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A pioneering loss function to improve solar ramp event forecasting.
Theory-based modeling constrains solar ramp rates, durations, and boundary magnitudes.
The proposed loss boosts ramp event predictive accuracy and outperforms existing losses.
The proposed loss exhibits excellent robustness.
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 A B S T R A C T

The inherent uncertainty of the weather system frequently causes solar ramp events, limiting the efficient 
integration of solar power into the grid. Although the use of multi-modal data sources with deep learning 
models has improved solar forecasting accuracy as measured by statistical error metrics, the common reliance 
on Euclidean distance loss functions often fails to accurately extract the characteristics of ramp events, which is 
essential for grid operators to integrate solar power. Therefore, we introduced the Relaxed Shape Alignment and 
Temporal Distortion Loss (RSTLoss), a novel differentiable loss function designed for deep learning-based solar 
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prediction models. The effectiveness of RSTLoss is thoroughly verified through extensive experiments, showing 
improvements of up to 7.48% in the Ramp Score and 13.17% in the Temporal Distortion Index compared to 
existing loss functions. These findings indicate that RSTLoss significantly enhances ramp prediction accuracy 
while also exhibiting excellent model compatibility.
1. Introduction

In response to the challenges posed by global climate change, the 
exploitation and utilization of renewable energy have become crit-
ically important [1,2]. Solar energy, renowned for its inexhaustible 
supply, sustainability, and zero emissions, has emerged as a principal 
driver of the energy revolution [3]. However, a major challenge in 
the widespread and efficient use of solar energy is the seamless inte-
gration of these intermittent power sources into existing grid systems. 
Accurate forecasting of solar irradiance variations across different time 
scales is essential to optimize the use of renewable energy [4,5]. How-
ever, the inherent complexity and stochastic nature of weather systems 
present formidable challenges for accurately predicting ground-level 
solar irradiance [6], especially during cloudy periods characterized by 
intermittent, sharp fluctuations known as ‘‘ramp events’’ [7]. Due to 
the sensitivity of solar power systems to irradiance fluctuations, severe 
ramp events can disconnect photovoltaic (PV) units from the grid, thus 
compromising overall grid stability [8,9]. Consequently, the accurate 
prediction of solar ramp events is essential for distribution operators to 
implement preventive measures and minimize restoration costs. Accu-
rate forecasts of ramp timing, duration, rate, and magnitude can sup-
port dispatch planning, reserve scheduling, and energy-storage coor-
dination. By reducing unexpected PV fluctuations and supply–demand 
imbalances, improved ramp forecasting enhances grid reliability and 
facilitates higher photovoltaic penetration.

In the context of specific application requirements, the definition 
of ramp events is subject to variation; consequently, researchers have 
proposed numerous approaches to establish these definitions [10]. 
According to the Alberta Pilot Project technical report, a ramp event 
is defined as a significant variation in power output that occurs within 
a relatively short time interval [11]. Kamath [12] defined ramp events 
based on time intervals, where a ramp event occurs when the amplitude 
difference between the start and end points exceeds a predetermined 
threshold. Subsequently, Kamath [13] proposed a definition based on 
extreme values: a ramp event is considered to have occurred if the 
difference between the maximum and minimum values exceeds a spe-
cific threshold during a given time interval. Despite varying definitions, 
ramp events are consistently characterized by three key parameters: 
ramp duration, ramp rate, and ramp boundary magnitude [7]. Ramp 
duration refers to the time span of a ramp event. Ramp rate describes 
the rate of change in irradiance during the event, effectively capturing 
the steepness of the ramp. The ramp boundary magnitude is defined 
as the difference in irradiance between the start and end points of 
the ramp event. Ramp events are classified into two categories: up-
ramp and down-ramp. In solar energy systems, the primary concern 
is down-ramp events, which occur when cloud cover obscures the 
sun [10].

1.1. Current advances on detection and prediction of solar ramps

In the field of solar forecasting, the majority of research primarily 
aims to enhance the accuracy of predictions, which are evaluated 
using statistical metrics such as the Root Mean Square Error (RMSE) 
across the entire dataset. However, there is a notable scarcity of studies 
specifically focused on ramp forecasting. The detection and prediction 
of solar ramp events, which are crucial yet underexplored aspects of 
this field, can be briefly summarized as follows.

The early work of Florita et al. [14] employed the Swinging Door 
Algorithm (SDA), a data compression technique, to detect ramp events. 
2 
Cui et al. [15] later enhanced the SDA through dynamic programming 
optimization. However, these methods are limited to the detection of 
ramp events and fail to provide forewarning. Existing research on the 
prediction of solar ramp events is primarily based on multi-modal input 
features, with data sources varying according to prediction timescales. 
Intra-hour solar forecasting utilizes cloud motion information derived 
from all-sky imagery [10,16–19], while intra-day solar forecasting 
relies on satellite imagery to analyze the dynamics of large-scale cloud 
systems [6,20–23]. For day-ahead and longer forecasting horizons, 
numerical weather prediction (NWP) data serve as the primary input 
[24,25]. Various prediction models have been developed, employing 
both statistical and deep learning methods to capture the complicated 
relationships among meteorological variables and solar ramp events to 
improve prediction accuracy.

From the perspective of statistical methods, Zhu et al. [26] devel-
oped an approach that skillfully combines Credal Networks and the 
Imprecise Dirichlet Model to capture the fuzzy correlation between 
solar ramp events and meteorological variables, thereby improving 
the reliability and accuracy of ramp event forewarning. The Coop-
erative Institute for Research in the Atmosphere (CIRA) developed 
CIRACAST [27], an advanced solar irradiance prediction system that 
incorporates high-resolution satellite imagery and wind field forecasts 
to predict solar irradiance and ramp events up to three hours ahead. 
Zhang et al. [28] developed a spatio-temporal categorical point process 
model that characterizes the spatial correlations of solar ramp effects 
and their interaction mechanisms, using meteorological variables in-
cluding temperature, humidity, and cloud density. From the perspective 
of the deep learning model, Hirata and Aihara [29] systematically iden-
tified and quantified the uncertainty factors affecting the prediction 
of ramp events, then employed a deep learning technique to predict 
the up-ramp and down-ramp events in solar irradiance by integrating 
the quantification. Chu et al. [10] integrated cloud tracking techniques 
with artificial neural networks to predict 10-min advance ramp events 
with a time resolution of one minute. Wen et al. [17] proposed a CNN-
based multi-step strategy that enhances the prediction of solar power 
ramp events by integrating spatio-temporal cloud motion information 
from sequential all-sky imagery.

1.2. Challenges of ramp prediction

Although several studies have advanced the prediction of solar ramp 
events by proposing various methodologies, the primary focus has been 
on optimizing deep learning architectures and integrating multiple data 
sources. Kumari and Toshniwal [30] and Ajith and Martínez-Ramón 
[31] have provided comprehensive reviews of deep learning-based 
models to predict solar irradiance. These reviews underscore significant 
advances yet also point out a critical limitation: the prevalent reliance 
on Euclidean Distance (ED)-based loss functions. Given that the use of 
RMSE skill scores has been strongly advocated to assess the accuracy 
of deterministic predictions of solar irradiance [32], most deep learn-
ing models for solar prediction employ RMSE or Mean Square Error 
(MSE) as their primary loss functions [30,31]. However, Vallance et al. 
[33] has conducted qualitative and quantitative analyzes of ED-based 
metrics, revealing their insufficiency in assessing predictions of solar 
ramp events. Their research indicates that ED-based metrics struggle to 
accurately reflect the models’ capability to capture actual fluctuations, 
particularly in the context of ramp events. Further investigations by 
Le Guen and Thome [34] and Xu et al. [35] have elucidated addi-
tional shortcomings of the ED-based loss function in deep learning 
applications.
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Nomenclature

Variables

𝛼 Shape parameter of the Fréchet distribution
𝛽 Weight parameter in the RSTLoss function
𝛥(𝐲, 𝐲̂)𝑞𝑖𝑗 Euclidean Distance between true and pre-

dicted time series
𝛾 Smoothing parameter
E𝛾 [𝑊𝑡] Expected temporal distortion
𝐲̂ Predicted time series
𝐀 ∈ {0, 1}𝑛×𝑛 A binary matrix for describing the align-

ment state between time series
𝐲 True time series
𝑖𝑗 Accumulated cost of the optimal alignment 

path
∇𝑦𝛥(𝐲, 𝐲̂) Gradient of the distance matrix
𝜋 Alignment path
𝐲𝑟 Ramp event boundary magnitude
𝜇̃ Position parameter of extreme value distri-

bution
𝜎̃ Scale parameter of extreme value distribu-

tion
𝑔 Empirical constant
𝑚 Positional parameter of the Fréchet distribu-

tion
𝑛,𝑛 Set of all admissible paths
Abbreviations

BNI Beam Normal Irradiance
BSRN Baseline Surface Radiation Network
CIRA Cooperative Institute for Research in the 

Atmosphere
CSI Clear Sky Index
DDTW Derivative Dynamic Time Warping
DeepTCN Deep Temporal Convolutional neural Net-

work
DHI Diffuse Horizontal Irradiance
DP Dynamic Programming
DTW Dynamic Time Warping
ED Euclidean Distance
GEV Generalized Extreme Value
GHI Global Horizontal Irradiance
GRU Gated Recurrent Unit
MBE Mean Bias Error
MLP Multilayer Perceptrons
MSE Mean Square Error
NSRDB National Solar Radiation Data Base
NWP Numerical Weather Prediction
PDFs Probability Density Functions
PV Photovoltaic
QC Quality Control
RMSE Root Mean Squared Error
RNN Recurrent Neural Network
RS Ramp Score
RSTLoss Relaxed Shape Alignment and Temporal 

Distortion Loss
SDA Swinging Door Algorithm
3 
soft-DTW soft-Dynamic Time Warping
soft-WDDTW soft-Weighted Derivative Dynamic Time 

Warping
TDI Temporal Distortion Index
TSMixer Time-Series Mixer

Nevertheless, the development of specialized loss functions tailored 
to predict ramp events remains a significant yet unaddressed research 
gap. Conventional ED-based loss functions do not adequately capture 
the three key parameters of ramp events. Given the temporal sensitivity 
and rapid rate of fluctuation in ramp events, loss functions must pe-
nalize prediction errors differentially across these characteristics while 
maintaining appropriate sensitivity to non-ramp conditions.

1.3. Contributions of this work

Given the limitations of ED-based loss functions, this work intro-
duces a novel differentiable loss function, termed Relaxed Shape Align-
ment and Temporal Distortion Loss (RSTLoss), for deep learning-based 
solar ramp-event forecasting. Unlike existing methods that utilize multi-
modal inputs such as all-sky imagery, satellite imagery, or NWP data, 
RSTLoss leverages the intrinsic capabilities of deep learning frame-
works to effectively characterize solar ramp events using only widely 
available meteorological data time series. The approach enhances the 
sensitivity of deep learning predictors to challenging ramp events under 
conditions of limited data availability. RSTLoss facilitates a comprehen-
sive characterization of ramp events by simultaneously optimizing the 
prediction of ramp duration, ramp rate, and ramp boundary magnitude. 
The multi-dimensional loss function optimization strategy allows deep 
learning predictors to concurrently focus on the temporal dynamics, 
morphological features, and amplitude variations of the ramp events. 
This endows the predictor with the ability to capture the complex fea-
tures of ramp events comprehensively and accurately, thus significantly 
enhancing prediction accuracy. Specifically, the scientific and practical 
contributions of the current work are as follows:

• The primary contribution of this work is the development of 
RSTLoss, a novel differentiable loss function designed specifically 
to overcome the limitations of conventional ED-based metrics 
(like MSE) in solar forecasting. Unlike standard loss functions 
that often fail to capture sharp fluctuations, RSTLoss allows deep 
learning predictors to simultaneously optimize for the three essen-
tial parameters of solar ramp events: ramp duration, ramp rate, 
and ramp boundary magnitude, thereby enabling a more accu-
rate and comprehensive characterization of complex irradiance 
dynamics.

• From an algorithmic design standpoint, we innovated by inte-
grating a soft-Weighted Derivative Dynamic Time Warping (soft-
WDDTW) module directly into the loss calculation pipeline. This 
component modifies the traditional soft-Dynamic Time Warping 
(soft-DTW) approach by incorporating derivative information and 
a temporal distortion penalty weight, which forces predictors to 
prioritize the alignment of trends and slopes rather than just 
absolute values. This architectural choice specifically targets the 
shape and temporal aspects of the prediction, allowing the model 
to elastically align predicted sequences with ground truth data 
to mitigate the temporal delays often seen in standard regression 
models.

• To address the inherent weakness of warping methods in cap-
turing peak values, we introduced a novel magnitude constraint 
module based on Extreme Value Theory (EVT) within the loss 
architecture. By embedding a Fréchet distribution-based kernel 
function into the loss objective, the architecture explicitly pe-
nalizes the underestimation of extreme fluctuations and ramp 
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boundaries. This design choice creates a dual-focus optimization 
landscape where the model is simultaneously constrained by tem-
poral alignment (via soft-WDDTW) and magnitude severity (via 
the EVT kernel), ensuring that the generated forecasts respect the 
physical intensity of solar ramp events.

In summary, existing differentiable time-series losses mainly im-
prove sequence alignment or temporal matching. In contrast, RSTLoss 
extends soft-DTW by integrating derivative-based alignment, temporal-
distortion-aware weighting, and a Fréchet-distribution-based extreme-
value loss into a unified differentiable objective. This design explicitly 
constrains ramp duration, ramp rate, and ramp boundary magnitude, 
making RSTLoss specifically tailored for solar ramp-event forecasting. 
The remainder of the paper is organized as follows. Section 2 illus-
trates the theoretical limitations of ED-based and soft-DTW-based loss 
functions in ramp event prediction. Section 3 presents the proposed 
RSTLoss. Section 4 details the case study, including the dataset, selected 
prediction models, assessment metrics for ramp prediction, and the 
training procedure used. The forecasting results are presented and 
discussed in Section 5. Finally, Section 6 summarizes the key findings.

