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Abstract

The volatility of electricity price presents a challenge to mar-

ket participants as their decision-making process are highly

depend on the accuracy of price forecasts. However, there

is growing empirical evidence of increasing price volatility

and price spikes in electricity markets as a result of vari-

able renewable energy generation, extreme weather events,

and other factors. The distribution shift caused by spikes

in electricity price data differentiates the forecasting tasks

from other renewable energy sources. Moreover, the obser-

vations may be compromised by cyberattacks and thus not

available in the testing phase. To this end, we propose a

Similarity-Enhanced ElectricityDecomposition Forecasting

model (SEED-Forecaster) to address the missing response

problem and spikes capturing in short-term electricity price

forecasting. The effectiveness of the proposed framework is

tested on real-world electricity price data from California In-

dependent System Operator (CAISO). Numerical results of

case studies show that the proposed SEED-Forecsater can

enhance forecasting performance, particularly in capturing

electricity spikes, even under conditions without regressors

during testing stage.

1 Introduction

Accurate electricity prices forecasting (EPF) [23, 5, 16],
is important for participants in the wholesale electric-
ity markets. EPF can guide them in formulating bid-
ding strategies, asset allocation, negotiating bilateral
contracts, hedging against risks, and planning for fa-
cility investments[3, 11, 8]. Additionally, market op-
erators leverage EPFs to gauge market power indexes,
monitor the behaviour of market participants[20, 25, 1].
At the same time, various factors affect electricity price
such as load, demand, natural gas prices and weather
conditions[15, 4]. Moreover, the algorithms determin-
ing pricing by balancing supply and demand can lead
to electricity price spikes[7, 2]. These spikes can result
in huge losses for unwary business owners and are diffi-
cult to handle by traditional forecasting models[13].

Despite the inherent challenges of EPF, the pro-
cess is further complicated by the electricity price being

∗Idaho National LaboratoryID, USA Mucun.Sun@inl.gov
†The University of Texas Rio Grande Valley,

li.zhang@utrgv.edu

derived from the DC Optimal Power Flow (DCOPF)
solution[14]. This solution is contingent upon factors
such as grid topology, generation costs, and real-time
demand. Consequently, the system is vulnerable to an
expanded cyberattack surface[10]. Specifically, attack-
ers can manipulate the topology information to alter the
solution to DCOPF leading to alteration of electricity
price, thus achieving financial gain. This vulnerability
introduces a significant challenge for EPF, as testing
electricity price may be compromised by cyberattacks,
making it different from traditional EPF problems. To
this end, our paper aims to explore a specific scenario
for EPF, where electricity price has been targeted by at-
tacks and is consequently unusable during testing stage.

In summary, the key research questions that we aim
to address are:

1. How to predict the unusually high spike without
compromising overall performance?

2. How can we enhance the performance of non-
autoregressive models using the existing training
data?

To answer these research questions, we pro-
pose a Similarity-Enhanced Electricity Decomposition
Forecasting model (SEED-Forecsater). To reduce the
effect of not having autoregressive data, we propose a
nearest neighbor shortcut module to directly inject the
historically similar input sequence as a shortcut feature.
To handle the extreme values, we use r-th root transfor-
mation a preprocessing unit to transform the extreme
values. The paper is organized as follows. In Section
4, we present the overall proposed framework and de-
tailed the proposed method. Section 5 applies the devel-
oped model to the electricity price dataset and compares
the model performance across several benchmark deep
neural network forecasting models. Concluding remarks
and future work are discussed in Section 7.

2 Related Work

Extensive study have been focus on Long Sequence
Time Series Forecasting. Typically, such models are
based on Transformer model which originally are from
natural language processing. A series of work have pro-
posed different sparse attention [17, 27, 24, 19] to allevi-
ate the memory cost problem or rely on a decomposition



module [28] to better capture information. Recently,
Zeng et al. [26] proposed an MLP with a moving-average
module to overcome the distribution shift. However,
in electricity price forecasting, the forecasting length is
usually small (within 24 sample points).

In the context of renewable energy forecasting prob-
lem, several studies have been conducted in the litera-
ture to address the aforementioned problem based on
pooling, transfer learning, data generation, and other
methods. For example, Bottieau et al. proposed a cross-
learning forecasting approach to predict solar power
generation without observation during both training
and testing. By leveraging common patterns learned
from neighboring monitored solar power production
profiles, the proposed approach fits a single, generic
forecasting function across the entire panel of monitored
solar power time series based only on series-specific fea-
tures. Moon et al. [18] propose a tree-based method to
tackle limited regressor issue in short-term load fore-
casting. Ali et al. [12] propose a transfer learning-
based framework enhanced by deep generative model
for forecasting of residential electric vehicle charging
behavior with limited regressor. The middle layers of
the pre-trained deep neural networks are freezed and
make a shortcut between the output layer and input
layer during the backpropagation for newly committed
electric vehicles with limited historical charging records.
However, most of the aforementioned work are more fo-
cused on solving limited regressor issue on training data,
which is referred to as ’cold-start’ problem. There is
very limited work on handling missing regressor prob-
lem in energy forecasting.

