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Abstract 

Reliable photovoltaic (PV) power forecasting based on deep learning typically requires large 

historical datasets to capture the high temporal and spatial variability of solar irradiance. However, 

in many real-world applications, data availability is limited to short observation periods, hindering 

the effective training of deep learning models. This paper investigates how sky image data 

augmentation techniques can improve the generalization capability of Convolutional Neural 

Networks (CNNs) trained under data scarcity. Three augmentation-based oversampling methods—

SMOTE, Mixup-kNN, and Mixup-RP—are evaluated, along with two novel hybrid strategies that 

combine them in-parallel and in-series configurations. The proposed framework is validated on two 

distinct PV power nowcasting case studies, in which the original sky image training datasets span 

less than one month. Experimental results show average performance improvements of up to 50% on 

external validation data when training the CNN on the augmented datasets compared to the original 

base datasets, demonstrating that accurate PV power nowcasting is feasible even under data-scarce 

conditions typical of newly installed PV systems, and highlighting the potential of data-efficient 

learning approaches for renewable energy applications.  

Keywords: photovoltaic power forecasting; nowcasting; deep learning; computer vision; sky images; 

data augmentation; resampling; convolutional neural networks; data scarcity 

1. Introduction

Increased energy consumption has been associated with improved economic performance and

higher living standards across modern societies; however, it has also led to significant environmental 

challenges that contribute to the ongoing climate crisis [1]. In response, the European Union has 

adopted an ambitious strategy to gradually replace fossil fuels with Renewable Energy Sources (RES) 

for electric power generation. Over the past decade, this transition has been driven largely by the 

growing deployment of Photovoltaic (PV) systems, which have been connected to the electrical grid 

predominantly at the distribution level [2]. The increasing penetration of such non-dispatchable PV 

systems necessitates the modernization of conventional electric power systems through the adoption 

of smart power electronics, dynamic modeling techniques, and Artificial Intelligence (AI), to mitigate 

the negative impact of the induced uncertainty and ensure reliable and efficient operation [3].  

Solar power forecasting is one of the most effective methods for the reliable integration of PV 

systems into the electrical grid, as it enables optimal planning and proactive control while reducing 

operational costs [4]. Forecasting horizons vary depending on the downstream task, ranging from a 

few seconds ahead (nowcasting), to minutes ahead (ultra-short-term forecasting), hours ahead (short-

term forecasting), and up to days or even weeks ahead (mid- and long-term forecasting) [4]. For ultra-

short- and short-term horizons, remote sensing data from satellites and ground-based sky cameras 

have emerged as particularly promising input sources. These types of data provide detailed 

information on cloud formations in the form of images, thereby enabling the application of computer 
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vision techniques for tasks such as cloud detection and cloud motion modeling within solar power 

forecasting frameworks [4].  

Recent advances in AI have enabled the partial or complete replacement of traditional physics-

informed computer vision techniques with data-driven deep learning methods for solar power 

forecasting [4]. For ultra-short-term horizons, where ground-based sky cameras provide images with 

the required spatiotemporal resolution for minutes-ahead analysis, two primary approaches have 

emerged [5]: i) directly forecasting the target variable (e.g., solar irradiance or PV power) from 

sequences of obtained sky images through deep learning (end-to-end modeling), e.g., with the usage 

of Convolutional Neural Networks (CNNs) or Vision Transformers (VT), and ii) splitting the 

forecasting task into two stages by first predicting future sky images (image forecasting), and then 

deriving the target variable from these images (nowcasting), using chained models based on deep 

learning or hybrid methods. End-to-end modeling for sky-image-based solar power forecasting was 

first explored in [6], which employed the Stanford University Neural network for Solar Electricity 

Trend (SUNSET) model [7] for 15-minute-ahead forecasting using sky image sequences. Since then, 

various end-to-end solar power forecasting architectures have been explored, including 

Convolutional Long Short-Term Memory (ConvLSTM) models, ResNet-based models, and encoder-

decoder frameworks [8,9]. Nevertheless, recent studies suggest that end-to-end models may struggle 

to predict the highly non-linear dynamics of solar power generation directly from sky images, 

indicating that splitting the forecasting task into subtasks can be advantageous [5]. 

A major drawback of AI-based models for solar power forecasting is their strong dependence 

on large volumes of high-quality historical data for effective training [10]. Despite the growing 

availability of PV-related datasets, data scarcity remains a significant challenge, particularly with the 

widespread deployment of distributed PV systems and the adoption of more complex model 

architectures. In general, data requirements increase with the number of trainable parameters, 

making it unrealistic to assume that sufficient historical data will always be available, especially for 

sky image data and small-scale local PV installations. In addition, sky image datasets are often 

imbalanced, as certain sky conditions are over-represented due to the prevailing climatic conditions 

of the target location [11]. Since machine learning models typically optimize objective functions based 

on average errors, under-represented conditions tend to be inadequately learned during training. 

This issue is particularly pronounced in regions dominated by clear sky conditions, where sky images 

depicting clouds are under-represented. As a result, models become biased towards clear sky 

patterns, which are inherently easier to predict and generally do not require complex deep learning 

architectures. 

Based on the above, it is evident that acquiring sufficiently large and balanced historical sky 

image datasets for training AI-based solar power forecasting models remains a challenge. In recent 

years, data scarcity has been addressed through transfer learning, where models are pre-trained on 

large global datasets and subsequently finetuned using local data [12]. Although this approach can 

substantially reduce the need for extensive local datasets, it still relies on access to large-scale data 

repositories that adequately resemble the conditions of the target location. On the other hand, dataset 

imbalance has primarily been addressed through classification-based approaches. In classification-

based approaches, sky images are partitioned into distinct classes either to train separate sky-

condition-specific models for each class [13,14], or to construct a more balanced training subset for a 

single model through targeted sampling [15]. However, while these approaches can improve the 

representation of diverse sky conditions, they do not resolve the data scarcity problem, increasing 

the risk of overfitting or training collapse [16]. 

