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• Label is a continuous value

• Minimize squared difference between prediction and target

Binary Cross-Entropy

• Label is binary in {0,1}

• Prediction is a real number in (0,1) 
and is the probability of the label 
being 1. It is usually the output of a 
sigmoid operation after the final layer

Common Loss Functions

Softmax

• Label is 1 of 𝐾 classes in {0, … ,𝐾 − 1}

• Extension of binary cross-entropy loss 
to multiple classes 

• 𝑠𝑦𝑖 corresponds to the score of the true 
label
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𝑦𝑖: Label
ො𝑦𝑖: Prediction
𝑀: Samples
𝐾: Classes
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Examples of Medical Image Classification Tasks

Esteva et al. 2017

Is an x-ray positive for 
pneumonia or not?

Is a CT scan of a lung 
nodule benign or not?

Is this moderate or worse 
diabetic retinopathy?

What types of skin lesions 
are these?

Rajpurkar et al. 2017

Ciompi et al. 2015
Gulshan et al. 2016
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Deep Learning

Deep Learning Model

Traditional machine learning

Input OutputFeature 
extractor

(e.g., color and 

texture histograms)

Machine learning 
model

(e.g., support vector machines 

and random forests)

Deep Learning

Input Output

(e.g., ) (e.g., presence or 

not or disease)

(e.g., ) (e.g., presence or 

not or disease)

(e.g., convolutional and 

recurrent neural networks)

Directly learns what are useful (and better!) 

features from the training data
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Image

MaxPool

Conv-64

Conv-64

MaxPool

Conv-128

Conv-128

MaxPool

Conv-256

Conv-256

MaxPool

Conv-512

Conv-512

MaxPool

Conv-512

Conv-512

FC-1000

FC-4096

FC-4096

More specific

More generic

Transfer Learning

very
similar 
dataset

very
different 
dataset

very little data Use Linear 
Classifier
on top
layer 
features

Try linear
classifier on
different layer 
features

quite a lot
of data

Finetune a
few layers

Finetune a
large number

of layers



24-02-2025

2

Computer Vision (BITS F459) M/W/F-2 PM, 6108 @ BITS Pilani L-21 (24-02-2025)                    7

• Using ImageNet CNN features
• Input: Chest x-ray images

• Output: Several binary classification tasks

- Right pleural effusion or not

- Enlarged heart or not

- Healthy or abnormal

- Very small dataset: 93 frontal chest x-
ray images

Early Uses of DL in Medical Imaging

Healthy

Enlarged heart

Right effusion
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• Task: Pathology detection in 
chest radiographs

• Extracted features from an 
AlexNet trained on ImageNet
• 5th, 6th, and 7th layers

• Used extracted features with an 
SVM classifier

• Performed zero-mean unit-
variance normalization of all 
features

• Evaluated combination with 
other hand-crafted image features

Chest x-ray

Bar et al. Deep learning with non-medical training used for chest pathology identification. SPIE, 2015.
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• Task: Classification of lung nodules in 
3D CT scans as peri-fissural nodules 
(PFN, likely to be benign) or not

• Dataset: 568 nodules from 1729 scans 
at a single institution. (65 typical 
PFNs, 19 atypical PFNs, 484 non-
PFNs)

• Data pre-processing: prescaling from 
CT hounsfield units (HU) into [0, 255]. 
Replicate 3x across R,G,B channels to 
match input dimensions of ImageNet-
trained CNNs

Lung Nodules

Ciompi et al. Automatic classification of pulmonary peri-fissural nodules in computed tomography using an ensemble of 2D views and a convolutional neural network out-
of-the-box. Medical Image Analysis, 2015.

Computer Vision (BITS F459) M/W/F-2 PM, 6108 @ BITS Pilani L-21 (24-02-2025)                    10

• Extracted features from a deep learning model trained on 
ImageNet
• Overfeat feature extractor (similar to AlexNet, but trained using 

additional losses for localization and detection)

• To capture 3D information, extracted features from 3 different 2D views 
of each nodule, then input into 2-stage classifier (independent predictions 
on each view first, then outputs combined into second classifier)

Lung Nodules

Ciompi et al. Automatic classification of pulmonary peri-fissural nodules in computed tomography using an ensemble of 2D views and a convolutional neural network out-
of-the-box. Medical Image Analysis, 2015.
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• Task: Binary classification of referable 
diabetic retinopathy from retinal fundus 
photographs

• Input: Retinal fundus photographs

• Output: Binary classification of referable 
diabetic retinopathy (y in {0,1})

• Defined as moderate and worse diabetic 
retinopathy, referable diabetic macular 
edema, or both

Diabetic Retinopathy

Gulshan, et al. Development and Validation of a Deep Learning Algorithm for Detection of Diabetic Retinopathy in Retinal Fundus Photographs. JAMA, 2016.
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• Dataset:
• 128,175 images, each graded by 3-7 

ophthalmologists

• 54 total graders, each paid to grade between 
20 to 62508 images

• Data preprocessing:
• Circular mask of each image was detected and 

rescaled to be 299 pixels wide

• Model:
• Inception-v3 CNN, with ImageNet pre-training

• Multiple BCE losses corresponding to different 
binary prediction problems, which were then 
used for final determination of 
referablediabetic retinopathy

