
II Methods
CNN

The input to the ConvNet is a fixed size 224×224 Red-Green-Blue (RGB) image.

Preprocessing involves subtracting the mean training set RGB value from each pixel. The

ConvNet configuration has a smaller receptive field in the first convolution layer than

previously employed. Namely, in the VGG16 architecture, the receptive field is 3×3 and

the convolution stride is 1 pixel. There are two fully connected layers with 4096 units

each and ReLU activation. In the first layer, the network learns 64 filters with size 3×3

along the input depth with a bias for each filter. Hence, the number of parameters in the

first convolutional layer is 42×3×3×3+64=1792 parameters. The number of filters

increases by a factor of 2 after each max-pooling layer, until it reaches 512. The total

number of parameters for VGG16 is 138 million parameters.
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I Introduction
In this project we classify a set of art photographs by fine art photographer Mário

Cabrita Gil. We employ Convolutional Neural Networks with the VGG16 and VGG19

architecture to classify photographs that span four decades of professional photographic

work. For each photograph, the 4096 dimension feature vector from the last convolutional

layer is reduced to two-dimensions by employing distributed Stochastic Neighbor

Embedding (t-SNE). Finally, the photographs are arranged in a 2D mosaic according to

their similarity.

I. Image recognition (VGG16/19)

The model is trained on a subset of the ImageNet database, and was employed in the

ImageNet Large-Scale Visual Recognition Challenge (ILSVRC). The VGG16/19

network is trained on more than a million images and can classify images into 1000

object categories.

II.Dimensionality reduction (PCA, t-SNE)

To reduce the feature vector to two components we employ Principal Component

Analysis (PCA) and a variation to the Stochastic Neighbor Embedding technique called

t-SNE [Maaten and Hinton, 2008].

III. Mosaic (RasterFairy)

The 2D image cloud is transformed into a mosaic with an arbitrary shape, while

preserving neighborhood relations present in the original set. We use the RasterFairy

python library developed by Mario Klingemann which is related to Isomatch [O. Fried

et al., 2015] and Kernelized Sorting [N. Quadrianto et al., 2009].
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III Results

IV Discussion
The idea behind this work was to present a visually pleasing  mosaic of a set of photographs. We attempted different architectures for the classification task, such as VGG16 and 

VGG19 and found that, as far as the visual outcome, the results are very similar.  There are some issues with the image classification, but overall the results are excellent. Shown 

above is the t-SNE version of the dimensionality reduction step, which was slightly better than that found with PCA. One of the parameters that can be used to tune t-SNE is 

perplexity. We found that larger perplexity values do better than smaller values, but overall the difference is small. The mosaic shape can be chosen arbitrarily to produce visually 

pleasing presentations. In the future, we would like to use a clustering model to separate similar groups of images into their own “islands” in the mosaic.
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