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Abstract 

The real-time monitoring of photovoltaic (PV) systems is essential for ensuring their operational health and 
supporting quick decision-making, aiming to mitigate losses caused by electrical faults or sensor 
misreadings. Digital Twins can be an effective solution to enhance the efficiency of PV system monitoring. 
This article provides a comprehensive overview of a cost-efficient implementation of a Digital Twin platform 
for photovoltaic systems using open-source technologies. The proposed architecture adopts a microservices 
approach, ensuring scalability and flexibility in managing large datasets across multiple plants. It integrates 
real-time data acquisition, a Python-based simulation core, anomaly detection, and customizable dashboards. 
A web interface allows users to build customized model chains, powered by a topological sorting algorithm 
that organizes the graph of models according to their dependencies. The system also provides tools for 
customizable data input and dashboard generation in Grafana, offering a user-friendly environment for model 
configuration and monitoring. The platform design emphasizes interoperability and modularity, allowing 
seamless integration with existing supervisory systems and data sources. The proposed architecture meets the 
essential performance and reliability requirements of modern solar operations, supporting its potential 
adoption in commercial applications and contributing to more sustainable energy practices. 

Keywords: digital twins, photovoltaic systems, real-time monitoring, data-driven modeling, model chain, 
dashboards, container architecture  

1.​ Introduction 
The demand for electric power has been rising all over the world. According to the International Renewable 
Energy Agency, the total amount of electricity generation increased by approximately 2.5% per year from 
2012 to 2023 (IRENA, 2025). Moreover, the demand for cleaner and renewable sources of energy has been 
growing even more significantly. In 2023, renewable generation grew by 5.6% compared to 2022, while 
non-renewable generation increased by only 1.2%. Solar energy, specifically, is the renewable energy source 
with the fastest growth rate in recent years, with a year-on-year increase of 25.2% in generation.  

This highlights the urgency of developing tools to enhance the operation of solar power systems. Considering 
the large physical scale of photovoltaic plants, and the fact that most of them still rely on manual or visual 
inspection, improvements on real-time monitoring systems are very important. Liu et al. (2024) reported a 
20% reduction in the inspection tour time and a 15% faster fault response time with the implementation of a 
real-time monitoring platform based on digital twins. 

The first relevant use of the concept of twins goes back to the 70’s with the National Aeronautics and Space 
Administration (NASA) Apollo mission, when a physical copy of the vehicle stayed on Earth and was used 
to simulate and predict the conditions of the flying one (Liu et al., 2021). The concept now evolved from the 
physical twin to the digital twin, and it is considered by the agency a paradigm shift that can bring 
unprecedented levels of safety and reliability. They defined a Digital Twin as a virtual representation of a 
physical system, combining multiphysics and multiscale simulations with real-time data from sensors and 
operational history to replicate its real-world counterpart (Glaessgen and Stargel, 2012). 

A review on digital twin applications highlights their extensive use in design, manufacturing, service, and 
retirement phases of a product (Liu et al., 2021). Digital twins allow iterative optimization, provide data 
integrity, and support virtual evaluation and verification of products (Tao et al., 2019; Schleich et al., 2017). 
During the manufacturing phase, digital twins allow real-time monitoring, production control, performance 
prediction, human-robot collaboration, process evaluation, asset management, and dynamic production 
planning (Rosen et al., 2015; Park et al., 2019;  Zhuang et al., 2018). In the service phase, they are applied to 
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predictive maintenance, fault detection and diagnosis, state monitoring, performance prediction, and virtual 
testing of products (Tuegel et al., 2011; Xu et al., 2019; Xie et al., 2019).  

The service phase is the one that best fits our purpose, as it focuses on real-time monitoring after 
implementation, assisting in fault diagnosis and performance evaluation. However, the proposed architecture 
also adapts well to the design phase. It is completely possible to create a digital twin of a plant still under 
design, as long as sufficient data is provided to support accurate simulations. A sensor station could easily 
supply the twin with live data over the course of a year before the physical installation of the plant. The user 
could also employ synthetically generated data to evaluate performance under specific conditions.  

