
G U I D E

Postgraduate Certificate in AI in Art Restoration and Analysis

Artificial Neural Networks for Art Analysis

Artificial Neural Networks (ANNs) are algorithms inspired by the human brain's structure and function,
designed to simulate its information processing capabilities. ANNs consist of interconnected layers of nodes
or artificial neurons that process and transmit information. The nodes in each layer receive input from the
previous layer, process it using an activation function, and pass the output to the next layer. This process
continues until the network produces an output. ANNs are widely used in various applications, including art
analysis and art restoration. In this explanation, we will discuss key terms and vocabulary related to ANNs in
the context of art analysis.

1. Neuron: A fundamental unit of ANNs, similar to a biological neuron in the human brain. It receives input
from other neurons or external sources, processes it using an activation function, and passes the output to
other connected neurons.
2. Activation Function: A mathematical function that determines the output of a neuron based on its input.
Common activation functions include the sigmoid, hyperbolic tangent, and rectified linear unit (ReLU). These
functions introduce non-linearity into the network, enabling it to learn complex relationships between
inputs and outputs.
3. Weights: Parameters that determine the strength of the connections between neurons. During training,
the network adjusts these weights to minimize the error between predicted and actual outputs.
4. Biases: Additional parameters that allow the network to shift the activation function's output along the y-
axis. Like weights, biases are adjusted during training to improve the network's performance.
5. Layers: Collections of interconnected neurons that process input data in stages. ANNs typically consist of
an input layer, one or more hidden layers, and an output layer.
6. Input Layer: The layer that receives the raw input data and passes it to the hidden layers for processing.
7. Hidden Layers: Layers between the input and output layers that perform computations and apply
activation functions to the data. The number and complexity of hidden layers determine the network's
capacity to learn and represent complex relationships.
8. Output Layer: The layer that produces the final output of the network based on the processed data from
the hidden layers.
9. Forward Propagation: The process of passing data through the network from the input layer to the
output layer, calculating the output of each neuron along the way.
10. Backpropagation: A technique used to train ANNs by adjusting the weights and biases based on the
error between the predicted and actual outputs. During backpropagation, the network calculates the
gradient of the error with respect to each weight and bias, then adjusts them to minimize the error.
11. Loss Function: A mathematical function that quantifies the difference between the predicted and actual
outputs. The loss function guides the network's learning during training, guiding it to adjust the weights
and biases to minimize the error.
12. Epoch: A complete iteration of the training process, where the network processes all training examples
once.
13. Batch: A subset of the training data used during each iteration of the training process. Using batches

Read online: https://certificates.uksm.org.uk/guides/4059224/artificial-
neural-networks-for-art-analysis

London School of Planning and Management · 25 Jun 2026



G U I D E

instead of the entire training dataset can speed up training and improve the network's convergence.
14. Overfitting: A situation where the network learns the training data too well, resulting in poor
generalization to new, unseen data. Overfitting can occur when the network has too many parameters or
when it is trained for too many epochs.
15. Underfitting: A situation where the network fails to learn the underlying patterns in the data, resulting in
poor performance on both the training and test data. Underfitting can occur when the network has
insufficient capacity, such as too few hidden layers or neurons.
16. Regularization: A technique used to prevent overfitting by adding a penalty term to the loss function
that discourages large weight values. Common regularization techniques include L1 and L2 regularization.
17. Convolutional Neural Networks (CNNs): A type of ANN designed for image processing tasks. CNNs use
convolutional layers, which apply filters to the input data to learn local patterns, and pooling layers, which
downsample the data to reduce its dimensionality.
18. Recurrent Neural Networks (RNNs): A type of ANN designed for sequential data processing tasks, such
as time series analysis or natural language processing. RNNs have recurrent connections that allow
information from previous time steps to influence the current step's processing.

In the context of art analysis, ANNs can be used for various tasks, such as style classification, image
segmentation, and object detection. For example, a CNN can be trained to classify different artistic styles
based on features extracted from images of artworks. Similarly, an RNN can be used to analyze the
evolution of artistic styles over time based on a sequence of images or other data. ANNs can also be used
for art restoration, such as automatically removing noise or filling in missing regions of damaged artworks.

Challenges in using ANNs for art analysis include the need for large, annotated datasets and the difficulty of
interpreting the network's decisions. Transfer learning, where a pre-trained network is fine-tuned on a
smaller dataset, can help mitigate the need for large datasets. Interpretability techniques, such as saliency
maps or layer-wise relevance propagation, can help shed light on the features that the network uses to
make its decisions.

In summary, ANNs are powerful algorithms that can be used for various art analysis and restoration tasks.
Understanding the key terms and vocabulary associated with ANNs is essential for applying them effectively
and interpreting their results. By combining ANNs with other techniques, such as transfer learning and
interpretability, we can unlock new insights and applications in the field of art analysis and restoration.
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