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The high penetration of renewable energy and the large-scale integration of
electric vehicles have significantly enhanced the nonlinearity and non-stationarity of the
smart grid load sequence. Traditional time series models struggle to meet the prediction
requirements in complex scenarios. This paper focuses on three kinds of deep learning load
forecasting methods: recurrent neural network variants, CNN hybrid architectures, and
Transformers, and systematically conducts a comparative analysis of them from three
dimensions: prediction accuracy, long-term dependency modeling ability and computational
efficiency. The results show that the three types of architectures each have distinct
advantages, and there is no universal optimal solution: the recurrent variant balances
accuracy and efficiency in stationary short-term prediction, the CNN hybrid architecture is
more robust in strong coupling scenarios such as extreme weather, and the Transformers'
trend modeling ability is outstanding but the computational cost for long sequences is large.
The pros and cons of each method are highly dependent on the stationarity of the specific
scenario, the forecasting horizon, and resource constraints. The model selection must be
based on the task characteristics rather than the pursuit of general solutions.
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The global energy system is undergoing a profound transformation. The high penetration of
renewable energy, the large-scale integration of electric vehicles, and the widespread deployment of
distributed energy resources are reshaping the operating paradigm of the power grid at an
unprecedented speed. This transformation accelerates decarbonization and makes the load
characteristics of the power grid more complex: the minute-level fluctuations of intermittent
photovoltaic output, the random fluctuations of electric vehicle charging demand, the dynamic
adjustment of demand response strategy, and the uncertainty of meteorological conditions and social
behavior, which significantly enhances the nonlinearity and non-stationarity of the load sequence
[1]. As a result, traditional time series models (such as ARIMA and exponential smoothing) struggle
to capture complex meteorological coupling and spatiotemporal dependencies due to linear
assumptions and shallow feature extraction capabilities, which restricts the prediction accuracy
under extreme weather [2].
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Deep learning provides a new paradigm for solving the above challenges. Deep networks
automatically extract implicit representations of load data through hierarchical nonlinear
transformations, and they have significant advantages in characterizing the interactions between
multi-scale temporal dependencies and external factors. Biswal et al. systematically reviewed the
application of Long Short-Term Memory (LSTM), CNN and other infrastructures in smart grid load
forecasting, and confirmed the superior performance of deep learning models in processing high-
dimensional nonlinear data [1]. Ali et al. systematically reviewed the improvement trend of deep
learning models in short-term load forecasting accuracy compared with traditional time series
methods, and confirmed the significant advantages of hybrid architectures in dealing with high-
dimensional nonlinear load data [3]. Aiming at the problem of high-precision identification and
prediction of low-voltage load characteristics, Cui et al. constructed a hybrid deep learning
framework combining improved CNN, LSTM and Transformers, and achieved load identification
performance significantly better than the comparison model on real-world datasets [4].

Most existing reviews tend to evaluate the algorithmic performance of various deep learning
models separately. In general, there is little systematic correlation among data characteristics, model
mechanisms, and application scenarios. Especially among the three mainstream architectures of
recurrent neural network variants, convolutional hybrid architectures, and Transformer models, there
is still a lack of systematic horizontal comparison in terms of prediction accuracy, long-term
dependency modeling capabilities, and computational overhead. In view of this, this paper focuses
on the above three types of architectures, and selects two representative empirical cases in recent
years to analyze each type. The comparative analysis is carried out based on the three dimensions of
prediction accuracy, long-term dependency capture and computational efficiency, aiming to provide
a clear reference framework for model selection in the field of smart grid load forecasting.

The high penetration of renewable energy and the large-scale integration of electric vehicles in
modern power systems have significantly enhanced the nonlinearity and nonstationarity of load
series. Traditional time series models are limited by linear assumptions and shallow feature
extraction capabilities, and they struggle to accurately describe the complex dynamic characteristics
of power grid load [2].

The key to load forecasting is to capture temporal dependencies across multiple time scales, and
minute-level fluctuations, diurnal cycles and even seasonal trends are nested with each other. The
standard recurrent neural network is prone to the problem of vanishing gradients when dealing with
long sequences, which makes it difficult to effectively transmit distant historical information to the
current prediction [1].

The load is affected by the coupling of multi-modal factors such as meteorological conditions,
temporal features and economic signals. These data are significantly different in time granularity,
numerical units and information structure. It is difficult for a single model architecture to extract
local fluctuation patterns and global contextual information at the same time, which requires the
prediction model to have hierarchical multi-scale feature learning capabilities [3].

