, 2023) compares plain BiL-
STM and CNN-BIiLSTM for day-ahead horizons,
showing that adding convolutional layers to ex-
tract local temporal features can improve per-
formance in residential settings [6].

A key issue in forecasting over multiple days
(or multiple steps) is how to structure the prob-
lem: whether to forecast one day ahead recur-
sively, or to forecast the full horizon. Recursive
methods are simple to implement. The model
forecasts one step, then feeds that output back
as input, and repeats for n steps. But several
studies warn of “error accumulation” when do-
ing so, especially over longer horizons.

Some works explore direct or multi-output
forecasting. For example, the “Hybrid Distribu-
tion Feeder Long-Term Load Forecasting Method
Based on Sequence Prediction” (Dong & Grum-
bach, 2018) investigates using LSTM and GRU in
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different sequential configurations against tra-
ditional bottom-up ARIMA methods for longer
time horizons [7]. Also, in the forecasting liter-
ature more generally, methods combining direct
and recursive strategies (i.e. ensembling or aver-
aging) have been proposed to balance bias and
variance over different horizons. For instance,
“Simple averaging of direct and recursive fore-
casts via partial pooling using machine learning”
was used in the M5 competition to improve ro-
bustness and accuracy of multi-period forecasts
[8].

More recently, there are hybrid designs
combining sequence prediction (multi-step)
with auxiliary features, sometimes attention
weights or TCN (Temporal Convolutional Net-
work) components, to improve direct fore-
casts. For instance, a 24-step forecasting model
“KOA-BiTCN-BiGRU-Attentions” builds on bidi-
rectional temporal convolutional networks and
attention to produce accurate multi-step load
predictions [9].

Temperature is one of the most important
exogenous variables in load forecasting, espe-
cially in residential settings (heating/cooling de-
mand). Many works use daily average tempera-
ture or similar aggregated weather variables.
Feature engineering (e.g., extracting degree-days
or manually created transformations) has been
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shown in several cases to improve forecast accu-
racy by capturing nonlinear effects, thresholds,
or interactions with other variables.

A recent paper, “"Hybrid feature-based neu-
ral network regression method for load profiles
forecasting” (2025), explicitly incorporates cor-
relations with air temperature along with clus-
tering and feature selection, resulting in sub-
stantial error reductions in a regional dataset
[10].

Problem statement

In recent years, increasing attention has
been directed toward time series forecasting, yet
most studies remain focused on one-step-ahead
predictions, which have limited practical sig-
nificance. For multi-step forecasting, two main
approaches are commonly employed: iterative
(recursive) and direct methods.

The iterative method uses the model output
attime step t as part of the input for the next step
t+1. The main drawback of this approach is that
forecast errors accumulate over multiple steps,
potentially leading to significant deviations. In
contrast, the direct method trains a separate
model for each forecast horizon: one model pre-
dicts the next step, another predicts two steps
ahead, and so forth. While this avoids error ac-
cumulation, its major limitation lies in the sub-
stantial computational resources required [11].
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Figure 1. Principal view of recursive (a) and direct N-to-M (b) forecasting models.

This work improves the architecture of an
RNN-based neural network proposed in our pre-
vious work [12]. RNN variants examined in this
study employ gating mechanisms to preserve
sequential dynamics across multiple time steps,
enabling prediction of the subsequent value
(N+1) given N inputs. For instance, an input of
shape (10,3) yields an output of (1,1) when only
the final hidden state of the second RNN layer is
forwarded. This was implemented in Keras via
return_sequences=False. To extend the model
for multi-step forecasting, the second RNN layer
is configured to return full sequences, allowing

each hidden state to be passed to subsequent
dense layers. This is achieved using the Time-
Distributed wrapper, which applies a specified
layer (e.g., Dense, Conv2D, LSTM) independently
at each time step without introducing additional
computations. By treating temporal sequences
stepwise rather than as a whole, the TimeDis-
tributed mechanism enhances the model’s abili-
ty to capture time-dependent features [13].

