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Artificial Intelligence and Machine Learning is 
everywhere!

Image and speech understanding

Autonomous navigation

Advertisement & social media
Robotics



Artificial Intelligence and Machine Learning is 
everywhere!

“You would think that Nikon,
being a Japanese company,
would have designed this with
Asian eyes in mind.”

- Random commenter(url)

http://content.time.com/time/business/article/0,8599,1954643,00.html


Artificial Intelligence and Machine Learning



Artificial Intelligence and Machine Learning

• What are the differences?

Artificial intelligence (AI) involves machines that can 
perform tasks that are characteristic of human intelligence

Turing test ?Play games ?



Artificial Intelligence and Machine Learning

• What are the differences?

Machine Learning (ML) is a form of computational statistics: 
Data + Model           Prediction

Data: observations

Model: assumptions; priors based on                           
previous experience; inductive bias

Prediction: action to be taken; categorisation
or a quality score



Machine learning in medical imaging

"To the question, will AI replace radiologists, I 
say the answer is no…” 

“They should stop training radiologists now.”
Geoffrey Hinton (godfather of deep learning) in 2017

“… but radiologists who do AI will replace 
radiologists who don’t."
Curtis Langlotz in 2017



Computer Data

Human

low bandwidth

high bandwidth

How can we leverage machine learning?



Types of Machine Learning

• Supervised learning
– Learn to predict an output for a given input

• Unsupervised learning
– Discover patterns and reduce dimensionality

• Reinforcement learning
– Learn what action to take to maximize a reward

(most successful to date)

(most useful in the real-world)

(useful in scenarios such as games)

focus of this talk
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Supervised learning
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Supervised learning

• Given a vector of input features !, we want to learn a predictor ℎ# ! , 
that outputs an accurate prediction $

• Using a training set % = (! ( , $(()) (+,
- with . examples, the predictor 

is trained (somehow) such that

ℎ# ! = $

∀0 ℎ#(! ( ) ≈ $(()



Supervised learning

• What form is ℎ" # ?
• Many options:

– Support Vector Machines (SVM)
– Logistic regression
– Naive Bayes
– Linear discriminant analysis
– Decision trees or forests
– K-nearest neighbors
– Neural Networks



Some history on neural networks…

• Perceptron [Rosenblatt 1958]:

• Neocognitron [Fukushima 1980]:

• Back-propagation [Rumelhart 1985]:

• CNN [LeCunn1989, 1998]:



The deep learning revolution

LeNet [LeCun1989, 
1998]:

General Purpose GPU (GPCPU), e.g. 
CUDA 2007: 

AlexNet [Krizhevsky 2012]:



The deep learning (r)evolution
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Perceptron

• A perceptron takes several inputs, !1, !2, … , !& and produces a single 
binary output '()):

'()) =
1 if .

/
0/!/ > threshold

0 if .
/
0/!/ ≤ threshold

…
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w2 x2

wn xn
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Perceptron

• A perceptron takes several inputs, !1, !2, … , !& and produces a single 
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Perceptron

• A perceptron takes several inputs, !1, !2, … , !& and produces a single 
binary output '()):

'()) = ,1 if / 0 ) + 2 > 0
0 otherwise

…
Σ

x1

x2

xn

w2 x2

wn xn

w1 x1
' )



Multi-layer perceptron

x1

x2

xn

Input layer Output layerHidden 
layer #1 

Hidden 
layer #2 

ℎ" #

Parameters:
Θ = (', ))



Learning with neural networks

Y LeCun
Machine Learning = Function Optimization

It's like walking in the mountains in a fog and 
following the direction of steepest descent to 
reach the village in the valley

But each sample gives us a noisy estimate of 
the direction. So our path is a bit random. 

traffic light:  -1

Function with 
adjustable parameters

Error
Function Error

Wi←W i−η
∂E(W ,X )

∂Wi

Stochastic Gradient Descent (SGD)