In interconnected power systems, the load dynamics of a single node not only depend on local
factors, but also may be causally related to the operating state of the remote node through the grid
topology. This requires that the model can transcend spatial distances and temporal spans, and
simultaneously analyze the complex interactions among multiple nodes [5].
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2.2. Applicability of deep learning

The reason why deep learning is widely recognized in the field of load forecasting is its inherent
advantages in multiple dimensions. Specifically, the deep neural network can automatically extract
high-order features from load data through multi-layer nonlinear transformation, thereby
significantly reducing the dependence on artificial feature engineering. Recurrent Neural Networks
(RNNs) and their variants (such as LSTM, Gated Recurrent Unit (GRU)) deal with long-term
dependencies in time series data through specially designed gating mechanisms, which makes them
perform well in capturing the time correlation of load series. In contrast, convolutional neural
networks are better at identifying local patterns, while the attention mechanism and Transformer
model further improve the modeling ability of long-range dependencies. It is precisely these
technical characteristics that are highly compatible with the core challenges faced by load
forecasting, prompting deep learning to become the mainstream method in this field.

3. Three categories of deep learning architectures for smart grid load forecasting
3.1. Recurrent Neural Networks and their variants

Recurrent Neural Networks (RNNs) have become the first widely used deep learning method in the
field of load forecasting due to their recurrent hidden state mechanism designed for sequence data
[6]. Through the hidden state transfer between time steps, the historical information can be encoded
into the current prediction. However, the standard RNN faces the problem of vanishing or exploding
gradients in long sequence training, and it is difficult to learn distant temporal dependencies [7].

Long Short-Term Memory networks (LSTMs) achieve selective memory and forgetting of
historical information through forgetting gate, input gate and output gate, so that the gradient can
propagate stably [8]. Gated Recurrent Units (GRUs) further combine the forgetting gate and the
input gate into a single update gate, which has a simpler structure and lower training overhead [3].
Bidirectional RNNs capture contextual information through both forward and backward paths, and
have stronger feature extraction capabilities [7].

In terms of prediction accuracy, the recurrent variant is reliable in the short-term prediction of
stable power consumption mode. In the empirical comparison of the Greek power system, the mean
absolute percentage error (MAPE) of GRU in the short time domain of 1 hour is as low as 1.17%,
and the accuracy and training efficiency are better than LSTM [9]. The stability of Hybrid
Bidirectional Long Short-Term Memory (BiLSTM) in multi-step prediction is better than that of
unidirectional models [7]. However, in extreme events, the error of a single recurrent architecture
increases significantly.

In terms of long-term dependency modeling, LSTM and GRU are far superior to standard RNN,
but information attenuation is still inevitable when the sequence is too long. In terms of
computational efficiency, GRU parameters are reduced by about one-third compared with LSTM,
and training efficiency is higher [3]. The bidirectional structure of BiLSTM doubles the
computational cost, but provides a balance between accuracy and efficiency [7].

3.2. Convolutional Neural Networks and hybrid architectures

Convolutional Neural Networks (CNNs) automatically extract the local fluctuation and periodic
characteristics in the load sequence by sliding the convolution kernel along the time axis, which
have the advantages of parameter sharing, high training efficiency and translation invariance.
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However, a single CNN is limited by the fixed receptive field, and it is difficult to model the long-
term evolution across multiple days [3]. Therefore, CNNs are often combined with recurrent
networks, such as using a one-dimensional convolutional layer to extract local features and then
feeding them into LSTM or GRU layers for temporal modeling.

In terms of prediction accuracy, the CNN hybrid architecture is more robust in extreme scenarios.
On the urban load dataset of eastern Mongolia, the hybrid model of CNN and extended multi-layer
LSTM achieved MAPE, RMSE, and MAE for single-step, four-step, and thirty-two-step predictions
that were lower than those of independent LSTM and GRU [10]. The CNN-GRU model integrates
multi-scale one-dimensional convolutional layers, which can simultaneously capture spatio-temporal
features at different time granularities [11]. In multi-area load forecasting of interconnected power
grids, the CNN input channel can be extended to a graph structure to capture the spatial correlation
between substations [12]. In addition, the MAPE of CNN-GRU during hurricanes is 11.68%, which
is lower than that of pure recurrent architectures [12]. The GRU-Moving Average (GRU-MA) model
combined with multi-head attention also verifies the long-term dependency capture potential of the
hybrid architecture.