Dataset augmentation has emerged as a promising approach to address the combined challenges 

of data scarcity and imbalance in the context of AI-based electric power system applications [10]. In 

contrast to data resampling, which only replicates existing samples, data augmentation enriches 

datasets by generating new synthetic samples [4], thereby reducing the risk of overfitting and 

improving the generalization capability of deep learning models. In the context of image data, 

augmentation can be conducted using simple transformations, such as Gaussian noise injection [17], 

color casting [18], and brightness adjustment [19]. More advanced approaches include data-driven 

techniques, such as the Synthetic Minority Oversampling Technique (SMOTE) [20] and Mix-up k-
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Nearest Neighbors (kNN) [21], as well as deep generative AI models such as Generative Adversarial 

Networks (GANs) [22].  

Despite the growing interest in image data augmentation for RES-related applications, such as 

PV panel soiling localization [23], limited research has been conducted on sky image data 

augmentation for solar power forecasting. A thorough exploration of various augmentation methods 

in the context of sky-image-based PV power forecasting, including noise injection, color 

transformations, and image mixing, was first presented in [11]. The different augmentation methods 

were systematically evaluated based on the performance of the SUNSET model on two tasks: a 

nowcasting task and a 15-minute-ahead forecasting task. In [24], the sky image dataset was 

augmented using translational, vertical, and temporal transformations, improving irradiance 

forecasting performance of three deep learning models across multiple horizons up to 10 minutes 

ahead. In [25], augmentation techniques including color adjustments, cropping, and rotation, were 

combined with transfer learning to improve sky-image-based PV power nowcasting performance of 

two deep CNN-based models. Similarly, [26] incorporated several augmentation techniques, such as 

translations, scaling, and flipping, within a comprehensive sky image pre-processing pipeline to 

improve solar irradiance forecasting accuracy.  

Nevertheless, some important research gaps remain. Most notably, existing studies apply sky 

image data augmentation in data-abundant settings, as the datasets used in [11], [24]-[26] span two 

or three years at minute-scale temporal resolutions, resulting in several hundred thousand sky 

images. Such data availability is not representative of newly deployed PV systems, particularly in 

small-scale and resource-constrained environments. Furthermore, [24]-[26] do not explicitly address 

dataset imbalance, as augmentation is applied across the entire dataset, aiming only to enhance 

diversity. Only [11] considers dataset imbalance, by splitting the dataset into two subsets based on 

the error distribution of a baseline forecasting model and applying augmentation selectively to the 

higher-error subset. However, this approach relies on a relatively simple classification scheme, which 

may not fully capture the underlying structural imbalances present in the dataset. 

This paper presents a novel sky image augmentation framework aimed at improving the 

generalization capability of CNNs for PV power nowcasting under data scarcity. Unlike existing 

studies, the proposed framework applies augmentation to a base training dataset comprising only a 

few days of data, enabling a systematic evaluation of its effectiveness when data availability is 

limited. Accordingly, the objective of augmentation is not only to mitigate dataset imbalance, but also 

to increase dataset size to a level sufficient for training deep CNN models. Furthermore, dataset 

imbalances are identified using a recently proposed sky image clustering approach [14], which results 

in detailed clusters representing diverse sky conditions. To further address the limited size of the 

base training dataset and enhance data diversity, new hybrid augmentation approaches based on 

image mixing are also explored. The proposed framework is evaluated using two distinct sky image 

datasets, spanning several weeks of unseen data. The main contributions of this paper are 

summarized as follows: 

1. The introduction of a novel, holistic framework to evaluate the impact of different sky 

image augmentation methods on PV power nowcasting performance under data scarcity. The 

proposed framework integrates dataset clustering, resampling, and hybrid augmentation, and is 

evaluated using the SUNSET model on two small-scale sky image datasets.   

2. The development of novel hybrid data-driven augmentation strategies based on image 

mixing. SMOTE, Mixup-kNN, and Mixup-Random Pair (RP) are combined both in series and in 

parallel, to generate more diverse synthetic sky images and further improve nowcasting 

performance.  

3. The employment of a state-of-the-art automatic sky image clustering approach to identify 

detailed clusters and reveal underlying dataset imbalances. Clustering is performed with respect to 

the downstream task, i.e., PV power nowcasting, and clusters are characterized as critical and non-

critical for augmentation based on their size and their associated nowcasting errors.  

The remainder of this paper is organized as follows: Section 2 presents the sky image datasets, 

the PV power nowcasting settings, and the proposed sky image augmentation framework. The 
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experimental results are presented in Section 3. Section 4 discusses the experimental findings and 

summarizes the main insights. Concluding remarks are provided in Section 5. 

2. Materials and Methods 

2.1. Sky Image Datasets 

2.1.1. Archon Dataset 

The Archon dataset [27] contains RGB sky images captured at a PV system in Greece between 

16/11/2023 and 06/01/2024 using a professional All-Sky Imager (ASI)-16 ground-based sky camera 

with a fisheye lens and a 180° Field Of View (FOV). The images have a resolution of 1536 × 1536 

pixels, 96 DPI, and 8-bit color depth, and are captured at 1-minute intervals during daylight hours. 

An example image captured under clear sky conditions at midday is shown in Figure 1(a). The ASI-

16 camera is installed near a 1.2 kW PV system, from which power measurements are also recorded 

at a 1-minute resolution. 

2.1.2. SKIPP’D Dataset 

The publicly available SKIPP’D dataset [28] contains RGB sky images captured at a rooftop PV 

system at the Stanford Campus in the US between 2017 and 2019 using a commercial HIKVISION 

surveillance camera with a fisheye lens and a 180° FOV. The camera has a resolution of 2048 × 2048 

pixels and 8-bit color depth, and records videos at 20 frames per second. In this paper, images are 

extracted at 1-minute intervals during daylight hours only for the period between 01/02/2019 and 

31/07/2019. An example image captured under clear sky conditions at midday is shown in Figure 

1(b). The surveillance camera is installed approximately 125 m away from the 30 kW PV system, from 

which power measurements are also recorded at a 1-minute resolution. 

