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Abstract 

The weather-dependent volatility in the electrical energy supply system requires reliable forecasting models that take 

dynamic changes in power grids into account. With the increasing share of renewable energies, a fast and scalable process 

for energy forecasting becomes crucial. Therefore, in this article, we present a Machine Learning Operations (MLOps)-

based concept for the continuous adaptation of energy forecasts and deploy and test it as a forecasting system in a Kuber-

netes environment. The forecasting system allows to regularly train and roll out individual models for each forecasting 

object. Experiments on scalable forecasting show that the system meets the time-critical requirements for renewable en-

ergy forecasts. We compare a python-based implementation with a java-based one with varying scaling levels. By scaling 

forecasting applications on demand, forecasts can be generated for 10,000 plants in less than 5 minutes. The shortest 

runtime was achieved by running a Java application at medium scale with up to 30 services running in parallel. The fact 

that higher scaling with up to 60 parallel running services had a longer runtime shows that a higher horizontal scaling 

does not necessarily lead to higher throughput in forecast generation. We therefore conclude that the runtime can be 

reduced by using a suitable implementation language and the optimal level of horizontal scaling. 

 

 

1 Introduction 

The increasing share of renewable energies (RE) in the en-

ergy mix, particularly as a result of the expansion of solar 

and wind energy generation, has led to a growing depend-

ency on volatile energy generation within the electrical en-

ergy supply system [1]. Due to their dependence on the 

weather, wind and solar energy generation require precise 

energy production forecasts. These are essential for the 

planning and operation of electricity grids and for energy 

marketing. Reliable forecasts make it possible to reduce or 

efficiently implement balancing measures such as redis-

patch [2, 3]. 

A major challenge for accurate RE forecasts is that elec-

tricity production differs from plant to plant. Machine 

learning (ML) models generally show the highest forecast 

quality [4, 5]. However, renewable energy plants have lo-

cation-dependent latent specifics, such as topological fea-

tures in the immediate vicinity, the condition of the plant 

and other distorting factors. These specifics cannot be fully 

mapped in the master data of the plants or are not known. 

Therefore, the specific behavior of a plant must be learned 

by the models. An efficient solution is to combine plant-

specific optimizations with the shared knowledge of 

learned behavior of similar plants using multitask learning 

[6, 7]. This approach has been demonstrated to be more re-

source-efficient than single-task learning, yet it still neces-

sitates the training and deployment of a large number of 

model optimizations. 

Other significant challenges are data and concept drifts, i.e. 

a change in the input data of a model or the relationship 

between input data and target variables, which can impair 

the model quality during operation [8]. Due to the increas-

ing dynamics in the energy system, both on the generation 

and consumption side, changes occur regularly. Therefore, 

forecast errors increase, particularly in the case of added 

assets with a short data history or changes in consumption 

behavior, such as the installation of heat pumps. Conse-

quently, forecasts must be regularly adapted to new cir-

cumstances. This requires frequent updates of the forecast-

ing models, as changed contexts can be learned by retrain-

ing the models [9]. 

An adoptable forecasting system must therefore be able to 

regularly retrain, deploy and provide a scalable number of 

models. These models must be integrated into services that 

generate forecasts in a short runtime, as processes such as 

redispatch and energy operation management are time crit-

ical. Likewise, it is important to make unused resources 

available to other processes in order to save costs and emis-

sions [10]. For example, day-ahead forecasts are usually 

calculated 1 to 4 times a day and unused resources should 

be available in the meantime. 

The aim of this paper is to develop and experimentally in-

vestigate a concept for a scalable energy forecasting sys-

tem. Our focus is on the scalability of an inference service, 

which runs within a Kubernetes infrastructure and is re-

sponsible for applying the model and generating forecasts. 

We compare a python-based implementation with a java-

based one across three scaling levels. We address a use 

case in which day-ahead forecasts are to be provided for 

10,000 photovoltaic plants in the shortest possible time. 

2 Background and related work 

Continuous training (CT) enables the dynamic re-training 

of models, allowing for seamless adaptation to new data. 