In terms of long-term dependency modeling, the long-term ability of the CNN hybrid architecture
depends more on the back-end recurrent network, and the front-end convolution serves for local
pattern extraction. In terms of computational efficiency, the computational cost of CNN hybrid
architecture is lower than that of Transformers and slightly higher than GRU, which is a practical
choice in resource-constrained scenarios.

The attention mechanism allows the model to dynamically allocate weights and focus on the most
critical time steps. Transformers are completely based on self-attention and have two significant
advantages: it is not limited by sequence distance and can stably capture long-range dependencies;
the computations can be fully parallelized and the training time is short. However, the complexity of
standard self-attention increases quadratically with the sequence length [13].

Transformers possess unique strengths in capturing overall trends. In day-ahead forecasting on
the Greek power system, they achieved accuracy comparable to LSTM but produced predictions
closer to the original data distribution [14]. However, Transformers are more sensitive to
high-frequency noise, and in certain scenarios their performance may not surpass that of hybrid
architectures.

Long-term dependency modeling remains the most prominent strength of Transformers, as they
theoretically enable direct connections between any two time steps. Although training is highly
parallelizable, standard self-attention requires O(L?) memory. Informer reduces this complexity to
O(L log L) via ProbSparse sparse attention and further lowers inference cost through self-attention
distillation and a generative decoder [13]. Applied to load data from a substation in Nanchang,
Informer used 1440 time steps as input and achieved superior prediction accuracy and efficiency
compared to RNN and LSTM [10].
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3.4. Comparative analysis and discussion

Table 1. Performance comparison of time series forecasting architectures

. . . . Computational
Key D P A Long- D Model .
ey Dimension rediction Accuracy ong-term Dependency Modeling Efficiency
. A te for short-t high . .
Recurrent Variants ceurate for short-term, hig Moderate to strong Relatively high
error on extremes
CNN Hybrid Strong capability in multi-step Moderate, often dependent on
. 7 . Moderate
Architectures prediction recurrent/attention back-end
Transformer Strong trend capture, noise- .
. & apture, Strong Relatively low
Variants sensitive

Table 1 provides a concise comparison of the three architectures discussed above in terms of
prediction accuracy, long-term dependency modeling, and computational efficiency.

Recurrent variants excel in short-term forecasting (e.g., GRU achieves a low 1-hour MAPE of
1.17% [9]), but their performance deteriorates during extreme events. CNN-based hybrid
architectures demonstrate strong robustness under extreme conditions (e.g., MAPE=11.68% during
hurricanes [12]). Transformers are powerful in capturing trends [14], yet sensitive to noise.
Regarding long-term dependencies, Transformers outperform gated RNNs, which in turn surpass
CNN hybrids, though at higher computational cost. In terms of computational efficiency, GRU is
optimal [3], while Informer mitigates Transformer's complexity through sparse mechanisms [13].

3.5. Application scenarios and comprehensive comparison

Each model excels in specific application domains: recurrent variants (such as LSTM and GRU) are
well-suited for high-quality, stationary data in short-term forecasting, offering low computational
overhead and ease of deployment [3, 7, 9], but suffer reduced accuracy under non-stationary
conditions. CNN-based hybrid architectures perform better in scenarios with multi-scale periodicity,
significant external factor coupling, or extreme weather anomalies, showing superior robustness [12]
and multi-scale feature extraction capability compared to pure recurrent models [11], although their
long-term modeling capacity remains limited. Transformers (and Informer) are best suited for long-
sequence forecasting requiring capture of ultra-long-term trends, offering the strongest global
modeling ability and excellent training parallelism [13, 14], but they struggle with short-term
fluctuations and demand substantial resources. Model selection should be guided by data
stationarity, prediction time horizon, degree of external coupling, and resource constraints.

4. Open challenges and emerging trends

The three types of models compared above, namely recurrent variants, CNN hybrid architectures,
and Transformers, face common challenges in real-world deployment, including data scarcity,
efficiency limitations in long sequences, and privacy risks. This section explores emerging technical
approaches that address these three dimensions.