 

 
(a) (b) 

Figure 1. Example sky images under clear sky conditions at midday: (a) Archon dataset; (b) SKIPP’D dataset. 

2.2. PV Power Nowcasting 

2.2.1. Mathematical Formulation 

As mentioned in Section 1, end-to-end ultra-short-term PV power forecasting using sky images 

is inherently complex, and deep learning models often struggle to capture the non-linear 

relationships between sequences of past sky images and future PV power values. In recent years, 

deeper AI models based on VTs have demonstrated promising performance in end-to-end ultra-

short-term PV power forecasting; however, training such models requires even larger datasets 

compared to more conventional deep learning models such as CNNs, to accommodate their billions 

of parameters. Therefore, this paper focuses on PV power nowcasting under the assumption that 
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future sky images have already been predicted using a chained model, such the auto-encoder-like 

CNN proposed in [16]. 

In this paper, the PV power nowcasting problem is mathematically formulated as follows: 

𝑦̂(𝑡) = f(𝒙(𝑡)) (1) 

where 𝒙(𝑡) is the matrix corresponding to the sky image recorded at time 𝑡, 𝑦̂(𝑡) is the predicted 

PV power at time 𝑡, and f(∙) is the underlying function that maps the output (PV power) to the input 

(sky image). In other words, the target objective is to estimate PV production at a given time 𝑡 using 

only the recorded sky image at time 𝑡.  

2.2.2. PV Power Nowcasting Model 

To extract the mapping function f(∙) in (1), the CNN-based SUNSET model [7] is employed. The 

architecture of SUNSET, illustrated in Figure 2, comprises two convolutional blocks followed by a 

fully connected block. The model receives a single sky image as input, downscaled to 64 × 64 pixels 

to reduce computations, with pixel values normalized to [0, 1] per color channel. Each convolution 

block contains three layers: a convolutional layer, a batch normalization layer, and a pooling layer. 

The convolutional layers use 3 × 3 kernels with unit stride and padding to preserve input dimensions 

for the feature maps. Pooling layers then down-sample these feature maps by a factor of two. The 

output of the convolutional blocks is flattened and passed to the fully connected block, which 

contains two layers with 1024 neurons each. All hidden layers use ReLU activation. The output layer 

uses linear activation and contains a single neuron, which represents the predicted PV power.   

 

Figure 2. Architecture of the SUNSET PV power nowcasting model [7]. 

SUNSET is a deep learning computer vision model capable of directly extracting point values 

from input images. It has demonstrated state-of-the-art performance and is widely regarded as a 

reliable PV power nowcasting model. Nevertheless, the primary motivation for selecting SUNSET in 

this study is its relatively low number of trainable parameters compared to other models in the same 

category. Specifically, SUNSET comprises only a few million trainable parameters [12], making it 

feasible to train effectively with datasets consisting of only a few thousand sky images. In this context, 

augmenting a limited base dataset becomes a practical approach for enabling robust model training. 

In contrast, deeper CNN-based architectures such as ResNet-50, as well as models based on VTs, 

typically involve tens of millions to billions of parameters. Consequently, they require substantially 

larger training datasets, which are often unavailable under data-scarce conditions.  

2.3. Sky Image Augmentation Methods 

The base datasets presented in Section 2.1 are augmented using SMOTE, Mixup-kNN, Mixup-

RP, as well as novel in-series or in-parallel combinations of these image mixing techniques. 

Generative AI models such as GANs are not considered in this study, as they require substantial 

amounts of training data to produce reliable synthetic images, making them unsuitable for data-

scarce environments. Simpler augmentation techniques, such as Gaussian noise injection, brightness 

adjustment, and color casting, were also evaluated; however, preliminary experiments indicated that 

their impact is limited compared to more advanced mixing methods. This contrasts with the findings 
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in [11], where nowcasting performance differences among augmentation techniques were relatively 

small, indicating that when the base dataset is sufficiently large, model performance becomes less 

sensitive to the choice of augmentation method due to the sufficient diversity of the base dataset. In 

contrast, under data-scarce conditions, the limited diversity of the base dataset necessitates more 

sophisticated augmentation methods, which can generate greater variability and thus have a bigger 

impact on nowcasting performance.   

2.3.1. Synthetic Minority Oversampling Technique 

With SMOTE [20], a synthetic image is generated through linear interpolation between the 

original image and one of its 𝑘 nearest neighbors, as follows:  

𝑥̃𝑖 = 𝜆𝑥𝑝,𝑖 + (1 − 𝜆)𝑥𝑞,𝑖 ∀ 𝑗 ∈  [1, 𝑁] (2) 

where 𝑥̃𝑖 is the 𝑖th pixel of the synthetic image 𝒙̃, 𝑥𝑝,𝑖 is the 𝑖th pixel of the original image 𝒙𝑝, 𝑥𝑞,𝑖 

is the 𝑖th  pixel of the selected neighbor image 𝒙𝑞 , and 𝜆 is a random coefficient that follows a 

uniform distribution in [0, 1] and controls the interpolation ratio. Figure 3(a) depicts an augmentation 

example for the Archon dataset using SMOTE. The corresponding PV power value of the synthetic 

sky image is calculated as the weighted average of the PV power values of the two original images, 

using the same coefficient 𝜆.  