Mollineda and García (2024) described a Digital Twin of a photovoltaic system as a digital representation 
that integrates component information, system geometry, and environmental factors affecting performance. 
In their work, the physical model represents the system components, while mathematical models describe the 
behavior of elements such as solar panels and inverters, enabling simulations under different operating 
conditions.  

However, most developments of digital twins for photovoltaic systems tend to focus either on specific 
models, artificial intelligence agents trained for particular plants, or the integration of new hardware (Walters 
et al., 2023; Mollineda and García, 2024). The architecture proposed in this work focuses on being a flexible 
digital-twin that can be easily implemented in any photovoltaic plant, regardless of its size or configuration. 
It provides multiple layers of flexibility: multiple input formats supported, and multiple combinations of 
models (customized model chains). It is able to handle multiple data entries while automatically generating 
dashboards for data visualization with an embedded alerting system, requiring no coding from the user. Both 
the alerting system and the model chain were designed to allow maximum flexibility when integrating new 
algorithms, ensuring that the only technical challenge is the algorithm itself,  not the integration with the 
existing system. 

2.​ Digital Twin Platform Architecture 
A general overview of the proposed architecture is shown in Figure 1. The system was designed to be 
user-friendly, requiring no coding skills from the user, since all the actions needed to run the Digital Twin 
can be performed on a web interface. The components of this web interface are delimited on the image by the 
“Front-End” box. 

A digital twin is a virtual copy of a physical system and, in order to create it, a combination of physical 
models, powered by real-time data, is used to represent the system, in this case, a photovoltaic plant. The 
number of possible model combinations can grow exponentially as more models are included. The process of 
hard-coding these combinations, making different models interact, can be hard, time-consuming, and may 
require substantial coding skills.  

To address this problem, the system was designed to make it easy to integrate new models into the 
model-chain, as long as they are created following the correct pattern. The algorithm starts from the final 
metric of interest and back-propagates, iteratively expanding the available models that can be used to 
generate that metric. This creates a tree of models, which is treated as a graph, where all “leaf” nodes require 
no additional models or where the user already has measured data and does not want to model them. These 
leaf nodes are considered required inputs for the digital twin. Notice that, if the user has the measured data 
for a specific node which also has a model available, he can decide whether to use the measured data or to 
model it. Afterwards, depending on the user's choice, the real data can be imputed and compared with 
modeled one. 

Finally, the user is requested to map each of these required inputs to the corresponding column names in the 
input data file. In case there are any other metrics in these files that the user would like to insert on the 
database but that are not required for the simulation, they can be included as additional inputs. In the last 
step, on the Simulate screen, the user must select the files that will provide the required data, ensuring that 
the column names match the mapped inputs.  
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Figure 1: Simplified Digital Twin Architeture 

Once the data files and the JSON configuration file are set, and the user clicks the Simulate button, the 
simulation starts. The data is processed by the Data Loader block. This block contains two modules: a parser 
and a standardizer. The parser is responsible for reading the data and merging the multiple given files, which 
can be provided in any of the most common formats (.json, .xlsx, .csv). The records from these merged files 
are aligned by the timestamp and the timezone information (specified in the configuration file) is applied. 
The output of the parser is a Pandas DataFrame, which is then sent to the standardizer, responsible for 
filtering the data, keeping only the required columns, already replacing the columns names with the names 
defined on the column mapping step. 

This step is essential for a better user experience, avoiding the need for manual intervention or heavy 
user-side preprocessing of data, since the software is designed to automatically handle most common file 
structures and patterns. 

After this process is complete, the customized Model Chain is internally built. This process relies on a list of 
parameters or fields, specified for every model. As a simplification, these fields can be seen as global 
variables in the scope of the simulation, representing all the inputs, intermediate parameters, and outputs of 
the simulation. The inputs are initially assigned to their respective fields, then, each model function is called 
in the correct order, assigning its outputs to the global fields in sequence. Once all models have been 
executed, all the desired outputs will be available. 