Learning means adjusting the parameters Θ = #, % of the network



Learning with neural networks

x1

x2

xn

Input layer Output layerHidden 
layer #1 

Hidden 
layer #2 

ℎ" + ∆ℎ

% + ∆%
Ideally, small changes 
in the weights should 
cause small changes 

in the output



Learning with neural networks

Y LeCun

Large-Scale Machine Learning: the reality

Hundreds of millions of “knobs” (or weights)
Thousands of categories
Millions of training samples
Recognizing each sample may take billions of operations

But these operations are simple multiplications and additions

However, small changes of 
weights w can lead to 
large changes in the output 



Perceptron

!(#) = &1 if * + # + - > 0
0 otherwise

…
Σ

x1

x2

xn

w2

wn

! #

w1



Neurons

!(#) = 1
1 + exp(−, - # − .)

…
Σ

x1

x2

xn

w2

wn

! #

w1

1
1 + /01



Neurons: Activation functions



Back to learning with neural networks

• Let us assume the following loss function

• In this case the parameters are ! = ($, &), so

• ℒ can be minimized using gradient descent

ℒ = 1
+,-./

0
(ℎ2 3- − 5-)6

ℒ = 1
+,-./

0
(ℎ($,7) 3- − 5-)6

Requires calculation of partial derivatives loss 
ℒ with respect to Θ-, i.e. all weights and biases



Learning NN parameters via gradient descent 

• Given a output ℎ" and loss function ℒ(Θ)

repeat until convergence

Θ' ≔ Θ' − *
+
+Θ'

ℒ Θ



• How to calculate partial derivatives loss ℒ with respect to Θ#, i.e. all 
weights and biases?

• Solution: Use backpropagation (Rumelhart 1986)

• For more details check:
– http://neuralnetworksanddeeplearning.com/
– http://cs231n.stanford.edu/syllabus.html

Learning NN parameters via gradient descent: 
Backpropagation

$
$Θ#

ℒ(Θ) = ?

http://neuralnetworksanddeeplearning.com/
http://cs231n.stanford.edu/syllabus.html


Perceptron: Summary

Neuron activation:

S(x) =
1

1 + e�x tanh(x) =
ex � e�x

ex + e�x f(x) = max(0, x)

Activation 
functions:

Learning: via gradient descent: (w, b) = min
(w,b)

L(w, b,X,Y) w(t+1)
i = w(t)

i +
@L

@w(t)
i

a(x) = f

 
X

i

wixi + b

!

L = � 1

N

NX

i

(a(xi)� yi)
2Loss: 



Deep Learning

Automatically learn data-driven, hierarchical representations, to 
accomplish a task.

From Neocognitron [Fukushima 1980]:

• Learns data-driven features itself: “If a set of stimulus patterns 
(input data) are repeatedly presented to it, it gradually acquires the 
ability to recognize these patterns.” 

• Do not engineer for one task, adapt by learning: “It is not necessary 
to give any instructions about the categories to which the stimulus 
patterns should belong.”



Traditional machine learning pipeline

Features Classifier

TextonHoGSift

R G B … R G B
R G B … R G B
R G B … R G B
R G B … R G B
R G B … R G B

Pixel values

ℎ" #Calculate features z
from image x



Deep learning pipeline

Hierarchical Representation

High-levelMid-levelLow-level

ℎ" #



Multi-layer Perceptron



Fully Connected Networks

• Each neuron detects one feature/pattern.
• Too many weights for each neuron/pattern.

– Example: 100x100 image = 10000 weights/pattern.

Features are local: Only 
neighboring pixels are correlated! 



Locally Connected Networks

• Each neuron detects a different pattern.
• Kernel of a neuron: Spatially limited connections. 

– Example: If kernel = 10x10, 100 weights/pattern.
– Each neuron only detects a pattern at a certain location.

Stationarity in vision:
The same feature may appear 

anywhere!



Weight Sharing – Feature Maps

• Feature Map (FM), aka Channel:
– Multiple neurons that share the same kernel (weights). 
– Activations of a FM’s neurons computed with convolution with FM’s kernel!