2.3.2. Mixup-kNN 

Mixup-kNN [21] is conceptually similar to SMOTE, as synthetic images are generated through 

linear interpolation between the original image and one of its 𝑘 nearest neighbors. However, in this 

case, the interpolation coefficient 𝜆 is sampled from a Beta(𝑎, 𝑎) distribution, whose probability 

density function is given by: 

pdf(𝜆; 𝑎, 𝑎) =  
Γ(2𝛼)

Γ(𝛼)2
∙ 𝜆𝛼−1 ∙ (1 − 𝜆)𝛼−1 , 𝜆 ϵ [0, 1] (3) 

where 𝑎 ∈  (0, ∞) is the shape parameter of the Beta distribution and Γ(∙) is the gamma function. 

Figure 3(b) depicts an augmentation example for the Archon dataset using Mixup-kNN. The 

corresponding PV power value of the synthetic sky image is calculated as the weighted average of 

the PV power values of the two original images, using the coefficient 𝜆. 

2.3.3. Mixup-RP 

In contrast to SMOTE and Mixup-kNN, Mixup-RP [21] is not restricted to the 𝑘  nearest 

neighbors but generates synthetic images through linear interpolation between the original image 

and any randomly selected image from the base dataset. The interpolation coefficient 𝜆 follows the 

same Beta(𝑎, 𝑎) distribution as in Mixup-kNN. Figure 3(c) depicts an augmentation example for the 

Archon dataset using Mixup-RP. Compared to SMOTE and Mixup-kNN, Mixup-RP typically 

produces synthetic sky images with greater diversity, as randomly selected images from the dataset 

can differ significantly from the original image. The corresponding PV power value of the synthetic 

sky image is calculated as the weighted average of the PV power values of the two original images, 

using the coefficient 𝜆. 

2.4. Data Scarcity Environment Simulation  

At design time, the sky image datasets presented in Section 2.1 are first split into training and 

testing subsets to prevent data leakage. To emulate data-scarce conditions, only 15% and 10% of the 

Archon and SKIPP’D datasets, respectively, are allocated to the training subsets, which is substantially 

lower than the typical allocation of at least 50% used in AI model development. Consequently, the 

training subset of Archon consists of 5782 sky images (approximately 10 days of data), whereas the 

training set of SKIPP’D consists of 9663 sky images (approximately 16 days of data). This limited 

proportion of training data, combined with the already small size of the sky image datasets, reflects 

realistic data-scarce scenarios, such as newly deployed PV systems with only a few days or weeks of 
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recorded measurements. These training subsets serve as the base datasets which are subsequently 

clustered, analyzed for imbalances, and augmented accordingly. 

   
(a) (b) (c) 

Figure 3. Sky image augmentation examples for the Archon dataset: (a) SMOTE (𝜆 = 0.4); (b) Mixup-kNN (𝛼 =

0.6); (c) Mixup-RP (𝛼 = 0.8). 

2.5. Sky Image Dataset Clustering 

Identifying imbalances in sky image datasets requires an appropriate data classification strategy 

rather than relying on simple classification schemes (e.g., sunny – cloudy – overcast). To this end, the 

automatic sky image clustering framework recently introduced  in [14] is employed, primarily due 

to its ability to generate multiple clusters without relying on pre-defined ground truth labels. This 

multi-class partitioning enables a more detailed representation of the base dataset structure and 

facilitates the detection of subtle imbalances. At operation time, the framework proceeds as follows: 

a total of 49 handcrafted features are extracted from the current sky image, including spectral, 

textural, cloud coverage-related, and non-instantaneous features. These features are subsequently 

projected into a latent space using a hybrid dimensionality reduction technique that combines 

Principal Component Analysis with shallow fully-connected auto-encoders [29]. The sky image is 

then assigned to one of several pre-defined clusters, which have been created at design time using k-

Means clustering [30]. More information on the employed sky image clustering approach can be 

found in [14]. 

2.6. Proposed Sky Image Dataset Resampling and Augmentation  

In contrast to [11], which characterizes sky images individually as either critical or non-critical 

for augmentation, this paper conducts a cluster-level analysis to resample the base dataset and 

address imbalances. Specifically, to determine whether a cluster should be considered critical for 

augmentation, all sky images within the cluster are jointly evaluated through aggregation (e.g., 

averaging), which improves robustness to noise that may arise from the criticality criterion (such as 

the performance of a PV nowcasting model). Furthermore, operating at the cluster level enables 

cluster-specific augmentation strategies and more flexible handling of individual clusters, thereby 

expanding the possible ways to process the base dataset and address imbalances. 

In the proposed method, each sky image cluster is characterized as critical or non-critical for 

augmentation based on two criteria: i) the cluster size relative to the base dataset, and ii) similar to 

[11], the associated downstream task performance, i.e., the average PV power nowcasting error. The 

proposed cluster-level criticality criterion is formulated as follows: 

𝑐𝑖  ⊆  𝐶 ⟺ (|𝑐𝑖| ≤ 𝑟1|𝐷|) ∧ (𝜀𝑖 ≥ 𝑟2𝑃)   ∀ 𝑖 ∈ {1, 2, … , 𝑛} (4) 

where 𝑐𝑖 denotes cluster 𝑖, 𝐶 is the set of critical clusters (critical dataset), 𝐷 is the base dataset, |𝑐𝑖| 

is the size of cluster 𝑖 , 𝑛  is the total number of clusters,  𝜀𝑖  is the PV power nowcasting error 

associated with cluster 𝑖 , 𝑃 is the installed capacity of the PV system, and 𝑟1, 𝑟2  are predefined 

coefficients determining the criticality thresholds. In other words, a cluster is considered critical for 

augmentation only if it is both relatively underrepresented in the base dataset and associated with 

relatively high PV power nowcasting errors. If a cluster is associated with low nowcasting errors (e.g., 

a cluster representing clear sky conditions), augmentation is unnecessary, even if the cluster is small, 

since such sky images do not significantly contribute to the overall nowcasting error. On the other 
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hand, if a cluster is associated with high nowcasting errors but is also sufficiently large, it is excluded 

from augmentation, as its sky images are already adequately represented in the base dataset. 