Those outputs, combined with the inputs the user selected to send to the database during the setup step, are 
then sent to the Prometheus database, which is already connected to Grafana, an open-source software for 
data visualization. The dashboards are live-updated as new data is injected into the database. Once the 
records are in the database, the user can also run queries directly from the front-end. This functionality was 
designed so that users do not need to store their data in another database. In the subsections below, the main 
components, technologies, and procedures are described in more detail.  

2.1 Front-End Technologies Overview 
The front-end relies on Jinja2, a Python-based engine that allows the creation of dynamic HTML content. 
This engine makes it possible to render web pages without needing to manually generate HTML for each 
scenario, even if it is slightly different from the template. HTML (Hypertext Markup Language) defines the 
structure of the pages (forms, buttons, navigation elements) and it is visually enhanced by CSS (Cascading 
Style Sheets). CSS is responsible for specifying colors, fonts, spacing, and responsive layouts. 

JavaScript is used to enhance interactivity and provide client-side logic. This includes validations, dynamic 
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content update, event handling, and communication with the back-end through HTTP requests. The requests 
used for this application are GET and POST, respectively responsible for fetching resources and for sending 
data. This communication protocol allows the front-end to request computations, retrieve results, and update 
visualizations dynamically. 

The back-end is implemented with FastAPI, a Python framework designed to expose functionality to web 
clients. It acts as an interface between the front-end and Simulation Core, handling requests, serving 
templates, receiving uploaded files, and triggering the simulations. It provides HTTP endpoints that allow the 
front-end to interact with the simulation core while ensuring proper request validation and efficient 
execution.  

2.2 Model Chain Customization  
The Model Chain is dynamically built based on the final output the user selects and the available models. 
Each model, in its definition, lists the required inputs and produced outputs, allowing the system to evaluate 
the dependencies between models. Starting from the desired output metrics, the system back-propagates, 
expanding for each level all the available models. Only the models selected by the user are further expanded, 
until the process reaches metrics that the user chooses to input or that do not have any available models to 
generate it, and therefore are mandatory inputs. 

This process, by its nature, generates a directed acyclic graph (DAG). Each node represents a model and each 
edge represents a dependency (from a model producing a field to a model requiring it). The acyclic nature of 
the graph ensures that all dependencies are represented and that there are no circular dependencies. A circular 
dependency happens when Model A, which produces parameter a, needs a parameter b produced by Model 
B, but Model B also depends on parameter a. These circular dependencies cannot be resolved, and the 
execution would fail. 

Finally, to determine the correct execution order, a topological sort is performed on the graph. This algorithm 
sorts the models in a sequence that ensures that each model is executed only after all its required inputs have 
been computed and all dependencies are satisfied. The algorithm can be simplified in the following steps:  

​ 1) Identify all nodes with no incoming edges (these are models whose inputs are already available). 

​ 2) Add these nodes to a sorted list and remove them from the graph 

​ 3) For each node removed, eliminate from the graph the edges corresponding to their outputs 

​ 4) Repeats steps 1-3 until there are no nodes remaining 

​ 5) Optionally, rebuild the graph based on the dependencies and the sorted list for visualization.  

A visual demonstration of the result of a topological sort is shown in Figure 2. 

Figure 2: Visual Result of Topological Sort Algorithm 

This process of selecting models and constructing the model chain is available on the “Models Graph” 
screen, shown in Figure 3. It is important to note that this interface was developed with a focus on the 
national market. Therefore, the screenshots are displayed in the authors’ native language. 