Feature Map:

Single neuron:

a(x) = f(x ⇤w + b)

a(x) = f

 
X

i

wixi + b

!



Convolutional Layer

Convolutional Layer:
– Multiple Feature Maps – Detect multiple features per layer.
– A layer can be perceived as a multi-channel image (similar to RGB channels).



Multiple Convolutional Layers

Convolutional Layer:
– Multiple Feature Maps – Detect multiple features per layer.
– A layer can be perceived as a multi-channel image (similar to RGB channels).
– Deeper layers process FMs (channels) of previous layer.
– Combine previous features to extract more complex representations.



Input images

2D image, 1 channel
2D tensor (x,y)

Eg: black & white image

2D image, 3 channels
3D tensor (x,y,c)
Eg: RGB image

3D image, 1 channel
3D tensor (x,y,z)
Eg: CT volume

3D image, 3 channels
4D tensor (x,y,z,c)

Eg: T1, T2 and PD MRI volumes

y

x

C
c=3

c=2
c=1

y

x
c

y

x
z

y

x
z

z
z



Convolution

Input (x) Kernel (w) o(x) = w * x

Ex
am

pl
e 

#1

Feature Map:

If 2D kernel w of dimensions K(x) x K(y):*
o[i, j] =

K(x)X

u=1

K(y)X

v=1

x[i+ u, j + v] ·w[u, v]

a(x) = f(x ⇤w + b) = f(o(x) + b)

o(x) = x ⇤w



Convolution

*

Input (x) Kernel (w) Feature Map (o)

-1 -1 -1

1 1 1

-1 -1 -1

Ex
am
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#3
Ex

am
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e 
#1

-1 1 -1

-1 1 -1

-1 1 -1

0 1 0

1 -4 1

0 1 0

*

*
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e 

#2

Horizontal Edges

Vertical Edges



2D images

Each feature map:

o[i, j] =
K(x)X

u=1

K(y)X

v=1

x[i+ u, j + v] ·w[u, v]



2D images

Each feature map:

o[i, j] =
K(x)X

u=1

K(y)X

v=1

x[i+ u, j + v] ·w[u, v]

o[i, j] =
CX

c=1

K(x)X

u=1

K(y)X

v=1

x[i+ u, j + v, c] ·w[u, v, c]
Usin
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3D images

o[i, j, k] =
K(x)X

u=1

K(y)X

v=1

K(z)X

w=1

x[i+ u, j + v, k + w] ·w[u, v, w]



3D images

o[i, j, k] =
K(x)X

u=1

K(y)X

v=1

K(z)X

w=1

x[i+ u, j + v, k + w] ·w[u, v, w]

o[i, j, k] =
CX

c=1

K(x)X

u=1

K(y)X

v=1

K(z)X

w=1

x[i+ u, j + v, k + w, c] ·w[u, v, w, c]

In fully 3D CNNs, all F
Ms a

re 3D:

The ca
use of th

e memory p
roblems



Anisotropic image resolution

15 voxels
15

15
For 3D processing: Resample volumes to 

isotropic resolution OR
Adjust dimensions of kernels. Square/cubic 

kernels not required!

3 vox.



Segmentation as a classification problem

Classification 
Neurons

Fully connected 
Layer

Image patch Convolutional Layers
(all kernels dim. K = 53)

173 133 93 53 13

Input FM at layer#1 FM at layer#2 FM at layer#3 FM at layer#4

Receptive field of a neuron:
Area in the input that influences its activation.

Size of a feature map (FM) at layer (l):

the stride of the kernel at layer l. Here, s=1.
dl = b(dl�1–kl)/sl + 1c
sl

Size of receptive field increases with every layer (l):

the stride of the receptive field at layer l. Here, s’=1s0l
rl = rl�1 + (kl–1) · s0l�1



Segmentation as a classification problem

Training 
Labels

Classification 
Neurons

Prediction for 
central voxel

Fully connected 
Layer

Image patch Convolutional Layers
(all kernels dim. = 53)

173 133 93 53 13

Overlapping patches:
ØRedundant 
Ø(re-convolve)
ØInefficient memory usage 

(context reloaded, e.g. in same batch)