A schematic overview of the proposed sky image dataset augmentation framework for PV 

power nowcasting under data-scarce settings is provided in Figure 4. The base dataset D is first 

partitioned into 𝑛  clusters using the sky image clustering method described in Section 2.5. The 

SUNSET model of Figure 2 is then trained separately on each cluster of the base dataset to solve the 

nowcasting problem defined in (1). Training performance is evaluated using the Root Mean Square 

Error (RMSE): 

RMSE = √
1

𝑁tr
∑(𝑦̂(𝑖) − 𝑦(𝑖))2

𝑁tr

𝑖=1

 (5) 

where 𝑦̂(𝑖) is the predicted PV power for training sample 𝑖, 𝑦(𝑖) is the actual PV power for training 

sample 𝑖, and 𝑁tr is the total number of training samples. Based on (4), each cluster is characterized 

as critical or non-critical for augmentation. The critical dataset 𝐶 is resampled 𝑁 times to increase 

dataset volume and achieve better balance with the non-critical dataset. The resampled sky images 

are subsequently augmented using one of the augmentation techniques described in Section 2.3 or 

one of the proposed hybrid augmentation methods described in Section 2.7, to create the augmented 

dataset (𝑁𝐶)∗. Finally, the base dataset is combined with the augmented dataset to form the final 

balanced dataset 𝐵, which is used to train the SUNSET model for PV power nowcasting: 

  𝐵 = 𝐷 ∪ (𝑁𝐶)∗ (6) 

2.7. Proposed Hybrid Augmentation Methods  

Two novel hybrid augmentation strategies are introduced in this paper, combining SMOTE, 

Mixup-kNN, and Mixup-RP: i) in-parallel augmentation, and ii) in-series augmentation. In the in-

parallel approach, instead of using a single augmentation method for all 𝑁 copies of the critical 

dataset, 𝑁1 copies are created using one augmentation technique, while the remaining 𝑁2 = 𝑁 −

𝑁1 copies are created using an alternative technique: 

{
𝑥̃𝑖

𝑗
= 𝜆1𝑥𝑝,𝑖 + (1 − 𝜆1)𝑥𝑞,𝑖 ,    𝑗 ∈  [1, 𝑁1]

𝑥̃𝑖
𝑗

= 𝜆2𝑥𝑝,𝑖 + (1 − 𝜆2)𝑥𝑞,𝑖 ,    𝑗 ∈  (𝑁1, 𝑁]
 (7) 

where 𝜆1, 𝜆2  are the interpolation coefficients associated with the two selected augmentation 

methods. The in-parallel approach is expected to further increase dataset diversity, as it leverages 

two distinct augmentation techniques to generate synthetic sky images, thereby exploiting the 

complementary strengths of each method.  

 

Figure 4. Schematic illustration of the proposed holistic sky image dataset augmentation framework for PV 

power nowcasting under data-scarce settings. 
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In the in-series approach, two augmentation methods are applied sequentially to the images of 

the critical dataset to create 𝑁 copies: 

𝑥̃𝑖
𝑗

= 𝜆2(𝜆1𝑥𝑝,𝑖 + (1 − 𝜆1)𝑥𝑞,𝑖) + (1 − 𝜆2)𝑥̃𝑞,𝑖 , ∀ 𝑗 ∈  [1, 𝑁] (8) 

where 𝑥̃𝑞,𝑖  is the 𝑖th  pixel of the selected neighbor image 𝒙̃𝑞  corresponding to the augmented 

original image 𝒙̃𝑝 , and 𝜆1, 𝜆2  are the interpolation coefficients associated with the two selected 

augmentation methods applied in series. The in-series approach is also expected to further increase 

dataset diversity, as sky images undergo two successive augmentation steps, leading to synthetic 

samples that differ more substantially from the original images. Figure 5 depicts an augmentation 

example for the Archon dataset of the proposed in-series hybrid approach, combining Mixup-kNN 

with Mixup-RP. 

 

Figure 5. Sky image augmentation example of the proposed in-series hybrid approach, combining Mixup-kNN 

(𝛼 = 0.6) and Mixup-RP (𝛼 = 0.8) for the Archon dataset. 

3. Results 

3.1. Experimental Setup 

All methods and models were implemented in Python, and all experiments were conducted on 

an Intel(R) Core (TM) i7-8700 CPU (3.20GHz, 6 cores) desktop computer with 8 GB of RAM. SUNSET 

is trained by minimizing the Mean Square Error (MSE) using the Adam optimization algorithm [31], 

with a learning rate of 3 × 10−6, a batch size of 256, and a maximum of 100 epochs. The augmented 

datasets are split into training and validation subsets using a 70:30 ratio, with the validation subset 

serving for internal evaluation to identify critical sky image clusters, as well as to prevent overfitting 

during training. The interpolation coefficient 𝜆 is randomly sampled for each augmentation of every 

sky image of the critical dataset. For Mixup-kNN and Mixup-RP, the shape parameter 𝛼 of the Beta 

distribution was set to 1 and 0.6, respectively, after finetuning using grid search over the interval [0, 

1].  