For instance, models can be updated with information from 

new power plants, or they can learn new behaviors from 

existing assets, while preserving the knowledge of previ-

ously learned behaviors [11, 12]. However, the potential of 

continuous training can only be realized if it is used along-

side suitable information and communication technology 



 

 

(ICT) infrastructures. For continuous deployment and 

commissioning without major delays, so-called Machine 

Learning Operations (MLOps) principles such as automa-

tion, workflow orchestration, reproducibility, versioning of 

data, models and code, continuous ML training and moni-

toring are described in the literature [13]. The aim is to 

seamlessly transfer ML models into production by stand-

ardizing the processes for model development and opera-

tion.  

Some case studies have already shown how MLOps prin-

ciples can be applied in the field of energy generation fore-

casting and energy price forecasting [14, 15]. These case 

studies address the challenge that ML pipelines are difficult 

to generalize for different use cases. As a limitation, the 

authors focus on single models and not the scalability of 

training and forecasting. 

Subramanya et al [16] demonstrate how cloud design pat-

terns can be used within a microservice infrastructure in 

Microsoft Azure to operate MLOps pipelines. Autoscaling 

mechanisms are also discussed here but not investigated 

further. 

Burgueño-Romero et al [17] show that Kubernetes clusters 

are a suitable infrastructure for MLOps practices. In partic-

ular, it is shown that such an infrastructure is capable of 

processing a large amount of data. 

Sigfridsson [18] describes a framework for computing 

many predictions, but it is on a much smaller scale than is 

required for the use case described in this paper.  

The fact that autoscaling in Kubernetes represents an op-

portunity to significantly reduce energy consumption with-

out major losses in the processing of requests is shown in 

[10]. 

Based on these findings, this paper describes a MLOps 

concept for continuous forecast provisioning and validates 

it within a microservice infrastructure on Kubernetes. The 

aim is to demonstrate how auto-scaling can enable the pro-

vision of scalable forecasts for a large number of assets. In 

summary, increased automation and scalability are neces-

sary because of regular changes in the energy system. The 

need for forecasts is increasing, particularly due to the dy-

namic expansion of renewable energies. Against this back-

ground, we developed a scalable and adoptable forecasting 

system. 

3 Concept and architecture 

The integration of microservices into a Kubernetes infra-

structure provides a robust solution to meet continuous 

training (CT) and forecasting requirements. Kubernetes 

provides an abstraction of the hardware level, which ena-

bles scaling beyond the limits of individual machines. On 

such a Kubernetes cluster, containerized applications are 

executed in so-called pods. A pod is the smallest organiza-

tional unit in Kubernetes and often only houses one con-

tainer. In addition to pods, there are other Kubernetes com-

ponents that perform various administrative tasks. One of 

the biggest advantages of Kubernetes is that the cluster 

management system constantly monitors the status of a 

pod. If a pod crashes, it is automatically restarted. This en-

ables the operation of fail-safe systems. [19] 

Our proposed system, shown in Figure 1, consists of sev-

eral central building blocks: Data Store, Model Store, 

Training Service, Inference Service and Quality Assurance 

Service. 

The data store is responsible for storing all the data re-

quired for training and forecasting. This includes historical 

and real-time data on target variables, features and master 

data supplied by external sources. The data store also stores 

the generated forecasts, making them accessible from out-

side the cluster. The Model Store stores the trained models 

and makes them available to the forecast inference service. 

For each single asset, it stores an individual model together 

with a version tag and staging information. If a model is 

retrained, a new version is stored. Through technical vali-

dation and professional evaluation of the models, they 

move up to a productive stage. The model store is techni-

cally implemented with MLflow, which offers the func-

tions mentioned [20].