Changing fully connected layers
to convolutional layers

a31 a32

a33 a34
a21 a22

a23 a24
a11 a12

a13 a14

3 x 2D feature maps (FM) of 
previous convolutional layer

Fully connected neurons of 
next fully connected layer

w31 w32
w33 w34

w11 w12
w13 w14

w21 w22
w23 w24

FM #3

FM #2

FM #1

neuron #1

w'31 w'32
w'33 w'34

w'11 w'12

w'13 w'14

w'21 w'22

w'23 w'24

neuron #2

a31 a32

a33 a34
a21 a22

a23 a24
a11 a12

a13 a14

*
Conv. kernel with C=3

FM #1

Next layer’s FMs.
(FM dimensions=1x1)

FM #2



CNNs: Fully convolutional networks

Classification 

Neurons

Prediction for 

central voxel
Fully connected 

Layer

Convolutional Layers

173 133 93 53 13

Deterministically 

exact same behavior

Flexible & efficient!

173 133 93 53 13

13

13

Conv. with 

13kernels
Fully convolutional

Classification 

Feature Maps

Can be efficiently applied on inputs of arbitrary dimensions!

173

Image segment/

sub-volume

Segmentation of 
multiple (93) voxels



CNNs: Fully convolutional networks:
Size of feature maps expands with input

Input FM at layer#1 FM at layer#2 FM at layer#3 FM at layer#4

Ø Size of receptive field remains the same!
Ø Each prediction is only influenced by its own receptive 

field. NOT the whole input!



CNNs: Fully convolutional networks

173 133 93 53 13

13

13

Conv. with 
13kernels

Fully convolutional
Classification 
Feature Maps

Fully convolutional implementation:
i. Dimensions of all FMs scale with input dim.
ii. Including Classification FMs!
iii. Efficiency: Densely-predict multiple voxels in one pass, avoiding 

computational redundancy on overlapping context!

Flexible & efficient!

Can be efficiently applied on inputs of arbitrary dimensions!

173

Image segment/
sub-volume

Segmentation of 
multiple (93) voxels



Tiling an image for segmentation

• Bigger input tiles (segments):
– Require more memory (because the size of all feature maps increases).
– Less computational redundancy because of less overlap in between. 
– Tiles at testing time do not need to be the same size as at training.

Out of bounds for valid conv. 
(half receptive field)
Redundant repeated 

convolutions still happen here.



Training a fully convolutional net

Cross entropy over all the samples of a batch (B	).
xs a training sample (patch), ys the true label of its central voxel.
fc(x) the CNN’s confidence for predicting class c.
[.] the indicator function.

Learn parameters ✓ = min
✓

L

L = � 1

B · V

BX

s=1

VX

v=1

X

c

[c = yvs ]log(fc(x
v
s ; ✓))

Over the (B) segments (s) in a batch.

Over the V classified voxels in a segment.

Training with single predictions on each sample:

L = � 1

B

BX

s=1

X

c

[c = ys]log(fc(xs; ✓))

Training on dense predictions:

(V) classified 
voxelsSegment

xs

(B) samples 
for a batch

Increase number of samples per batch.

Without linear increase in computation

(e.g. if loading V separate patches).

Size of input segments can be different for training and testing 
settings!

Train: Takes more memory (back+fwd pass), so use smaller 
inputs.

Test: Only fwd pass.  Could infer whole brain volume in one pass.



Building CNNs for image segmentation

• How to process more context?

• Add more layers?
– Receptive field increases linearly with each layer (by k-1).
– Required memory increases linearly (almost) with number of conv layers.

• Process input at multiple scales.



Building CNNs for image segmentation

• Centered at same location, extract context at normal and at lower resolution.
• Separate pathways process image at different resolutions (can be more than 2).
• Low resolution pathway processes greater physical context with the same number of kernels.
• The down-sampling factor (here x3) controls amount of context (context de-coupled from 

memory/computational requirements).
• Can adjust pathways separately. Commonly symmetrical.