3.2. Clustering Results 

Following [16], eight clusters are created during design time for both datasets. Figure 6 presents 

the clustering results for the Archon and SKIPP’D datasets, along with the relative proportion of each 

cluster within the base dataset and a representative sky image of each cluster. Qualitatively, 

clustering is driven by factors such as cloud coverage, cloud distribution, solar elevation, solar disk 

occlusion, turbulence levels, and raindrops appearance. As shown in Figure 6, sky images are not 

uniformly distributed across clusters, revealing inherent dataset imbalances. Clear sky or nearly clear 

sky conditions dominate both datasets, accounting for approximately 50% and 45% of the sky images 

in the Archon (clusters 1 and 2) and SKIPP’D (clusters 1 and 4) datasets, respectively. Overcast 

conditions (clusters 7 and 8) are well represented in the Archon dataset, comprising 26.52% of the sky 

images. The remaining clusters of the Archon dataset are relatively underrepresented, corresponding 

to scattered/broken clouds with varying cloud coverage and solar disk visibility, with shares ranging 

from 2% to 10%. In the SKIPP’D dataset, only cluster 5 corresponds to scattered/broken clouds, 
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accounting for 14.48% of the sky images. Overcast conditions in the SKIPP’D dataset are represented 

by clusters 7 and 8, which mainly differ in the dominant color, with cluster 7 relatively well 

represented (12.98%) compared to the cluster 8 (1.4%). The SKIPP’D dataset also includes clusters 

primarily associated with low solar elevation (cluster 2 – 10.44%), high turbulence levels (cluster 3 – 

12.34%), and clear sky conditions following rainfall (cluster 6 – 3.57%). 

3.3. SUNSET Per-cluster Base Nowcasting Performance 

Table 1 presents the per-cluster nowcasting RMSE achieved by SUNSET using the base training 

datasets. Specifically, SUNSET is trained separately on each cluster using the corresponding training 

subset, and the RMSE is calculated using the respective validation subset. For both datasets, RMSE 

values remain relatively high across all clusters – no lower than 8.75% and 7.1% of the nominal PV 

capacity for the Archon and SKIPP’D datasets, respectively. This is primarily due to the limited 

number of training samples within each cluster, which is insufficient for effectively training a deep 

learning model such as SUNSET. In the SKIPP’D dataset, where most clusters contain slightly more 

sky images than in the Archon dataset, PV power nowcasting errors are generally lower. Nevertheless, 

despite the negative impact of data scarcity on training reliability, the results still provide useful 

insights into the sky conditions associated with the largest PV power nowcasting errors. 

As expected, clusters corresponding to clear sky conditions (clusters 1 and 2 in the Archon dataset 

and clusters 1 and 4 in the SKIPP’D dataset) exhibit the lowest PV power nowcasting errors due to 

their low variability and relatively large volumes of training data, so these clusters are naturally non-

critical for augmentation. In contrast, RMSE reaches values as high as 58% of the nominal PV capacity 

for certain clusters in both datasets; a result primarily driven by the combination of very limited 

training samples (fewer than 5% of the total sky images) and highly variable sky conditions. Overall, 

underrepresented clusters associated with high variability (clusters 4 and 5 in the Archon dataset and 

cluster 6 in the SKIPP’D dataset) lead to the highest errors. For the remaining clusters, RMSE varies 

depending on both cluster size and dominant sky conditions, ranging from 20% to 43.5% for the 

Archon dataset and from 9.4% to 40% for the SKIPP’D dataset. 

 

 
(a) (b) 

Figure 6. Clustering results along with a representative image of each cluster for both sky image base datasets: 

(a) Archon dataset; (b) SKIPP’D dataset. 

Table 1. SUNSET per-cluster nowcasting performance for both sky image base datasets. Clusters characterized 

as critical for augmentation are in bold. 

Archon SKIPP’D 

Cluster Samples RMSE (kW) Cluster Samples RMSE (kW) 

1 1877 0.17 1 2382 2.21 

2 1023 0.105 2 1009 12.04 

3 385 0.464 3 1192 5.95 

4 281 0.685 4 1947 2.13 

5 565 0.62 5 1399 8.04 

6 118 0.248 6 345 17.37 
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7 674 0.522 7 1254 6.04 

8 859 0.254 8 135 2.82 

Based on the results of Table 1, the criticality coefficients 𝑟1 and 𝑟2 in (4) are set to 0.15 and 0.4, 

respectively. Accordingly, a cluster is characterized as critical for augmentation if it contains fewer 

than 15% of the total sky images and is associated with PV power nowcasting RMSE values exceeding 

40% of the installed PV capacity. Nevertheless, 𝑟1 and 𝑟2 can be easily adjusted to reflect the specific 

characteristics of other datasets, the selected error metric 𝜀𝑖, and the desired sensitivity to nowcasting 

errors. Based on these thresholds, clusters 4, 5, and 7 are characterized as critical in the Archon dataset 

(26.29% of the total dataset), and clusters 2 and 6 for the SKIPP’D dataset (14.01% of the total dataset). 

In the Archon dataset, clusters 4 and 5 correspond to scattered cloudy conditions, whereas cluster 7 

represents overcast conditions; thus, augmenting the sky images of these clusters will improve the 

representation of both partly cloudy and overcast conditions in the final balanced dataset. Although 

clusters 3 and 6 are also underrepresented, their associated PV power nowcasting errors are 

comparatively lower, making them less critical for augmentation. In the SKIPP’D dataset, both 

clusters characterized as critical correspond to challenging conditions for PV power nowcasting. 

Cluster 2 represents sky images with low solar elevation, characterized by high color and PV power 

variability, whereas cluster 6 represents clear or nearly clear sky conditions with residual raindrops 

on the camera lens, indicating recent rainfall. Cluster 8, although underrepresented and associated 

with overcast conditions, is not considered critical for augmentation due to its relatively low 

nowcasting error; moreover, similar conditions are already represented by cluster 7. 

3.4. PV Power Nowcasting Performance with Sky Image Augmentation  

Preliminary experiments revealed that resampling the critical clusters 𝑁 = 7 and 𝑁 = 14 times 

results in optimal performance for the Archon and SKIPP’D datasets, respectively. Following the 

procedure outlined in Section 2.6, the resampled dataset 𝑁𝐶 is then augmented once with each of 

the basic augmentation methods described in Section 2.3, as well as with the two proposed hybrid 

augmentation approaches introduced in Section 2.7. This process results in multiple distinct balanced 

datasets 𝐷 ∪ (𝑁𝐶)∗, on which SUNSET is trained for PV power nowcasting. Model performance is 

subsequently evaluated using the external testing subset (Section 2.4), which comprises the majority 

of the original data and represents previously unseen sky images.  