2. Preliminaries

In this Section, the inherent limitations of conventional loss func-
tions in deep learning for ramp event prediction are first analyzed from 
theoretical perspectives.

2.1. Conventional loss functions and their limitations

Take univariate time series as an example. The true series is denoted 
as 𝐲 = (𝑦0,… , 𝑦𝑛−1) ∈ R𝑛, and the predicted series is denoted as 
𝐲̂ = (𝑦̂0,… , 𝑦̂𝑛−1) ∈ R𝑛. The accuracy of multi-step time series fore-
casting is typically assessed by computing similarity metrics between 
the predicted series 𝐲̂ and the actual series 𝐲. These similarity metrics 
for time series can be divided into two primary categories: ED-based 
metrics and those based on DTW [36].

2.1.1. Euclidean distance loss
While ED metrics such as MSE are commonly employed to assess 

prediction accuracy in time series models, they exhibit significant 
limitations when used in the backpropagation process of deep learning 
models. This is particularly problematic in the context of predicting 
ramp events, where sub-optimal or even inappropriate parameter tun-
ing decisions may result. For normally distributed data 𝐲 ∼  (𝜇, 𝜎2), 
employing MSE as a loss function equates to using Maximum Likelihood 
Estimation (MLE) to predict the mean 𝜇 of 𝐲. This relationship is 
demonstrated in Eq. (2): 

MSE = 1
𝑛

𝑛
∑

𝑖=1
(𝑦𝑖 − 𝑦̂𝑖)2, (1)

argmin𝜃 MSE(𝐲,𝐲̂) ⇔ argmin𝜃 − log
(

𝑃
(

𝐲|𝜇, 𝜎2
))

= argmin𝜃 − log

(

1

𝜎
√

2𝜋
exp

(

−
(𝜇 − 𝐲)2

2𝜎2

)

)

= argmin𝜃

(

(𝜇 − 𝐲)2

2𝜎2
+ log

(

𝜎
√

2𝜋
)

)

.

(2)

Note that this Gaussian assumption is introduced only to explain the 
statistical foundation of conventional ED-based loss functions, rather 
than to characterize the statistical distribution of solar ramp events.

However, this symmetric conditional-mean objective does not ex-
plicitly distinguish ordinary errors from errors occurring at abrupt 
ramp boundaries. The boundary magnitudes of solar ramp events (𝐲𝑟) 
represent local extrema of rapid irradiance variations and therefore 
exhibit statistical characteristics that differ from ordinary point-wise 
prediction errors. The EVT provides a principled framework for char-
acterizing the tails and extrema of stochastic processes [37]. Recent 
4 
deep-learning studies have also incorporated extreme value distribu-
tions or extreme mixture models to improve the prediction of rare and 
high-impact observations in time series [38,39]. Motivated by this theo-
retical connection, we adopt an EVT-informed asymmetric formulation 
to emphasize prediction errors associated with ramp-boundary magni-
tudes. The extreme value distribution is used as a loss design principle 
rather than as a strict distributional assumption for the complete ramp 
event sequence. For a representative extreme value likelihood with 
location parameter 𝜇̃ and scale parameter 𝜎̃, the corresponding negative 
log-likelihood can be expressed as 

argmin𝜃 − log(𝑃 (𝐲𝑟|𝜇̃, 𝜎̃)) = argmin𝜃

( 𝐲𝑟 − 𝜇̃
𝜎̃

+ exp
(

−
𝐲𝑟 − 𝜇̃

𝜎̃

)

+ log(𝜎̃)
)

,

(3)

where 𝜇̃ and 𝜎̃ denote the location and scale parameters, respectively.
Unlike the symmetric quadratic objective induced by the Gaus-

sian likelihood, the extreme value objective is asymmetric and assigns 
different penalties to deviations on the two sides of the location param-
eter. This distinction motivates an asymmetric weighting mechanism 
for ramp-boundary errors. Nevertheless, the proposed method does 
not require all ramp-boundary magnitudes to exactly follow a spe-
cific extreme-value distribution; instead, the extreme-value formulation 
serves as an EVT-informed kernel for enhancing the model’s sensitivity 
to critical ramp boundaries.

When using ED-based loss functions, the gradient of the backprop-
agation is expressed as: 
𝜕ED
𝜕𝑦𝑡

=
𝑦̂𝑡 − 𝑦𝑡
𝑛 ⋅ ED

. (4)

The distinct nature of the optimization objectives in Eqs. (2) and 
(3) highlights the inherent bias introduced by ED-based loss functions 
in the prediction of ramp event boundary magnitudes. Further com-
plicating this issue, the use of ED-based loss functions in ramp event 
predictions can lead to the averaging out of significant prediction errors 
at the ramp boundaries. This averaging effect weakens the gradients 
at these critical points, potentially causing adjacent time points to 
generate opposing gradients. Such opposing gradients can severely 
counteract each other, reducing the model’s sensitivity to learn critical 
ramp event boundary magnitudes.

2.1.2. Dynamic time warping loss
Dynamic Time Warping (DTW) is an algorithm that identifies the 

optimal alignment path between two time series by allowing for local 
temporal distortions, thus facilitating the best match in their shapes. 
This adjustment is achieved by seeking a path that minimizes the 
alignment cost [40,41]. DTW represents the alignment between two 
sequences, 𝐲 and 𝐲̂, using a binary matrix 𝐀 ∈ {0, 1}𝑛×𝑛. In this matrix, 
an element 𝐀(𝑖, 𝑗) = 1 indicates that element 𝑦𝑖 is aligned with 𝑦̂𝑗 , and 
𝐀(𝑖, 𝑗) = 0 otherwise. The set of all admissible paths, 𝑛,𝑛, consists of 
paths that begin at the top-left corner (1,1) and end at the bottom-
right corner (𝑛, 𝑛), moving through the matrix using downward (↓), 
rightward (→), or diagonal (↘) steps, as visualized in Fig.  1. The 
optimization problem of DTW is formulated as: 

DTW(𝐲, 𝐲̂) = min
𝜋∈𝑛,𝑛

(

∑

(𝑖,𝑗)∈𝜋
𝛥(𝐲, 𝐲̂)𝑞

)1∕𝑞

, (5)

where the alignment path 𝜋 is a sequence of index pairs ((𝑖0, 𝑗0),… ,
(𝑖𝑛−1, 𝑗𝑛−1)), and 𝛥(𝐲, 𝐲̂)𝑞𝑖𝑗 = |𝑦𝑖 − 𝑦̂𝑗 |𝑞 represents the 𝑞th power of the 
ED between 𝐲 and 𝐲̂. Dynamic Programming (DP) algorithms solve 
the optimization problem by minimizing the alignment cost with a 
complexity of (𝑛2), grounded in Bellman’s principle of optimality [42]. 
The recursive formulation of this process is: 

 = 𝛥(𝐲, 𝐲̂)𝑞 + min( , , ), (6)
𝑖,𝑗 𝑖𝑗 𝑖−1,𝑗 𝑖,𝑗−1 𝑖−1,𝑗−1
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Fig. 1. Alignment of two time series 𝐲̂ = (𝑦̂1,… , 𝑦̂𝑛) and 𝐲 = (𝑦1,… , 𝑦𝑛) shown 
as a path through a directed acyclic graph. The alignment is encoded in a 
binary matrix 𝐀 ∈ {0, 1}𝑛×𝑛, where 𝐀(𝑖, 𝑗) = 1 indicates pairing of 𝑦̂𝑖 with 
𝑦𝑗 . The matrix 𝑖,𝑗 denotes the total cost of alignment, which DTW seeks to 
minimize.

where 𝑖𝑗 denotes the accumulated cost along the optimal path. This 
cost metric can also serve as a similarity measure between two time 
series, which is useful for assessing the prediction accuracy of events 
such as ramps [33].

Despite DTW’s efficacy in measuring time series similarity, its non-
differentiable nature poses a significant challenge when used as a 
loss function in deep learning models that rely on gradient-based 
optimization. To address this, Cuturi and Blondel [36] introduced a 
differentiable version called soft-DTW, which utilizes the log-sum-exp 
trick to smooth the minimum operator [36]: 

𝛾
min{𝑎1,… , 𝑎𝑛} ∶=

{

min𝑖≤𝑛 𝑎𝑖, 𝛾 = 0,
−𝛾 log

∑𝑛
𝑖=1 exp

{

−𝑎𝑖∕𝛾
}

, 𝛾 > 0,
(7)

where 𝛾 is a smoothing parameter. The soft-DTW allows for a Gibbs 
distribution of possible alignment paths rather than a single optimal 
path and modifies the recursive process accordingly: 

𝑖,𝑗 = 𝛥(𝐲, 𝐲̂)𝑞𝑖𝑗 +
𝛾

min(𝑖−1,𝑗 ,𝑖,𝑗−1,𝑖−1,𝑗−1). (8)

However, while soft-DTW significantly enhances the model’s sen-
sitivity to ramp events, it also introduces challenges during gradient 
backpropagation by excessively warping time to align the predicted and 
target series shapes. This can distort the temporal aspects of predic-
tions, particularly affecting the accuracy of timing the ramp events. We 
will explore the implications of this temporal distortion in the context 
of soft-DTW’s gradient updates in the subsequent sections.

Proposition. The gradient of soft-DTW during backpropagation is 
expressed as the expected alignment E𝛾 [𝐀𝜋 ], which can be derived as 
(see Appendix  A.1 for detailed derivations): 
∇DTW𝛥

𝛾 (𝐲, 𝐲̂) = E𝛾 [𝐀𝜋 ], (9)

E𝛾 [𝐀𝜋 ] =
∑

𝐀𝜋∈𝑛,𝑛

𝐀𝜋 ⋅ 𝑝𝛾 (𝐀𝜋 ), (10)

𝑝𝛾 (𝐀𝜋 ) =
exp

{

−⟨𝐀𝜋 , 𝛥(𝐲, 𝐲̂)⟩∕𝛾
}

∑

𝐀′
𝜋∈𝑛,𝑛

exp
{

−⟨𝐀′
𝜋 , 𝛥(𝐲, 𝐲̂)⟩∕𝛾

} , (11)

where ∇DTW𝛥
𝛾 (𝐲, 𝐲̂) is the derivative with respect to the alignment cost, 

⟨𝐀𝜋 , 𝛥(𝐲, 𝐲̂)⟩ represents the scalar product of the pairwise matrix 𝛥(𝐲, 𝐲̂)
and the warping path 𝐀𝜋 . As 𝛾 → 0, the exponential function in 𝑝𝛾 (𝐀𝜋 )
becomes highly sensitive to ⟨𝐀𝜋 , 𝛥(𝐲, 𝐲̂)⟩, emphasizing the alignment 
matrix 𝐀𝜋 that minimizes this value (i.e. the optimal alignment), similar 
to classical DTW. Conversely, as 𝛾 → ∞, all alignment matrices become 
equally probable due to the normalization effect of the exponential 
5 
function, leading to a uniform distribution and an expected value 
biased towards linear alignment. In the soft-DTW optimization using 
gradient descent, the predicted series 𝐲̂ is updated in the direction: 
𝛥𝑦 = −𝜂E𝛾 [𝐀𝜋 ] · ∇𝑦𝛥(𝐲, 𝐲̂), (12)

where ∇𝑦𝛥(𝐲, 𝐲̂) refers to the gradient of the distance matrix. Each gra-
dient update thus modifies the alignment matrix. According to the def-
inition of the Temporal Distortion Index (TDI) [43], this modification 
affects the temporal distortion metric as defined by: 
𝑊𝑡 =

∑

𝑖,𝑗
|𝑖 − 𝑗|𝐀(𝑡)

𝑖𝑗 , (13)

where 𝐀(𝑡)
𝑖𝑗  represents the alignment matrix after 𝑡 gradient updates. The 

cumulative temporal distortion of the predicted sequence is defined as: 

𝑊𝑇 =
𝑇
∑

𝑡=1
E𝛾 [𝑊𝑡], (14)

where E𝛾 [𝑊𝑡] represents the expected temporal distortion per update. 
Therefore, utilizing soft-DTW as the loss function leads to a progressive 
accumulation of temporal distortion effects during long-term training. 
In the absence of penalties for temporal distortion, soft-DTW facili-
tates time-axis warping to achieve sequence alignment, significantly 
impacting the accuracy of ramp duration predictions in the long term.

3. Methodology

To address the limitations of conventional loss functions in ramp 
prediction, we propose the novel RSTLoss, comprising two distinct 
components, as shown in Fig.  2. The first, termed soft-WDDTW, eval-
uates shape similarity and phase differences between the predicted 
and target time series. This component excels in capturing the overall 
trends of ramp events and effectively quantifies time axis offsets, thus 
minimizing temporal distortion and enhancing the accuracy of ramp 
rate predictions. The second component employs a kernel function 
based on the extreme value distribution, specifically tailored to enhance 
the prediction of boundary magnitudes in ramp events. The optimal 
convex combination of these two components forms RSTLoss, which 
significantly improves the prediction accuracy regarding the duration, 
rate, and boundary magnitude of ramp events.

3.1. Soft-weighted derivative dynamic time warping

The soft-DTW loss function is pivotal for forecasting ramp events 
as it enhances shape similarity between the predicted and target se-
ries [34,36]. Its inherently differentiable nature allows for seamless in-
tegration with gradient-based optimization processes, facilitating end-
to-end learning. However, as outlined in Section 2.1.2, soft-DTW may 
not adequately address phase differences between the time series. To 
overcome this limitation, we introduce an enhanced method, soft-
WDDTW, which optimizes both shape matching and time alignment, 
significantly improving the accuracy of ramp event predictions.