Upsample the low-res features back to 
normal resolution. Concatenate FMs 

from two pathways.

Kamnitsas et al, “Efficient multi-scale 3d CNN with fully connected CRF for accurate brain lesion segmentation”, MedIA, 2017.



Building CNNs for image segmentation

Additional spatial information enhances 
network’s localization capabilities



Building CNNs for image segmentation:
Going deeper with smaller kernels

Deeper architectures can represent more complex functions.
- Too many free parameters if we simply start adding more layers.
Ø Use only layers with small kernels [Simonyan et al, 2014].

Number of weights in layer   , with            FMs,
that uses kernels of dimensions k^3:

l C(l)

k3 ⇥ C(l�1) ⇥ C(l)

Ø Total receptive field remains the same.
Ø Less total parameters, especially for 3D [Kamnitsas 2017]! 
Ø They tend to work (much) better. Common nowadays.



DeepMedic: Overview

• Baseline CNN architecture:
– Four layers with 53 kernels for feature extraction, leading to a receptive field of size 173. 
– The classification layer is implemented as convolutional with 13 kernels, which enables 

efficient dense inference.
– Cross-entropy as loss function

K. Kamnitsas et al. Medical Image Analysis, 2017

the kernels kl = (km,1
l , ...,km,Cl�1

l ) can be viewed as a 4-dimensional kernel

convolving the concatenated channels yl�1 = (y1

l�1
, ...,yCl�1

l�1
), which then in-

tuitively expresses that the neurons of higher layers combine the patterns
extracted in previous layers, which results in the detection of increasingly
more complex patterns. The activations of the neurons in the last layer L
correspond to particular segmentation class labels, hence this layer is also
referred to as the classification layer. The neurons are thus grouped in CL

FMs, one for each of the segmentation classes. Their activations are fed
into a position-wise softmax function that produces the predicted posterior
pc(x) = exp(yc

L(x))/
PCL

c=1
exp(yc

L(x)) for each class c, which form soft seg-
mentation maps with (pseudo-)probabilities. yc

L(x) is the activation of the
c-th classification FM at position x 2 N3. This baseline network is depicted
in Fig. 2.

Figure 2: Our baseline CNN consists of four layers with 53 kernels for feature
extraction, leading to a receptive field of size 173. The classification layer is
implemented as convolutional with 13 kernels, which enables e�cient dense-
inference. When the network segments an input it predicts multiple voxels
simultaneously, one for each shift of its receptive field over the input. Number
of FMs and their size depicted as (Number ⇥ Size).

The neighborhood of voxels in the input that influence the activation of
a neuron is its receptive field. Its size, 'l, increases at each subsequent layer
l and is given by the 3-dimensional vector:

'{x,y,z}
l = '{x,y,z}

l�1
+ ({x,y,z}

l � 1)⌧ {x,y,z}
l , (1)

where l, ⌧l 2 N3 are vectors expressing the size of the kernels and stride of
the receptive field at layer l. ⌧l is given by the product of the strides of kernels
in layers preceding l. In this work only unary strides are used, as larger
strides downsample the FMs (Springenberg et al. (2014)), which is unwanted
behaviour for accurate segmentation. Thus in our system ⌧l = (1, 1, 1). The
receptive field of a neuron in the classification layer corresponds to the image

9



Figure 5: Multi-scale 3D CNN with two convolutional pathways. The kernels
of the two pathways are here of size 53 (for illustration only to reduce the
number of layers in the figure). The neurons of the last layers of the two
pathways thus have receptive fields of size 173 voxels. The inputs of the two
pathways are centered at the same image location, but the second segment
is extracted from a down-sampled version of the image by a factor of 3.
The second pathway processes context in an actual area of size 513 voxels.
DeepMedic, our proposed 11-layers architecture, results by replacing each
layer of the depicted pathways with two that use 33 kernels (see Sec. 2.3).
Number of FMs and their size depicted as (Number ⇥ Size).