Table 2. PV power nowcasting performance of SUNSET on the testing subset after training with different 

augmentations of both sky image base datasets. Results for the base and resampling datasets are included as 

baselines. 

Training dataset Augmentation method 
Archon SKIPP’D 

RMSE (kW) RMSE (kW) 

Base (𝐷) − 0.1675 3.10 

Resampling (𝐷 ∪ 𝑁𝐶) − 0.1100 2.53 

𝐷 ∪ (𝑁𝐶)∗  SMOTE 0.0902 2.39 

𝐷 ∪ (𝑁𝐶)∗  Mixup-kNN 0.0905 2.16 

𝐷 ∪ (𝑁𝐶)∗  Mixup-RP 0.0990 2.45 

𝐷 ∪ (𝑁𝐶)∗ Hybrid (in-parallel) 0.0892 1.99 

𝐷 ∪ (𝑁𝐶)∗ Hybrid (in-series) 0.0808 1.54 

Table 2 presents the PV power nowcasting performance of SUNSET on the testing subset after 

training on balanced datasets generated using five augmentation methods: SMOTE, Mixup-kNN, 

Mixup-RP, SMOTE in-parallel with Mixup-kNN, and Mixup-kNN followed by in-series 

augmentation with SMOTE. For reference, baseline results are also reported for training on the 

original dataset 𝐷 and on the resampled dataset 𝐷 ∪ 𝑁𝐶. When trained solely on the base dataset, 

SUNSET achieves RMSE values of 0.1675 kW and 3.10 kW for the Archon and SKIPP’D datasets, 

respectively, corresponding to 13.96% and 10.33% of their nominal PV capacities. Although this 

marks a significant improvement compared to the per-cluster results presented in Table 1 − primarily 

due to the larger size of the base dataset compared to the cluster sizes − it remains suboptimal for 
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accurate PV power nowcasting using sky images. Notably, even simple resampling of the critical 

clusters leads to significant performance gains of 34.33% for Archon and 18.39% for SKIPP’D, reducing 

RMSE to 9.17% and 8.43% of the nominal PV capacities, respectively.  

Sky image augmentation using SMOTE, Mixup-kNN, and Mixup-RP, further improves 

performance, leading to similar SUNSET results, with RMSE values ranging from 7.2% to 8.25% of 

the nominal PV capacity across both datasets. However, the best PV power nowcasting performance 

is achieved when SUNSET is trained on balanced datasets generated using the two proposed hybrid 

augmentation approaches. Note that Table 2 reports only the RMSE corresponding to the optimal in-

series and in-parallel configurations, i.e., Mixup-kNN followed by SMOTE (in-series), Mixup-kNN 

applied in-parallel with Mixup-RP and 𝑁1 = 5  (Archon), and SMOTE applied in-parallel with 

Mixup-kNN and 𝑁1 = 6  (SKIPP’D). For both datasets, the proposed in-series augmentation 

approach delivers the best performance, reducing RMSE to 0.0808 kW and 1.54 kW for the Archon 

and SKIPP’D datasets, respectively. These values correspond to 6.73% and 5.13% of the nominal PV 

capacities, representing an approximate 50% nowcasting error reduction compared to training on the 

base dataset. Similarly, the proposed in-parallel augmentation approach improves PV power 

nowcasting performance by 46.75% and 35.81% compared to training on the Archon and SKIPP’D 

base datasets, respectively. 

Table 3 presents the PV power nowcasting performance of SUNSET using different 

configurations of the hybrid in-series augmentation. In general, all combinations lead to improved 

performance compared to training on the base and resampled datasets. For both datasets, the best 

performance is achieved when Mixup-kNN is applied to sky images, followed by SMOTE. For the 

Archon dataset, comparable performance is also obtained when Mixup-RP is applied after Mixup-

kNN, as well as when Mixup-RP is applied after SMOTE. For the SKIPP’D dataset, the remaining 

combinations result in similar performance, with RMSE values ranging from 5.83% to 6.07% of the 

nominal PV capacity.  

Table 3. PV power nowcasting performance of SUNSET on the testing subset after training with different 

augmentations of both sky image datasets using the proposed hybrid in-series approach. 

Hybrid in-series augmentation method 
Archon SKIPP’D 

RMSE (kW) RMSE (kW) 

SMOTE → Mixup-kNN 0.0902 1.76 

SMOTE → Mixup-RP 0.0876 1.82 

Mixup-kNN → SMOTE 0.0808 1.54 

Mixup-kNN → Mixup-RP 0.0817 1.80 

Mixup-RP → SMOTE 0.0958 1.77 

Mixup-RP → Mixup-kNN 0.1001 1.75 

Figure 7(a) presents a boxplot of the PV power nowcasting performance of SUNSET using 

different configurations of the hybrid in-parallel augmentation on the Archon dataset. In this setup, 

all combinations of SMOTE, Mixup-kNN, and Mixup-RP are evaluated across different dataset splits. 

Specifically, from the seven resampled copies of the critical dataset, 𝑁1 are augmented using one 

method, while the remaining are augmented using the other, with 𝑁1 ∈  {1, 2, 3, 4, 5, 6}. It is observed 

that the SMOTE / Mixup-RP in-parallel combination results in the lowest RMSE, but also exhibits the 

highest variance, with values ranging from 0.0892 kW and 0.0998 kW. In contrast, consistent with the 

results of the SKIPP’D dataset, the SMOTE / Mixup-kNN in-parallel combination results in the most 

stable performance and achieves a minimum RMSE of 0.0896 kW, which is very close to the overall 

optimum. Consequently, SMOTE / Mixup-kNN can be considered as the most robust in-parallel 

augmentation approach across both datasets.  