Diabetic Retinopathy

Gulshan, et al. Development and Validation of a Deep Learning Algorithm for Detection of Diabetic Retinopathy in Retinal Fundus Photographs. JAMA, 2016.
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• Two binary classification tasks on dermatology images: 
malignant vs. benign lesions of epidermal or melanocytic 
origin

• Inception-v3 (GoogLeNet) CNN with ImageNet pre-training

• Fine-tuned on dataset of 129,450 lesions (from several 
sources) comprising 2,032 diseases

• Evaluated model vs. 21 or more dermatologists in various 
settings

• Train on finer-grained classification (757 classes) but perform 
binary classification at inference time by summing 
probabilities of fine-grained sub-classes

Skin Cancer

Esteva*, Kuprel*, et al. Dermatologist-level classification of skin cancer with deep neural networks. Nature, 2017.
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Segmentation Tasks

Computer Vision (BITS F459) M/W/F-2 PM, 6108 @ BITS Pilani L-21 (24-02-2025)                    15

Evaluation Metrics

Dice Coefficient F1 Score =
)2 ∗ ( target ∩ prediction

# target mask pixels + # prediction mask pixels

=
2 × 𝑇𝑃

2 × 𝑇𝑃 + 𝐹𝑃 + 𝐹𝑁

Jaccard Index (Intersection Over Union), IoU =
target ∩ prediction

target ∪ prediction
=

TP

(TP + FP + FN)

mean IOU,mIOU =
1

𝑁
෍

𝑖=1

𝑁

𝐼𝑂𝑈𝑖

mean Dice Score,mDice =
1

𝑁
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𝑖=1

𝑁

𝐷𝑖𝑐𝑒𝑖
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• Automatic segmentation of neuronal structures depicted in 
stacks of electron microscopy (EM) images

Sliding Window Pixel Wise Segmentation

Ciresan et al. Deep Neural Networks Segment Neuronal Membranes in Electron Microscopy Images. NeurIPS, 2012.

Image patch: input to 
classification network

Classification 
output is 
prediction for the 
center pixel of 
the patch
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U-Net

Ronneberger et al. 2015. U-Net: Convolutional Networks for Biomedical Image Segmentation. 2015.

Output image size a little 

smaller than original, due to 

convolutional operations w/o 

padding

Max pooling

enables
aggregation of
increasingly

more context
(higher level
features)

A few conv 

layers at 
every 
resolution

Highest-level features encoding large spatial context

Up-convolutions to go from 

the global information 
encoded in highest-level 
features, back to individual 

pixel predictions

Concatenate with

same-resolution feature map during
downsampling process to combine
high-level information with

low-level (local) information
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• Segmentation of lungs, clavicles, and heart

• JSRT dataset of 247 chest-x rays at 2048x2048 resolution
• Downsampled to 128x128 and 256x256!

• Based on U-Net based segmentation network

Chest x-ray 

Novikov et al. Fully Convolutional Architectures for Multiclass Segmentation in Chest Radiographs. IEEE Trans. on Medical Imaging, 2018.



24-02-2025

4

Computer Vision (BITS F459) M/W/F-2 PM, 6108 @ BITS Pilani L-21 (24-02-2025)                    19

• Segmentation of tumors in brain MR image slices

• BRATS 2015 dataset: 220 high-grade brain tumor and 54 low-
grade brain tumor MRIs

• U-Net architecture, Dice loss function

Brain Tumour

Dong et al. Automatic Brain Tumor Detection and Segmentation Using U-Net Based Fully Convolutional Networks. MIUA, 2017.
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Fully convolutional networks 
(FCN)

• Pre-cursor to U-Net, similar in 
structure but simpler 
upsampling pathway

Other Segmentation Architectures

DeepLab (v1-v3)

• atrous

• Parallel atrous convolutions 
with different rates for multi-
scale features

Shelhamer*, Long*, et al. Fully Convolutional Networks for Semantic Segmentation. CVPR 2015.
Chen et al. DeepLab: Semantic Image Segmentation with Deep Convolutional Nets, Atrous Convolution, and Fully Connected CRFs. IEEE TPAMI, 2017.
Chen et al. Rethinking Atrous Convolution for Semantic Image Segmentation. 2017.
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Object Detection Tasks

Computer Vision (BITS F459) M/W/F-2 PM, 6108 @ BITS Pilani L-21 (24-02-2025)                    22

• Surgical instrument movement over 
the course of a video can be used to 
extract metrics such as tool switching, 
and spatial trajectories

• That can be used to assess and provide 
feedback on operative skill

• Used M2cai16-tool dataset of 15 
surgical videos. Annotated 2532 frames 
with bounding boxes of 7 tools

Surgical Instrument Detection

Jin et al. Tool Detection and Operative Skill Assessment in Surgical Videos Using Region-Based Convolutional Neural Networks. WACV, 2018
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Instance Segmentation of Cell Nuclei

Thank You
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Reference: Lecture Notes of Serena Yeung

https://people.eecs.berkeley.edu/~jonlong/long_shelhamer_fcn.pdf
https://people.eecs.berkeley.edu/~jonlong/long_shelhamer_fcn.pdf

