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Abstract. The analysis of 2D scattering maps generated in scatterometry exper-

iments for detection and classification of nanoparticle on surfaces is a cumbersome and slow process. Recently, deep learning techniques have been adopted
to avoid manual feature extraction and classification in many research and application areas, including optics. In the present work, we collected experimental dataset of nanoparticles deposited on wafers for four different classes of
polystyrene particles (with diameters of 40, 50, 60, 80 nm) plus background
(no particles) class. We trained a convolutional neural network, including its
architecture optimization, and achieved 95% accurate results. We compared the
performance of this network to a existing method based on line-by-line search
and thresholding, demonstrating up to a twofold enhanced performance in particle classification. The network is extended by a supervisor layer that can reject
up to 80% of the fooling images at the cost of only rejecting 10% of original
data.

1 Introduction
In this paper, we propose a method to classify 2D scattered maps of containing isolated
nanoparticles on surfaces using CNN. These maps have been generated in a Coherent Fourier
Scatterometry (CFS) setup [1–4]. In order to generate the scattered maps to train the data,
polystyrene latex (PSL) nanospheres of calibrated sizes were spin-coated on a silicon wafer.
The diameters of the particles ranges from 40 to 80 nm. Furthermore, for the classification,
we study the areas of the wafer where the nanoparticles were absent, contributing to the
“background" class. We also target at a novelty detection, by looking at ways for the network
to separate the “unknown" class from the input data, i.e., classes that have been unseen in
the training. In order to do that, we rely on a simple approach of baseline and also a more
sophisticated approach of introducing the OpenMax layer [5].
We realized an experiment by adding noise to the scattered maps (degrading thus the
SNR), fooling images as well as some unfamiliar (reversal) images to the network. As one
of the main goals for the CNN is to accurately discriminating between classes, we studied
the samples that contain multiple classes of PSL particles with diameters of 40 and 50 nm,
50 and 60 nm, 60 and 80 nm. The results show that our model can successfully discriminate
between the 5 classes with accuracies up to 95%. By providing the samples that were unseen
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during the training, we highlight the importance of the novelty detection in order to capture
the confusing inputs. The results show that the proposed method has superior capabilities
compared to the classification with the traditional search algorithm.

2 Closed set classification
In order to see which classes the network struggles to distinguish and to what degree, we
built the confusion matrix (Figure 1 A). The horizontal axis represents the particle classes
predicted by our model, and the vertical axis represents the true input image labels. It is
clearly visible that most misclassification involves the background class. The best model
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Figure 1. A) The accuracy for the test set in the confusion matrix. B) The training and validation
loss - top and accuracy - bottom, is evaluated across different number of epochs based on the optimal
architecture of the CNN model. C) 2D visualization of the loss surface of the CNN model with the
projected learning trajectories using normalized PCA direction (batch size of 20, Adam optimizer and
15 epochs of training).

has to be selected based on the Accuracy metric calculated on the test data. For the closed
set of five classes, we found that after approximately 12 epochs (12 times through all the
training examples), the loss no longer decreased significantly. The top performing network
(Accuracy = 95%) was stored to be used in the further tasks (see Figure 1 B). Finally, we built
the landscape, where we demonstrate the convergence to minima as our learning procedure
follows the loss in a gradual manner. The projected learning trajectory is estimated using
normalized principal component analysis (PCA) directions. The squared nature of the loss
function leads to mostly convex loss landscape (Figure 1 C).
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