It is worthy to note that spike or extreme value
forecasting has been addressed in electricity price fore-
casting [22, 21], electrical system load forecasting [9],
and wind speed forecasting [6]. However, limited prior
research has tackled the forecasting of electricity price
with large spikes which are easy to be overfitted, espe-
cially under the specific scenario where electricity price
data is unusable during testing stage.

3 Problem Formulation

We start with the background of the time series and
then formulate problem setting.

We formulate the time series forecasting problem.
Given n instances of time series X = [x1,x2, · · · ,xn] ∈
Rn×d×p, where d is the time series dimension, p is the
sliding window length. Given xi, we want to predict
a target time series yi of length q. A time series
forecasting problem aims to learn a model F (., θ) such
that F (xi) is close to yi.

Particularly, in this paper, we are dealing with
a situation which yi will be completely missing in

the testing phase (i.e. the reading is completely not
available at testing time, or the corresponding sensor
was completely removed. ) Thus, unlike auto-regressive
models, we assume yi.is not a subset of Particularly,
in this paper, we are dealing with a situation which
yi will be completely missing in the testing phase (i.e.
the reading is completely not available at testing time,
or the corresponding sensor was completely removed. )
Thus, unlike auto-regressive models, we assume yi.is not
a subset of xi. Thus, models under such a forecasting
setting will be able to predict the target series while
experiencing failure, delay, and corruption on the target
reading without being affected.

4 Methodology

The overall flowchart of the proposed day-ahead elec-
tricity price forecasting framework is illustrated in Fig-
ure 1. Overall, the proposed forecasting model consists
a extreme value aware normalization module and a Sim-
ilarity Enhanced Shot-cut module to fuse the forecasting
result.

4.1 Extreme Value Aware Normalization Un-
like regular seasonal time series, it is well known that
the target electricity price time series contains signifi-
cant extreme values. Forecasting such extreme values
is extremely important given the potential cost asso-
ciated with it. However, leaving such extreme values
in the time series also pose a unavoidable challenge –
data normalizations step that widely used in time se-
ries forecasting to ensure the health of model gradient,
is not reliable. For example, the z-score normalization
and norm-based normalization will simply transfer all
normal data into almost a flat line.

Therefore, in this proposed framework, we propose
to use a Extreme Value Aware Normalization module
to address this challenge. Specifically, we proposed to
first perform rth root of yi points:

(4.1) ỹi = y
1
r
i

The extreme value and the normal value in ỹi will
have way smaller value-gap as the rth root greatly
reduce the extreme price value. Then the z-score
normalization is performed to obtained the normalized
value.

(4.2) ȳi =
ỹi − µ

σ

where µ and σ is the mean and standard deviation
of series ỹ respectively. Because xi is typical features
that associated with price yi and do not have significant



Figure 1: Overview flowchart of SEED-Forecsater

extreme value, we will use regular z-score normalization
in the proposed framework:

(4.3) x̄i =
xi − µ

σ

4.2 Similarity Enhanced Shot-cut module Next,
we discuss the proposed similarity-enhanced short-cut
module. Intutively, this module aims at aggregating
information gathered from xi and its previously seen
1-NN x1nn

i to perform forecasting task. To be more
specific, given a input time series xi, the model first run
through a query on a causal 1-nearest neighbor (Causal
1-NN) on xk k = 1 . . . i − 1. The closest match x1nn

i

along with xi are passed into two seperate decomposed
linear (DLinear)[26] forecasting module to obtain latent
embedding:

(4.4) hi = DLinear(xi)

(4.5) h1nn
i = DLinear(x1nn

i )

hi,h
1nn
i are then concatenated to form z =

[hi,h
1nn
i ]. Lastly, the forecasting is made through a

MLP fused module:

(4.6) ŷi = MLP (z)

5 Experiments and Case Studies

5.1 Experiment Setting We conducted experi-
ments on real-world electricity price data. We use ap-
proximately 700 days for training, 100 days for valida-
tion, and 293 days for testing. The forecasting perfor-
mance was evaluated by RMSE and MAE metrics. We
assume our model is executed every day at 8AM to pre-
dict the next day’s hourly prices using the latest avail-
able data in the training phase. In the testing phase,
we predict the next 24 hours’ electricity price given the
last 48 hours’ other variables without using the elec-
tricity price in the testing data. We compare with our
backbone model D-Linear [26] as well as MLP model.