The foundation of our approach uses Derivative Dynamic Time 
Warping (DDTW) [44], which transforms the original data into high-
level features that encapsulate sequence shape information. The trans-
formation equation for a data point 𝑦𝑖 is [44]: 

𝐺(𝑦𝑖) =
1
2

[

(𝑦𝑖 − 𝑦𝑖−1) +
1
2
(𝑦𝑖+1 − 𝑦𝑖−1)

]

, 1 < 𝑖 < 𝑛, (15)

where 𝑛 represents the series length. Notably, initial and final values are 
extrapolated as 𝐺(𝑦1) = 𝐺(𝑦2) and 𝐺(𝑦𝑛) = 𝐺(𝑦𝑛−1), respectively, due 
to undefined boundaries. By applying this transformation (Eq. (15)), 
both predicted and actual series are converted to their respective slope 
features. These features are then utilized as inputs to the soft-DTW 
algorithm to enhance the learning of slope similarity, thereby enabling 
a more precise capture of trends and patterns in ramp events.
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Fig. 2. The RSTLoss, designed for training deep learning models to predict ramp events, incorporates two distinct components: shape similarity and temporal 
distortion constraints  (𝐲̂, 𝐲), based on soft-Weighted Derivative Dynamic Time Warping (soft-WDDTW), and boundary magnitude constraints  (𝐲̂, 𝐲), which 
utilize extreme value distributions. The loss function is fully differentiable, enabling efficient computation through both forward and backward passes, which are 
implemented recursively for computational efficiency.
Addressing temporal distortion, a dynamic penalty mechanism
based on phase differences between predicted and actual series is 
introduced. This mechanism employs a logistic weight function that 
assigns decreasing penalty weights as the phase difference diminishes, 
described by: 

𝑤𝑖 =
1

1 + exp (−𝑔(𝑖 − 𝑛∕2))
, (16)

where 𝑖 ∈ {0, 1,… , 𝑛−1} denotes the series length, and 𝑔 is a parameter 
that controls the curvature of the function as well as the steepness of the 
weight function, thereby regulating sensitivity to phase differences. Fig. 
3 demonstrates how various 𝑔 values influence the weight distribution, 
illustrating the function’s adaptability to temporal distortions. When 
𝑔 = 0, the weight function forms a straight horizontal line, indicating 
uniform weighting at all time points and effectively disregarding any 
temporal distortion. When 𝑔 = 0.03, the weight function exhibits an 
approximately linear relationship. As 𝑔 increases, the nonlinear char-
acteristics of the weight allocation become increasingly pronounced. 
To ensure the stability of soft-WDDTW recursion during training, a 
parameter 𝑔 is designed based on the effective interval width of the 
weight function, which typically refers to the range of 𝑖 over which 𝑤𝑖
transitions from low to high weight values. The variation of weights 
in this interval is sensitive to temporal distortion and has a significant 
moderating effect on losses. For any weight range [𝑤1, 𝑤2], the effective 
interval width 𝛥𝑖 can be calculated by: 

𝑖 = 𝑛∕2 − 1
𝑔
ln
( 1 −𝑤

𝑤

)

, (17)

𝛥𝑖 = 𝑖1 − 𝑖2 =
1
𝑔

[

ln
(

1 −𝑤1
𝑤1

)

− ln
(

1 −𝑤2
𝑤2

)]

. (18)

In this study, we empirically set the weight range between 0.05 and 
0.95. To effectively penalize temporal distortion, the effective inter-
val width 𝛥𝑖 is an integer smaller than the prediction horizon 𝐿. In 
this study, with a prediction horizon of 24 (6-h ahead with 15-min 
resolution), the calculated 𝑔 based on Eq. (18) is greater than 0.256. 
Therefore, for our study, 𝑔 is set to 0.3 to optimize the distinction be-
tween different levels of temporal distortion while maintaining gradient 
smoothness during training.

We then seamlessly integrate the aforementioned slope calculation 
method (Eq. (15)) and time-distortion penalty weights (Eq. (16)) into 
the recursive process of soft-WDDTW: 

 = 𝛥(𝐺(𝐲), 𝐺(𝐲̂)) ×𝐖[|𝑖 − 𝑗|] (19)
𝑖,𝑗 𝑖,𝑗

6 
Fig. 3. Illustration of the logistic weight function and effective interval width 
for temporal distortion with varying parameter 𝑔.

𝑖,𝑗 = 𝑖,𝑗 +
𝛾

min{𝑖−1,𝑗−1,𝑖−1,𝑗 ,𝑖,𝑗−1}. (20)

The algorithm for the forward recursion processes of soft-WDDTW is 
detailed in Algorithm 1.

The value of soft-WDDTW𝛥
𝛾 (𝐲̂, 𝐲) stored in 𝑛,𝑛 at the end of the 

forward recursion. The backward recursion process leverages the chain 
rule of differentiation to compute the gradient of 𝑖,𝑗 by back-
propagating from 𝑛,𝑛: 

𝛿𝑖,𝑗 = 𝛿𝑖+1,𝑗
𝜕𝑖+1,𝑗

𝜕𝑖,𝑗
+ 𝛿𝑖,𝑗+1

𝜕𝑖,𝑗+1

𝜕𝑖,𝑗
+ 𝛿𝑖+1,𝑗+1

𝜕𝑖+1,𝑗+1

𝜕𝑖,𝑗
, (21)

where 𝛿𝑖,𝑗 ∶= 𝜕𝑛,𝑚∕𝜕𝑖,𝑗 denotes the gradient. Based on Eqs.  (7) and 
(20), each partial derivative in Eq. (21) is denoted as:

𝜕𝑖+1,𝑗

𝜕𝑖,𝑗
= 𝑒−𝑖,𝑗∕𝛾

𝑒−𝑖,𝑗−1∕𝛾 + 𝑒−𝑖,𝑗∕𝛾 + 𝑒−𝑖+1,𝑗−1∕𝛾
,

𝜕𝑖,𝑗+1

𝜕𝑖,𝑗
= 𝑒−𝑖,𝑗∕𝛾

𝑒−𝑖−1,𝑗∕𝛾 + 𝑒−𝑖,𝑗∕𝛾 + 𝑒−𝑖−1,𝑗+1∕𝛾
,

𝜕𝑖+1,𝑗+1

𝜕𝑖,𝑗
= 𝑒−𝑖,𝑗∕𝛾

𝑒−𝑖,𝑗∕𝛾 + 𝑒−𝑖+1,𝑗∕𝛾 + 𝑒−𝑖,𝑗+1∕𝛾
. (22)
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The logarithmic form of Eq. (22) can be elegantly reformulated using 
the soft-min operations obtained from the forward recursion step:

𝛾 log
𝜕𝑖+1,𝑗

𝜕𝑖,𝑗
=

𝛾
min{𝑖,𝑗−1,𝑖,𝑗 ,𝑖+1,𝑗−1} −𝑖,𝑗

= 𝑖+1,𝑗 −𝑖,𝑗 −𝑖+1,𝑗 ,

𝜕𝑖+1,𝑗

𝜕𝑖,𝑗
= 𝑒

1
𝛾 (𝑖+1,𝑗−𝑖,𝑗−𝑖+1,𝑗 ). (23)

Similarly, the following relationships can also be obtained: 
𝜕𝑖,𝑗+1

𝜕𝑖,𝑗
= 𝑒

1
𝛾 (𝑖,𝑗+1−𝑖,𝑗−𝑖,𝑗+1), (24)

𝜕𝑖+1,𝑗+1

𝜕𝑖,𝑗
= 𝑒

1
𝛾 (𝑖+1,𝑗+1−𝑖,𝑗−𝑖+1,𝑗+1). (25)

The Algorithm 2 illustrates the detailed process of backward recursion 
of soft-WDDTW.

While the introduction of the smoothing parameter 𝛾 enhances the 
algorithm’s differentiability, it also presents challenges, as 𝛾 prevents 
the loss function from converging effectively to zero, which contradicts 
the optimization goal of minimizing loss [36,45]. Thus, similar chal-
lenges are encountered with soft-WDDTW, and we employ divergences 
to address these issues: 

 (𝐲̂, 𝐲) = soft-WDDTW𝛥
𝛾 (𝐲̂, 𝐲) −

1
2

(

soft-WDDTW𝛥
𝛾 (𝐲̂, 𝐲̂) + soft-WDDTW

𝛥
𝛾 (𝐲, 𝐲)

)

.

(26)

Algorithm 1 Forward recursion to calculate soft-WDDTW.
Require:

Dataset: 𝐲̂ = (𝑦̂0,⋯ , 𝑦̂𝑛−1) ∈ R𝑛, 𝐲 = (𝑦0,⋯ , 𝑦𝑛−1) ∈ R𝑛

Smoothing parameter: 𝛾 ≥ 0
Distance function: 𝛥(𝐲̂, 𝐲)𝑖𝑗 = ‖𝑦̂𝑖 − 𝑦𝑗‖22

Ensure:
1: Initialize 0,0 = 0, 𝑖,0 = ∞, 0,𝑗 = ∞, 𝑖, 𝑗 ∈ [[𝑛]];
2: Calculate 𝐺(𝐲̂) and 𝐺(𝐲) based on Eq.  (15)
3: for 𝑗 = 1 to 𝑛 do
4:  for 𝑖 = 1 to 𝑛 do
5:  Calculate weight value 𝐖 based on Eq.  (16)
6:  𝑖,𝑗 = 𝛥(𝐺(𝐲̂), 𝐺(𝐲))𝑖,𝑗×𝐖[|𝑖−𝑗|]+min𝛾{𝑖−1,𝑗−1,𝑖−1,𝑗 ,𝑖,𝑗−1}
7:  end for
8: end for
9: return 𝑛,𝑛

3.2. Extreme value distribution based kernel function

To improve the prediction accuracy of the ramp boundary mag-
nitude, the Fréchet kernel function is introduced, which is based on 
heavy-tailed kernel density estimation and serves as the loss function 
kernel for modeling the boundary magnitude. The PDF of the Fréchet 
distribution is defined as [37]: 

𝑓 (𝑢; 𝛼, 𝑠, 𝑚) = 𝛼
𝑠

( 𝑢 − 𝑚
𝑠

)−1−𝛼
exp

[

−
( 𝑢 − 𝑚

𝑠

)−𝛼]
, (27)

where 𝑢 represents the values of the random variable, 𝛼 > 0 is the shape 
parameter, 𝑠 > 0 is the scale parameter, and 𝑚 is the positional pa-
rameter. Zhang et al. [46] modified this by employing a normalization 
factor to eliminate the positional parameter 𝑚, thereby constructing a 
Fréchet-based kernel function: 

Fréchet(𝑢) =
𝛼
𝑠

⎛

⎜

⎜

⎜

𝑢 + 𝑠
(

𝛼
1+𝛼

)1∕𝛼

𝑠

⎞

⎟

⎟

⎟

−1−𝛼

exp−

⎛

⎜

⎜

⎜

𝑢 + 𝑠
(

𝛼
1+𝛼

)1∕𝛼

𝑠

⎞

⎟

⎟

⎟

−𝛼

. (28)
⎝ ⎠ ⎝ ⎠
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Algorithm 2 Backward recursion to calculate soft-WDDTW.
Require:

Dataset: 𝐲̂ = (𝑦̂0,⋯ , 𝑦̂𝑛−1) ∈ R𝑛, 𝐲 = (𝑦0,⋯ , 𝑦𝑛−1) ∈ R𝑛

Smoothing parameter: 𝛾 ≥ 0
Distance function: 𝛥(𝐲̂, 𝐲)𝑖𝑗 = ‖𝑦̂𝑖 − 𝑦𝑗‖22

Ensure:
1: Initialize:
2: 𝑖,𝑛+1 = ∞, 𝑛+1,𝑗 = ∞, 𝑖, 𝑗 ∈ [[𝑛]]
3: 𝛥(𝐺(𝐲̂), 𝐺(𝐲))𝑖,𝑛+1 = 𝛥(𝐺(𝐲̂), 𝐺(𝐲))𝑛+1,𝑗 = 0, 𝑖, 𝑗 ∈ [[𝑛]]
4: 𝑒𝑖,𝑛+1 = 𝑒𝑛+1,𝑗 = 0, 𝑖, 𝑗 ∈ [[𝑛]]
5: 𝛥(𝐺(𝐲̂), 𝐺(𝐲))𝑛+1,𝑛+1 = 0, 𝑒𝑛+1,𝑛+1 = 1,𝑛+1,𝑛+1 = 𝑛,𝑛
6: for 𝑗 = 𝑛 to 1 do
7:  for 𝑖 = 𝑛 to 1 do
8:  Calculate weight value 𝐖 based on Eq.  (16)
9:  Calculate 𝜕𝑖+1,𝑗

𝜕𝑖,𝑗
, 𝜕𝑖,𝑗+1

𝜕𝑖,𝑗
 and 𝜕𝑖+1,𝑗+1

𝜕𝑖,𝑗
 based on Eq.  (23), Eq. 

(24) and Eq.  (25), respectively
10:  Calculate 𝛿𝑖,𝑗 based on Eq.  (21)
11:  end for
12: end for
13: return 𝑒𝑛,𝑛

Then, a negative log-likelihood function based on the Fréchet ker-
nel function is adopted as the loss function to predict the boundary 
magnitude of ramp events: 

 (𝐲̂, 𝐲) = (−1 − 𝛼)

(

−
𝛿 + 𝑠( 𝛼

1+𝛼 )
1∕𝛼

𝑠

)−𝛼

+ log
𝛿 + 𝑠( 𝛼

1+𝛼 )
1∕𝛼

𝑠
, (29)

where 𝛿 = |𝐲̂ − 𝐲|.
Using solar ramp events as a case study, the Swinging Door Al-

gorithm (SDA) is employed to identify the starting and ending points 
of these events at four BSRN sites: CAB, CNR, PAL, and PAY. Subse-
quently, the Generalized Extreme Value (GEV) theory is utilized to fit 
the Probability Density Functions (PDFs) for the ramp events at each 
site, as depicted in Fig.  4. The PDFs demonstrate pronounced charac-
teristics of long-tailed and heavy-tailed distributions in the boundary 
magnitudes of the ramp events. Notably, all the PDFs exhibit a shape 
parameter 𝛼 > 0, indicating conformity to the Fréchet distribution. Con-
sequently, employing the Fréchet distribution to model the prediction 
error of ramp boundary magnitudes has proven to be effective.

Overall, the optimal convex combination of shape loss and extreme 
value loss, as defined in Eqs.  (26) and (29), is encapsulated in the 
RSTLoss: 
𝑡𝑜𝑡𝑎𝑙(𝐲̂, 𝐲) = 𝛽 (𝐲̂, 𝐲) + (1 − 𝛽) (𝐲̂, 𝐲), (30)

where 𝛽 is the weighting parameter that balances the contributions of 
the shape and extreme value losses.

