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• Motivation & Foundations

○ Traditional machine learning

○ Thermal urban feature semantic segmentation 

• Federated Learning

○ FL algorithms and approaches

• Frameworks

• Energy and accuracy results

• Conclusion
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• Train a model such that it recognizes a pattern or behavior

• Data is centralized in one spot

• “Data hunting” - the more data the better?

• GPT-3 (Generative Pre-trained Transformer 3) needed ≈ 570 GB of text data [1]

Challenges:

• What about distributed data that is not shareable?

• Unequally distributed data?

Traditional Machine Learning
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• Identifying thermal anomalies (hot 

spots) in urban environments to 

improve the efficiency of energy-

related systems [9]

• Images of Karlsruhe and Munich 

taken by drones at night

Example of thermal urban feature segmentation (I): combined RGB (top 
left) and TIR (top right) inputs, manual segmentation mask (bottom left), 

and U-Net model prediction (bottom right). Source [10]

Thermal urban feature segmentation
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Thermal urban feature segmentation

• Semantic segmentation model 

• U-Net [11] with ResNet-152 [12]

backbone

• 700 images from Munich

• 93 images from Karlsruhe

• 8001 annotations

Class # Annotations # Pixel (*103)

Background - 37 063.96

Building 1404 9 087.95

Car (cold) 2531 601.90

Car (warm) 1034 325.60

Manhole round 1536 50.51

Manhole square 358 12.79

Miscellaneous 81 8.38

Person 275 7.64

Street Lamp 782 27.18
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Federated Learning

An approach enabling multiple peers to collaboratively learn a shared prediction model 

by sharing the weights of the model but not the data itself [2].
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Scatter & Gather with different FL algorithms

• FedAvg [3]: Basic approach using weighted average for the aggregation of the updated 

weights

• Fedprox [4]: Extension of FedAvg that adds a regularization term to the local loss 

function to penalize the local weights that deviate from the global model

• Fedopt [5]: Added option of using a specified Optimizer on the client- and server-side 

when updating the model to improve the effectiveness

• Scaffold [6]: Added correction term to the model weights after each epoch of local 

training to prevent them from deviating too much from the global weights
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Frameworks

• NVFlare [13]: Open-source library

○ allowing to adapt existing machine learning workflows to a federated paradigm,

○ facilitating secure, privacy-preserving, and 

distributed multi-party collaboration.

○ Also available within the AI4EOSC Dashboard

• MLFlow [14] for experiment tracking, provided by AI4EOSC Project

• Perun [15] for calculating the energy consumption,

provided by Helmholtz AI Energy

https://docs.ai4os.eu/en/latest/howtos/develop/mlflow.html
https://docs.ai4os.eu/en/latest/howtos/train/federated-nvflare.html
https://perun.readthedocs.io/en/latest/index.html
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Accuracy metrics per algorithm

• CL shows the highest 

accuracy with FedAvg and

Scaffold close

• FedOpt underperformed

consistently across all metrics
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Energy metrics per algorithm

• FedAvg consumes ~164% more 

energy than CL FedOpt

• FedAvg takes ~162% more time to 

execute than CL

• Scaffold required the most training 

time and energy 
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Accuracy metrics per workflow

• SL outperforms all other 

workflows including CL

• Client Order in CWT matters in 

regard of accuracy: Training KA 

(smaller dataset) first, then MU 

(larger dataset) improved 

generalization
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Energy metrics per workflow

• SL reduced FedAvg’s training time 

by ~206% by eliminating server-

client communication

• CWT required ~105% more time 

than SL due to sequential client 

training delays
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Conclusion

• FL can consume more energy than Centralized Learning in some scenarios, but is 

also strongly depending on the algorithm and workflow

• Decentralized workflows (SL, DCWT) reduce training time

• Conversion of energy to carbon emissions depending on regional grid 

characteristics [16]
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