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Abstract

Accurate photovoltaic (PV) power forecasting is becoming increasingly important for the 
secure and economical operation of renewable-rich power systems. However, conventional 
data-driven forecasting methods generally rely on sufficient site-specific historical obser-
vations, limiting their applicability to newly commissioned PV stations with severe data 
scarcity; meanwhile, forecasting performance is still predominantly evaluated using statisti-
cal error metrics, which cannot fully reflect its practical value in power system operation. 
To address these issues, this study develops a PV forecasting framework based on the 
pretrained time-series foundation model TimesFM, which exploits transferable temporal 
representations to enable zero-shot forecasting with limited target-site data. A lightweight 
residual quantile few-shot adaptation scheme is further introduced to learn station-specific 
forecasting deviations from limited historical observations while keeping the pretrained 
forecasting backbone fixed, thereby improving target-site adaptation and forecasting ca-
pability. In addition, a multi-dimensional power-system-operation-oriented evaluation 
framework is established to assess forecasting performance from economic, flexibility, regu-
lation, and network-operation perspectives, together with different PV integration locations 
and installed capacities. Experimental results demonstrate that for the investigated CYT 
Station 1 case, the proposed method improves deterministic and probabilistic forecasting 
performance relative to zero-shot TimesFM and achieves substantial adaptation gains using 
limited target-site observations. The improved forecasts also reduce forecasting-induced op-
erating costs and reserve requirements and yield system responses closer to those obtained 
with actual PV generation, confirming that forecasting improvements can be translated into 
measurable operational benefits.

Keywords: PV power forecasting; time-series foundation model; TimesFM; few-shot
adaptation; power system operation

1. Introduction
With the accelerating transition toward low-carbon power systems, photovoltaic 

(PV) generation has become one of the fastest-growing renewable energy resources 
worldwide [1,2]. The continuous expansion of PV has significantly reshaped both the 
operation and long-term planning of modern power systems, particularly as renewable 
penetration and associated uncertainties continue to increase [3]. Since PV output is in-
herently affected by solar irradiance, cloud movement, ambient temperature, and other 
meteorological factors, it exhibits strong intermittency, uncertainty, and temporal variabil-
ity [4,5]. With increasing PV penetration, these characteristics impose growing challenges 
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on power system operation, including economic dispatch, reserve allocation, and flexibility 
management [6,7]. Accurate PV power forecasting is therefore essential for secure and 
economical system operation, as reliable forecasts can improve renewable energy utilization, 
reduce unnecessary reserve deployment, and alleviate balancing pressure [8,9].

Existing PV forecasting approaches generally include physical, statistical, and data-
driven methods [4,5]. Physical methods mainly rely on numerical weather prediction and 
physical descriptions of PV conversion processes [10], while statistical methods provide 
relatively simple and interpretable forecasting solutions but are limited in representing 
highly nonlinear PV generation patterns [11]. With the increasing availability of opera-
tional data, machine learning and deep learning approaches have become widely adopted 
for short-term PV forecasting because of their strong nonlinear representation capabil-
ity [12,13]. More broadly, artificial intelligence is becoming increasingly embedded in the 
analysis and decision-making processes of electric energy systems [14]. Representative 
forecasting methods include recurrent neural networks, temporal convolutional networks, 
and Transformer-based architectures [12,15]. However, the performance of these models 
generally depends on sufficient historical observations from the target PV station [16]. 
This dependence becomes a major limitation for newly commissioned PV stations, where 
only limited historical data may be available before forecasting services are required for 
operational scheduling [17,18].

Recently, time-series foundation models (TSFMs) have provided a promising alter-
native for forecasting under limited-data conditions. Through large-scale pretraining on 
heterogeneous time-series datasets, TSFMs learn transferable temporal representations 
that enable zero-shot forecasting on previously unseen time series without task-specific 
retraining [19,20]. Among these models, TimesFM has demonstrated competitive fore-
casting performance across diverse benchmark datasets, indicating strong cross-domain 
generalization capability [20]. Such pretrained models therefore provide a potential solu-
tion for newly commissioned PV stations by reducing the dependence on large amounts of 
site-specific training data.

Nevertheless, directly applying pretrained TSFMs to PV forecasting still faces important 
challenges. Because foundation models are pretrained to capture general temporal patterns 
rather than the characteristics of a specific PV station, zero-shot forecasting performance may 
deteriorate when the target-site data distribution differs substantially from that encountered 
during pretraining. Recent studies have therefore explored lightweight and parameter-
efficient adaptation of time-series foundation models for out-of-domain forecasting and 
online adaptation [21–23]. However, achieving effective station-specific adaptation remains 
difficult when only a very limited number of target-site observations are available. This 
motivates the development of lightweight few-shot adaptation strategies that can incorporate 
station-specific information while preserving the transferable forecasting capability of the 
pretrained backbone.

Despite recent progress, two issues remain insufficiently addressed. First, existing 
studies on data-scarce PV forecasting mainly focus on transfer learning, few-shot learning, 
or specialized prediction architectures [17,24], whereas lightweight adaptation methods 
specifically designed for pretrained TSFMs under extremely limited target-site data re-
main relatively underexplored [21–23]. Efficiently capturing station-specific characteristics 
without extensively updating the pretrained forecasting backbone therefore remains an 
important research problem. Second, PV forecasting models are still predominantly eval-
uated using statistical metrics such as MAE, RMSE, and MAPE [4,5,25]. Although these 
indicators quantify numerical forecasting errors, they cannot directly reveal how forecasting 
errors propagate into subsequent power system operation [26]. Recent studies have further 
demonstrated that degradation or manipulation of renewable energy forecasting can affect 
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downstream operational decisions and introduce additional economic and system-level 
risks [27]. Since PV forecasts ultimately support scheduling, reserve allocation, balancing, 
and other operational decisions, improvements in statistical forecasting accuracy do not nec-
essarily translate proportionally into operational benefits [8,28]. Therefore, a comprehensive 
evaluation framework is needed to connect forecasting performance with multi-dimensional 
power system operational consequences.

To address these issues, this paper develops a pretrained foundation model-based 
PV forecasting framework for data-scarce PV stations by integrating zero-shot time-series 
forecasting, lightweight residual few-shot adaptation, and power-system-operation-oriented 
performance evaluation. The main contributions are summarized as follows.

(1) A pretrained foundation model-based PV forecasting framework is proposed for 
newly commissioned PV stations with limited historical observations. Instead of training 
forecasting models from scratch, the proposed framework exploits the cross-domain tem-
poral representation capability of TimesFM to perform zero-shot PV power forecasting, 
establishing a unified forecasting paradigm that effectively alleviates the dependence of 
conventional deep learning models on large target-site datasets.

(2) A lightweight residual quantile few-shot adaptation scheme is developed for pre-
trained foundation models under data-scarce PV scenarios. By keeping the pretrained 
TimesFM backbone fixed, the proposed scheme learns station-specific residual quantiles 
from limited historical observations and incorporates basic physical consistency constraints 
as feasibility safeguards, thereby improving target-site forecasting without requiring full-
model parameter updating.

(3) A multi-dimensional power-system-operation-oriented evaluation framework for 
PV power forecasting is developed to bridge forecasting accuracy and practical operational 
value. By embedding different PV forecasting results into the IEEE 30-bus system, the 
proposed framework jointly evaluates operating cost, reserve requirement, generator ramp-
ing, voltage deviation, PV integration location sensitivity, and PV penetration sensitivity, 
thereby quantifying the system-level consequences of forecasting errors and the operational 
benefits brought by forecasting improvement.

The rest of this article organized as follows. Section 2 introduces the pretrained time-
series foundation model-based PV forecasting framework. Section 3 presents the proposed 
few-shot adaptation strategy for data-scarce PV forecasting. Section 4 describes the multi-
dimensional power-system-operation-oriented evaluation framework. Section 5 presents 
the case studies and discusses both forecasting and system-level evaluation results. Finally, 
Section 6 concludes the article and outlines potential directions for future research.

2. Pretrained Time-Series Foundation Model-Based PV 
Forecasting Framework
2.1. Overall Framework

The overall architecture of the proposed PV forecasting framework is illustrated in 
Figure 1. Different from conventional data-driven forecasting methods that require training 
forecasting models using a large amount of station-specific historical data, the proposed 
framework combines a pretrained TSFM with a lightweight few-shot adaptation strategy to 
achieve accurate forecasting for data-scarce PV stations. Furthermore, instead of evaluating 
forecasting performance solely using statistical error metrics, the proposed framework 
establishes a prediction-driven power-system evaluation process to quantify the operational 
value of forecasting improvement from the perspective of power system operation.
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Figure 1. Overall framework of the proposed pretrained foundation model-based PV forecasting and 
power-system-oriented evaluation methodology.