J. E. C. Castilho et. al. / SWC 2025 / ISES Conference Proceedings (2025)



 

 

Figure 3: Custom Model Chain Graph 

In the example above, the user starts from Direct Current Generation With Losses. The first step is to select 
the losses model, in this case, PVWatts Losses (Dobos, 2014).. Next, the user must select the Direct Current 
Generation model, for example PVWatts (Dobos, 2014), which requires two input metrics: Plane of Array 
Irradiance and Module Temperature. The Module Temperature can be modeled using the Faiman model 
(Faiman, 2008). The Plane of Array Irradiance (POA) can be obtained from several models, such as the 
Perez model (Perez et al., 1990). The Perez model requires multiple parameters, which will be expanded if 
available models exist to compute them, or will be treated as leaf nodes therefore, required user inputs.  

The mapping of these inputs to the files columns can be seen in Figure 4. In this screen, the user can also 
include metrics that are not used in the simulation and select which outputs should be monitored on the 
dashboards. The output of this step is a JSON configuration file. An example of this configuration file is 
included in the Appendix. 

 

Figure 4: Mapping Inputs to Columns Names 
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2.3 Field Management and Model Execution Flow 
The interface between models in the simulator is internally managed through the Field Registry. As 
mentioned above, each model declares its required input and output fields. These fields can be globally 
registered so that their values can be shared across all models in the chain. During the simulation, the Model 
Chain assigns the inputs (the columns mapped on the “simulate_inputs” section on the .json configuration 
file) to the corresponding fields within the Field Registry. Then, the method compute() of each method is 
called following the order determined by the topological sort. This method reads the necessary input values 
from the registry, performs its calculations, and updates the corresponding output fields. 

As a result, after the execution of a model is completed, its outputs become available to any subsequent 
model that depends on them. This ensures the correct data flow and dependency resolution. Finally, after all 
models have been executed, the system retrieves the desired metrics from the Field Registry to generate the 
outputs or send them to the database. 

2.4 Data Publishing Pipeline 
The process described in Section 2.4 is iteratively applied to each entry in the input DataFrame. Since each 
entry is indexed by a unique timestamp, the output of the simulator will be a time series containing the 
desired metrics, which represent the temporal evolution of the modeled variables. 

In addition to batch simulations (historical back-filling), the system also supports real-time data streaming, 
which is a core requirement of any Digital Twin. Once the model chain is configured through the user 
interface, external data sources can continuously send requests to the same HTTP endpoint used by the front 
end. Each message received is processed through the same pipeline described earlier. This unified 
communication layer allows the simulator to operate in both historical and real-time modes.   

A logging mechanism is integrated into the system to capture errors, such as corrupted or missing data, 
without interrupting the simulation flow. This ensures that the simulation can proceed while keeping track of 
errors for later debugging and quality control. 

Once the simulation is computed, both the inputs and outputs selected are formatted using the Prometheus  
format, where each record is represented as a labeled time series with a corresponding timestamp. These 
metrics are sent via HTTP POST requests to the VictoriaMetrics server, an open-source Time Series 
Database (TSDB) optimized for high-performance ingestion and querying of large volumes of real-time data. 

Internally, VictoriaMetrics organizes data using a columnar storage engine and a time-partitioned data 
structure, which reduces storage cost by minimizing the additional storage required for metadata and 
indexing, and improves query efficiency. Prometheus Query Language (PromQL) is integrated into this 
database, and  provides a wide set of aggregation and filtering operations, enabling users to analyze temporal 
behavior, compute statistical summaries, and correlate variables across different time scales. The database 
exposes these features through HTTP API endpoints, making it fully compatible with the monitoring and 
visualization tools. VictoriaMetrics also supports advanced features such as back-filling and data retention 
policies, which make it an optimal solution for the continuous monitoring and historical analysis required in 
photovoltaic systems. 

Data visualization is handled by Grafana, which connects directly to the VictoriaMetrics database. Grafana 
provides a flexible and interactive dashboard environment, enabling plant operators and researchers to 
visualize all the metrics desired. Grafana supports PromQL, enabling users to build dashboards and alerts 
based on the same query syntax. Furthermore, it integrates with Victoria Metrics alerting tools, allowing the 
automatic generation of alarms in case of performance degradation or detected anomalies.  