4. Case study

4.1. Data preparation

This study utilizes experimental data sourced from four observation 
sites within BSRN [49], as shown in Fig.  5. The dataset comprises 
time series measurements of Global Horizontal Irradiance (GHI), Beam 
Normal Irradiance (BNI), Diffuse Horizontal Irradiance (DHI), and key 
meteorological parameters such as temperature, relative humidity, and 
atmospheric pressure. These data are resampled to have a 15-min 
resolution over a period of six years (2017–2022). The primary focus of 
this research is to predict ramp events in GHI. To mitigate the influence 
of inherent seasonal variations on the analysis, the Clear Sky Index 
(CSI) is adopted as the main variable for prediction: 

CSI = GHI , (31)
GHIcs
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(a) CAB

  
(b) CNR

 

 
(c) PAL

  
(d) PAY

 

Fig. 4. Fitting of GEV distribution PDFs at BSRN Sites: CAB, CNR, PAL, and PAY.
Fig. 5. Geographical distribution of the four selected BSRN stations (circular 
symbols) in the updated Köppen–Geiger climate classification system [47,48].

where GHIcs represents the GHI under clear sky conditions at time 𝑡, 
calculated using either a physical or empirical clear sky model. For this 
study, the McClear model is employed to estimate GHIcs [50], with 
CSI values set to 0 during nighttime periods when GHIcs = 0. The 
predicted CSI is then converted back to GHI using Eq. (31) in order to 
compute the assessment metrics. To ensure the reliability and accuracy 
of the experimental results, stringent quality control (QC) measures are 
applied to the collected data. This involves using two specific filters: 
8 
Table 1
Model hyperparameters.
 Parameter Value  
 Number of encoder/decoder blocks 3  
 Initial learning rate 0.001  
 Hidden size 512  
 Attention heads 4  
 Input window size 16 (4-h)  
 Prediction horizons 2-h, 4-h, 6-h 
 Weighting parameter (𝛽) 0.7  
 Shape parameter (𝛼) 1.2  
 Scale parameter (𝑠) 10  
 Smoothing parameter (𝛾) 0.1  

Extremely Rare Limits and Closure Equation [48,51]: 

⎡

⎢

⎢

⎣

−2 < 𝐺𝐻𝐼 < 1.2𝐸0𝑛 cos1.2(𝑍) + 50
−2 < 𝐷𝐻𝐼 < 0.75𝐸0𝑛 cos1.2(𝑍) + 30
−2 < 𝐵𝑁𝐼 < 0.95𝐸0𝑛 cos0.2(𝑍) + 10

⎤

⎥

⎥

⎦

, (32)

[

|closr| < 8%  for 𝑍 < 75◦ and 𝐺𝐻𝐼 > 50
|closr| < 15%  for 75◦ < 𝑍 < 93◦ and 𝐺𝐻𝐼 > 50

]

. (33)

In the above QC procedure, 𝑍 is the solar zenith angle, 𝐸0𝑛 is the 
extraterrestrial irradiance on a surface normal to the solar ray, and 
|closr| = |GHI − (DNI cos𝑍 + DHI)| is the difference between measured 
and computed GHI. In cases where QC procedures result in missing 
values, these gaps are filled using interpolation from the National Solar 
Radiation Database (NSRDB) [52]. In addition, Min-Max normalization 
is applied to all meteorological variables (except GHI) to standardize 
the data for further analysis. This approach ensures both the integrity 
of the data and the robustness of the predictive models developed in 
this study.



T. Jing et al. Energy and AI 26 (2026) 100881 
4.2. Deep learning based prediction models

To validate the effectiveness of the proposed RSTLoss for predicting 
solar ramp events and to assess its adaptability to different deep learn-
ing architectures, we selected five representative deep learning models. 
These models span the four principal architectural categories, showcas-
ing the current diversity and advancements in deep learning for time 
series prediction. The selection includes one Multilayer Perceptrons 
(MLP)-based model: Time-Series Mixer (TSMixer) [53]; two attention 
mechanism-based models: Informer [54] and vanilla Transformer [55]; 
one Recurrent Neural Network (RNN)-based model: Gated Recurrent 
Unit (GRU) [56]; and one temporal Convolutional Neural Network 
(CNN)-based model: Deep Temporal Convolutional neural Network 
(DeepTCN) [57]. Further details on these prediction models can be 
found in Appendix  A.2.

4.3. Assessment metrics of ramp prediction

To enhance the evaluation of the prediction accuracy of solar ramp 
events, this study employs a comprehensive suite of metrics, including 
two Euclidean distance (ED)-based metrics and three specialized met-
rics designed explicitly for assessing the accuracy of solar ramp events 
predictions and their temporal distortion. The source code for these 
metrics is publicly available for further exploration and validation.1 The 
two ED-based metrics, Mean Bias Error (MBE) and RMSE, are defined 
as: 

MBE = 1
𝑛

𝑛
∑

𝑖=1
(𝑦𝑖 − 𝑦̂𝑖), (34)

RMSE =

√

√

√

√

1
𝑛

𝑛
∑

𝑖=1
(𝑦𝑖 − 𝑦̂𝑖)2, (35)

where 𝑦𝑖 and 𝑦̂𝑖 represent the actual and predicted values, respectively.
While ED-based metrics may not comprehensively capture the nu-

ances of actual irradiance fluctuations, a novel metric, the Ramp Score 
(RS), has been introduced [33]. The RS employs SDA to segment both 
observed 𝐲 and predicted 𝐲̂ time series into piecewise linear functions, 
enabling the detection of trends such as upward and downward ramps. 
SDA approximates the signal with linear segments over different time 
steps, constrained by a sensitivity parameter 𝜏. A ramp is identified 
if a new piecewise linear function can approximate the signal with 
an absolute error smaller than a predefined threshold 𝜖. For GHI time 
series, the error threshold 𝜖𝑖 is defined as: 

𝜖𝑖 = 𝜏 ⋅max(GHI𝑤𝑖
), (36)

where max(GHI𝑤𝑖
) represents the maximum GHI value in the 𝑖th time 

window. Following the recommendations of Vallance et al. [33], we set 
𝜏 = 0.18.

To ensure the precise identification of ramp events, the compression 
time window parameter 𝑤 of SDA is set to 30 min, allowing for the 
analysis of three consecutive time steps. This configuration optimizes 
the detection of ramp features and thereby enhances the computational 
accuracy of the RS. The slope of each piecewise function, which rep-
resents the magnitude and direction of ramp events, is then calculated 
as a function of time  [14]. The RS is quantified by averaging the daily 
differences in the area between the predicted and actual ramp events: 

RS = 1
𝑛day

𝑛day
∑

𝑖=1

1
𝑡𝑖max − 𝑡𝑖min ∫

𝑡𝑖max

𝑡𝑖min

|

|

|

SDA𝑖(𝑦̂𝑡) − SDA𝑖(𝑦𝑡)
|

|

|

𝑑𝑡, (37)

where 𝑡𝑖min and 𝑡𝑖max denote the time indices for sunrise and sunset of 
the 𝑖th day, respectively, and 𝑛day is the number of days in the dataset. 

1 https://github.com/JOTYtao/Ramp-Score.git
9 
A lower RS suggests that the predicted ramp events are more closely 
aligned with the actual events.

Additionally, to quantify the shape accuracy of the predicted ramp 
events, we use the DTW Score: 
DTW Score =

√

𝑖,𝑗 , (38)

where 𝑖,𝑗 is calculated by Eq. (6). A lower DTW Score indicates a 
smaller shape dissimilarity between the predicted and the actual time 
series.

Evaluating the performance of predictive models should encompass 
not only the accuracy of predicted ramp magnitudes but also their 
temporal precision. Accurate timing is crucial for grid operators for 
effective load balancing, dispatch planning, and contingency responses, 
thereby enhancing power system stability and reliability [14,43]. Frías-
Paredes et al. [43] proposed the Temporal Distortion Index (TDI) based 
on the DTW algorithm to analyze the temporal distortion in renewable 
energy forecasts. The TDI is defined as the area between the optimally 
aligned path ∗, as solved by DTW, and the identity path between 
two time series. The identity path is defined as the series of points 
(1, 1), (2, 2),… , (𝑛 − 1, 𝑛 − 1), (𝑛, 𝑛). A generalized version of the TDI can 
be expressed as [58]: 

𝑃𝑙 = ∫

𝑖𝑙+1

𝑖𝑙

|

|

|

|

|

𝑥 −
( (𝑥 − 𝑖𝑙)(𝑗𝑙+1 − 𝑗𝑙)

(𝑖𝑙+1 − 𝑖𝑙)
+ 𝑗𝑙

)

|

|

|

|

|

𝑑𝑥, (39)

TDI =
2
∑𝑘−1

𝑙=1 |𝑃𝑙|

(𝑛 − 1)2
, (𝑖, 𝑗 = 1,… , 𝑛), (𝑙 = 1,… , 𝑘), (40)

where 𝑖 and 𝑗 denote the time indices of the actual and predicted series, 
respectively, and 𝑘 denotes the number of segments in the optimally 
aligned path ∗. The TDI is a dimensionless index ranging from 0 to 
1, where 0 indicates no temporal distortion and 1 indicates maximum 
temporal distortion. Thus, a lower TDI value characterizes a lesser 
degree of time series distortion.

4.4. Model training procedure

In this study, deep learning models were trained on data spanning 
four years, from 2017 to 2020. The models were then validated using 
data from 2021, and their performance was subsequently evaluated 
using data from 2022. All experiments were conducted on a high-
performance computing platform equipped with an NVIDIA RTX 4090 
GPU with 24 GB of memory. The experimental code was implemented 
using the PyTorch framework. Unless otherwise specified, a batch size 
of 32 was used for all experiments, and all models were initialized 
with a fixed random seed of 42 to ensure reproducibility. To mitigate 
overfitting, an early-stopping mechanism with a patience of five epochs 
was employed. All deep learning models were trained using the Adam 
optimizer, with an initial learning rate of 0.001 and an exponential 
decay rate of 0.999 [59].

The primary aim of this study was to assess the efficacy and ro-
bustness of RSTLoss relative to soft-DTW and MSE for solar ramp event 
prediction. To ensure that the observed performance differences were 
attributable primarily to the loss functions rather than architecture-
specific tuning, no separate hyperparameter optimization was per-
formed for each forecasting model. The model configurations were kept 
unchanged across MSE, soft-DTW, and RSTLoss, and the corresponding 
settings are reported in Table  1. This design does not imply that the 
parameters of RSTLoss were selected without analysis. The effects of 
the weighting parameter 𝛽, the Fréchet shape parameter 𝛼, and the 
scale parameter 𝑠 on RS and TDI were systematically examined using a 
control-variable sensitivity analysis, as presented in Section 5.5. Based 
on this analysis, 𝛽 = 0.7, 𝛼 = 1.2, and 𝑠 = 10 were selected. 
The smoothing parameter was fixed at 𝛾 = 0.1 for both soft-DTW 
and the soft-WDDTW component of RSTLoss, following the established 
soft-DTW formulation [36], thereby ensuring a controlled comparison 
between the two alignment-based losses.

https://github.com/JOTYtao/Ramp-Score.git
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5. Results and discussion

5.1. Overall performance under different sky conditions

Comprehensive experimental evaluations, as presented in
Appendix  A.3, demonstrate the superior efficacy of RSTLoss across 
assessment metrics (RS, DTW Score, and TDI) for ramp event predic-
tion. Additionally, to assess performance under diverse sky conditions, 
we employed the Bright-Sun clear-sky detection algorithm [60] for 
categorizing sky conditions into clear and cloudy. Daily classifications 
were based on the predominant sky condition. Performance metrics 
(RS and TDI) were computed on a daily basis and aggregated through 
statistical averaging over the testing set. This approach enables a 
nuanced understanding of the model’s effectiveness under varied sky 
conditions, further emphasizing the practical applicability of RSTLoss.

Under cloudy conditions, RSTLoss demonstrates exceptional perfor-
mance, as detailed in Appendix  A.3 and illustrated in Fig.  6. Overall, 
RSTLoss holds a distinct advantage over benchmark loss functions, 
particularly in longer prediction horizons. Among all five prediction 
models, the prediction results using RSTLoss consistently exhibit the 
lowest RS and TDI values. Compared to MSE, RSTLoss achieves a 
significant improvement in the RS metric, with a reduction of up 
to 7.48% (4-h-ahead forecast, Transformer model) and a maximum 
reduction of 13.17% in the TDI metric (4-h-ahead forecast, Trans-
former model). When compared to soft-DTW, RSTLoss demonstrates 
even more substantial improvements in RS metrics, particularly for 6-
h-ahead forecasts, with a reduction of 11.47% (Transformer model). 
For TDI metrics, the greatest reduction is 15.08% (6-h-ahead forecasts, 
TSMixer model). These results underscore the superior capability of 
RSTLoss in capturing short-term fluctuations and reducing temporal 
distortions, especially in longer time-scale forecasting tasks. Notably, 
these improvements in RS and TDI metrics occur without any dete-
rioration in RMSE performance. The results demonstrate the unique 
and comprehensive benefits of RSTLoss in addressing the challenges 
of forecasting solar ramp events under cloudy conditions. Further-
more, RSTLoss consistently exhibits superior performance across all five 
benchmark models, using data from four BSRN sites. This consistency 
substantiates its robust generalization capabilities and architectural 
compatibility.

To further evaluate the robustness of the proposed loss function with 
respect to stochastic optimization, the training procedure was inde-
pendently repeated using five random seeds, {42, 123, 1234, 2025, 2026}, 
while keeping the chronological training/testing partition, model ar-
chitecture, optimization settings, and all other hyperparameters un-
changed. Fig.  7 summarizes the statistical robustness analysis, where 
each circle denotes one independent training run, the diamond rep-
resents the mean RMSE, and the error bars correspond to the 95% 
confidence intervals. RSTLoss consistently achieves the lowest RMSE 
across all five independent runs while exhibiting the smallest run-to-run 
variation among the compared loss functions. The narrow confidence 
interval further indicates stable optimization behavior and low sensi-
tivity to random initialization. In contrast, both MSE and soft-DTW 
consistently produce larger prediction errors and greater variability 
across repeated runs. These results demonstrate that the improvements 
obtained by RSTLoss are robust to stochastic model initialization rather 
than resulting from a favorable random seed.