In Figure 1, solid arrows indicate the sequential information flow between the main fore-
casting stages, whereas dashed arrows indicate the linkage between the forecasting process 
and the prediction-driven power-system evaluation. As shown in Figure 1, the proposed 
framework consists of four sequential stages, namely data preprocessing, foundation fore-
casting, residual few-shot adaptation, and power-system-oriented evaluation. These four 
stages are closely connected and jointly form a complete forecasting-to-operation workflow.

In Stage I, historical PV power observations collected from the target station are first 
preprocessed through data cleansing, normalization, and sliding-window construction. 
The processed historical sequence is then transformed into a unified input representation 
suitable for the pretrained TSFM. Since all forecasting models share the same preprocessing 
procedure, the input consistency is guaranteed throughout subsequent experiments.

In Stage II, the standardized historical sequence is directly fed into the pretrained 
TimesFM foundation model to generate multi-step zero-shot forecasts without retraining 
the backbone model. Benefiting from large-scale pretraining on diverse time-series datasets, 
TimesFM provides transferable temporal representations and serves as a pretrained fore-
casting backbone for newly deployed PV stations with limited historical observations [20].

Although the pretrained model significantly alleviates the dependence on target-site 
historical data, systematic forecasting deviations may still exist because the statistical char-
acteristics of the target station differ from those encountered during large-scale pretraining. 
Therefore, Stage III introduces a lightweight residual quantile adaptation scheme that learns 
station-specific forecasting discrepancies using a small amount of recent historical obser-
vations. Instead of modifying the foundation model itself, the RQA estimates residual 
quantiles between the zero-shot predictions and actual PV outputs and uses them to con-
struct the adapted probabilistic forecasts. This design preserves the pretrained forecasting 
backbone while enabling station-specific adaptation under data-scarce conditions.

Finally, Stage IV evaluates the forecasting results from both prediction and power-
system perspectives. Alongside conventional statistical metrics, including MAE and RMSE, 
the forecasting results are further embedded into the IEEE 30-bus system for sequential 
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hourly AC-OPF evaluation. System-level operational indicators, including operating cost, 
reserve requirement, generator ramping, and voltage deviation, are subsequently calculated 
to quantify the practical operational value brought by forecasting improvement. In this way, 
the proposed framework establishes a complete bridge from PV forecasting to power-system 
operation, enabling comprehensive evaluation of forecasting algorithms beyond traditional 
prediction accuracy.

2.2. Pretrained Time-Series Foundation Model for Zero-Shot PV Forecasting
To overcome the strong dependence of conventional deep learning models on large 

amounts of target-station historical data, the proposed framework adopts a pretrained TSFM 
as the forecasting backbone. Unlike traditional supervised forecasting methods that require 
model retraining using station-specific observations, the pretrained foundation model di-
rectly performs zero-shot inference on the target PV station by transferring generic temporal 
representations learned from large-scale heterogeneous time-series datasets [19,20,29,30]. 
Consequently, zero-shot forecasting can be performed without target-site parameter up-
dating, making the pretrained model applicable to newly commissioned PV stations with 
limited historical observations.

Let the historical PV power sequence collected from the target station be denoted as

P = {P1 , P2 ,…, PN } (1)

where Pt  represents the observed PV power at time step t and N denotes the total number of 
available observations. To reduce the influence of the absolute power scale while preserving 
the temporal variation characteristics, a station-level normalization factor is defined using 
the 99th percentile of the PV power series. The same normalization factor is applied 
throughout the forecasting experiment, and the normalized PV power is restricted to the 
interval [0, 1.2] to suppress the influence of extreme values.

P99  = Q0.99 (P) (2)

∼
𝑃𝑡 = clip(

𝑃𝑡
𝑃99

, 0, 1.2) (3)

where Q0.99 (⋅) denotes the 99th percentile operator, P represents the station-level PV power 
series, P99  represents the normalization reference, and 

∼
𝑃𝑡 denotes the normalized PV power. 

The normalization described above is used only within the forecasting pipeline. All fore-
casting errors and representative forecasting profiles reported in Section 5 are converted 
back to the original physical unit of watts before evaluation and visualization.

After normalization, a one-hour sliding window is adopted to construct forecasting 
samples. In this study, the historical input length is fixed at 512 h, while the forecasting 
horizon is 24 h. Therefore, the i-th forecasting sample can be expressed as

X𝑖 = [
∼
𝑃𝑖,

∼
𝑃𝑖+1, … ,

∼
𝑃𝑖+511], (4)

and the corresponding forecasting target is defined as

𝑌𝑖 = [
∼
𝑃𝑖+512,

∼
𝑃𝑖+513, … ,

∼
𝑃𝑖+535]. (5)

Using the adopted window configuration, the historical PV sequence is transformed 
into a series of input–output sample pairs for subsequent zero-shot forecasting.

The standardized historical sequence is then directly fed into the pretrained TimesFM 
foundation model. Since the model parameters are completely inherited from the pretrained 
model and remain unchanged during zero-shot inference, no target-station data are involved 
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in parameter updating. Let F denote the pretrained TimesFM model with fixed parameters 
𝜃* . The zero-shot forecasting process can be expressed as

Ŷ(0)
𝑖 = 𝐹𝜃∗(X𝑖), (6)

Ŷ(0)
𝑖 = [𝑃̂(0)

𝑖,1 , 𝑃̂(0)
𝑖,2 , … , 𝑃̂(0)

𝑖,24], (7)

where denotes the 24-step zero-shot forecasting results generated by the pretrained 
foundation model.

Benefiting from large-scale pretraining, the foundation model provides strong transfer-
able temporal knowledge and significantly alleviates the dependence on large amounts of 
target-station historical observations. However, because the statistical characteristics of the 
target PV station may differ from those represented in the pretraining datasets, systematic 
forecasting bias may still exist under zero-shot inference. Such prediction errors mainly 
originate from the distribution discrepancy between the target station and the pretrained 
knowledge, which cannot be completely eliminated without introducing station-specific 
information. Therefore, the zero-shot forecasting results generated by the pretrained foun-
dation model are further refined using the residual quantile few-shot adaptation scheme 
presented in the following section.

2.3. Residual Adaptation Within the Forecasting Framework
Although the pretrained TSFM provides transferable zero-shot forecasting capability, 

systematic deviations may still arise when the statistical characteristics of the target PV 
station differ from those represented in the pretraining data. This issue is particularly 
relevant for newly commissioned PV stations, where only limited target-site observations 
are available for model adaptation. Rather than updating the pretrained TimesFM back-
bone, this study retains the zero-shot forecast as the baseline prediction and introduces a 
lightweight residual adaptation module to learn the station-specific discrepancy from a 
small amount of historical data. In this way, the transferable temporal representations of 
the pretrained model are preserved while limited target-site information is incorporated 
through an external adaptation module [21–23]. The workflow of the proposed residual 
few-shot adaptation framework is illustrated in Figure 2.

The residual formulation is used to separate the transferable zero-shot prediction 
from the station-specific discrepancy that remains after applying TimesFM to the target PV 
station. Importantly, the residual magnitude is not assumed to be uniformly small across all 
forecasting periods. Pronounced residual deviations may occur when the target operating 
condition differs substantially from the temporal patterns represented by the pretrained 
model. The role of the adaptation module is therefore to learn these station-specific de-
viations from limited historical observations rather than to reconstruct the complete PV 
forecasting mapping from scratch.

Let yt  denote the measured PV power at time t, and let ˆ𝑦FM
𝑡  denote the corresponding 

zero-shot prediction generated by TimesFM. The forecasting residual is defined as

𝑟𝑡 = 𝑦𝑡 − ˆ𝑦FM
𝑡 , (8)

where rt  represents the station-specific discrepancy remaining after zero-shot inference.
To characterize both the median residual correction and the associated forecasting 

uncertainty, the proposed adaptation framework employs a Residual Quantile Adapter 
(RQA). For a given adapter input vector zt , the RQA produces three residual quantiles 
corresponding to the probability levels 0.1, 0.5, and 0.9:

ˆr𝑡 = 𝑔𝜙(z𝑡) = ( ˆ𝑟(0.1)
𝑡 , ˆ𝑟(0.5)

𝑡 , ˆ𝑟(0.9)
𝑡 ), (9)
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where g𝜙 (⋅) denotes the lightweight residual adaptation model with trainable parameters 𝜙, 
while all pretrained TimesFM parameters remain fixed during the adaptation process. The 
detailed architecture and input-feature construction of the RQA are presented in Section 3.2.

Figure 2. Workflow of the residual few-shot adaptation framework for refining zero-shot PV forecasts.

The final probabilistic PV forecasts are obtained by adding the predicted residual 
quantiles to the fixed zero-shot TimesFM prediction:

ˆ𝑦(𝜏)
𝑡 = ˆ𝑦FM

𝑡 + ˆ𝑟(𝜏)
𝑡 , 𝜏 ∈ {0.1, 0.5, 0.9} (10)

where (𝑦(0.1)
𝑡 ), (𝑦(0.5)

𝑡 ), and (𝑦(0.9)
𝑡 ) correspond to the P10, P50, and P90 forecasts, respec-

tively. The P50 forecast is used as the central deterministic prediction, whereas the P10–P90 
range provides an interval representation of forecasting uncertainty.