The neural network was trained using the
Adam optimization algorithm with a learning
rate of 0.002, as described above. The perfor-
mance of the improved architecture was evalu-
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ated in both recursive and direct multi-day point
forecasting settings, using MAE and MAPE met-

rics. The results of the models are presented in
Table 1.
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Results and discussions
The many-to-one architecture achieved
strong performance in one-day-ahead forecast-
ing, with an average deviation of 74-76 kWh
from the actual daily consumption. However, in
recursive forecasting, the error was observed to
grow exponentially with the forecasting horizon.
This growth can be expressed as:
E(n) = E,r"
(n) =E, )
where, E(n) is the error at time step n, Eg
is the initial one-day-ahead error, r is the error
growth rate, and n is the time step. Indeed, anal-
ysis of 10-day forecasts showed that the error
accumulation in all models closely followed an

rk of the proposed forecasting model.

exponential trend, with a growth rate of approx-
imately r=~1.55 (Fig. 4).

Table 1 presents a side-by-side compari-
son of recursive and direct forecasting errors
for LSTM, GRU, and Bidirectional LSTM models.
As illustrated in Fig. 4, all three models exhibit
nearly exponential error growth under recur-
sive forecasting. By contrast, in direct multi-day
forecasting, the error was considerably smaller.
Although the initial error was higher than that
of one-day-ahead forecasting (99.9, 154.9, and
116.9 kWh for LSTM, GRU, and BiLSTM, respec-
tively), subsequent errors increased more grad-
ually, following a near-linear trend with a small
coefficient.



IT3Bectns HAH KP, 2025, Nel0 193
Table 1. Error accumulation in recursive and direct forecasting methods.
Metrics | Forecasting LSTM GRU Bidirectional LSTM
length, days Recursiv Direct Recursiv Direct Recursiv Direct
1 76,21 99,90 76,90 154,90 73,65 116,90
%’ 2 183,23 200,80 204,55 210,40 166,02 207,50
*g 4 579,91 369,50 630,72 388,00 516,52 337,80
~ 6 1074,71 524,30 1114,27 557,00 897,04 500,70
E 8 1656,96 615,70 1701,43 709,50 1438,01 582,60
10 3173,54 761,60 3227,57 844,60 2601,41 654,50
1 0,48 0,80 0,49 1,25 0,43 0,94
2 1,36 1,61 1,63 1,69 1,30 1,67
i. 4 4,61 2,97 4,94 3,12 4,05 2,72
% 6 7,94 4,22 8,05 4,48 6,85 4,03
= 8 13,50 4,95 13,72 571 11,70 4,68
10 23,40 6,12 25,82 6,79 18,80 5,26

The results showed that the recursive ap-
proach can be considered reliable only for short
horizons of 2-4 days, where the deviation be-
tween predicted and actual consumption rang-
es from 516 kWh to 630 kWh. Beyond this limit,
the error increases exponentially with longer
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forecasting horizons. In contrast, direct forecast-
ing demonstrates a slower error growth rate as
the prediction window extends. Specifically, for
a 10-day horizon, the average percentage error
ranges between 5.5% and 6.8%, which can be
considered acceptable in practice and implies
significant potential for energy savings.
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Figure 4. Change of MAE and MAPE values of recursive and direct models.
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The error growth curve in direct forecast-
ing slowed as the prediction horizon increased.
Among the models, the Bidirectional LSTM con-
sistently outperformed GRU and LSTM models,
yielding lower errors. When the horizon was ex-
tended to 20 days, the Bidirectional LSTM model

Dependence of error on forecasting error
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achieved an average absolute error of approxi-
mately 800 kWh, corresponding to 6.4% devi-
ation from actual consumption. In comparison,
the GRU and LSTM models exhibited slightly
higher errors of 975-1025 kWh, or 7.8-8.25%
in percentage terms.

b) Dependence of error on forecasting error
1000
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Figure 5. Change of MAE and MAPE values of the direct model.

Conclusions

In this work, manual feature-enhanced RNN
models proposed in our previous studies have
been improved to extend the forecasting hori-
zon. Forecasting several days of electricity con-
sumption has been implemented in two ways.
The first method is using a recursive deploying
LSTM, GRU, and bidirectional LSTM day-ahead
models, where we observed exponential devia-
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