5.2. Statistical significance analysis

Statistical robustness is evaluated using paired daily RS and TDI 
values. For the representative Transformer configuration under the 4-h-
ahead cloudy-weather setting at the CAB station, the metrics obtained 
using RSTLoss are paired with those obtained using MSE and soft-DTW 
over the same test days. To quantify the uncertainty in the observed im-
provements without imposing a parametric distributional assumption, 
95% confidence intervals for the mean paired differences are estimated 
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using 10,000 paired bootstrap resamples with a fixed random seed 42. 
In addition, a two-sided Wilcoxon signed-rank test is performed for 
each paired comparison to test the null hypothesis that the median 
paired difference between RSTLoss and the corresponding baseline is 
zero. Since four related comparisons are conducted, covering RS and 
TDI against MSE and soft-DTW, respectively, the resulting 𝑝-values are 
jointly adjusted using the Benjamini–Hochberg procedure to control 
the false discovery rate at 0.05. The paired difference is calculated 
by subtracting the corresponding baseline metric from the RSTLoss 
metric for each test day; therefore, a negative difference indicates better 
performance for RSTLoss.

As reported in Table  2, RSTLoss reduces the mean RS from 72.988 
with MSE to 67.529, corresponding to a relative reduction of 7.48%. 
The mean paired difference is −5.460, with a 95% bootstrap confidence 
interval of [−5.707,−5.216]. Compared with soft-DTW, RSTLoss reduces 
RS by 3.42%, with a mean paired difference of −2.394 and a 95% con-
fidence interval of [−2.780,−2.006]. For TDI, RSTLoss reduces the daily 
mean from 19.507% with MSE to 16.938%, corresponding to a relative 
reduction of 13.17%. The mean paired difference is −2.569 percentage 
points, with a 95% bootstrap confidence interval of [−2.693,−2.450]. 
Compared with soft-DTW, RSTLoss reduces TDI by 7.13%, with a mean 
paired difference of −1.301 percentage points and a 95% confidence 
interval of [−1.465,−1.136]. The complementary Wilcoxon signed-rank 
tests yield Benjamini–Hochberg-adjusted 𝑝-values of 2.94 × 10−11 and 
4.02 × 10−11 for the RS comparisons with MSE and soft-DTW, respec-
tively, and 2.94 × 10−11 for both corresponding TDI comparisons. All 
adjusted 𝑝-values are substantially below the significance level of 0.05. 
Together with the bootstrap confidence intervals, which remain strictly 
below zero for all four comparisons, these results provide consistent 
non-parametric evidence that the reductions in RS and TDI obtained 
with RSTLoss are statistically significant across the paired test days.

5.3. Visualization analysis of ramp event predictions

To further evaluate the efficacy of RSTLoss in enhancing the ac-
curacy of ramp event predictions, we randomly selected two days 
of 6-h-ahead prediction results from the TSMixer model for detailed 
visual analysis. As illustrated in Fig.  8, the results clearly highlight the 
advantages of RSTLoss in enhancing the similarity of prediction shapes 
and reducing temporal distortion in forecasting ramp events. Predic-
tions generated by the MSE loss function show excessive smoothing, 
which hinders the model’s ability to accurately capture and predict 
critical ramp events. In contrast, the predictions from the soft-DTW loss 
function display overly sensitive fluctuation characteristics, leading to 
frequent false alarms regarding ramp events. This comparative analysis 
underscores the superiority of RSTLoss in maintaining fidelity to actual 
ramp event dynamics while minimizing false predictions.

Fig.  9 provides a multi-dimensional graphical representation that 
illustrates the optimal alignment paths between the predicted results 
and the actual values (indicated by the black line). It also highlights 
the temporal distortion (visualized by the shaded area) and presents 
the distance matrix (depicted as a heat map). RSTLoss demonstrates 
significant advantages in reducing temporal distortion and enhancing 
shape similarity. Specifically, on 2022-07-01, RSTLoss reduces the RS 
by 15.1% and the TDI by 64.5% when compared to MSE loss. On 
2022-08-27, RSTLoss achieves a 38.21% reduction in RS and a 61.7% 
decrease in TDI while maintaining RMSE values almost equal to those 
of the MSE predictions. These results strongly affirm the substantial 
potential of RSTLoss to enhance the accuracy of ramp event predictions 
and minimize temporal distortion.

5.4. Comparison of ramp boundary magnitude prediction

To rigorously assess the effectiveness of the extreme value
distribution-based kernel function in RSTLoss for enhancing the ac-
curacy of ramp event boundary magnitude predictions, we used the 
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Fig. 6. The five benchmark models are compared in terms of RS (represented by colored bars) and TDI (indicated by annotated symbols) across the four BSRN 
sites using three loss functions: MSE, soft-DTW, and RSTLoss.
Table 2
Paired day-level comparison of RSTLoss with MSE and soft-DTW for the Transformer model under the 4-h-ahead cloudy-weather 
setting at the CAB station. Values before and after ± denote the mean and standard deviation, respectively. 𝛥 denotes the paired 
difference calculated as RSTLoss minus the corresponding baseline, and CI denotes the 95% paired-bootstrap confidence interval. 
𝑊  denotes the two-sided Wilcoxon signed-rank statistic, and 𝑝BH denotes the corresponding 𝑝-value after Benjamini–Hochberg 
correction.
 Metric Baseline Forecast performance Statistical significance
 Baseline mean ± SD RSTLoss mean ± SD Reduction 𝛥 [95% CI] 𝑊 𝑝BH  
 RS MSE 72.988 ± 6.816 67.529 ± 6.295 7.48% −5.460 [−5.707,−5.216] 0 2.94 × 10−11 
 soft-DTW 69.923 ± 6.745 3.42% −2.394 [−2.780,−2.006] 18 4.02 × 10−11 
 TDI (%) MSE 19.507 ± 2.553 16.938 ± 2.273 13.17% −2.569 [−2.693,−2.450] 0 2.94 × 10−11 
 soft-DTW 18.239 ± 2.514 7.13% −1.301 [−1.465,−1.136] 6 2.94 × 10−11 
11 
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Fig. 7. Statistical robustness comparison of different loss functions over five 
independent random seeds. Each circle represents one independent training 
run, the diamond denotes the mean RMSE, and the error bars indicate the 
corresponding 95% confidence interval. RSTLoss consistently achieves the 
lowest RMSE with the smallest run-to-run variation.

SDA to precisely identify the start and end points of ramp events 
within the CAB dataset. We then calculated the RMSE of the boundary 
magnitude prediction results from the prediction models employing 
three different loss functions, as depicted in Fig.  10. By analyzing 
the performance of these models across three prediction horizons, the 
significant advantage of RSTLoss in improving the prediction accuracy 
of the boundary magnitude becomes evident. Specifically, RSTLoss 
reduces RMSE compared to soft-DTW in all models and prediction time 
ranges by up to 18.2% (Informer model, 6-h prediction). Although 
the improvement in MSE is more modest, RSTLoss consistently shows 
benefits, generally achieving RMSE reductions ranging from 1% to 6%. 
Performance enhancement is particularly notable in long-term forecasts 
(e.g., 6-h ahead), underscoring the robustness of RSTLoss in addressing 
the increased complexity of forecasts over time.

5.5. Hyperparameter sensitivity analysis

To investigate the impact of hyperparameters in the proposed RST-
Loss on RS and TDI, we conducted a sensitivity analysis using the 
control variable approach for three key hyperparameters: the weighting 
parameter 𝛽 in Eq. (30), the shape parameter 𝛼, and the scale parameter 
𝑠 in Eq. (27). We selected TSMixer as the benchmark predictor and 
performed a detailed study using the CAB site as an example. The 
experimental results, shown in Fig.  11, indicate that all three hyper-
parameters significantly affect the RS of the prediction results. The 
weighting parameter 𝛽 delicately balances the predictive performance 
of the model. When 𝛽 is small, the model overly focuses on the 
magnitude prediction of the starting and ending points of ramp events, 
leading to reduced sensitivity in terms of temporal duration fidelity and 
dynamic rate-of-change accuracy, consequently resulting in higher RS 
and TDI values. Conversely, when 𝛽 is too large, the model becomes 
insufficiently sensitive to the prediction of the starting and ending 
points’ amplitudes, which also results in higher RS metrics. The scale 
parameter 𝑠 exhibits a clear threshold effect: when 𝑠 < 10, RS shows 
only slight fluctuations, but when 𝑠 > 10, RS increases significantly, 
from 66.92 to 72.35. This increase is mainly attributed to the effect 
of 𝑠 on the shape of the Fréchet kernel, where larger 𝑠 causes the 
Fréchet kernel to converge to a Gaussian kernel, which is detrimental 
to predicting boundary amplitude. Regarding the shape parameter 𝛼, a 
smaller 𝛼 makes the loss function in Eq. (3) highly sensitive to small 
errors, resulting in excessive gradients during the optimization process 
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and affecting the convergence stability of the model parameters, thus 
reducing prediction accuracy. Conversely, a larger 𝛼 makes the loss 
function more tolerant of small errors while being more responsive 
to larger errors, producing smaller gradients and contributing to the 
stability of the optimization process. In contrast, the effects of 𝑠 and 𝛼
on TDI are relatively weak, with TDI maintaining a more stable level 
under different parameter configurations. Given this analysis, we have 
chosen 𝛽 = 0.7, 𝛼 = 1.2, and 𝑠 = 10 for reporting results in this work, 
as listed in Table  1.

5.6. Wind speed ramp events forecast

The proposed loss function, RSTLoss, is designed to capture three 
fundamental characteristics of ramp events: ramp boundary magnitude, 
ramp duration, and ramp rate. These features are not unique to solar 
power systems; they are also observed in other renewable energy 
systems, such as wind power, where sudden fluctuations in power 
output. Wind ramps present significant challenges to grid stability and 
forecasting. To further validate the applicability of RSTLoss in wind en-
ergy forecasting, we conducted experiments on wind speed prediction 
at four stations. The TSMixer model is employed to perform 6-h-ahead 
forecasting with 15-min temporal resolution. All other experimental 
parameters remained consistent with those detailed in Section-III-D. As 
shown in Fig.  12, RSTLoss demonstrated consistently excellent wind 
speed forecasting performance across the different forecast horizons for 
all stations. In the 2-h-ahead forecast, RSTLoss achieves the lowest RS 
while maintaining competitive TDI values, particularly at PAY, where 
it improves RS by 5.2% over MSE, and this advantage becomes even 
more pronounced as the forecast time is extended to 4-h-ahead and 6-
h-ahead, where RSTLoss effectively balances the trade-off between RS 
and TDI metrics. These results convincingly demonstrate that RSTLoss 
not only improves the overall prediction accuracy, but also maintains 
robust temporal consistency in wind speed prediction over different 
time scales.

5.7. Training efficiency and complexity

Quantifying the computational overhead of different loss functions 
is important, particularly for real-time prediction scenarios. Therefore, 
a detailed comparison of the computational costs of MSE, soft-DTW, 
and RSTLoss is conducted using the TSMixer model as an example. 
Specifically, under identical GPU and CPU conditions, the average 
training time per epoch, GPU throughput, early-stopping epoch, and 
time complexity of each loss function are compared, following the 
settings described in the model training procedure. Table  3 summa-
rizes the computational overhead of the different loss functions during 
TSMixer training at the CAB station, where 𝐿 denotes the number of 
forecast steps.

RSTLoss is similar to soft-DTW in terms of training time per epoch 
and GPU throughput, while both require greater computational cost 
than MSE. Theoretically, the time complexity of RSTLoss is 𝑂(𝐿2), 
which is higher than that of MSE, 𝑂(𝐿). The dominant quadratic cost 
arises from the 𝐿 × 𝐿 dynamic-programming alignment matrix in soft-
WDDTW. Accordingly, the standard implementations of soft-DTW and 
RSTLoss also require 𝑂(𝐿2) memory, whereas the additional temporal-
distortion and Fréchet-based magnitude terms require only 𝑂(𝐿) op-
erations and do not change the dominant complexity. The empirical 
peak GPU-memory measurements are consistent with this analysis. 
As shown in Table  3, RSTLoss introduces only approximately 2.9% 
additional peak-memory consumption relative to soft-DTW, indicating 
that the temporal-distortion weighting and Fréchet-based magnitude 
constraint add only modest memory overhead beyond the dynamic-
programming alignment operation. However, the prediction horizon 
considered in short-term solar irradiance forecasting is generally 6 h, 
corresponding to 𝐿 = 24 at a 15-min resolution; therefore, the quadratic 
computational and memory costs remain manageable. RSTLoss reaches 
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Fig. 8. Visualization of ramp event prediction: the first row compares the 6-h-ahead prediction results of the TSMixer model using MSE, soft-DTW, and RSTLoss 
as the loss functions at the CAB site, respectively; the second row compares the prediction accuracy of the ramp events identified by using the SDA.
Fig. 9. Visual analysis of alignment paths and temporal distortion using MSE, soft-DTW, and RSTLoss for 6-h-ahead predictions with the TSMixer model at the 
CAB site. The heat maps illustrate the distance matrix between the true and predicted values. Red diagonal lines denote the ideal alignment paths, black lines 
show the actual alignment paths of the prediction results, and the red shaded areas highlight temporal distortions.
Table 3
Comparison of training efficiency, peak GPU-memory consumption, and computational complexity for different loss functions 
using TSMixer for 6-h-ahead forecasting at the CAB station.
 Loss function Time (s/epoch) Throughput (samples/s) Early-stopping epoch Peak GPU memory (GB) Time complexity 
 MSE 55.44 2506 32 2.43 𝑂(𝐿)  
 soft-DTW 66.62 2106 21 3.12 𝑂(𝐿2)  
 RSTLoss 64.21 2185 20 3.21 𝑂(𝐿2)  
the early-stopping criterion in fewer training epochs, resulting in a 
comparable total training cost relative to MSE. Thus, although RSTLoss 
has a higher per-epoch computational complexity than MSE, it exhibits 
a favorable training-efficiency trade-off under the present experimental 
setting. Moreover, RSTLoss is used only during model training and does 
not alter the forecasting architecture. Models trained with MSE, soft-
DTW, and RSTLoss therefore have identical inference complexity and 
13 
latency, meaning that RSTLoss introduces no additional computational 
overhead during operational forecasting.