Instead of using a conventional mean-square-error objective for all outputs, the residual 
quantiles are learned using quantile regression. For a given quantile level 𝜏, the pinball 
loss is formulated as

ℒ𝜏 =
1
𝑁 ∑

𝑁

𝑖=1
max{𝜏(𝑟𝑖 − ˆ𝑟(𝜏)

𝑖 ), (𝜏 − 1)(𝑟𝑖 − ˆ𝑟(𝜏)
𝑖 )} (11)
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where N denotes the number of few-shot calibration samples. This formulation allows the 
adapter to directly estimate different conditional residual quantiles rather than deriving 
prediction intervals from a deterministic MSE-trained model. The complete RQA training 
objective, including the additional central-quantile fitting and interval regularization terms 
used in the implementation, is further described in Section 3.2.

During the adaptation process, only the external RQA parameters are optimized, 
whereas the pretrained TimesFM backbone remains unchanged. The physical consistency 
constraints are implemented as deterministic post-prediction feasibility safeguards rather 
than as additional penalty terms in the training objective. Specifically, after adding the 
predicted residual quantile to the zero-shot TimesFM forecast, the raw normalized forecast 
is expressed as ∼𝑦(𝜏)

𝑡 = 𝑦FM
𝑡 + 𝑟(𝜏)

𝑡 , 𝜏 ∈ {0.1, 0.5, 0.9}. The normalized prediction is then 
restricted to the feasible range: 𝑦(𝜏)

𝑡 = min(1.2, max(0, ∼𝑦(𝜏)
𝑡 )). In addition, PV generation 

is set to zero during predefined nighttime periods or when the available irradiance is 

below 20 W/m2 : ˆ𝑦(𝜏)
𝑡 =

{


0, 𝑡 ∈ 𝒯night or 𝐼𝑡 < 20 W/m2,
𝑦(𝜏)

𝑡 , otherwise.
 Here, 𝒯 night  denotes the predefined 

nighttime hours. These operations are applied after RQA inference and therefore are not 
included in the pinball-loss formulation in Equation (11) or the complete training objective 
described in Section 3.2. The quantile-ordering constraint is handled separately through 
the softplus-based formulation introduced in Equation (13).

The resulting forecasts are subsequently evaluated using both conventional statisti-
cal forecasting metrics and the power-system-operation-oriented evaluation framework 
introduced in Section 4. This formulation enables the proposed framework to examine not 
only whether limited target-site information improves forecasting accuracy and uncertainty 
representation, but also whether such improvements translate into measurable changes in 
downstream power-system operation.

3. Few-Shot Context Adaptation Algorithm for PV Forecasting
Although pretrained TSFMs provide strong generalization capability by learning uni-

versal temporal patterns from large-scale datasets, their direct application to PV forecasting 
still follows a general forecasting paradigm without explicitly considering the characteristics 
of individual PV stations [20–23]. In practical renewable energy scenarios, PV stations 
exhibit significant distribution discrepancies due to differences in geographical location, 
climatic conditions, PV system configurations, and operating environments. Therefore, 
the temporal patterns learned from large-scale pretraining data may not fully match the 
generation characteristics of a newly deployed PV station, resulting in systematic forecasting 
deviations during zero-shot prediction.

A straightforward solution is to retrain the forecasting model using historical data 
collected from the target PV station. However, this strategy requires sufficient site-specific 
historical observations and considerable computational resources, which conflicts with the 
requirements of newly commissioned PV plants that usually suffer from limited historical 
data availability. Therefore, an efficient adaptation strategy is required to transfer the pre-
trained temporal knowledge to target PV scenarios with limited observations while reducing 
computational cost and maintaining the generalization capability of the foundation model.

3.1. Parameter-Efficient Adaptation Strategy
To achieve efficient knowledge transfer under data-scarce PV scenarios, this study 

adopts the idea of parameter-efficient fine-tuning (PEFT). Unlike conventional full-
parameter fine-tuning, which updates all parameters of a pretrained model during adapta-
tion, PEFT aims to achieve task-specific adaptation by optimizing only a small number of ad-
ditional parameters while keeping the majority of pretrained parameters unchanged [31–33]. 
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This strategy reduces the computational burden and avoids excessive modification of the 
general temporal representations learned during large-scale pretraining.

In this study, the pretrained TimesFM model is treated as the forecasting backbone, 
and its original parameters are frozen during the adaptation process. Instead of retraining 
the complete TimesFM model using target PV data, only the newly introduced adaptation 
parameters are optimized. During adaptation, all pretrained TimesFM parameters are kept 
fixed, and optimization is restricted to the parameters of the external RQA.

The optimization objective is transferred to the newly introduced adaptation parameters:

𝜙∗ = arg min
𝜙

𝐿(𝐷target; 𝜃FM, 𝜙), (12)

where Dtarget  denotes the limited historical observations collected from the target PV sta-
tion, 𝜙 represents the trainable adaptation parameters, and L(⋅) denotes the forecasting 
loss function.

Through this parameter-efficient adaptation mechanism, the proposed method pre-
serves the temporal representation capability of TimesFM while enabling the model to 
capture station-specific PV generation characteristics. Since the pretrained TimesFM back-
bone remains frozen and only the external RQA is optimized, the adaptation process avoids 
updating the full set of pretrained model parameters and is suitable for data-scarce target-
site adaptation.

3.2. Residual-Based Few-Shot Adaptation Scheme
Considering the limited availability of historical observations at newly commissioned 

PV stations, the proposed few-shot adaptation scheme is implemented through the RQA 
introduced in Section 2.3. During adaptation, the pretrained TimesFM backbone remains 
fixed, and only the parameters of the external RQA are optimized using a limited number 
of target-site samples. In this manner, the pretrained model retains its transferable temporal 
representations, while the RQA learns the station-specific residual characteristics required 
to correct the zero-shot forecast.

The RQA is implemented as a lightweight multilayer perceptron with four fully con-
nected layers. For the present dataset, the resulting RQA input dimension is 32. Accordingly, 
the implemented architecture is 32 → 96 → 96 → 64 → 3, containing 18,883 trainable pa-
rameters. The RQA is an external prediction-correction module and is not inserted into 
the Transformer layers of TimesFM; all parameters of the pretrained TimesFM backbone 
remain frozen. The hidden-layer dimensions are set to 96, 96, and 64, respectively, followed 
by a three-dimensional output layer. ReLU activation functions are applied after the hidden 
layers, while dropout rates of 0.08 and 0.05 are used after the first and second hidden 
layers to reduce overfitting under limited-data conditions. The adapter input includes the 
corresponding zero-shot TimesFM prediction, normalized forecasting-horizon informa-
tion, cyclic temporal descriptors, recent PV output and ramping characteristics, multi-scale 
statistical features extracted from the preceding 24 h, 72 h, and 168 h PV sequences, and 
the available meteorological variables. Before adapter training, these input features are 
standardized using the statistical characteristics of the corresponding calibration samples, 
and the same transformation is subsequently applied during forecasting.

The RQA directly produces three residual quantiles corresponding to the 0.1, 0.5, 
and 0.9 probability levels. To maintain a consistent quantile order, the median residual 
is predicted directly, while the lower and upper residual quantiles are constructed from 
non-negative spreads generated by the softplus function:

ˆ𝑟(0.1)
𝑡 = ˆ𝑟(0.5)

𝑡 − softplus(𝑠(0.1)
𝑡 ), ˆ𝑟(0.9)

𝑡 = ˆ𝑟(0.5)
𝑡 + softplus(𝑠(0.9)

𝑡 ). (13)
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Because the softplus function always produces non-negative values, this formulation 
guarantees the order ˆ𝑟(0.1)

𝑡 ≤ ˆ𝑟(0.5)
𝑡 ≤ ˆ𝑟(0.9)

𝑡 , thereby preventing quantile crossing without 
introducing an additional post-processing procedure.

The quantile regression loss defined in Equation (11) is used as the primary training 
objective. In the implemented RQA, the three pinball losses are averaged and supplemented 
by a weighted median-residual fitting term and a small interval-width regularization term. 
Accordingly, the overall objective is formulated as

ℒ =
ℒ0.1 + ℒ0.5 + ℒ0.9

3 + 0.15ℒ𝑃50 + 0.01ℒ𝑤, (14)

where the two auxiliary terms are defined as LP50 = 1
N ∑N

i=1(1 + 6∼yi)(r(0.5)
i − ri)

2
,

ℒw = 1
N ∑N

i=1 max( ˆr(0.9)
i − ˆr(0.1)

i , 0).
Here, ∼yi denotes the normalized measured PV power used within the forecasting 

pipeline rather than the PV power in watts. According to the normalization defined in 
Equation (3), ∼yi is bounded within [0, 1.2]; therefore, the weighting factor 1 + 6∼yi ranges 
from 1 to 8.2. The coefficient 6 is used as a fixed empirical weighting factor to increase 
the relative contribution of high-output PV samples when fitting the median residual; it 
is kept unchanged in all experiments and is not treated as an optimized hyperparameter. 
The weighted median-residual term is included only as an auxiliary component with a 
coefficient of 0.15, while the averaged pinball loss over the three quantiles remains the 
primary probabilistic training objective. The interval-width regularization term is further 
assigned a smaller coefficient of 0.01. Therefore, the auxiliary terms guide median fitting 
and interval compactness without replacing the quantile-regression objective.