The performance of the aforementioned recurrent variants and hybrid architectures is highly
dependent on abundant historical samples, but in practical scenarios such as new charging stations
and newly connected photovoltaic nodes, the available data is often extremely limited. Zero-shot
learning and few-shot meta-learning frameworks provide new ideas for this. The core logic is not to
train from scratch but to learn to adapt quickly to new tasks, which can effectively overcome the
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dependence of recurrent variants and hybrid architectures on large-scale historical data. Moon et al.'s
review integrates more than 150 peer-reviewed studies from 2019 to mid-2025, systematically
summarizes the progress of cold-start applications of zero-shot and few-shot meta-learning
frameworks in three scenarios of photovoltaic, wind power and load forecasting, and points out that
the combination of transfer learning and spatiotemporal graph neural networks can effectively
transfer the knowledge of existing energy assets to a data-sparse environment [15]. The engineering
value lies in providing reliable forecasts for new facilities from the first day of operation.

The parallel computing advantage of Transformers is offset by the quadratic complexity of self-
attention when the input sequence is long, resulting in a sharp increase in memory requirements,
which is a core shortcoming of Transformers in long-sequence scenarios. In recent years, the
structured State Space Model (SSM) has received significant attention as an alternative. Its
representative architecture Mamba reduces the complexity to linear scale through a selective
scanning mechanism, which significantly reduces the inference overhead while maintaining
modeling ability comparable to Transformers [16], and provides a feasible path to break through the
bottleneck of Transformers' computational efficiency. Menati et al. introduced this paradigm into the
power system domain and proposed the PowerMamba multivariate time series forecasting model,
which integrates the traditional state space model with deep learning methods. Compared with
existing models, the prediction error is reduced by 7% on average and the model parameters are
reduced by 43% in load and electricity price prediction tasks [16]. The state space model is
reopening the possibility of processing longer sequences with fewer resources.

Cross-regional collaboration can improve prediction quality at individual nodes, but once user-
side data is aggregated, privacy leakage risks emerge. This issue is particularly prominent when
CNN hybrid architectures and Transformers process multi-node spatio-temporal data. Approaches
such as graph convolution often require centralized data aggregation. Federated learning allows
participants to train models locally and only share encrypted parameter updates, which alleviates this
issue at the architectural level. In a systematic review of the application of federated learning in
smart grids, Zhang et al. pointed out that federated learning achieves accuracy comparable to
traditional centralized methods in load forecasting tasks [17]. Ding et al. further proposed an
industrial federated forecasting framework that integrates meta-learning with differential privacy
allocation. Compared with independent training, the MAPE is reduced by 1.99 percentage points on
real industrial datasets and by 2.63 percentage points in new operational scenarios [18]. These works
show that the federated framework is gradually offering practical privacy protection solutions while
maintaining the benefits of collaboration.

The results show that there is no uniform ranking of the performance of these three architectures, but
there is a clear task dependence.

Specifically, in the short-term prediction of stable electricity consumption scenarios, recurrent
variants such as LSTM and GRU can achieve reliable accuracy with low computational overhead by
effectively modeling temporal dependencies with gating mechanisms. When external meteorological
factors intensify or when extreme weather events occur, the CNN hybrid architecture extracts multi-
scale local features through front-end convolution, showing obvious advantages in robustness. The
advantage of Transformer is that its self-attention mechanism can directly capture the global
temporal relationship, so it has unique value in trend modeling. However, when the sequence length
increases significantly, the computational pressure caused by its quadratic complexity cannot be
ignored. This situation indicates that model selection should not aim for a universally optimal
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solution. Instead, it must accurately assess the data characteristics and constraints of the target
scenario, including whether the data are stationary or non-stationary, whether the forecasting horizon
is short-term or long-term, and whether computational resources are abundant or limited.

Based on the above analysis, the follow-up research can be carried out in three directions.
Existing methods generally rely on abundant historical samples, while cold-start problems in new
nodes or data-sparse scenarios still need more practical solutions. Few-shot learning and transfer
strategies may be the key to breaking through this bottleneck. The efficiency problem of long
sequence prediction has not been fundamentally solved, and exploring linear-complexity alternatives
for sequence modeling is a direction worthy of attention. Multi-region collaborative prediction
brings data privacy constraints while improving accuracy. How to maintain collaborative gain under
the premise that data is available but not visible is a challenge that must be faced when moving from
single-node algorithm research to actual deployment of interconnected systems. Only when the
prediction model is no longer just a tool for accuracy competitions, but is placed under realistic
constraints such as data scarcity, limited computing power, and privacy protection, can this field
truly mature.

It should be pointed out that this paper is mainly based on literature case analysis and lacks a
unified experimental platform. The datasets and evaluation metrics of different papers are not
completely consistent, which limits horizontal comparison. In the future, the comparability and
reproducibility of different studies can be enhanced by establishing a standardized evaluation
framework and cross-dimensional fairness benchmarks.
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