6. Conclusion

Conventional ED-based loss functions in deep learning techniques 
exhibit fundamental limitations in accurately capturing crucial ramp 
event features such as duration, rate, and boundary magnitude. To 
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Fig. 10. Comparison of model performance in predicting the boundary magnitude of ramp events at the CAB site, where the boundary points of the ramp events 
are extracted by the SDA.
Fig. 11. Impact of hyperparameters in RSTLoss on the RS and TDI on cloudy weather condition.
Fig. 12. Comparison of RS and TDI metrics for wind speed forecasting based on TSMixer at different prediction horizons (2-h-ahead, 4-h-ahead, and 6-h-ahead) 
across four BSRN stations using MSE, soft-DTW, and RSTLoss.
overcome these limitations, this study introduces RSTLoss, a novel 
loss function based on differentiable optimization. RSTLoss innova-
tively employs soft-WDDTW to effectively constrain ramp rate and 
duration and incorporates an extreme value distribution-based kernel 
function to accurately constrain boundary magnitude. Compared to the 
MSE loss function, RSTLoss achieves significant performance improve-
ments in five representative deep learning architectures, evidenced 
by a maximum reduction of 7.48% in RS and 13.17% in TDI. Addi-
tionally, RSTLoss not only offers excellent compatibility with various 
deep learning architectures but also enhances model generalization 
capabilities. This work confirms that RSTLoss significantly improves the 
accuracy of solar ramp predictions while maintaining the integrity of 
the original model architecture. This enhancement effectively reduces 
14 
the need for spare capacity allocation due to prediction inaccuracies, 
thereby substantially improving the economic efficiency and market 
competitiveness of solar power generation.
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Appendix. Supplemental materials

A.1. Derivation of the gradient of soft-DTW

Proposition. The gradient of soft-DTW during backpropagation is 
expressed as the expected alignment E𝛾 [𝐀𝜋 ], which can be derived as: 

∇DTW𝛥
𝛾 (𝐲, 𝐲̂) = E𝛾 [𝐀𝜋 ], (A.1)

E𝛾 [𝐀𝜋 ] =
∑

𝐀𝜋∈𝑛,𝑛

𝐀𝜋 ⋅ 𝑝𝛾 (𝐀𝜋 ), (A.2)

𝑝𝛾 (𝐀𝜋 ) =
exp

{

−⟨𝐀𝜋 , 𝛥(𝐲, 𝐲̂)⟩∕𝛾
}

∑

𝐀′
𝜋∈𝑛,𝑛

exp
{

−⟨𝐀′
𝜋 , 𝛥(𝐲, 𝐲̂)⟩∕𝛾

} , (A.3)

Proof.  Let us remind that given a pairwise distance matrix 𝛥(𝐲, 𝐲̂), the 
DTW dissimilarity is defined as Eq. (5), so the gradient can be defined 
as:

∇DTW𝛥
𝛾 (𝐲, 𝐲̂) = −𝛾 · ∇ log

⎛

⎜

⎜

⎝

∑
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𝜋 , 𝛥(𝐲, 𝐲̂)⟩∕𝛾

}

=
∑

𝐀𝜋∈𝑛,𝑛

∇⟨𝐀𝜋 , 𝛥(𝐲, 𝐲̂)⟩ ·
exp

{

−⟨𝐀𝜋 , 𝛥(𝐲, 𝐲̂)⟩∕𝛾
}

∑

𝐀′𝜋∈𝑛,𝑛
exp

{

−⟨𝐀′
𝜋 , 𝛥(𝐲, 𝐲̂)⟩∕𝛾

}

=
∑

𝑖,𝑗
𝑎𝑖𝑗∇

𝜕𝛥(𝐲, 𝐲̂)
𝜕𝐲

·
exp−⟨𝐀𝜋 , 𝛥(𝐲, 𝐲̂)⟩∕𝛾

∑

𝐀′𝜋∈𝑛,𝑛
exp

{

−⟨𝐀′
𝜋 , 𝛥(𝐲, 𝐲̂)⟩∕𝛾

}

=
∑

𝐀𝜋∈𝑛,𝑛

𝐀𝜋 ⋅ 𝑝𝛾 (𝐀𝜋 )

= E𝛾 [𝐀𝜋 ]

A.2. The prediction models

The frameworks of each prediction model are briefly described as 
follows. 
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• TSMixer
Chen et al. [53] proposed a novel architecture designed by stack-
ing MLPs to investigate the capabilities of linear models for 
time-series forecasting.2 TSMixer is an innovative time series 
forecasting model that skilfully incorporates the power of MLP 
and the properties of time series analysis. With a stacked MLP 
structure, TSMixer is able to effectively capture complex linear 
and non-linear temporal patterns, and is able to efficiently utilize 
information between multiple correlated variables to improve 
the accuracy and stability of forecasts. A distinctive feature of 
TSMixer is its ability to incorporates future information to en-
hance forecast accuracy. Such a capability is particularly valuable 
in the field of solar forecasting, as it makes full use of the 
future meteorological data provided by NWP. The TSMixer model 
demonstrated excellent performance in the field of time series 
forecasting, consistently achieving state-of-the-art forecasting re-
sults on diverse datasets, including weather, electricity, solar and 
traffic.

• Transformer
The vanilla Transformer [55] model was originally proposed for 
natural language processing tasks and quickly became a land-
mark innovation in the field of deep learning.3 The core of the 
architecture is a sequence-to-sequence structure consisting of an 
encoder and decoder. Both the encoder and decoder modules of 
the Transformer are meticulously constructed from several key 
components: position-wise feed-forward networks, layer normal-
ization, and a self-attention mechanism. A distinctive feature of 
Transformer is that it completely abandons the recurrent structure 
and instead relies on a multi-head self-attention mechanism to 
capture long-term dependencies between input features and out-
put features. The core strength of the self-attention mechanism is 
its ability to create a global representation of each input feature 
that takes into account the context of the entire sequence. In 
recent years, a large number of Transformer-based time series 
forecasting models have emerged, highlighting the superiority of 
the Transformer architecture.

• Informer
Zhou et al. [54] proposed a novel attention mechanism-based ar-
chitecture called Informer, which designed a sparse self-attention 
mechanism to halve the input dimension of the cascade layer, 
effectively highlighting the dominant attentional pattern while 
significantly improving the model’s ability to handle long in-
put sequences.4 Finally, the inference is completed by a single 
forward operation with a customized generative decoder. The 
superiority of Informer was verified on a large number of datasets.

• Gated Recurrent Unit (GRU)
GRU is a variant of RNN, proposed by Cho [56]. GRU aims 
to solve the problem of gradient vanishing in traditional RNN 
while maintaining a relatively simple structure. As a simplified 
version of LSTM, GRU exhibits comparable performance to LSTM 
in several tasks but with fewer parameters and higher computa-
tional efficiency. The core innovation of GRU lies in its gating 
mechanism, which mainly consists of two gates: the reset gate 
and the update gate, which jointly control the flow of information 
and the updating of memories, enabling the network to effectively 
capture long-term dependencies. There has been a large amount 
of literature in the field of solar forecasting that employs GRU and 
their variants to improve prediction accuracy [30].

• DeepTCN

2 https://github.com/ditschuk/pytorch-tsmixer
3 https://github.com/jadore801120/attention-is-all-you-need-pytorch
4 https://github.com/zhouhaoyi/Informer2020

https://github.com/ditschuk/pytorch-tsmixer
https://github.com/jadore801120/attention-is-all-you-need-pytorch
https://github.com/zhouhaoyi/Informer2020
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Table A.4
Performance comparison of prediction models trained with RSTLoss, soft-DTW and MSE as loss functions for solar irradiance prediction at CAB site.
 Models Loss Function Weather type Metrics

 RMSE [W/m2] MBE [W/m2] RS DTW Score TDI (%)

 2-h 4-h 6-h 2-h 4-h 6-h 2-h 4-h 6-h 2-h 4-h 6-h 2-h 4-h 6-h  
 

TSMixer

MSE
Over all 106.1 119.3 127.1 0.725 6.378 7.203 42.10 57.50 65.53 86.92 92.96 93.60 15.83 17.79 18.61 

 Cloudy 111.0 124.6 132.1 2.803 9.778 12.92 43.90 59.31 67.10 86.66 92.62 93.03 17.08 19.00 19.65 
 Clear Sky 37.79 49.88 67.42 −18.21 −24.61 −44.92 26.96 34.80 48.08 28.44 32.07 37.19 3.738 5.971 8.469 
 

soft-DTW
Over all 115.5 128.9 137.9 −1.423 10.16 15.29 43.14 57.42 67.18 88.54 91.83 93.61 18.23 19.56 21.36 

 Cloudy 120.4 134.4 142.8 0.768 14.33 22.17 44.39 59.69 68.35 88.29 91.50 92.97 19.47 20.78 22.35 
 Clear Sky 39.52 45.82 70.00 −21.40 −27.87 −47.40 29.40 33.57 50.89 29.04 31.62 38.35 4.067 5.701 9.659 
 

RSTLoss
Over all 103.5 116.6 125.4 4.328 12.28 4.278 40.14 55.22 63.83 84.75 87.17 90.58 14.32 16.97 18.53 

 Cloudy 107.4 121.5 130.7 7.438 10.97 8.601 41.50 57.35 66.59 85.36 88.94 91.14 16.57 17.83 18.97 
 Clear Sky 44.26 50.36 58.55 −24.01 −27.82 −35.12 37.18 39.86 39.51 31.37 35.96 34.79 5.097 6.262 6.766 
 

Informer

MSE
Over all 106.1 118.5 129.0 18.27 −5.366 −16.40 45.42 58.23 67.31 88.08 93.82 99.00 16.05 18.03 19.87 

 Cloudy 111.3 123.5 132.0 21.36 −2.527 −11.25 47.44 59.82 67.51 87.87 93.57 98.19 17.37 19.14 20.57 
 Clear Sky 32.23 56.11 97.48 −9.829 −31.23 −63.31 26.30 38.57 65.04 27.46 29.82 42.86 3.243 7.224 13.04 
 

soft-DTW
Over all 117.4 131.31 144.1 4.984 4.999 −27.19 44.96 58.13 69.91 88.12 90.55 99.17 16.77 17.49 19.76 

 Cloudy 122.2 136.5 145.7 6.061 8.846 −21.61 46.29 59.95 68.67 87.92 90.25 97.99 18.21 18.58 20.23 
 Clear Sky 31.70 53.55 118.5 −4.836 −30.06 −78.05 23.32 36.36 75.97 27.13 30.52 45.21 2.698 6.902 15.22 
 

RSTLoss
Over all 105.5 114.5 124.8 −1.322 −5.423 −12.48 43.63 57.16 65.11 86.85 88.44 94.32 15.17 17.20 18.89 

 Cloudy 110.6 118.0 128.9 −0.570 0.397 −7.842 45.43 58.01 65.65 87.65 88.82 95.66 16.54 17.89 19.70 
 Clear Sky 31.54 66.74 78.01 −8.174 −58.47 −54.79 23.34 61.11 55.19 27.46 37.63 41.31 2.814 10.93 11.04 
 

Transformer

MSE
Over all 95.25 108.1 116.5 −3.777 −6.229 −9.598 34.85 47.57 54.52 87.61 91.22 96.35 12.16 14.98 17.46 

 Cloudy 99.78 112.5 119.8 −3.040 −4.310 −5.803 35.87 48.53 54.96 87.38 90.91 95.69 13.13 16.02 18.52 
 Clear Sky 31.90 52.75 80.09 −10.49 −23.71 −44.18 23.82 28.80 44.93 27.81 31.18 36.55 2.773 4.928 7.106 
 

soft-DTW
Over all 94.57 107.2 116.4 −2.401 −4.022 −7.730 33.62 44.81 52.08 87.66 90.90 94.39 12.76 14.42 16.86 

 Cloudy 99.14 111.8 120.1 −1.990 −2.712 −4.722 34.77 46.01 52.86 85.80 90.59 93.62 14.74 15.51 18.02 
 Clear Sky 29.41 47.51 74.21 −6.146 −15.95 −35.14 20.89 28.23 41.41 27.49 31.14 37.43 2.069 3.838 5.549 
 

RSTLoss
Over all 95.01 106.3 112.9 2.700 2.544 2.190 32.08 44.77 51.05 84.55 87.59 91.16 12.03 13.89 15.75 

 Cloudy 99.88 111.2 116.8 3.910 4.866 6.379 33.63 45.28 51.62 84.10 87.00 90.15 12.99 14.93 16.75 
 Clear Sky 38.42 54.72 79.31 −8.332 −18.61 −35.98 22.59 25.87 40.04 32.18 35.25 39.25 2.653 4.693 6.049 
 

GRU

MSE
Over all 102.4 117.1 124.6 3.403 7.635 9.120 42.12 55.42 62.76 89.81 93.15 94.54 16.33 17.49 18.23 

 Cloudy 107.2 122.3 129.8 4.989 10.87 13.40 44.50 57.59 64.39 89.61 92.80 93.91 17.69 18.75 19.43 
 Clear Sky 33.75 46.09 58.36 −11.05 −21.88 −29.92 27.83 31.96 39.12 27.56 32.39 37.93 3.129 5.289 6.567 
 

soft-DTW
Over all 106.4 123.5 128.3 2.745 3.142 2.250 41.68 58.82 65.10 85.00 94.91 95.47 15.16 17.69 18.90 

 Cloudy 111.5 128.4 132.9 4.247 6.758 7.553 44.12 61.55 66.78 84.76 94.20 94.65 16.40 18.81 19.92 
 Clear Sky 35.14 62.03 74.78 −10.94 −29.81 −46.09 25.82 39.05 49.81 27.52 39.22 40.55 3.012 6.782 8.970 
 