To evaluate adaptation performance under different levels of target-site data avail-
ability, five few-shot data sizes are considered: 1, 3, 7, 14, and 30 days. For each setting, 
the corresponding target-site samples are used to train the RQA while the pretrained 
TimesFM parameters remain unchanged. The influence of the available adaptation data 
size on deterministic and probabilistic forecasting performance is subsequently evaluated 
in Section 5.2.

4. Multi-Dimensional Power-System-Operation-Oriented Evaluation 
Framework for PV Power Forecasting

PV power forecasting is ultimately intended to support power system scheduling and 
operational decision-making rather than serving as an isolated prediction task. As renew-
able penetration increases, uncertainties associated with renewable generation increasingly 
affect generation scheduling, reserve allocation, flexibility requirements, and network op-
erating conditions [26,34]. Therefore, improvements in forecasting accuracy should be 
evaluated not only from the prediction layer but also according to their consequences for 
downstream power system operation. In this study, a multi-dimensional power-system-
operation-oriented evaluation framework is established to connect PV forecasting results 
with system-level operational performance. The framework evaluates different forecast-
ing scenarios from economic, flexibility, and network-operation perspectives and further 
examines whether the resulting operational effects remain consistent under different PV 
integration locations and installed capacities.

4.1. Forecasting-to-Operation Coupling and Scenario Construction
PV forecasting results provide estimates of future renewable power injections and 

consequently affect subsequent power system scheduling decisions. For a given forecasting 
method s, the forecasting error at time t is defined as

𝑒(𝑠)
𝑡 = 𝑃act

𝑡 − 𝑃̂(𝑠)
𝑡 (15)
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where 𝑃act
𝑡  denotes the measured PV generation at time t, and 𝑃̂(𝑠)

𝑡  denotes the corresponding 
forecasting result obtained under forecasting scenario s. A larger forecasting deviation indi-
cates a greater discrepancy between the renewable generation information available to the 
operation model and the actual PV generation profile. Previous studies have demonstrated 
that renewable forecasting errors can propagate into subsequent operational decisions and 
affect system-level economic and reliability performance [26,27].

To investigate this forecasting-to-operation relationship, three PV input scenarios 
are constructed:

𝑃(𝑠)
𝑡,PV =

{


𝑃act
𝑡 , 𝑠 = Actual

𝑃̂zero
𝑡 , 𝑠 = Zero

𝑃̂few
𝑡 , 𝑠 = Few

, (16)

where 𝑃act
𝑡  represents the measured PV generation profile, 𝑃̂zero

𝑡  denotes the zero-shot fore-
casting result generated directly by pretrained TimesFM, and 𝑃̂few

𝑡  denotes the forecasting 
result after the proposed few-shot residual adaptation.

The Actual PV scenario is used as the reference condition because it eliminates fore-
casting errors from the renewable power input. The TimesFM zero-shot scenario represents 
system operation when the pretrained foundation model is directly applied without target-
site adaptation. The TimesFM few-shot scenario represents the operational condition ob-
tained after incorporating limited target-site observations through the proposed adaptation 
strategy. By comparing these three scenarios, the operational effects caused by different PV 
forecasting qualities can be evaluated under a unified system environment.

For all scenarios, the network topology, load demand, conventional generator parame-
ters, and other system settings remain unchanged; only the PV generation input is replaced 
according to Equation (16). Therefore, differences in the resulting system operating states 
can be attributed primarily to differences among the PV forecasting profiles. This con-
struction avoids introducing additional variations from unrelated system parameters and 
provides a consistent interface between the forecasting model and the subsequent power 
system analysis.

The above coupling process also reflects the increasing interaction between meteorolog-
ical information, renewable generation characteristics, and power system decision-making. 
Recent studies have emphasized the importance of closer integration between earth-science 
information and electrical-engineering models when analyzing weather-sensitive power 
systems [35]. In the present framework, this coupling is realized at the operational level 
by translating differences in PV forecasting results into differences in renewable power 
injections and, subsequently, into system operating responses.

4.2. Multi-Dimensional Power System Operational Evaluation Metrics
To characterize the operational consequences of different PV forecasting results, four 

system-level indicators are considered: operating cost, additional reserve requirement, 
generator ramping requirement, and voltage deviation. These indicators correspond re-
spectively to the economic performance, flexibility requirement, generation adjustment 
pressure, and network operating condition of the power system.

4.2.1. Operating Cost
The first evaluation dimension is system operating cost. For forecasting scenario s, the 

total operating cost over the evaluation horizon is expressed as

𝐶(𝑠)
op =

𝑇
∑
𝑡=1

𝑁𝐺

∑
𝑔=1

𝐶𝑔(𝑃(𝑠)
𝑔,𝑡), (17)
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where T denotes the number of operating periods, 𝒢  denotes the set of conventional gen-
erators, 𝑃(𝑠)

𝑔,𝑡  represents the scheduled output of generator g at time t under scenario s, 
and Cg (⋅) represents the corresponding generation cost function. For each hourly oper-
ating period, the conventional-generation schedule is determined through AC optimal 
power flow (AC-OPF) using MATPOWER [36] with the MATPOWER Interior Point Solver 
(MIPS) [37]. The generation-cost objective is minimized subject to active- and reactive-
power balance, conventional-generator output limits, branch apparent-power limits, bus-
voltage constraints, and the imposed inter-hour generator ramping limits. The quadratic 
generation-cost functions and their coefficients are inherited directly from the standard 
MATPOWER case30 dataset.

Different PV forecasting profiles change the renewable power available to the schedul-
ing model and consequently modify conventional generation dispatch. Therefore, the 
resulting operating cost provides a direct economic measure of the influence of forecasting 
performance on system operation. The Actual PV scenario provides the reference operating 
condition, while differences under the zero-shot and few-shot forecasting scenarios reflect 
forecasting-induced economic effects. The economic value of improving solar forecasting 
has also been highlighted in previous studies [28,38].

4.2.2. Forecast-Error-Induced Additional Reserve Indicator
PV forecasting errors create an additional flexibility requirement because deviations 

between forecasted and actual PV generation must be accommodated by the power system. 
In the present study, this effect is quantified using a forecast-error-induced additional 
reserve indicator rather than an endogenous reserve variable optimized within the AC-
OPF. For forecasting scenario s, the hourly indicator is defined as the absolute mismatch 
between the actual and forecasted system-level PV injections, 𝑅(𝑠)

add,𝑡 = |𝑃act
𝑡,PV − 𝑃̂(𝑠)

𝑡,PV|, and 
the cumulative indicator over the complete evaluation horizon is calculated as

𝑅(𝑠)
add = ∑

𝑇

𝑡=1
𝑅(𝑠)

add,𝑡Δ𝑡, Δ𝑡 = 1 h. (18)

Here, 𝑃act
𝑡,PV and 𝑃̂(𝑠)

𝑡,PV denote the actual and scenario-dependent PV injections at time t, 
respectively. Accordingly, 𝑅(𝑠)

add,𝑡 has units of MW, whereas the cumulative quantity 𝑅(𝑠)
add

over the 120 h evaluation horizon has units of MWh. The Actual PV case yields zero by 
construction because the measured PV profile is used as both the reference and the system 
input. This indicator therefore represents the cumulative flexibility requirement attributable 
specifically to PV forecasting mismatch; it should not be interpreted as the total spinning 
reserve of the power system or as an AC-OPF reserve decision variable.

4.2.3. Generator Ramping Requirement
In addition to reserve capacity, variations in PV generation influence the temporal 

adjustment required from conventional generators. To quantify this effect, the total generator 
ramping requirement under scenario s is calculated as

𝐺(𝑠)
ramp =

𝑇
∑
𝑡=2

𝑁𝐺

∑
𝑔=1

|𝑃(𝑠)
𝑔,𝑡 − 𝑃(𝑠)

𝑔,𝑡−1|. (19)

Specifically, the ramping indicator is obtained by accumulating the absolute changes in 
conventional-generator active-power outputs between consecutive hourly operating periods 
over the complete evaluation horizon. This indicator measures the cumulative output 
adjustment of conventional generators over the evaluation horizon. Larger differences 
between consecutive operating periods indicate stronger regulation requirements imposed 
on conventional generation.
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It should be noted that generator ramping is not interpreted simply according to a 
“smaller-is-always-better” criterion. Instead, the operational response obtained under the 
Actual PV scenario serves as the reference. A forecasting method is regarded as providing a 
more realistic operating signal when the resulting generator regulation behavior approaches 
that obtained with the actual PV generation profile.