 
Figure 1  Forecasting system consisting of interrelated services 



 

 

The initial ML training on a large history of data is carried 

out outside the Kubernetes infrastructure. The continuous 

training (CT) runs in a training pipeline and is automated 

by a training service. This service loads training data from 

the data store and the current version of the model from the 

model store and then retrains the model. Various CT vari-

ants are conceivable here, which differ in whether only new 

data or a combination of historical and new data is used for 

retraining [12]. All trained model versions are stored as ar-

tifacts in the model store. 

The inference service creates forecasts by applying the cur-

rent models in the productive stage to new data. This is 

done on a time-controlled basis in regular batches. Fore-

casts are available to users via the data store.  

The quality assurance service monitors forecast quality and 

initiates retraining if a significant decline in forecast qual-

ity is detected. For this purpose, past forecasts are com-

pared with the respective real-time measured values. 

This architecture enables efficient and dynamic adaptation 

to changing requirements and continuously ensures the 

quality of the forecasts. 

4 Experiment for the use case: In-

ference service for scalable PV 

forecasts  

In the experiment, we focus on forecasting for 10,000 vir-

tual photovoltaic (PV) plants. Based on Vogt et al [21], we 

used a Bayesian Embedding Multi-Task Learning 

(BEMTL) model, which was trained on different PV parks. 

In the experiment, we investigated the scalability and du-

ration of the forecast generation. Since the forecast quality 

for individual assets was outside the scope of research, we 

used the same model for prediction for each asset. How-

ever, we simulated the case of 10,000 different models by 

repeatedly reloading the model from the model store. The 

models for this use case differ only slightly in their weights 

so that their difference in computing time is negligible. 

Therefore, representative results can also be achieved with 

this simplification. 

We trained the model using Python and the PyTorch frame-

work [22], converted it into an Open Neural Network Ex-

change (ONNX) format and stored it in the model store. 

ONNX is an open model standard and makes it possible to 

run the model in different environments [23]. As input, we 

use numerical weather forecasts for the following day for 

temperature, global radiation and wind speed from the 

weather model ICON [24] as well as the azimuth and solar 

altitude. We generated a deterministic forecast time series 

for the day-ahead. The aim of the experiment was to calcu-

late and provide 10,000 forecasts in the shortest possible 

time. 

4.1 Implementation of a forecast pipeline 

The experiments of a dynamically scalable inference ser-

vice are carried out on Fraunhofer IEE's internal Kuber-

netes cluster. The cluster has a total of 2132 CPU cores and 

4.5 TB of RAM. The experimental setup shares this re-

source pool with other applications that use this infrastruc-

ture. A maximum of 10 CPU cores per pod are available 

with a pod limit of 60 pods. This means that for the exper-

iments up to 600 cores can be used, but in practice this is 

not a limitation. 

The inference service is deployed on the cluster and com-

prises multiple Kubernetes components, as illustrated in 

Figure 2. 

The first component is a Deployment wherein a pod con-

taining the forecasting application is defined. The applica-

tion is a stateless application so that each replica runs inde-

pendently and can process incoming requests at any time. 

We implemented two different variants of the application 

and compared them the experiments. Both variants have 

the same structure and perform the same steps, but one var-

iant is a Python FastAPI application [25], while the other 

is a Java Spring Boot application [26]. The Java application 

uses the Deep Java Library (DJL) to execute ONNX mod-

els. DJL offers various engines to support the typical ML 

frameworks, including ONNX [27]. In Python, ONNX 

models can be executed via an ONNX Runtime Inference 

Session [23]. The application provides a REST endpoint 

that receives the HTTP-Request containing the parameters 

for identifying the model and the input. This triggers the 

inference process: First, the model artifacts are loaded from 

MLflow. In the second step, the input data is retrieved from 

the data store via a REST interface. Then the application 

calculates the prediction by applying the model on the in-

put data. In the third step, the prediction is stored in the data 

store for further use.  

The second component is a Horizontal Pod Autoscaler 

(HPA), which handles the scaling of the application. Ku-

bernetes assigns resources to the pods, which the HPA uses 

to measure the load of the individual pods. If the load in 

the pods exceeds a set limit, the HPA creates new replicas 

of the service as additional pods. Conversely, if the load 

decreases, the HPA scales back down by shutting down 

pods. The advantage of using the HPA is that resources are 

only used when they are needed. 