RSTLoss
Over all 101.4 115.6 123.4 1.293 10.33 3.645 40.87 53.26 60.54 84.78 92.49 94.97 14.55 16.51 17.24 

 Cloudy 106.3 120.1 128.3 2.714 13.61 8.170 42.68 55.82 62.39 83.57 92.17 92.37 15.94 17.85 18.39 
 Clear Sky 34.60 43.31 61.99 −11.64 −19.53 −37.59 27.31 30.06 41.89 27.60 31.53 37.38 3.020 4.500 7.370 
 

DeepTCN

MSE
Over all 112.5 138.4 142.9 5.557 21.39 19.48 45.83 65.14 72.21 85.16 90.17 91.61 17.14 18.46 19.61 

 Cloudy 117.5 144.1 147.3 8.429 28.83 28.72 47.15 66.17 72.65 84.83 89.56 90.77 18.32 19.37 20.33 
 Clear Sky 44.94 67.13 93.35 −20.53 −46.34 −64.75 35.24 43.31 63.28 29.73 35.79 39.59 5.635 9.604 12.58 
 

soft-DTW
Over all 111.7 139.0 141.2 6.988 23.84 28.32 45.87 65.87 71.25 85.58 90.97 91.24 17.00 18.19 19.51 

 Cloudy 116.8 145.3 146.4 9.216 29.84 37.35 47.41 67.81 71.97 85.28 90.32 90.29 18.23 19.32 20.42 
 Clear Sky 44.32 53.98 80.11 −13.31 −30.80 −54.05 31.10 36.54 51.53 29.24 37.31 38.55 5.040 7.178 10.64 
 

RSTLoss
Over all 110.5 134.6 136.1 4.469 22.08 −16.07 44.39 63.58 71.31 84.43 88.73 89.15 16.48 17.23 18.47 

 Cloudy 113.2 140.5 137.9 8.171 27.82 −8.714 45.02 64.88 69.81 84.05 88.24 89.93 17.75 20.06 18.99 
 Clear Sky 38.49 57.60 118.1 −14.88 −30.19 −83.19 28.34 39.54 77.63 30.83 32.81 44.24 4.193 7.926 15.43 
Chen et al. [57] proposed an advanced time series forecast-
ing framework based on CNN, which provides both parametric 
and nonparametric methods for probability density estimation, 
called DeepTCN.5 By utilizing the feature extraction capability 
of CNN, DeepTCN can automatically identify and utilize patterns 
and dependencies on different time scales, which in turn can 
effectively capture and learn potential correlations between se-
ries. With the parallel computing advantage of CNN, DeepTCN 
shows excellent computational efficiency when dealing with long 

5 https://github.com/oneday88/deepTCN
16 
sequences. There are a large number of research works proposing 
DeepTCN-based variants for solar forecasting [61,62].

A.3. Additional results

See Tables  A.4–A.7.

Data availability

Data will be made available on request.

https://github.com/oneday88/deepTCN
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Table A.5
Performance comparison of benchmark models trained with RSTLoss, soft-DTW and MSE as loss functions for solar irradiance prediction at CNR site.
 Models Loss Function Weather type Metrics

 RMSE [W/m2] MBE [W/m2] Ramp Score DTW Score TDI (%)

 2-h 4-h 6-h 2-h 4-h 6-h 2-h 4-h 6-h 2-h 4-h 6-h 2-h 4-h 6-h  
 

TSMixer

MSE
Over all 112.7 128.2 146.9 0.475 13.22 28.07 48.35 64.74 78.19 85.91 89.80 92.36 12.25 14.84 16.34 

 Cloudy 124.5 141.1 161.1 5.255 24.16 44.88 52.11 71.82 86.62 85.54 89.29 90.88 14.39 17.19 18.56 
 Clear Sky 39.72 51.06 64.67 −18.60 −30.45 −39.04 30.58 34.70 46.05 31.04 34.27 46.26 3.397 5.142 7.146 
 

soft-DTW
Over all 112.3 128.5 144.3 7.630 19.52 14.72 47.93 65.58 79.99 85.78 89.70 93.65 11.94 14.87 16.96 

 Cloudy 124.3 141.7 155.9 12.92 31.41 32.70 52.59 74.09 85.68 85.42 89.16 91.82 14.23 17.27 18.69 
 Clear Sky 35.23 47.34 80.79 −13.54 −27.93 −57.02 27.39 34.08 57.19 31.28 34.11 48.53 2.479 4.925 9.519 
 

RSTLoss
Over all 112.9 126.9 142.2 0.703 26.55 16.91 46.95 62.81 76.31 83.06 87.3 90.35 10.68 13.58 15.77 

 Cloudy 123.7 138.2 154.3 11.43 52.36 33.76 50.18 69.50 84.28 83.99 86.53 90.73 13.64 16.01 17.60 
 Clear Sky 63.26 107.1 76.57 −42.16 −36.49 −50.35 48.00 53.98 56.75 42.55 44.15 46.52 7.577 12.63 9.151 
 

Informer

MSE
Over all 115.6 130.3 141.2 −9.735 −1.517 −15.00 51.36 65.59 76.42 89.82 91.43 99.09 13.63 14.66 16.60 

 Cloudy 127.4 142.6 151.1 −7.303 6.414 −3.482 55.72 72.59 81.08 89.44 91.01 97.57 16.07 16.74 18.23 
 Clear Sky 44.07 60.03 91.92 −19.44 −33.18 −61.00 32.43 38.31 59.23 32.41 33.26 47.58 3.547 6.045 9.860 
 

soft-DTW
Over all 110.3 132.6 141.4 2.174 13.59 −14.41 50.53 65.44 77.17 87.37 89.30 99.44 11.52 14.15 16.61 

 Cloudy 122.0 146.6 151.3 5.234 22.63 −1.518 55.32 73.61 81.10 87.01 88.92 96.76 13.71 16.56 17.95 
 Clear Sky 36.17 45.59 92.29 −10.04 −22.48 −65.88 27.02 32.18 63.70 31.33 31.49 52.68 2.468 4.189 11.07 
 

RSTLoss
Over all 108.2 129.2 139.0 −7.315 −2.753 −0.347 48.91 63.13 74.33 85.87 87.25 94.27 10.94 12.71 15.90 

 Cloudy 120.2 141.4 150.4 −3.347 4.366 12.48 52.19 70.95 79.29 85.40 87.63 93.00 11.93 15.06 16.47 
 Clear Sky 45.50 57.26 78.10 −23.16 −31.17 −51.58 32.12 37.66 53.49 33.84 33.87 44.00 3.692 4.982 9.424 
 

Transformer

MSE
Over all 120.5 158.7 163.3 −27.73 −47.69 54.15 53.21 84.59 89.66 90.43 102.1 92.77 13.24 18.25 16.66 

 Cloudy 131.5 167.4 180.1 −24.56 −39.38 78.90 55.93 86.40 100.9 89.48 99.87 91.68 14.94 19.93 18.96 
 Clear Sky 59.29 118.1 60.72 −40.36 −80.90 −44.69 43.49 77.98 45.51 40.36 54.83 41.96 6.210 11.33 7.115 
 

soft-DTW
Over all 117.7 161.3 157.7 −19.06 45.11 43.03 49.34 90.15 88.10 87.76 95.10 94.41 12.43 17.06 17.19 

 Cloudy 129.5 176.5 172.4 −16.77 70.02 67.83 52.70 99.81 95.93 87.32 92.78 92.30 14.34 19.07 19.06 
 Clear Sky 46.49 74.08 73.65 −28.21 −54.31 −55.99 34.44 53.36 55.76 32.91 51.67 52.21 4.493 8.748 9.467 
 

RSTLoss
Over all 113.4 157.7 162.4 −1.603 40.14 61.29 48.04 83.43 87.80 86.80 94.55 92.29 11.95 17.20 15.67 

 Cloudy 125.3 162.0 169.0 2.819 65.53 86.39 50.25 85.04 91.84 86.46 91.37 91.36 13.24 18.99 17.03 
 Clear Sky 39.17 77.64 53.75 −19.26 −61.20 −38.93 29.66 58.04 41.85 30.81 52.77 42.31 3.456 9.778 6.902 
 

GRU

MSE
Over all 111.6 128.1 136.9 5.790 7.029 8.039 49.17 63.40 70.80 88.24 91.35 92.62 12.14 14.44 15.06 

 Cloudy 123.7 141.2 150.0 8.961 14.06 17.08 54.71 71.90 78.51 87.95 90.95 91.93 14.56 17.00 17.39 
 Clear Sky 32.14 47.92 61.22 −6.871 −21.03 −28.07 25.60 32.20 41.60 29.70 33.35 36.78 2.130 3.848 5.424 
 

soft-DTW
Over all 114.7 138.2 143.4 8.468 1.955 −11.45 51.32 68.94 74.21 88.26 90.43 94.69 12.05 14.58 15.70 

 Cloudy 127.3 152.0 154.8 12.51 7.695 −2.430 57.51 77.40 81.66 87.56 89.47 93.53 14.42 16.95 17.71 
 Clear Sky 32.76 56.51 83.10 −7.654 −20.97 −47.46 25.31 34.60 50.11 29.89 33.69 44.33 2.232 4.757 7.379 
 

RSTLoss
Over all 112.4 128.4 135.8 4.785 3.101 11.40 47.06 60.91 68.91 86.65 90.11 91.10 11.22 12.38 13.86 

 Cloudy 124.7 141.4 148.5 7.715 9.226 22.49 52.97 69.32 76.24 86.33 89.72 91.30 12.66 15.95 16.13 
 Clear Sky 32.27 50.04 63.05 −6.911 −21.35 −32.88 26.05 31.56 40.46 29.83 33.06 37.13 2.142 3.760 5.452 
 

DeepTCN

MSE
Over all 124.6 139.1 153.8 5.507 7.978 22.32 56.24 74.00 81.66 85.19 94.47 94.45 13.89 16.87 17.68 

 Cloudy 136.8 151.1 166.7 12.75 20.66 40.44 59.46 79.07 87.70 84.29 92.69 92.92 15.91 18.80 19.41 
 Clear Sky 52.59 74.15 84.94 −23.40 −42.67 −50.01 37.70 52.67 57.80 38.47 49.11 47.86 5.509 8.877 10.49 
 

soft-DTW
Over all 128.7 135.7 150.4 15.49 14.08 −8.569 53.38 70.44 83.35 85.32 91.02 97.12 13.20 15.90 18.46 

 Cloudy 142.0 148.7 158.8 22.95 26.57 8.803 58.78 77.30 86.19 84.37 90.35 95.36 15.38 17.99 19.49 
 Clear Sky 47.26 60.61 110.5 −14.27 −35.79 −77.93 31.11 41.73 76.63 39.05 37.74 49.81 4.161 7.256 14.17 
 

RSTLoss
Over all 119.3 134.1 155.0 5.248 −0.987 13.66 51.76 69.07 77.58 83.14 91.69 92.28 12.99 15.52 16.89 

 Cloudy 131.7 145.3 166.0 8.483 9.015 33.81 56.20 75.06 84.38 82.66 90.89 91.27 15.19 17.42 18.23 
 Clear Sky 42.39 77.73 99.59 −7.668 −40.92 −66.79 29.02 47.10 67.81 33.22 39.57 50.75 3.876 7.671 12.34 
17 
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Table A.6
Performance comparison of benchmark models trained with RSTLoss, soft-DTW and MSE as loss functions for solar irradiance prediction at PAL sites.
 Models Loss Function Weather type Metrics

 RMSE [W/m2] MBE [W/m2] Ramp Score DTW Score TDI (%)

 2-h 4-h 6-h 2-h 4-h 6-h 2-h 4-h 6-h 2-h 4-h 6-h 2-h 4-h 6-h  
 

TSMixer

MSE
Over all 107.3 123.1 130.5 −1.603 6.053 19.85 44.37 60.19 65.04 89.83 93.84 92.89 15.12 17.02 17.38 

 Cloudy 116.1 132.9 140.9 0.741 11.30 28.17 46.99 64.09 71.80 89.41 93.15 92.14 17.05 19.02 19.36 
 Clear Sky 31.10 39.28 41.77 −14.25 −22.29 −25.11 29.20 33.21 34.55 29.78 34.28 33.70 3.273 4.764 5.163 
 

soft-DTW
Over all 107.3 122.4 131.4 −3.915 9.557 22.15 44.43 61.15 68.50 89.57 92.87 95.00 15.14 16.67 17.98 

 Cloudy 116.1 131.8 141.6 −1.793 17.24 31.49 46.76 64.53 74.97 89.28 91.96 94.26 17.10 18.43 19.97 
 Clear Sky 30.07 46.02 47.11 −15.37 −31.92 −28.25 29.73 40.51 38.23 30.05 37.02 35.42 3.039 5.851 5.680 
 

RSTLoss
Over all 105.4 116.0 125.9 0.538 6.751 13.26 42.27 58.60 63.14 87.65 91.35 94.81 14.57 16.18 17.55 

 Cloudy 115.1 126.8 139.9 4.157 9.925 20.41 43.44 61.42 68.92 87.35 90.88 94.00 16.71 17.34 19.48 
 Clear Sky 39.25 45.87 48.16 −18.99 −22.97 −25.34 36.95 36.04 38.00 32.98 35.03 37.50 4.398 5.842 5.694 
 

Informer

MSE
Over all 106.0 124.8 125.7 −11.41 −22.63 −9.173 44.98 62.05 65.50 91.98 97.74 99.32 13.90 17.08 17.62 

 Cloudy 114.6 133.4 134.4 −11.27 −20.73 −4.174 47.84 65.16 69.50 91.70 97.13 98.21 15.65 18.81 19.33 
 Clear Sky 30.64 60.36 60.05 −12.17 −32.93 −36.16 27.87 44.91 43.92 30.63 35.43 41.78 3.159 6.452 7.060 
 

soft-DTW
Over all 107.2 130.3 126.4 −7.451 19.29 8.473 44.41 65.60 65.06 90.89 92.68 95.62 14.52 17.47 17.08 