This pipeline enables real-time monitoring, comparing simulated and measured data, supports historical 
analyses, and forms the basis for future applications in predictive maintenance and performance optimization 
of photovoltaic plants. 

2.5 New Models Inclusion Process 
The architecture is designed to simplify the inclusion of new models. To add a model, the developer must 
extend the base class Models and define the following information:  
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●​ A unique identifier 

●​ Required input fields (parameters) 

●​ Output fields produced (results) 

●​ Compute method (performs the model’s calculations) 

The main consideration at this stage is ensuring compatibility with the field names already used by other 
models. Once implemented and registered in the system, the new model is automatically recognized and 
made available in the user interface, allowing users to include it in a custom model chain. 

2.6 Alerts Management 
The Alerts System runs after the simulation, continuously evaluating the data stored in the Time Series 
Database according to user-defined rules. Each alert rule defines an operation type, a threshold, and the 
metrics to be compared (if applicable). As a proof of concept, two operation types are currently supported. 
The absolute difference operation compares the instantaneous values of two variables, triggering an alert 
when the difference exceeds the defined threshold. The moving average difference operation compares the 
one-hour moving averages of two metrics, computed using PromQL functions. 

When an alert is triggered, a record is created containing metadata such as the dataset name, timestamp, 
operation type, threshold, variable values, and the computed difference. Alerts are stored as JSON files in a 
dedicated directory, where results are incrementally appended to preserve historical information. The 
platform also provides a web interface for alert configuration and visualization.  

Although the current version supports only two-variable comparisons and a limited set of operations, the 
modular architecture of the Alert Manager enables future extensions. Possible developments include the 
implementation of more complex conditions and anomaly detection algorithms, as well as integration with 
external services for notification purposes. Moreover, Grafana and VictoriaMetrics natively support alert 
management, allowing alerts to be displayed on dashboard side panels. Although this feature is not yet 
integrated, the microservices architecture makes its addition straightforward.  

3.​ Results and Discussion 
To demonstrate the system’s functionality, a simulation was performed using operational data from a 
photovoltaic plant located in São Paulo, Brazil. The plant consists of eight inverters, each connected to 
11,340 modules, with a total installed module capacity of 3.74 MWp per inverter. The dataset includes 
measured plane of array (POA) irradiance, global horizontal irradiance (GHI), ambient and module 
temperature, wind speed, and DC generation, among other environmental variables. For this proof of 
concept, the data from two inverters and the environmental variables mentioned above will be used.  

The dataset covers a full year of operation, sampled at 15-minute intervals, totaling 35,136 records. Each 
record corresponds to a single timestamp and contains multiple metrics to be computed and stored. The 
average simulation latency, defined as the time required to process one record, perform the simulation and 
make its metrics available for database insertion, was approximately 45 milliseconds per record. Each record 
generated seven metrics, with an average database write latency of 1 millisecond per metric. Consequently, 
the total processing time per record was approximately 52 milliseconds, resulting in a throughput of 19.2 
records per second. In total, 245,952 metrics were inserted into the Time Series Database, requiring 1,850 
seconds (approximately 30 minutes) to complete the full simulation. The simulations were executed on a 
personal workstation equipped with an IntelCore i7 10th generation CPU and 16 GB of RAM, running 
Windows 11 with Windows Subsystem for Linux (WSL). Since Windows does not fully expose all physical 
resources to WSL, the performance achieved could be higher on a dedicated Linux server.  

It is important to note that the focus of this evaluation is on the system’s operational performance, such as 
latency and throughput, rather than on simulation accuracy metrics. The optimal model chain depends on the 
specific plant and user objectives. For this proof of concept, it is sufficient to observe that the simulated 
metrics qualitatively follow the behavior of the real data, indicating that the models are correctly 
implemented, even if they do not represent the optimal combination for this plant. Figure 5 shows a 15-day 
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dashboard overview,  and Figure 6 presents a detailed comparison for a single day, illustrating the model 
chain’s temporal behavior. 