The third component is a Load Balancer, which distributes 

the incoming requests to the pods, i.e. replicated inference 

services. At the same time, it provides a common address 

for all pods for requests from outside the cluster. One fea-

ture of the Load Balancer is that it does not queue incoming 

requests and waits for a service to become available but 

passes them through immediately. In addition, once distrib-

uted, requests are no longer redistributed to new pods that 

are started by the HPA. This must be considered when run-

ning the experiments. 



 

 

 
Figure 2  Process steps and components of the inference service

4.2 Experimental procedure 

To examine the system, we calculated 10,000 predictions 

with both implementations and used three different scaling 

configurations and compared the runtimes. 

To prevent all requests from being distributed to the initial 

pods and the newly created ones not being used, we intro-

duced Batching on the client side. This ensures that the re-

quests are regularly redistributed, and all pods are utilized. 

We used a batch size of 100x100 for the runs with active 

HPA. This means that 100 requests are made for the calcu-

lation of 100 forecasts each. These HTTP GET requests 

transfer all parameters via the query string. The parameters 

are then used to load the model configuration from the 

model store and the corresponding data from the data store. 

This allows the application to perform the inference. The 

application then saved the resulting output data in the data 

store. 

As a baseline, we used one pod to calculate the predictions 

sequentially. We expected that this approach would be the 

most time-consuming. In the next configuration, we con-

figured the HPA so that at least 3 pods are active and up to 

30 pods can be started if required. We expected that this 

approach would be much faster than with just one pod, but 

would not achieve 30 times the throughput. In the last con-

figuration, the run starts again with 3 pods, but this time 

the HPA can launch up to 60 pods. We assumed that this 

approach does not achieve 60 times the throughput of the 

baseline, but can achieve approximately twice the through-

put of the approach with the pod limit of 30. 

5 Results 

In the baseline version without horizontal scaling with a 

pod limit of 1, the Java implementation took around 27 

minutes and the Python implementation took around 1 hour 

and 7 minutes to calculate 10,000 forecasts. Horizontal 

scaling could significantly reduce these runtimes. 

Figure 3 shows that a target runtime of less than 300 sec-

onds was achieved for 10,000 requests in all higher scaling 

configurations. The shortest runtime, at 3 minutes and 47 

seconds, was achieved using the Java application with 30 

pods. With this configuration, it was possible to create 

more than 600 forecasts every 10 seconds, approximately 

140 seconds after the start of the process. This high 

throughput was occasionally achieved with the Python var-

iant and 30 pods, but it could not be maintained over a 

longer period. This resulted in a total duration of 4 minutes 

and 37 seconds.

 



 

 

 
Figure 3  Throughputs of forecast generation in different implementations and scaling variants 

It is noticeable that both the Java and Python implementa-

tions were faster with a maximum of 30 pods rather than 

60 pods. This shows additional overhead caused by using 

a larger number of pods. One possible explanation for this 

is that requests are distributed by the Load Balancer to pods 

that are still starting. This means that some requests get 

stuck in a queue and are not instantly processed. 

The Java variant with 60 pods in particular shows that the 

Java implementation has a longer start time. As a result, the 

Python variants earlier achieve a higher throughput. How-

ever, both Python variants show an inefficient behavior to-

wards the end of the runtime, recognizable by a significant 

decrease in throughput. This could indicate an uneven dis-

tribution of requests across the pods, with pods that start 

earlier receiving a higher number of requests than those 

that become active later. 

One advantage of the baseline variant is its 0% failure rate, 

meaning all 10,000 requests were processed without error. 

However, the failure rates in the scaling variants are also 

low. In the Java variant, they are 0.39% (30 pods) and 

0.41% (60 pods), and in the Python variant, they are 2.58% 

(30 pods) and 2.2% (60 pods). These rates are acceptable, 

as missing forecasts can easily be recalculated. 

