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System Hardware Requirements 
The implementation and evaluation of all models—including classical machine learning 

classifiers, deep learning autoencoders, and the attention-enhanced GRU autoencoder 

All experiments were executed on a local workstation with the following specifications: 

● Processor (CPU): Intel Core i7-12700K (12-Core, 3.6 GHz) 

● Memory (RAM): 32 GB DDR4 

● Storage: 1 TB SSD (NVMe) 

● Graphics Processing Unit (GPU): NVIDIA RTX 3060 Ti (8 GB VRAM) 

● Operating System: Windows 11 (64-bit) 

● Python Version: 3.10 (Anaconda Distribution) 

Minimum Recommended Specifications 

To ensure smooth execution of the models, the following minimum hardware is 

recommended: 

● CPU: Quad-Core Processor (≥ 2.5 GHz) 

● RAM: 16 GB 

● Storage: 500 GB SSD 

● GPU: Optional, but recommended for training deep learning models (e.g., NVIDIA 

GTX 1660 or higher) 

● OS: Windows 10/11, Ubuntu 20.04+, or macOS (M1/M2 recommended) 

Ideal Configuration for Deep Learning 

For larger datasets, frequent hyperparameter tuning, or multiple model training iterations, the 

following configuration is considered optimal: 

● CPU: High-performance multi-core processor (e.g., AMD Ryzen 9 or Intel i9) 

● RAM: ≥ 32 GB 

● GPU: NVIDIA RTX 3080/3090 or equivalent with ≥ 10 GB VRAM 

● Storage: ≥ 1 TB SSD 

● Environment: Conda or virtualenv with CUDA/cuDNN support if using 

TensorFlow-GPU 
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Software Requirements: 
 

 pandas, numpy, matplotlib, seaborn, scikit-learn, plotly 

 torch, torchvision, torch_geometric, networks 

  Data Loader, TensorDataset, StandardScaler, CrossEntropyLoss, Adam, AdamW, conda, 

 

Dataset Details 
 

The dataset used in this project was sourced from a publicly accessible and reputable platform 

offering real-world multivariate energy time series data.  

 

 

 
 

Figure 1. Representative Sample from the Dataset 

 

 

Model Configuration 
 

Baseline Models 

 

To benchmark the performance of the attention-enhanced GRU autoencoder, several baseline 

models were implemented using both classical machine learning and standard deep learning 

techniques. Classical models included Logistic Regression, Decision Tree, Random Forest, and 

XGBoost, which were trained on engineered features such as lag values and reconstruction 

residuals. These models served as lightweight classifiers for anomaly detection. In addition, 

deep learning-based autoencoders—ANN, CNN, LSTM, and GRU—were developed to 

reconstruct time series data and identify anomalies through reconstruction errors. These 

baselines helped evaluate the added value of sequential modeling and feature weighting in the 

final architecture. 
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Figure 2. Implementation of the Baseline Model 

 

  

Deep Learning Models  

 

Multiple deep learning models were developed to capture temporal dependencies and 

reconstruct normal energy consumption patterns for anomaly detection. The ANN 

Autoencoder served as a basic feedforward model, lacking sequence awareness but providing 

a nonlinear reconstruction baseline. The CNN Autoencoder used 1D convolutional layers to 

extract local feature relationships across time steps. The LSTM Autoencoder incorporated 

memory units to model long-term temporal dependencies, while the GRU Autoencoder 

provided similar sequence learning capabilities with fewer parameters and faster training. 

These models enabled comparison across different architectures, offering insights into the 

effectiveness of temporal modeling in multivariate time series analysis. 

 
Figure 3. Implementation of deep learning Models 

 

 

 

Main Model Configuration – Attention-Based GRU Autoencoder 
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Evaluation and Results  
 

 
 

 

 

 

 

 

 

 

 

 

 

Comparison of Results  
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