Figure 7(b) presents the PV power nowcasting performance of SUNSET on the Archon dataset 

using SMOTE, Mixup-kNN, and Mixup-RP, under different resampling factors 𝑁 ∈ {2, 4, 7} . In 

general, the RMSE decreases as the resampling factor increases, highlighting the beneficial effect of 

mitigating data scarcity and data imbalances on overall nowcasting performance. Beyond 𝑁 = 7, 

performance improvements were marginal and thus did not justify further increases in the 

resampling factor. Among the evaluated augmentation methods, Mixup-RP exhibits the most 
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pronounced performance gains with increasing the resampling factor. This may be attributed to its 

inherent formulation, as it generates synthetic samples by randomly combining images, thereby 

promoting higher diversity but also introducing additional noise. As the number of generated 

samples increases, this noise is progressively mitigated through averaging effects, leading to more 

stable and accurate model performance. 

 

 

(a) (b) 

Figure 7. PV power nowcasting performance of SUNSET on the Archon testing subset using: (a) different in-

parallel hybrid augmentations with varying splits, and (b) SMOTE, Mixup-kNN, and Mixup-RP, with varying 

resampling factors. 

4. Discussion 

The experimental results highlight the strong influence of both the size and distribution of 

historical datasets on PV power nowcasting using sky images, as well as the feasibility of achieving 

reliable performance under data-scarce conditions given appropriate pre-processing. Under such 

conditions, even simple resampling of specific data clusters leads to significant performance 

improvements. On one hand, targeted resampling mitigates inherent dataset imbalances by 

enhancing the representation of sky images associated with higher PV power nowcasting errors. This 

enables a deep CNN-based model like SUNSET to learn more uniformly across diverse sky 

conditions during training and to generalize more effectively when applied to unseen data. On the 

other hand, models like SUNSET comprise millions of trainable parameters and therefore require 

sufficiently large datasets for effective training. In this context, increasing the training set size, even 

by duplicating existing historical samples, can be beneficial when data are limited. These effects are 

demonstrated throughout this study, from the comparison between the per-cluster performance and 

the aggregated baseline performance to the improvements achieved by increasing the resampling 

ratio.  

Another key insight from the experimental results concerns the value of data augmentation. 

Regardless of the augmentation method, SUNSET consistently performs better when trained on 

augmented datasets than on merely resampled data. By generating synthetic sky images, 

augmentation increases dataset diversity and, thus, improves CNN generalization under data-scarce 

conditions. Overall, Mixup-kNN and SMOTE leads to slightly better results compared to Mixup-RP, 

as they generate synthetic samples by combining neighboring sky images; thus, the created samples 

are more realistic and introduce less additional noise. Notably, it is the proposed hybrid 

augmentation approaches that deliver the best PV power nowcasting performance. Their advantage 

lies not only in enhancing dataset diversity but also in leveraging the complementary strengths of 

individual augmentation methods, thereby mitigating noise propagation. For in-parallel 

augmentation, the Mixup-kNN / SMOTE combination provides the most robust performance for both 

datasets, as it integrates two neighbor-based methods with different sampling distributions, 

producing diverse yet realistic synthetic sky images. Similarly, in the in-series setting, applying 

SMOTE after Mixup-kNN exhibits superior performance. Sampling from a Beta distribution, Mixup-

kNN first generates a diverse layer of intermediate images, on top of which SMOTE subsequently 
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performs refining augmentation by subtly mixing similar images using a uniform distribution, 

leading to more stable and effective augmentation. 

It is important to emphasize that this paper explores the potential of accurate PV power 

nowcasting using sky images under data-scarce conditions, within the broader context of ultra-short-

term PV power forecasting using AI and deep learning. As distributed PV systems and data-driven 

models continue to expand, data abundance cannot always be assumed; thus, developing methods 

that remain robust under limited data is essential for the reliable integration of PV systems into 

modern power systems, particularly in terms of reducing operating costs, emissions, and power 

quality issues. In this context, the results demonstrate that accurate PV power nowcasting is 

achievable even in extreme data scarcity scenarios, e.g., for newly installed PV systems with only a 

few weeks of data, provided that appropriate pre-processing is applied. Nevertheless, it should be 

noted that, under data-abundant conditions, the effectiveness of the proposed framework and the 

associated insights may be less pronounced, and alternative approaches from the related literature 

should be also investigated. 

5. Conclusions 

This paper introduces a holistic sky image augmentation framework for PV power nowcasting 

using deep CNNs under data-scarce conditions. In the proposed framework, the original limited base 

dataset is initially clustered using a state-of-the-art sky image clustering method, and each cluster is 

characterized as critical or non-critical for augmentation based on its relative size and its associated 

average PV power nowcasting error. Clusters characterized as critical are then resampled and 

augmented using various data-driven image augmentation methods, along with novel hybrid in-

series and in-parallel approaches. The proposed framework is evaluated using two distinct sky image 

datasets comprising several weeks of data. Experimental results demonstrate that accurate PV power 

nowcasting is feasible even under limited historical data availability, with the use of augmented 

datasets, created by the proposed augmentation methods, leading to reductions in average 

nowcasting error of up to 50%, driven by enhanced CNN generalization due to increased dataset 

balance, volume, and diversity. 
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The following abbreviations are used in this manuscript: 

AI Artificial Intelligence 

ASI All Sky Imager 

CNN Convolutional Neural Network 

FOV Field Of View 

GAN Generative Adversarial Network 

kNN k-Nearest Neighbors 
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MSE Mean Square Error 

PV Photovoltaic 

RES Renewable Energy Sources 

RMSE Root Mean Square Error 

RP Random Pair 

SMOTE Synthetic Minority Oversampling Technique 

SUNSET Stanford University Neural network for Solar Electricity Trend 

VT Vision Transformer 
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