5.2 Evaluation Metrics We use two most com-
monly used evaluation metrics: mean absolute error
(MAE) and the root mean square error (RMSE). The
mathematical expressions of the two metrics are ex-
pressed as:

(5.7) MAE =
1

n

n∑
i=1

|ŷi − yi|

(5.8) RMSE =
1

n

√√√√ n∑
i=1

(ŷi − yi)2

where ŷn, and yn, are the forecast wind power and wind
power observation, respectively. For these metrics, a
smaller value indicates better forecasting performance.



We report both overall and average hourly MAE
and RMSE, where the hourly metrics are used to
evaluate fine-grained performance.

Table 1: ith Hour Head Performance Comparison

ith hour ahead
Proposed Dlinear MLP

MAE RMSE MAE RMSE MAE RMSE
1 1.06 1.71 1.20 2.03 1.42 2.22
2 1.05 1.71 1.06 1.85 0.93 1.21
3 1.02 1.71 1.03 1.83 1.20 1.92
4 1.01 1.73 0.99 1.79 0.58 0.97
5 1.02 1.76 1.00 1.81 1.39 2.34
6 1.06 1.82 1.02 1.86 1.00 1.48
7 1.04 1.84 0.96 1.78 1.01 1.84
8 0.98 1.70 0.88 1.63 3.08 4.54
9 0.85 1.44 0.90 1.59 3.71 5.30
10 0.76 1.27 0.84 1.45 2.71 3.79
11 0.94 1.49 1.25 2.04 3.25 7.10
12 0.82 1.34 1.32 2.17 2.22 3.82
13 0.69 1.19 1.10 1.93 4.10 6.99
14 0.61 1.11 0.95 1.79 4.46 6.30
15 0.58 1.05 0.82 1.55 6.67 9.42
16 0.58 1.09 0.64 1.30 2.88 4.46
17 0.57 1.10 0.61 1.26 2.08 2.59
18 0.50 1.03 0.54 1.19 2.21 2.94
19 0.52 1.09 0.50 1.14 0.85 1.44
20 0.49 1.04 0.49 1.11 1.02 1.23
21 0.50 1.05 0.48 1.10 0.85 1.01
22 0.50 1.03 0.49 1.10 2.97 4.92
23 0.64 1.22 0.68 1.38 2.92 4.88
24 1.02 1.72 1.07 1.89 3.28 4.25

# of Win 16 17 6 2 3 3

5.3 Data Summary We use electricity price data
obtained from real-world hourly usage. There are in
total 12 features for approximately three years. Our
goal is to predict electric prices in every day 8 am
and the forecasting horizon is the next 24 hours. The
electricity price data is collected at the pricing nodes
of NP-15 zone from the CAISO market. The prices are
affected by the dynamic interplay of supply and demand
in both the CAISO real-time and day-ahead markets.
These prices encapsulate the comprehensive cost of
electricity generation, factoring in elements like fuel
costs, renewable resource availability, and transmission
constraints. It’s worth noting that distinct pricing
nodes may exhibit divergent prices due to factors such
as local supply and demand conditions, transmission
constraints, and the generation mix.

We first perform normalization on the entire time
series data by subtracting the data mean and data
standard deviation, then applied EVN module to reduce
the effect of extreme values. The result is reported over
all methods on the transformed scale.

Table 2: Average Performance Comparison

Proposed Dlinear MLP

MAE 0.78 1.41 2.36
RMSE 1.41 2.5 4.24

6 Results and Discussion

Table 1 and Table 2 show our forecasting results eval-
uated by hourly and overall RMSE and MAE against
DLinear [26] and MLP on CAISO data. MAE is known
as a metric reflecting the performance of capturing ex-
treme values, while RMSE is known as a metric bias to-
ward the performance of average values. Our proposed
method win 16 out 24 hours for MAE and 17 out of 24
hours for RMSE. Our largest MAE value is 1.06, which
is lower than D-Linear and MLP by 13.2% and 33.6%
respectively, while the largest error of MLP is 9.42, and
DLinear is 1.32. Our overall MAE is 0.78, improved
46.7% and 67% of the result of DLinear and MLP. Our
method also shows 45% and 66.9% of improvement on
RMSE over DLinear and MLP. We can also see MLP
fails in many cases and produced large error of more
than 3, even reach to 9.42. That is because there is an
outlier and DLinear and our method is robust to this.
The results show that our proposed method significantly
improves the ability to fit the extreme data as well as
normal cases by infusing the similarity module.

7 Conclusion

This paper developed a novel model for short-term elec-
tricity price forecasting. This model is specifically de-
signed to tackle a special problem–where testing regres-
sors are unavailable–and to accurately predict spikes
in electricity prices. Results of the case study showed
that: (i) the proposed method improves both MAE and
RMSE compared to baseline models even under scenar-
ios with missing regressor during the testing stage; (ii)
the proposed model excels in accurately capturing elec-
tricity spikes. Future work will explore: (i) generalizing
the model for other renewable energy forecasting includ-
ing wind, solar, and electric vehicle charging, and (ii)
adapting the model to address missing regressor issues
in clustering problems.
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