Modern power distribution grid has become very complex, especially with the integration of distributed renewable resources and many electronic power devices. Maintaining power quality is becoming incrementally challenging due to the growing power electronic equipment in the grid. On the other hand, distributed renewable resources are making the current protection methods obsolete, which are mainly based on uni-directional power flow and acts based on some predefined threshold. The concept of a central control center and traditional protection system must be updated. To accommodate these needs, monitoring devices are placed throughout the distribution system, enabling real-time monitoring of the system and collecting system information with high resolution from different points in the system during any event. This large amount of system data can be harnessed with machine learning algorithms to detect, classify, and locate the source of disturbances in the system. Data-driven approaches are gaining popularity due to their high accuracy and less dependency on system parameters. However, deploying artificial intelligence (AI) techniques for power system applications needs more labeled data. This dissertation is focused on artificial intelligence applications for power distribution event detection and location identification. 
The first topic is developing an AI application for distribution system's fault management. Faults are the most catastrophic events in the power system responsible for sustained outages. The traditional approaches suffer from inaccuracy and are often dependent on system parameters or preset thresholds. Data-centric approaches based on available sensor or meter data can be deployed for fault management applications. However, the amount of accurately labeled data is very limited, which is an impediment in training deep models for better accuracy. This dissertation proposes an ensemble network combining standalone machine learning algorithms like artificial neural network (ANN), K-nearest neighbour (K-NN), and random forest (RF) for achieving higher efficiency with limited data. The proposed method utilizes event-driven voltage measurements from the existing smart meters in the system to classify and locate faults accurately. The method has been validated using a real-time simulator and has been tested under different adverse scenarios. The proposed method showed improved and robust performance in all cases. 
High impedance faults are invisible to existing threshold-based protection systems as they produce very low fault current. These events are hard to isolate from normal load changes and can evolve into catastrophic events like wildfires, life hazards, or equipment damage. As most of these events go undetected, there is little labeled data for training a supervised model. This dissertation proposes a generative adversarial network (GAN)-based unsupervised method along with a time-frequency analysis for extracting features from waveforms and isolating HIFs from other events like load variation or capacitor switching. 
The second topic addressed in this dissertation is applying unsupervised learning techniques for analyzing power quality waveforms. As power quality waveforms are often captured periodically, the huge amount of data can be overwhelming for PQ engineers to analyze manually. The dissertation proposed the development of an autoencoder and K-means-based unsupervised clustering method with field-obtained unlabeled data and cosine similarity-based event label identification using very few numbers of labeled data. PQ event analysis via an unsupervised method, especially utilizing field-obtained practical data, has been a less explored area in distribution grid analytics. The proposed method can help investigate a large number of captured waveforms quickly and isolate event data from normal recurring data. 
In summary, this dissertation proposes AI applications in distribution systems with limited labeled data. The first is a supervised technique that shows enhanced performance without requiring additional data. The other applications are unsupervised methods requiring very little amount of labeled data for event category selection. The proposed methods show good performances and address practical problems in the context of power quality event management in distribution systems.