�{x,y,z}
L2 � 1 and similar is the relation between �in1 and �L1. These establish

the relation between the required dimensions of the input segments from the
two resolutions, which can then be extracted centered on the same image
location. The FMs of L2 are up-sampled to match the dimensions of L1’s
FMs and are then concatenated together. We add two more hidden layers for
combining the multi-scale features before the final classification, as shown in
Fig. 5. Integration of the multi-scale parallel pathways in architectures with
non-unary strides is discussed in Appendix A.

Combining multi-scale features has been found beneficial in other recent
works (Long et al. (2015); Ronneberger et al. (2015)), in which whole 2D im-
ages are processed in the network by applying a few number of convolutions
and then down-sampling the FMs for further processing at various scales.
Our decoupled pathways allow arbitrarily large context to be provided while
avoiding the need to load large parts of the 3D volume into memory. Ad-
ditionally, our architecture extracts features completely independently from
the multiple resolutions. This way, the features learned by the first pathway
retain finest details, as they are not involved in processing low resolution

15

DeepMedic: Overview

• The size of receptive field of CNNs is important:
– Large receptive increases computation and memory requirements 
– Pooling leads to loss of the spatial information

• Solution: Use multi-scale approach

Full resolution

Low resolution
K. Kamnitsas et al. Medical Image Analysis, 2017



DeepMedic: Application to brain lesions

K. Kamnitsas et al. Medical Image Analysis, 2017



DeepMedic: Application to TBI

K. Kamnitsas et al. Medical Image Analysis, 2017



DeepMedic: Applications

Placenta in US



DeepMedic: Applications

Dolz et al, “3D fully convolutional networks for subcortical segmentation in MRI 
A large-scale study”, NeuroImage 2017





CNNs: Downsampling via Pooling

Pooling operator:
• Kernel of dimension k
• Stride s of convolution
• Kernel function: max (mostly), mean…
Ø No learnt parameters.
Ø Applied individually on each FM.

1 -0 1 1
-2 -1 2 0
0 3 -3 0
0 1 1 3

FM in

y

x

*
1 2
3 3

FM outk=2, s=2

Motivation:
I. Reduce size (memory) of deeper layers
II. Invariance to small translations
III. Contraction forces network to learn high-level 

features

(Source: Stanford’s CS231n github)

224

224
112
112

10 FMs

10 FMs



CNNs: Downsampling via strided convolution

Pooling operator:
• Kernel of dimension k
• Stride s of convolution.
• Kernel function: max (mostly), mean…

1 -0 1 1
-2 -1 2 0
0 3 -3 0
0 1 1 3

FM in

y

x

*
1 2
3 3

FM outk=2, s=2

How
to down-sample

max



CNNs: Downsampling via strided convolution

Pooling operator:
• Kernel of dimension k
• Stride s of convolution.
• Kernel function: max (mostly), mean…

1 -0 1 1
-2 -1 2 0
0 3 -3 0
0 1 1 3

FM in

y

x

*
1 2
3 3

FM outk=2, s=2

Just learn it!

w1 w2
w3 w4

How
to down-sample



CNNs: Downsampling via strided convolution

Pooling operator:
• Kernel of dimension k
• Stride s of convolution.
• Kernel function: max (mostly), mean…

1 -0 1 1
-2 -1 2 0
0 3 -3 0
0 1 1 3

FM in

y

x

*
1 2
3 3

FM outk=2, s=2

Just learn it!

w1 w2
w3 w4

How much
to down-sample

How
to down-sample

Strided convolution:
• Like normal convolutional (as before), but with a stride s != 1.
• Down-samples input by a factor of s.
• Learn the kernel weights, so it “learns how to down-sample”.
• Often works better, commonly now replacing max-pooling.