4.2.4. Voltage Deviation
PV integration also influences network voltage conditions because changes in renew-

able power injection modify the power-flow distribution of the system. To characterize this 
network-level effect, the maximum voltage-magnitude deviation from the nominal value of 
1.0 p.u. over all buses and operating periods is evaluated as

𝐷(𝑠)
𝑉 = max𝑡,𝑖|𝑉(𝑠)

𝑖,𝑡 − 1|, (20)

where 𝑉(𝑠)
𝑖,𝑡  denotes the voltage magnitude of bus i at time t under scenario s.

Compared with operating cost and generator regulation indicators, voltage deviation 
reflects the influence of forecasting differences from the network-operation perspective. 
This indicator is particularly useful when comparing different PV integration locations 
because identical PV capacities may produce different voltage responses depending on the 
electrical location of the renewable generation.

The four operational indicators can therefore be summarized as

M(𝑠) = [𝐶(𝑠)
op , 𝑅(𝑠)

add, 𝐺(𝑠)
ramp, 𝐷(𝑠)

𝑉 ]. (21)

Equation (21) does not represent a weighted composite score. Instead, the four indica-
tors are retained and analyzed independently because they characterize different operational 
consequences of forecasting errors. In this way, subjective weighting factors are avoided, 
while the multi-dimensional characteristics of forecasting value are preserved.

4.3. Operational Comparison and Sensitivity Evaluation
Based on the indicators defined above, the proposed framework evaluates forecasting 

improvement at two levels. First, the Actual PV, TimesFM zero-shot, and TimesFM few-shot 
scenarios are compared under the same system configuration to determine how forecasting 
improvement changes operating cost, reserve requirement, generator ramping behavior, and 
voltage conditions. Second, the sensitivity of these operational effects is further examined 
under different PV integration locations and PV installed capacities.

4.3.1. Operational Comparison Under Different Forecasting Scenarios
For the basic system configuration, the three PV forecasting scenarios defined in Equa-

tion (16) are independently introduced into the same power system operation model. The 
resulting operational indicators are represented as M( Actual ) , M( Zero ) , M( Few ) . The Actual 
PV scenario represents the operating state obtained using measured renewable genera-
tion and therefore serves as the reference for interpreting forecasting-induced deviations. 
The difference between the zero-shot and Actual PV scenarios reflects the operational 
influence of directly applying the pretrained foundation model, while the difference be-
tween the few-shot and zero-shot scenarios reflects the operational effect of the proposed 
adaptation strategy.

This comparison does not assume that every individual operational indicator must 
monotonically decrease after forecasting improvement. Instead, the analysis focuses on 
whether the system operating response obtained from the adapted forecasts becomes 
more consistent with that obtained using actual PV generation. This distinction is partic-
ularly important for indicators such as generator ramping and voltage deviation, whose 
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physical interpretation depends on the system operating state rather than solely on their 
numerical magnitude.

4.3.2. Evaluation Under Different PV Integration Locations
The system-level influence of PV forecasting may vary when the same PV generation 

profile is connected to different buses because the corresponding power-flow distribution 
and generator response can change. Therefore, the PV integration bus is varied while 
keeping the forecasting scenarios and other system conditions unchanged.

Let the candidate PV integration buses be represented by bPV ∈ ℬPV . For each candidate 
bus, the operational response is evaluated using the indicators that are directly considered 
in the corresponding case study:

M(𝑠)
loc (𝑏PV) = [𝐶(𝑠)

op (𝑏PV), 𝐺(𝑠)
ramp(𝑏PV), 𝐷(𝑠)

𝑉 (𝑏PV)]. (22)

Accordingly, the influence of PV integration location is evaluated from three perspec-
tives: system operating cost, conventional generator ramping requirement, and voltage 
deviation. Rather than constructing an additional location-sensitivity coefficient, the opera-
tional results are directly compared across candidate buses. This treatment is consistent 
with the subsequent case studies and preserves the physical meaning of each indicator.

4.3.3. Evaluation Under Different PV Installed Capacities
The operational influence of forecasting errors may also change as the PV generation 

scale increases. To investigate this effect, different PV installed capacities are considered 
while maintaining the same system topology and forecasting methodology. Let 𝑃cap

PV ∈
𝒫PV denote the set of PV capacity levels considered in the sensitivity analysis. For each 
installed capacity, the corresponding operating cost and additional reserve requirement are 
calculated as

M(𝑠)
cap(𝑃cap

PV) = [𝐶(𝑠)
op (𝑃cap

PV), 𝑅(𝑠)
add(𝑃cap

PV)]. (23)

By comparing the three forecasting scenarios over multiple PV capacity levels, the 
analysis determines whether the operational differences caused by forecasting errors become 
more pronounced as the scale of PV integration increases. Again, no additional penetration-
sensitivity coefficient is introduced; instead, the trends of the directly calculated operating 
cost and reserve requirement are analyzed across the tested PV capacities.

Overall, the proposed framework extends PV forecasting evaluation from conventional 
prediction-error analysis to multiple dimensions of practical power system operation. The 
use of operating cost, additional reserve requirement, generator ramping, and voltage 
deviation allows the forecasting methods to be assessed from complementary economic, 
flexibility, regulation, and network perspectives. The additional evaluation under different 
PV integration locations and installed capacities further examines whether the operational 
consequences of forecasting improvement remain consistent under changing renewable 
integration conditions. The resulting framework therefore provides a direct and physically 
interpretable connection between PV forecasting performance and downstream power 
system operation.

5. Case Studies
5.1. Experimental Setup

The effectiveness of the proposed PV forecasting framework is evaluated from both 
forecasting performance and power-system operational perspectives. The experiments con-
sist of two interconnected parts. First, the forecasting capability of the proposed pretrained 
time-series foundation model-based framework is evaluated using a practical PV generation 
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dataset. Subsequently, the generated PV forecasts are integrated into an IEEE 30-bus test 
system to investigate the operational impacts caused by different forecasting strategies.

The PV forecasting experiments are conducted using the CYT (Station 1) data from 
the Hong Kong PV Dataset [39]. According to the accompanying system metadata, CYT 
Station 1 has a rated system power output of 25 kW and consists of 77 PV modules rated 
at 395 W each, corresponding to a total DC module nameplate capacity of 30.415 kWp. 
The selected PV station does not employ panel-level optimization, representing a typical 
centralized PV generation scenario. The dataset contains hourly PV power measurements in 
watts, and the generated power output is adopted as the forecasting target. The forecasting 
task is formulated as a multi-step-ahead prediction problem, where historical PV power 
sequences are used to predict future PV generation profiles under different forecasting 
horizons. The present study therefore focuses on a single-site case study designed to 
examine whether a pretrained TSFM can be effectively adapted under limited target-site data. 
Cross-site and cross-climate generalization are not evaluated in the current experiments 
and are regarded as an important direction for subsequent validation.

Before model training and evaluation, the original PV data are processed through 
several preprocessing steps. First, the raw measurements are checked for data quality 
and chronological consistency. Missing or abnormal values are processed to ensure the 
continuity of the time series. Then, the PV power sequence is normalized and transformed 
into a model-compatible input format using a sliding-window strategy, where historical 
observations are constructed as input contexts for future power forecasting.

To evaluate the adaptability of the proposed method under limited-data conditions, the 
available historical observations are chronologically divided into different subsets for model 
development and evaluation. The pretrained TimesFM model is first directly applied to the 
target PV station without additional adaptation, corresponding to the zero-shot forecasting 
scenario. Subsequently, the proposed residual few-shot adaptation module is introduced 
using limited historical observations collected from the target station. Different adaptation 
data sizes are investigated to analyze the influence of available target-site information 
on forecasting performance. The representative adapted model is further selected for 
subsequent power-system-oriented evaluation.

For reproducibility, the principal implementation settings of the pretrained TimesFM 
backbone and the RQA are summarized in Table 1.

To broaden the forecasting comparison under a consistent data-scarce evaluation 
protocol, two additional baselines are introduced: 24 h smart persistence and a conventional 
LSTM. The smart-persistence model uses the PV output observed at the same hour of the 
previous day as the corresponding forecast. For the LSTM baseline, only the 30 days of 
target-site observations preceding each evaluation origin are used. A two-layer LSTM with 
hidden dimensions of 32 and 16 is adopted, followed by a 24-dimensional output layer. The 
input length is 168 h, the dropout rate is 0.1, and the model is trained using Adam with a 
learning rate of 1 × 10−3 , a batch size of 64, a maximum of 100 epochs, and an early-stopping 
patience of 10. A fixed random seed of 42 is used. The training and validation samples 
are chronologically divided at a ratio of 80%/20%, and all training targets precede the 
corresponding test origin. All baseline methods are evaluated using the same 20 test origins 
and the same 2, 6, 12, and 24 h forecasting horizons as the TimesFM-based methods. The 
zero-shot TimesFM configuration is additionally regarded as a no-RQA ablation because it 
retains the same pretrained forecasting backbone while removing the proposed residual 
adaptation module.
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Table 1. Main implementation settings of TimesFM and RQA.