 

Figure 5: 15-Day Dashboard Overview 

 

Figure 6: Detailed Dashboard For One Day of Operation 

Figure 6 also illustrates a potential alert logic that could be implemented in future versions of the system. As 
shown in the DC generation plot, the simulated power output (green line) is higher than the measured 
production between 4 PM and 6 PM, which could trigger an alert indicating possible underperformance. 
However, when analyzing the POA and module temperature plots, which are both modeled from the 
solarimetric station data (GHI, wind speed, and ambient temperature), it appears that the sunset may have 
affected the PV array earlier than the solarimetric station. This interpretation is supported by the fact that the 
measured generation follows the behavior of the sensors installed in the array, rather than those at the 
solarimetric station. Therefore, in this scenario, the most appropriate action was not triggering the alert.  
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4.​ Conclusion and Future Work 

The primary objective of this work was not to provide an optimal model chain for every photovoltaic plant in 
terms of simulation accuracy, since each plant may perform differently even when using the same model 
chain. Instead, the objective is to provide a flexible platform that allows users to test, calibrate and define 
their own simulation pipeline. Operators can configure model chains according to their operational 
objectives. A user may choose to configure a more conservative one, prioritizing robustness and anomaly 
detection,  or a more optimistic one that focuses on predictive accuracy and system efficiency. Users can 
easily modify or replace components of the model chain as new models become available, or as the existing 
ones are refined, or even if the physical evolution of the plant (i.e., its natural degradation) is not being well 
captured by the current model chain. 

This flexibility allows the digital twin to evolve continuously, reflecting changes in plant behavior or 
measurement infrastructure. The platform is designed to be scalable, supporting multiple metrics and to be 
able to monitor multiple plants. It can handle multiple datasets in multiple formats, and it is possible to 
define multiple model-chains for different periods. 

Additionally, it is important to emphasize that the 30 minutes back-filling operation described in the previous 
section is not a time-critical operation, as it is only executed when importing historical data during the initial 
configuration of a plant, as an optional step. The average processing time per record is well below 1 second. 
Considering that most photovoltaic plants typically record measurements every 5 to 15 minutes, and that 
minute-to-minute monitoring occurs only in high-end plants, the observed processing times are well below 
typical monitoring intervals, and the computational cost can be considered negligible for practical operation. 

Overall, the proposed system provides a solid foundation for real-time performance monitoring, historical 
analysis, and alert management, providing the flexibility to dynamically adjust the model chain without 
requiring additional coding.  However, there is ample room for further improvements. Increasing 
user-friendliness and customization remains a key area. While the platform already allows dynamic 
configuration of the model chain, more intuitive interfaces could be incorporated, as well as guided 
suggestions and additional controls to facilitate operation by non-expert users. The alert system, in particular, 
can be significantly enhanced, exploring the integration of more advanced algorithms, anomaly detection 
methods, and AI-enhanced alert logic to provide more robust and informative feedback to operators. 

It is worth noting that the software evolution is a continuous process: the most successful software platforms 
started small, improved over time and are constantly under review and refinement. This project lays the 
foundation for ongoing development, aiming to provide a versatile, extensible, and continuously improving 
digital twin platform for photovoltaic performance monitoring.  
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Appendix: JSON configuration file 

This appendix contains an example of a JSON configuration file produced by the front-end. 
  
{ 
  "database_name": "test.json", 
  "records": [ 
    { 
      "date": { 
        "start": "", 
        "end": "" 
      }, 
      "timezone": "America/Sao_Paulo", 
      "simulate_inputs": { 
        "module_temperature": "TempModule", 
        "datetime": "datetime", 
        "ghi": "ghi" 
      }, 
      "send_inputs": [], 
      "send_outputs": {}, 
      "model chain": [ 
        "extra_radiation_model", 
        "solar_position_model", 
        "erbs_model", 
        "airmass_model", 
        "single_axis_tracker", 
        "perez_model", 
        "faiman_model", 
        "pvwatts_dc_model", 
        "pvwatts_losses_model" 
      ] 
    } 
  ] 
} 
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