Both implementations support dynamic loading of data and 

models, which enables automated model updates and scal-

able forecasting. As the models were trained in Python, it 

was necessary to put additional effort into the Java imple-

mentation with the Deep Java Library (DJL). In compari-

son, the implementation effort in Python was minimal. In 

addition, MLflow, which was used for model loading, of-

fers a direct Python API that enables seamless integration. 

For the Java environment, on the other hand, a custom so-

lution had to be developed to load the models directly from 

the model database. These differences illustrate the addi-

tional complexity associated with the Java implementation. 

6 Conclusions and future work 

Based on MLOps principles, a concept for the continuous 

adaptation of forecast generation was developed in this ar-

ticle. This concept makes it possible to regularly retrain and 

commission individual models for a large number of RE 

power plants and can be expanded to include additional 

forecast objects. 

The aim was to evaluate whether the proposed system de-

sign meets the time-critical requirements of a renewable 

energy forecasting system and can respond automatically 

to increasing load by scaling applications horizontally.  

The inference applications in Java and Python achieved 

calculation times of less than 5 minutes for 10,000 fore-

casts. The failure rate during provision was less than 3%. 

The calculation times include several data retrievals from 

different data sources of the distributed system. Due to the 

short runtime and low failure rates, it can be stated that the 

proposed system design meets the requirements and repre-

sents a promising approach for provisioning a large num-

ber of highly specialized ML models for the energy indus-

try. 

The Java application scaling up to 30 pods had the shortest 

runtime. The fact that scaling up to 60 pods resulted in a 



 

 

longer runtime shows that a higher pod limit does not nec-

essarily lead to a higher throughput. However, it should be 

noted that the optimal number of pods depends on the num-

ber of forecasts. For example, we assume that for a higher 

number of forecast objects than used in our experiments the 

optimal number of pods is also higher. Furthermore, this 

optimum depends on the throughput of the application and 

the distribution of requests. Future work should investigate 

a procedure for optimizing scaling parameters. In addition 

to the maximum number of pods, future work could opti-

mize further parameters in the HPA configuration like the 

requested CPU and RAM per pod.  

As the inference applications used were in a technical 

proof-of-concept state, there is still room for optimization 

here too, which could further reduce calculation times. The 

results suggest that implementations in Java enable shorter 

processing times, particularly if the initial start time can be 

reduced. However, the long loading times of the DJL hin-

der the performance of the Java implementation. By 

switching to ONNX runtime instead of DJL, the applica-

tion startup time can probably be reduced as only one ML 

framework is supported and its overhead is potentially 

lower. It is also possible to optimize the environment pa-

rameters of the applications, such as the maximum number 

of threads and the frequency of incoming requests. 

Java and Spring Boot in particular are industry standards 

for the development of stable applications. There are other, 

specialized solutions for lightweight cloud-native applica-

tions. To further improve performance, a framework such 

as Quarkus, which is optimized for use with Kubernetes, 

could be utilized. Improvements could also be achieved us-

ing a Native Image which can be created utilizing 

GraalVM. GraalVM offers several advantages, including 

startup times in less than a second, as opposed to several 

seconds [28]. 

The use of multitask learning models means that the model 

artifacts consist of two components. One component is the 

generalized model, which forms the basis for all inferences 

and is applied to all power plant forecasts according to a 

hard parameter sharing approach. The second component 

is a specialized embedding that represents the specifics of 

each power plant. In the current experiment setup, both 

components were always loaded from the model store for 

inference. As further optimization, the generalized model 

can be cached so that only the embedding, which is many 

times smaller, needs to be loaded for inferences. 

Finally, future work could make a comparison with 

KServe, a model-serving platform from the KubeFlow eco-

system. It is based on Kubernetes and supports many mod-

ern ML frameworks, including ONNX. It has many paral-

lels to the solution presented in this article, but the KServe 

team describes a problem at higher scaling [29]. The 

Model-Mesh feature, which is intended to provide a solu-

tion, is still in the alpha stage [30]. 
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