Parameter Setting

TimesFM checkpoint google/timesfm-1.0–200m-pytorch
Context length 512 h

Forecast horizon 24 h
RQA hidden layers 96–96–64

RQA output dimension 3
Activation function ReLU

Dropout rates 0.08/0.05
Optimizer AdamW

Learning rate 8 × 10−4 
Weight decay 5 × 10−4 

Batch size 64
Maximum epochs 400

Early-stopping patience 35 epochs
Random seed 42

Few-shot data sizes 1, 3, 7, 14, and 30 days
Forecast horizons for evaluation 2, 6, 12, and 24 h

RQA input dimension 32
RQA trainable parameters 18,883

The system-level evaluation is conducted using the IEEE 30-bus test system. Three 
PV generation scenarios are considered under the same system configuration: (1) Actual 
PV, where the measured PV output is used as the reference condition; (2) TimesFM zero-
shot, where the PV forecasts generated directly by the pretrained TimesFM model without 
target-site adaptation are used as the renewable input; and (3) TimesFM adaptation, where 
the few-shot RQA forecasts are used as the PV input. The network configuration and 
other system settings are kept consistent across the three scenarios so that the resulting 
operational differences can be attributed to differences in PV forecasting results.

For the system-level evaluation, a sequential hourly AC optimal power flow (AC-OPF) 
model is implemented using MATPOWER [38], with MIPS [40] adopted for each operat-
ing period. The standard MATPOWER case30 system is used, and its network topology, 
conventional-generator parameters, branch apparent-power limits, bus-voltage limits, and 
base load conditions are retained across all forecasting scenarios. The simulation is per-
formed over 120 consecutive hourly periods, corresponding to a five-day evaluation horizon. 
Because the forecasting experiment and the subsequent power-system study operate at 
different physical scales, an additional scaling step is applied before the forecasting profiles 
are introduced into the IEEE 30-bus system. The CYT Station 1 forecasting data retain 
their original measurement unit of watts for error calculation and visualization. For the 
IEEE 30-bus operational study, the measured and forecasted PV profiles are not directly 
interpreted as MW-valued station outputs. Instead, their temporal profiles are uniformly 
rescaled to a prescribed system-level PV capacity.

Specifically, for the base case, the system-level PV capacity is set to 25 MW. Let 𝑃(𝑠)
𝑡,data

denote the PV profile in the forecasting dataset for scenario s, and let 𝑃act
max,data denote the 

maximum actual PV output over the 120 h operational evaluation period. A common scaling 
factor is defined as 𝑘sys = 25 MW

𝑃act
max,data

. The corresponding system-level PV input is then obtained 

as 𝑃(𝑠)
𝑡,sys = 𝑘sys𝑃(𝑠)

𝑡,data, 𝑠 ∈ {Actual, Zero − shot, Few − shot}. Therefore, the 25 MW value 
represents the prescribed system-level PV integration capacity used in the IEEE 30-bus case 
study and should not be confused with the 25 kW rated system power of CYT Station 1. The 
forecasting profiles are uniformly rescaled only to preserve their relative temporal variations 
and forecasting-error characteristics when evaluating their downstream operational impacts. 
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Accordingly, the W-scale values reported in the forecasting figures should not be directly 
compared numerically with the MW-scale PV inputs used in the system-level evaluation 
The same scaling factor is applied to the Actual PV, zero-shot TimesFM, and few-shot RQA 
profiles, thereby preserving their relative temporal variations and forecasting errors. The 
scaled PV generation is connected to bus 30 and represented as a negative active load.

For the location-sensitivity analysis, PV is connected in turn to buses 3, 8, 13, 21, 26, and 
30, while the capacity-sensitivity analysis considers prescribed system-level PV capacities 
of 10, 20, 30, 40, 50, and 60 MW.

The active-power limits and quadratic generation-cost functions of the six conven-
tional generators are inherited from the standard MATPOWER case30 dataset. To account 
for inter-hour regulation capability, the hourly ramping limit of each generator is set to 
30% of its maximum active-power output, and the feasible active-power range at each 
period is restricted according to the dispatch result of the preceding hour. The reported 
operating costs are obtained from the AC-OPF objective and accumulated over the com-
plete 120 h evaluation horizon. No separate reserve-market optimization or reserve price 
is introduced; the additional reserve indicator is calculated independently from the PV 
forecasting mismatch. The present operational evaluation does not implement a sepa-
rate two-stage day-ahead/real-time balancing market. Instead, the Actual PV, zero-shot 
TimesFM, and few-shot RQA profiles are evaluated as separate renewable-input scenarios 
under the same sequential hourly AC-OPF configuration. The Actual PV case serves as the 
ex-post operational reference. Forecast-error-induced flexibility is quantified through the 
additional reserve indicator rather than through a separately optimized real-time redispatch 
or reserve-market model.

The forecasting performance is evaluated using conventional deterministic metrics, 
including mean absolute error (MAE) and root mean square error (RMSE) [25,28]. Proba-
bilistic forecasting performance is evaluated based on the P10, P50, and P90 quantile forecasts 
generated by the RQA. The interval bounded by P10 and P90 constitutes a central 80% pre-
diction interval, corresponding to a nominal miscoverage level of 𝛼 = 0.2. Let 𝐿𝑖 = ˆ𝑦(0.1)

𝑖  and 
𝑈𝑖 = ˆ𝑦(0.9)

𝑖  denote the lower and upper bounds of the prediction interval for observation i, re-
spectively. The prediction interval coverage probability (PICP) and mean prediction interval 
width (MPIW) are defined as PICP = 100

𝑁 ∑𝑁
𝑖=1 1(𝐿𝑖 ≤ 𝑦𝑖 ≤ 𝑈𝑖) , MPIW = 1

𝑁 ∑𝑁
𝑖=1(𝑈𝑖 − 𝐿𝑖).

The Winkler score jointly evaluates interval width and miscoverage and is calculated as 
𝑊𝑖 = (𝑈𝑖 − 𝐿𝑖) + 2

𝛼 (𝐿𝑖 − 𝑦𝑖)1(𝑦𝑖 < 𝐿𝑖) + 2
𝛼 (𝑦𝑖 − 𝑈𝑖)1(𝑦𝑖 > 𝑈𝑖), with the reported Winkler 

score obtained by averaging \(W_i\) over all samples. The mean pinball loss is calculated 
by averaging the pinball losses defined in Equation (11) over 𝜏 ∈ {0.1, 0.5, 0.9}. PICP 
values close to the nominal 80% level indicate appropriate empirical coverage, whereas 
smaller MPIW, Winkler score, and mean pinball loss generally indicate improved interval 
sharpness or probabilistic accuracy. For the power-system-oriented evaluation, operating 
cost, additional reserve requirement, generator ramping requirement, and voltage deviation 
are selected as representative indicators to quantify the influence of PV forecasting accuracy 
on system operation [26,38].

5.2. PV Forecasting Performance Comparison
The comparative experiment is designed primarily as a controlled evaluation of target-

site residual adaptation. Accordingly, zero-shot TimesFM is used as the principal reference 
because it shares exactly the same pretrained forecasting backbone with the proposed 
method, allowing the incremental effect of the RQA to be isolated. The present comparison 
is therefore not intended as an exhaustive benchmark against all conventional statisti-
cal, deep-learning, meta-learning, or foundation-model forecasting approaches, and the 
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reported results should not be interpreted as demonstrating universal superiority over 
methods that were not directly evaluated.

The forecasting performance of the proposed framework is first evaluated from the 
perspectives of prediction accuracy, adaptation capability, and uncertainty representation. 
The pretrained TimesFM model without target-site adaptation is adopted as the zero-shot 
baseline, while the proposed residual few-shot adaptation model is trained using limited 
historical observations collected from the target PV station. The objective of this section 
is to demonstrate whether the proposed adaptation strategy can effectively improve the 
forecasting capability of pretrained foundation models under data-scarce PV scenarios 
before evaluating its operational impacts on power system operation in Section 5.3.

To examine the forecasting behavior of the proposed method under different predic-
tion horizons, the prediction performance is compared over four representative forecasting 
horizons, including 2 h, 6 h, 12 h, and 24 h. As illustrated in Figure 3, the proposed few-
shot adaptation strategy consistently reduces both MAE and RMSE across all forecasting 
horizons. The performance improvement becomes particularly significant for medium- and 
long-term forecasting tasks, where the zero-shot TimesFM model exhibits comparatively 
larger forecasting deviations. These results indicate that the proposed residual adapta-
tion module effectively compensates for the systematic prediction bias of the pretrained 
foundation model while preserving its strong temporal representation capability. More 
importantly, the consistent improvement across different prediction horizons demonstrates 
that the proposed framework maintains stable forecasting performance under various 
operational requirements of PV power forecasting.