 Cloudy 116.0 140.8 136.1 −7.127 25.27 15.01 47.68 71.40 69.96 90.66 92.10 94.85 16.46 19.61 18.92 
 Clear Sky 29.13 39.72 47.22 −9.202 −12.99 −26.81 27.49 32.31 36.88 28.66 31.28 35.33 2.629 4.310 5.765 
 

RSTLoss
Over all 109.4 122.3 123.6 0.821 −2.044 −9.624 43.18 61.59 62.89 90.75 92.95 94.25 12.85 15.04 16.68 

 Cloudy 118.4 131.9 131.6 2.435 1.514 −3.827 45.01 66.97 67.89 90.35 91.21 93.54 14.80 16.94 17.34 
 Clear Sky 29.24 42.21 69.59 −7.892 −21.25 −40.91 28.06 33.59 45.70 29.27 34.39 42.55 2.809 5.312 7.448 
 

Transformer

MSE
Over all 105.5 120.2 124.5 −5.630 −8.858 −8.272 43.74 57.63 62.50 90.86 96.96 97.47 13.13 16.14 16.52 

 Cloudy 114.3 129.7 134.0 −5.371 −6.194 −4.913 46.50 61.89 67.19 90.61 96.44 96.93 14.89 17.98 18.45 
 Clear Sky 26.06 40.59 46.94 −7.030 −23.23 −26.40 25.44 34.87 36.26 27.73 33.13 31.31 2.340 4.827 4.631 
 

soft-DTW
Over all 107.5 122.4 125.3 −6.915 13.63 −5.686 46.62 58.63 63.55 92.71 94.28 98.37 15.38 15.75 17.06 

 Cloudy 116.4 132.2 135.1 −8.269 17.79 −2.820 49.50 64.22 69.29 92.50 93.49 97.58 17.43 17.69 19.03 
 Clear Sky 26.94 39.20 44.91 0.389 −8.833 −21.15 28.71 30.65 33.71 28.44 31.96 35.92 2.742 3.840 4.913 
 

RSTLoss
Over all 104.7 118.3 122.5 −5.294 −2.964 −4.844 41.90 55.38 61.27 88.53 92.14 96.50 13.07 15.12 16.43 

 Cloudy 111.4 128.0 132.2 −4.900 −0.674 −1.410 44.52 60.37 66.26 88.25 91.63 95.91 14.78 17.03 17.36 
 Clear Sky 27.94 33.19 41.72 −7.422 −15.32 −23.38 25.32 30.61 32.63 27.36 29.64 30.90 2.571 3.384 5.525 
 

GRU

MSE
Over all 115.9 138.8 146.1 21.55 22.94 21.29 50.57 68.67 78.90 86.64 92.08 94.07 16.06 18.54 19.78 

 Cloudy 125.2 148.8 153.5 27.17 34.79 36.77 54.72 74.22 81.19 86.06 90.97 92.47 18.09 20.44 21.08 
 Clear Sky 36.28 62.05 96.48 −8.794 −29.63 −62.28 31.27 41.89 67.64 31.15 40.20 45.63 3.554 6.800 11.75 
 

soft-DTW
Over all 116.3 142.7 146.5 22.71 28.68 21.45 51.07 69.13 79.53 86.86 92.11 94.77 16.12 18.36 20.06 

 Cloudy 125.7 148.6 153.5 28.61 39.50 37.09 55.16 74.35 81.29 86.24 90.93 92.91 18.18 20.23 21.25 
 Clear Sky 36.35 62.09 100.4 −9.136 −29.73 −62.93 30.16 43.14 69.70 31.86 40.50 47.82 3.466 6.826 12.75 
 

RSTLoss
Over all 116.4 140.1 145.7 23.13 29.79 18.28 48.25 66.65 74.45 84.14 90.68 92.12 15.94 18.29 19.01 

 Cloudy 122.8 145.3 152.8 28.34 39.98 33.93 52.70 71.50 78.16 85.68 88.83 90.57 17.97 20.16 21.07 
 Clear Sky 35.32 59.67 98.44 −5.030 −25.26 −66.18 30.26 42.58 68.39 30.69 38.28 45.37 3.442 6.830 12.05 
 

DeepTCN

MSE
Over all 109.3 141.1 141.2 −0.561 24.61 −7.062 44.59 66.30 75.36 87.39 90.18 95.62 15.55 17.82 19.14 

 Cloudy 117.9 151.9 145.5 1.777 33.31 7.547 47.98 72.03 74.88 86.94 89.30 94.12 17.44 19.70 20.19 
 Clear Sky 36.00 53.45 115.2 −13.18 −22.37 −85.92 29.79 36.05 82.97 30.24 36.58 47.52 3.922 6.232 12.71 
 

soft-DTW
Over all 116.2 140.9 147.0 −0.376 26.55 25.54 50.96 66.52 76.23 87.08 90.54 93.06 16.77 17.53 19.23 

 Cloudy 125.1 152.1 155.6 4.276 36.19 40.21 52.13 72.47 79.36 86.19 89.67 91.78 18.59 19.54 20.51 
 Clear Sky 44.70 46.75 86.76 −25.49 −25.47 −53.65 41.59 33.29 59.93 38.83 36.09 44.36 5.532 5.151 11.30 
 

RSTLoss
Over all 108.3 143.3 137.5 1.277 23.57 −10.47 42.11 64.11 73.68 87.68 88.70 92.43 15.68 15.94 18.33 

 Cloudy 117.1 154.4 142.7 3.612 34.01 2.746 46.37 71.21 73.37 85.21 88.51 90.89 17.72 18.65 19.42 
 Clear Sky 31.79 51.71 104.8 −11.33 −32.78 −81.80 28.38 39.67 75.39 28.95 41.24 46.69 3.135 7.362 12.60 
18 
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Table A.7
Performance comparison of benchmark models trained with RSTLoss, soft-DTW and MSE as loss functions for solar irradiance prediction at PAY sites.
 Models Loss Function Weather type Metrics

 RMSE [W/m2] MBE [W/m2] Ramp Score DTW Score TDI (%)

 2-h 4-h 6-h 2-h 4-h 6-h 2-h 4-h 6-h 2-h 4-h 6-h 2-h 4-h 6-h  
 

TSMixer

MSE
Over all 114.5 120.6 135.8 −17.86 9.510 4.685 52.08 59.81 78.20 88.25 90.40 98.74 15.63 15.84 18.42 

 Cloudy 127.7 135.7 145.5 −12.51 21.26 29.03 54.29 67.78 80.14 86.55 89.12 93.83 18.30 18.93 20.40 
 Clear Sky 56.26 49.95 99.89 −34.48 −27.01 −70.95 47.19 38.78 74.18 45.80 41.09 63.43 6.256 5.031 11.46 
 

soft-DTW
Over all 128.7 154.0 130.5 −22.21 28.24 −5.391 66.01 89.64 69.86 95.09 103.1 93.34 18.29 20.24 16.92 

 Cloudy 140.4 165.2 142.2 −12.28 60.79 11.32 68.31 94.36 74.06 91.82 95.15 90.73 21.01 22.21 18.99 
 Clear Sky 82.63 112.5 84.36 −53.06 −72.90 −57.31 60.68 75.04 60.13 57.14 75.43 51.89 8.769 13.34 9.662 
 

RSTLoss
Over all 107.5 122.8 135.1 −4.677 14.64 −9.545 45.82 58.14 72.51 85.47 89.86 95.03 13.64 14.83 16.27 

 Cloudy 121.0 138.5 140.8 0.963 28.91 13.29 49.47 65.19 74.92 84.33 88.49 92.45 16.30 16.73 18.08 
 Clear Sky 43.71 48.55 107.3 −22.21 −29.73 −80.50 36.51 38.11 76.83 40.89 42.39 53.05 4.304 4.638 12.28 
 

Informer

MSE
Over all 106.4 123.0 128.4 −11.85 −12.76 −15.10 44.90 62.10 67.94 86.75 91.57 95.21 11.65 15.95 16.40 

 Cloudy 119.5 134.7 141.0 −10.22 −2.268 −4.353 48.17 66.90 72.26 85.72 90.45 92.90 13.94 18.42 18.60 
 Clear Sky 45.61 75.78 77.23 −16.90 −45.38 −48.50 33.88 49.10 53.06 40.36 41.12 50.82 3.614 7.307 8.687 
 

soft-DTW
Over all 113.6 128.8 131.8 −0.985 −6.727 10.18 52.10 66.97 68.82 88.22 91.51 91.88 14.87 16.33 16.05 

 Cloudy 128.1 139.2 146.1 5.361 7.507 27.76 58.06 70.97 74.64 87.31 89.66 89.50 17.89 18.52 18.20 
 Clear Sky 44.84 88.74 70.81 −20.71 −50.96 −44.44 34.93 56.95 49.49 38.66 47.35 50.03 4.271 8.677 8.521 
 

RSTLoss
Over all 105.8 122.4 128.5 2.182 −3.303 3.598 42.48 60.97 64.47 84.94 90.29 89.69 10.25 15.27 15.23 

 Cloudy 117.3 132.9 143.6 7.975 5.523 16.62 47.06 67.39 71.35 84.06 88.96 88.06 12.72 17.95 17.51 
 Clear Sky 41.60 66.44 61.40 −15.82 −30.73 −36.85 31.85 41.44 44.04 38.20 41.37 44.54 3.597 5.868 7.262 
 

Transformer

MSE
Over all 113.6 144.4 151.6 −9.380 4.332 33.72 49.59 81.93 84.97 87.50 95.67 95.83 15.30 18.95 18.56 

 Cloudy 128.6 153.4 167.6 −7.272 31.24 65.76 55.71 84.61 92.57 86.49 91.48 91.95 18.67 21.13 21.10 
 Clear Sky 41.16 112.0 84.20 −15.93 −79.28 −65.83 31.18 77.16 62.39 40.44 60.46 59.17 3.497 11.31 9.638 
 

soft-DTW
Over all 112.0 156.0 148.6 13.51 41.97 27.44 52.19 68.93 79.56 85.19 93.29 95.98 13.94 19.00 18.39 

 Cloudy 127.4 172.4 163.1 19.19 73.38 57.58 57.84 79.23 87.66 84.50 90.00 92.07 17.37 21.42 20.80 
 Clear Sky 32.22 86.65 86.04 −4.123 −55.62 −66.22 41.22 48.07 48.12 36.08 56.67 59.21 1.912 10.51 9.933 
 

RSTLoss
Over all 111.8 138.8 145.6 19.27 29.15 25.89 47.35 66.93 81.79 84.40 91.33 92.06 12.62 17.02 18.39 

 Cloudy 126.5 155.5 160.3 28.38 44.20 47.38 54.68 77.03 87.99 84.04 89.45 89.62 16.57 20.22 19.88 
 Clear Sky 46.32 62.86 88.43 −9.061 −17.61 −40.89 25.82 57.00 62.08 41.22 48.07 48.12 4.292 5.774 10.34 
 

GRU

MSE
Over all 106.2 119.7 126.6 5.225 9.833 9.496 45.53 57.95 64.11 86.48 90.25 91.11 12.97 15.13 15.82 

 Cloudy 120.3 134.9 141.4 11.18 19.70 21.96 49.55 65.83 71.70 85.68 88.81 89.44 15.83 18.19 18.66 
 Clear Sky 36.38 47.14 60.55 −13.28 −20.82 −29.25 31.48 34.79 41.29 37.81 41.63 44.15 2.961 4.416 5.884 
 

soft-DTW
Over all 109.9 127.4 131.8 5.944 2.884 −11.19 48.13 62.21 69.85 86.21 88.60 93.57 12.89 15.00 16.69 

 Cloudy 124.4 142.5 143.7 13.14 12.68 1.476 52.51 69.41 75.26 85.35 87.49 91.81 15.64 17.72 19.05 
 Clear Sky 39.17 59.82 84.57 −16.43 −27.55 −50.53 32.69 38.92 54.79 38.36 39.66 47.42 3.257 5.441 8.400 
 

RSTLoss
Over all 106.3 120.2 126.1 5.051 7.973 10.62 43.97 55.54 63.90 84.15 86.30 89.71 11.30 14.10 15.63 

 Cloudy 118.5 132.6 139.2 10.40 17.13 23.95 47.96 63.25 72.15 83.36 85.82 88.37 14.28 17.18 18.35 
 Clear Sky 38.27 49.06 58.14 −11.56 −20.47 −30.82 32.06 34.35 41.14 37.58 40.96 41.46 2.869 4.283 6.079 
 

DeepTCN

MSE
Over all 114.7 136.5 145.9 4.396 16.91 9.807 47.46 66.52 79.31 83.82 88.92 91.65 14.23 17.65 18.42 

 Cloudy 129.8 152.9 157.5 9.770 33.19 34.06 52.83 75.51 83.50 82.85 87.59 89.00 17.26 20.65 20.50 
 Clear Sky 40.90 61.92 101.7 −12.30 −33.69 −65.54 30.06 42.66 69.05 38.09 42.99 50.21 3.630 7.117 11.12 
 

soft-DTW
Over all 115.0 135.8 149.6 6.391 13.82 −31.07 48.53 67.35 82.09 82.79 89.59 96.03 14.51 17.48 19.21 

 Cloudy 129.8 151.8 154.1 13.80 30.34 −12.26 53.87 74.49 81.04 81.79 87.64 93.53 17.57 20.29 20.72 
 Clear Sky 43.64 63.93 135.0 −16.63 −37.52 −89.52 33.73 47.08 86.07 38.44 48.08 51.93 3.787 7.623 13.92 
 

RSTLoss
Over all 114.8 130.7 138.2 −1.960 −5.362 −14.30 46.58 62.66 72.85 84.80 87.42 90.48 14.10 16.28 17.66 

 Cloudy 130.1 145.0 150.3 2.682 4.774 0.332 51.78 69.67 77.31 83.92 86.80 87.87 17.23 19.17 19.78 
 Clear Sky 40.03 69.56 91.10 −16.39 −36.86 −59.78 33.43 43.31 60.29 37.64 44.90 53.23 3.128 6.149 10.24 
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