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Electrical impedance tomography (EIT) is a nondestructive evaluation method that uses measurements of the voltage on the boundary of a domain to recover the unknown conductivity distribution within the domain. It is well-known that for materials that exhibit stimulus-responsive conductivity, EIT is capable of detecting damage associated with conductivity change. However, EIT inversion can be very costly from a computational standpoint, especially for complex structures with highly refined meshes, which potentially limits the ability of EIT to perform real-time imaging. Here, we propose the use of machine learning methods to perform rapid EIT inversion. We implemented a feed-forward neural network with Keras and Tensorflow to perform one-step difference imaging. The network consists of an input layer, four sequential dense blocks, and an output layer. The input for the model is a vector containing voltage measurements that represent the difference between measurements taken of a potential damage state and a known baseline. Each block within the model contains two fully connected dense layers, each with 1028 outputs and an ReLU activation function, followed by a dropout layer with a drop rate of 0.5. The final output layer of the model is a dense layer, with outputs corresponding to damage parameters. 

[bookmark: _GoBack]The training data was synthetically generated by placing damage on the structure of interest and then simulating the corresponding EIT response. Simulated EIT measurements of the pristine specimen were used as a baseline. Gaussian noise was added to each of the training sets. The model was trained over 300 epochs, with early stopping enabled to avoid overfitting. We employed the Adam optimizer and mean squared error loss function. An 80/20 split was used for the training/validation data, respectively. The proposed methods are demonstrated on experimental EIT data of two specimens that were subjected to impact damage: a carbon black (CB)-modified glass fiber/epoxy tube and a carbon fiber/epoxy laminate shaped as a representative NACA airfoil. The trained networks are able to both detect and localize the impact damage. Results are compared to inversion results obtained from traditional regularization methods.