Table 2 further compares the proposed method with smart persistence and a conven-
tional LSTM under the same evaluation origins. Smart persistence achieves MAE values of 
334.82, 3055.18, 3400.67, and 1732.53 W at the 2-, 6-, 12-, and 24 h horizons, respectively. The 
conventional LSTM trained using only 30 days of target-site observations exhibits compara-
tively larger errors, indicating the difficulty of learning sufficiently transferable temporal 
representations from scratch under severe data scarcity.

In contrast, the 30-day TimesFM + RQA model achieves MAE values of 144.09, 589.45, 
782.12, and 405.58 W at the corresponding horizons. At the 24 h horizon, this represents 
a 76.59% reduction in MAE relative to smart persistence and a 79.46% reduction relative 
to zero-shot TimesFM. The zero-shot TimesFM result also serves as a no-RQA ablation, 
demonstrating that the substantial performance gain is associated with the target-site resid-
ual adaptation rather than with the pretrained backbone alone. These comparisons provide 
additional evidence for the effectiveness of lightweight adaptation in the investigated data-
scarce target-site setting.

Besides forecasting accuracy, the data efficiency of the proposed adaptation strategy is 
another important consideration for newly commissioned PV stations. Since only a limited 
amount of historical observations are usually available during the early operation stage, 
the influence of adaptation data size on forecasting performance is further investigated. As 
shown in Figure 4, the forecasting errors of the zero-shot TimesFM model remain nearly 
unchanged because no target-site information is involved during inference. In contrast, the 
forecasting errors of the proposed residual adaptation model decrease rapidly as additional 
historical observations become available. The improvement is particularly evident during 
the initial adaptation stage, while the performance gradually converges after approximately 
one month of historical data. This observation indicates that most station-specific forecasting 
characteristics can be efficiently learned using only limited historical observations, indicating 
that, for the investigated station, most of the observed adaptation gain is achieved with a 
relatively limited amount of target-site historical data.
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Figure 3. Forecasting accuracy comparison before and after few-shot adaptation under different 
forecasting horizons.

Table 2. Deterministic forecasting comparison and RQA ablation across different forecasting horizons.

Method 2 h MAE 2 h RMSE 6 h MAE 6 h RMSE 12 h MAE 12 h RMSE 24 h MAE 24 h RMSE

Smart Persistence 334.82 461.81 3055.18 4132.97 3400.67 4521.99 1732.53 3201.99
LSTM 1549.72 1716.35 4745.15 5958.75 5175.75 6504.62 2694.46 4628.13
TimesFM Zero-shot 
(w/o RQA) 347.05 429.77 3178.95 4275.94 3888.05 5023.74 1974.21 3555.65

TimesFM + RQA 
(30 days) 144.09 172.47 589.45 781.49 782.12 1065.88 405.58 756.89

https://doi.org/10.3390/en19215210

https://doi.org/10.3390/en19215210


Energies 2026, 19, 5210 20 of 29

Figure 4. Influence of few-shot adaptation data size on PV forecasting performance.

To illustrate the behavior of the forecasting models under a challenging high-output 
condition, Figure 5 presents the test case with the highest observed PV peak among the 
evaluated forecasting origins. Therefore, this example is intended as an illustrative high-
generation case rather than as an average or statistically representative forecasting day. Dur-
ing this period, the zero-shot TimesFM forecast substantially underestimates the measured 
peak output, indicating a pronounced target-site distribution mismatch. After few-shot 
residual quantile adaptation, the P50 forecast more closely follows the measured PV profile, 
while the P10–P90 interval provides an uncertainty range around the adapted prediction. 
The large residual correction observed in this case also indicates that the residual mag-
nitude may vary considerably with operating conditions and is not assumed to remain 
uniformly small. The power values in Figure 5 are reported on the original physical scale 
of CYT Station 1 in watts. The station has a rated system power output of 25 kW; these 
W-scale forecasting results are subsequently rescaled only for the separate IEEE 30-bus 
system-level evaluation. 

In addition to deterministic forecasting accuracy, probabilistic performance is evaluated 
using the central P10–P90 prediction interval. As shown in Figure 6 and Table 3, increasing 
the amount of few-shot adaptation data generally reduces the interval width, with MPIW 
decreasing from 1098.99 W for the 1-day setting to 743.20 W for the 30-day setting. The 
corresponding PICP fluctuates around the nominal coverage level of 80%. The 30-day 
setting achieves a PICP of 80.42%, which is close to the nominal 80% coverage level, while 
simultaneously yielding the smallest MPIW and Winkler score among the evaluated few-
shot settings. Meanwhile, the mean pinball loss and Winkler score generally decrease as 
more target-site observations become available, indicating improved quantile accuracy and 
a more favorable balance between interval sharpness and coverage. These results suggest 
that increasing the available adaptation data improves the overall quality of the probabilistic 
forecasts in the investigated case, although empirical coverage is not strictly monotonic with 
data size.
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Figure 5. PV forecasting results for an illustrative high-output test case comparing zero-shot TimesFM 
with the few-shot adapted RQA.

Figure 6. Uncertainty evaluation of probabilistic PV forecasting under different few-shot adaptation 
data sizes.

Table 3. Probabilistic forecasting performance under different few-shot data sizes.

Few-Shot Data Size Mean Pinball Loss (W) PICP (%) MPIW (W) Winkler Score (W)

1 day 218.77 79.38 1098.99 3499.97
3 days 186.38 75.42 899.90 2958.67
7 days 168.54 77.08 848.74 2734.87
14 days 167.13 78.96 795.48 2711.99
30 days 148.91 80.42 743.20 2439.31
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Overall, for the investigated station, the proposed residual few-shot adaptation strategy 
improves forecasting performance relative to zero-shot TimesFM across the evaluated 
prediction horizons and few-shot data settings. The probabilistic metrics further indicate 
improved quantile accuracy and interval quality as additional target-site observations 
become available. These results provide the basis for the subsequent power-system-oriented 
evaluation in Section 5.3.

5.3. Impact of Forecasting Improvement on Power System Operation
5.3.1. System Operation Evaluation Under Different Forecasting Scenarios

The improvement in forecasting accuracy demonstrated in Section 5.2 does not nec-
essarily imply an equivalent improvement in power system operation. Therefore, based 
on the evaluation framework introduced in Section 4, this section further compares the 
operational consequences of the Actual PV, TimesFM zero-shot, and few-shot adapted 
forecasting scenarios in the IEEE 30-bus system. The Actual PV scenario is used as the 
reference case, while the differences between the two forecasting scenarios and the reference 
case are used to characterize the system-level consequences of PV forecasting errors.

A direct economic consequence of forecasting errors can be observed from the system 
operating cost. Under the Actual PV scenario, the total operating cost is USD 67,888.8. When 
the zero-shot TimesFM forecasts are directly used, the operating cost increases to USD 
68,416.3. All operating-cost values reported in this subsection represent cumulative costs 
over the 120 h operational evaluation horizon. After few-shot adaptation, the corresponding 
cost decreases to USD 68,096.1. Therefore, compared with the zero-shot case, few-shot 
adaptation reduces the operating cost by approximately USD 320.2 and recovers a substantial 
portion of the economic loss caused by forecasting errors. More importantly, the operating 
cost obtained using the adapted forecasts is considerably closer to that of the Actual PV 
reference case. This result indicates that the improvement in statistical forecasting accuracy 
can be translated into measurable economic benefits at the system-operation level.

Forecasting errors also affect the flexibility required to accommodate the mismatch 
between scheduled and actual PV generation. Figure 7 compares the cumulative forecast-
error-induced reserve requirement under the three PV input scenarios over the 120 h 
evaluation horizon. Here, the reported reserve values correspond to the cumulative forecast-
error-induced flexibility indicator defined in Equation (18), rather than to the total reserve 
capacity scheduled by the power system. Because the Actual PV scenario uses the mea-
sured PV profile as the reference, its forecast-error-induced reserve requirement is zero by 
construction. In contrast, the zero-shot TimesFM scenario results in a cumulative reserve 
requirement of 316.25 MWh. After few-shot adaptation, this value decreases to 135.34 MWh, 
corresponding to a reduction of approximately 57.2% relative to the zero-shot case. These 
results indicate that reducing the discrepancy between forecasted and actual PV output can 
substantially decrease the additional flexibility requirement induced by forecasting errors.

The influence of forecasting information on conventional-generator operation is further 
examined through the total generator ramping requirement. Unlike the forecast-error-
induced reserve requirement, the ramping metric should not be interpreted simply as “the 
smaller, the better”, because a forecast with a large systematic bias may underestimate PV 
variability and consequently produce an artificially low scheduled ramping requirement. 
Therefore, the key criterion is whether the generator response obtained from a forecasting 
scenario is close to that obtained using the actual PV profile.

