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Introduction

Chest computed tomography (CT) scans are used by radiologists to detect and classify Interstitial Lung Disease (ILD), however the use of computer-aided diagnostic (CAD) systems can reduce the time taken for these decisions with less intervention from radiologists. We explore the performance of both
traditional 1image processing and convolutional neural networks (CNN) techniques in classifying ILD. Traditional image processing has long been successful at recognizing and classifying images into defined groups, but some may consider the technology outdated. On the other hand, CNN’s possess
very powerful computing capabilities but require large image sets to train and evaluate. We hope to bypass this issue using “transfer learning”, where input 1images are trained and tested on pre-existing model weights.

Brief Introduction to CNNs & Traditional Image Processing Predicted class
Data Sets P N
. Traditional Image Processing Convolutional Neural Networks Low-Level| |Mid-Level| |High-Levell | Trainable | Evaluation Measures True False
ImageNet Dataset (used to pre-train the CNN) - A traditional approach to learning and recognizing classes of images utilizes a feature extractor, - Uses layers composed of multiple convolutional Feature Feature Feature Classifier , , , ! Eﬁi;’ves ‘(\ﬁ%‘“m
- > 14 Million Images : : Confusion Matrix: contingency table Actual
_ feature descriptor, and classifier. kernels howine the actual cl h Class
- 100,000 Categories - A binary Support Vector Machine (SVM) can classify the presence or absence of 1 class. This - Each kernel uses 2D matrices as input, and STOWINE 1w attudl 6. 458 VEIsus The Faloe Troa
- Sample Images: - ' - : - TR - predicted class for all images.These N | Positives || Negatives
binary comparison determines whether the image 1s of our class, or if it 1s some other undefined outputs some new 2D matrix of features. . . FP TN
e P s P values can be normalized to obtain a rate i ali
type of image. - When training, a CNN takes in images and R b val
SIFT optimizes parameters to minimize a loss function. OF cachi vatue. o T,
Desciiptor \ - Most CNN’s increase in complexity as the layers Tl olE = ‘
PR S E LBP > Descri > SVM rogress. Beginning layers mI:t ﬁn}(li construc};s F1 Score: an average of precision and Lt
Image Set ——> Pre-processing Descriptor | ORETIpRORS PTOBIEss. BEE & laye y recall. Scores exist in values from 0 to 1, e Uy
-7 like color and edges, while later layers detect , Recall =
MRS4* complex ones like faces where 1 represents the best possible L+L,
. . ' score.
Talisman Test Suite Data Set Traditional Pipeline with several options of feature extraction/description F =2. PrE (."\'I on-recall
- 19321 Images from 96 Patients precision +recall
- 5 Categories (disease types)
- Sample Images:
Emphysema Healthy Micronodules Fibrosis Ground Glass MethOdOlogX
HU to RGB Data Imbalance Leave One Patient Out Cross Validation Transfer Learning

Using weights pre-trained on the ImageNet dataset, the network takes RGB images in its input layer. We first pull features from the
last feature layer in the network (IL) and append our own softmax layer to classify the images. The process is repeated on earlier,
intermediate layers of the network to find an optimal layer (O) which produces the highest F1 Score. With a smaller number of layers,

When class sizes are imbalanced, any
CNN results relating to accuracy will be
skewed. To solve this, we oversample

Each pixel of a CT scan holds a Hounsfield unit (HU)
value, representing the density of material at the pixel.

By removing all images belonging to a single
patient, we can be sure that the training data and

However, the methods we’re using expect color
channel values. RGB images consist of 3 color
channels that have pixel values between 0 and 255.
We linearly mapped:

- HU range (-1000, -600) to the Red Channel

classes with fewer images, taking random
samples with replacement until the class
sizes are equal. This ensures all test results
are consistent and unbiased by class

the subsequent model won’t be biased by the
single patient’s images. This patient’s images can
then be tested using our new model. Doing this
for each patient allows us to combine our results
and make an estimate of model performance for

the time spent traversing them will reduce drastically, and the features extracted will be simpler constructs.
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