As shown in Figure 8, the total generator ramping requirements are 98.13 MW for the 
Actual PV case, 63.12 MW for the zero-shot TimesFM case, and 104.27 MW for the few-shot 
adapted case. Although the zero-shot case yields the smallest numerical ramping value, 
it deviates substantially from the Actual PV reference. In contrast, the few-shot result is 
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much closer to the Actual PV case, indicating that the adapted forecast better reproduces 
the generator flexibility response associated with the measured PV profile.

Figure 7. Cumulative forecast-error-induced reserve requirement under different PV forecasting 
scenarios over the 120 h evaluation horizon.

Figure 8. Comparison of total generator ramping requirements under different PV forecasting scenarios.

The above results reveal an important distinction between forecasting accuracy and 
forecasting value. Statistical metrics evaluate the distance between predicted and observed 
PV output, whereas system-level indicators evaluate the operational consequences of that 
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distance. In the present case, few-shot adaptation simultaneously reduces MAE and RMSE, 
lowers the additional reserve requirement, reduces the operating-cost deviation from the 
Actual PV reference case, and produces a generator flexibility response that is more repre-
sentative of actual PV operation. The forecasting improvement observed in Section 5.2 can 
therefore be translated into identifiable operational benefits rather than remaining solely a 
statistical improvement.

These results also demonstrate why PV forecasting models should not be evaluated 
exclusively using conventional error metrics. Different forecasting errors can propagate 
through the power system in different ways, affecting economic dispatch and flexibil-
ity requirements differently. Accordingly, combining statistical forecasting metrics with 
system-oriented indicators provides a more comprehensive assessment of PV forecasting 
performance and establishes a direct connection between forecasting accuracy improvement 
and practical operational value in renewable-dominated power systems.

Although the previous section demonstrates that improved PV forecasting accuracy 
can provide measurable operational benefits, the magnitude of such benefits may vary 
under different PV integration conditions. In practical power systems, PV forecasting errors 
interact with both the electrical characteristics of the network and the penetration level 
of renewable generation. Therefore, sensitivity analyses are further conducted from two 
perspectives: PV integration location and PV penetration level.

5.3.2. Influence of Photovoltaic Integration Location
The impact of PV integration location is first investigated by installing PV genera-

tion at different buses of the IEEE 30-bus system. Since the electrical characteristics of 
different nodes vary, identical PV forecasting errors may lead to different operational conse-
quences depending on the connection location. Figure 9 presents the variation in system 
operating cost, generator ramping requirement, and voltage deviation under different PV 
integration buses. 

The results indicate that PV integration location has a significant influence on system 
operation. For the operating cost shown in Figure 9a, the differences among different inte-
gration buses demonstrate that the economic impact of forecasting errors is closely related 
to the electrical position of PV resources. When PV generation is connected at different 
locations, the same forecasting deviation may result in different power flow redistributions 
and generation dispatch adjustments.

Similarly, Figure 9b shows that generator ramping requirements vary considerably 
with PV integration location. This indicates that the flexibility requirement caused by PV 
uncertainty is not only determined by the forecasting accuracy itself but also affected by 
the spatial characteristics of renewable integration. Therefore, forecasting evaluation based 
only on global statistical metrics may overlook location-dependent operational impacts.

Different from economic and flexibility indicators, the voltage deviation results in 
Figure 9c show relatively small differences among different forecasting scenarios. This 
indicates that voltage performance is mainly dominated by the electrical characteristics of 
the PV integration location and network structure, while the influence of forecasting errors 
is comparatively limited under the investigated conditions.

These results further demonstrate the necessity of multi-dimensional evaluation. A sin-
gle forecasting error indicator cannot fully describe the practical influence of PV prediction 
errors on different aspects of power system operation.
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Figure 9. Sensitivity analysis of system operational performance under different PV integration 
locations. (a) Operating cost. (b) Generator ramping requirement. (c) Voltage deviation.

5.3.3. Influence of PV Penetration Level
To investigate how the operational effects of forecasting performance vary with the 

scale of PV integration, different prescribed system-level PV capacities are considered. The 
PV capacity is varied from 10 to 60 MW, and the resulting changes in system operating cost 
and forecast-error-induced flexibility requirement are analyzed.
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As shown in Figure 10a, the total operating cost decreases as the prescribed system-level 
PV capacity increases for all three PV-input scenarios. However, the differences in operating 
cost among the Actual PV, zero-shot TimesFM, and few-shot TimesFM scenarios remain 
comparatively modest and do not exhibit a monotonic widening trend with increasing PV 
capacity. For example, the operating-cost difference between the zero-shot TimesFM and 
Actual PV cases is 402.24 at 10 MW, reaches 548.35 at 20 MW, and subsequently decreases to 
216.86 at 60 MW. Therefore, Figure 10a does not support the conclusion that the economic 
impact of forecasting error necessarily increases monotonically with PV capacity under the 
investigated system conditions.

Figure 10. Sensitivity analysis of system operational performance under different prescribed PV 
capacity levels. (a) Total operating cost; (b) cumulative forecast-error-induced reserve requirement.

A clearer capacity-dependent trend is observed in Figure 10b. The cumulative forecast-
error-induced reserve requirement increases approximately proportionally with the pre-
scribed PV capacity. For the zero-shot TimesFM case, the cumulative requirement increases 
from 126.50 MWh at 10 MW to 759.00 MWh at 60 MW, whereas the corresponding few-shot 
values increase from 54.13 MWh to 324.81 MWh. Across all tested capacity levels, the few-
shot adapted forecast consistently produces a substantially lower forecast-error-induced 
flexibility requirement than the zero-shot forecast.

These results indicate that the influence of increasing PV integration is more clearly re-
flected in the forecasting-induced flexibility requirement than in the accumulated operating-
cost difference for the present IEEE 30-bus configuration. Accordingly, the operational value 
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of improved PV forecasting should be interpreted across multiple system-level indicators 
rather than inferred from operating cost alone [34,37].

The sensitivity analysis reveals that the operational value of PV forecasting improve-
ment is influenced by both spatial and PV-capacity conditions. The influence of forecasting 
accuracy cannot be evaluated independently from the power-system context, since identical 
prediction errors may lead to different operational consequences under different PV integra-
tion scenarios. These results further support the necessity of the proposed comprehensive 
evaluation framework, which extends PV forecasting assessment from statistical accuracy 
toward practical power-system applications.

6. Conclusions
With the rapid expansion of photovoltaic (PV) generation, accurate forecasting has 

become increasingly important for the secure and economical operation of renewable-rich 
power systems, while newly commissioned PV stations often face severe historical-data 
scarcity. To address this challenge, this study developed a TimesFM-based PV forecast-
ing framework with lightweight residual few-shot adaptation and a multi-dimensional 
power-system-operation-oriented evaluation scheme. The proposed method preserves the 
transferable forecasting capability of the pretrained foundation model while efficiently incor-
porating limited target-site information to improve station-specific forecasting performance. 
For the investigated CYT Station 1 case, the proposed adaptation strategy consistently 
improves both deterministic and probabilistic forecasting performance relative to zero-shot 
TimesFM, while the few-shot data-size analysis shows that substantial adaptation gains can 
be obtained with limited target-site observations. Further system-level evaluation shows 
that improved forecasting accuracy can translate into measurable operational benefits, 
including lower operating cost, reduced reserve requirements, and generator regulation 
behavior that is more consistent with actual PV operation. Sensitivity analyses further 
indicate that the operational value of forecasting improvement depends on PV integration 
location and becomes more pronounced as PV penetration increases. Overall, the proposed 
framework provides a practical solution for data-scarce PV forecasting and establishes a 
direct link between forecasting improvement and downstream power-system operational 
value. The present study is subject to several limitations. The forecasting experiments are 
conducted on a single PV station, and the current results should therefore be interpreted 
as evidence for the investigated target-site adaptation scenario rather than as a demon-
stration of universal cross-site generalizability. In addition, the experimental comparison 
focuses on isolating the effect of residual adaptation relative to the same zero-shot TimesFM 
backbone, rather than providing an exhaustive benchmark against all conventional and 
foundation-model forecasting approaches. From a deployment perspective, the proposed 
architecture can be extended to multiple geographically distributed PV stations by sharing 
the same frozen TimesFM backbone while maintaining lightweight station-specific RQAs. 
Under a straightforward implementation, the adaptation workload is expected to increase 
approximately with the number of target sites, while the site-specific RQAs can be trained 
or executed independently and therefore allow parallel implementation. However, simulta-
neous multi-site deployment also introduces additional issues that are not represented in 
the present single-site study, particularly spatial correlations among PV forecasting errors 
and their coupled impacts on network operation. Future work will therefore extend the 
evaluation to multiple PV stations and climatic conditions, investigate parallel multi-site 
adaptation and spatially correlated forecasting uncertainty, and include broader forecasting 
baselines, architectural ablations, and multi-seed statistical analysis.
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