Springenberg et al, “Striving for simplicity: the all convolutional net”, ICLR, 2015
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0 5 0 3 0 1 0 0

0 0 0 0 0 0 0 0

0 0 0 2 0 4 0 0

0 0 0 0 0 0 0 0

0 4 0 3 0 5 0 0

0 0 0 0 0 0 0 0

0 0 0 0 0 0 0 0

CNNs: Upsampling

5 3 1

0 2 4

4 3 5

Low Res.
FM in

*

Upsampled FM out 

0.25 0.5 0.25

0.5 1 0.5

0.25 0.5 0.25

5 4 3 2 1 0.5

2.5 2.5 3.5 2.5 2.5 1.3

0 1 2 3 4 2

2 2.3 2.5 3.5 4.5 2.3

4 3.5 3 4 5 2.5

2 1.8 1.5 2 2.5 1.3



0 0 0 0 0 0 0 0

0 5 0 3 0 1 0 0

0 0 0 0 0 0 0 0

0 0 0 2 0 4 0 0

0 0 0 0 0 0 0 0

0 4 0 3 0 5 0 0

0 0 0 0 0 0 0 0

0 0 0 0 0 0 0 0

CNNs: Upsampling (Deconvolution or transposed 
convolution)

• Deconvolution / transposed conv: Learn to upsample
– Kernel dimension k: how much context influences upsampling
– Stride s of convolution: The upsampling factor
– Padding p: careful, to get exact output shape wanted

5 3 1

0 2 4

4 3 5

Low Res.
FM in

*

Upsampled FM out 
k=3, s=2, p=2

w1 w2 w3

w4 w5 w6

w7 w8 w9

Better,
data-driven 
upsampling!
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0 0 0 2 0 4 0 0

0 0 0 0 0 0 0 0

0 4 0 3 0 5 0 0

0 0 0 0 0 0 0 0

0 0 0 0 0 0 0 0

CNNs: Upsampling (Deconvolution or transposed 
convolution)

• Alternative interpretation:
– Deconvolution with (k,s,p) reverses the strided convolution 

with (k,s,p) which created the downsampled feature map.

5 3 1

0 2 4

4 3 5

Low Res.
FM in

*

Upsampled FM out 
k=3, s=2, p=2

w1 w2 w3

w4 w5 w6

w7 w8 w9

Strided conv(k,s,p)

deconv(k,s,p)

Better,
data-driven 
upsampling!



CNNs: Encoder – Decoder networks

Convolution + RELU
Max pooling

Transposed convolution
Softmax Skip layers

Contraction Expansion



CNNs: Encoder – Decoder networks
Fully convolutional network (FCN)

• Long et al., Fully convolutional networks for semantic segmentation, 
CVPR 2015
– Deconvolution to upsample segmentation.
– Skip connections to combine multi-scale info for better accuracy.
– Popularized fully conv net (previously [LeCun ‘98, Farabet ’13])



CNNs: Encoder – Decoder networks
U-Net

• Ronneberger et al., U-net: Convolutional networks for biomedical 
image segmentation, MICCAI’15.
– Extended FCN decoder with more filters.
– Learns to up-sample and combine multi-scale features, not segmentations (unlike FCN).
– Original version uses only “valid” convolution (no padding), processing only real content.
– Often works better than FCN, with the trade-off of more expensive decoder.



CNNs: Encoder – Decoder networks:
Application to cardiac image segmentation

Convolution + RELU
Max pooling

Transposed convolution
Softmax Skip layers

Bai et al., JCMR, in press, 2018



• Fully connected networks (Long et al., 2015)
• Manual annotations of 4,872 subjects (QMUL/Oxford) with 93,128 

pixelwise annotated 2D images slices
• Divided into training/validation/test: 3,972/300/600

CNNs: Encoder – Decoder networks:
Application to cardiac image segmentation



SA, basal SA, mid-ventricular SA, apical

LA, 2 chamber LA, 4 chamber Bai et al., JCMR, in press, 2018



Extended Data Table 4: The di↵erence in clinical measures between automated segmentation and manual

segmentation, as well between segmentations by di↵erent human observers. The first column shows the
di↵erence between automated and manual segmentations on a test set of 600 subjects. The second to fourth columns
show the inter-observer variability, which is evaluated on a randomly selected set of 50 subjects, each being analysed
by three di↵erent human observers (O1, O2, O3) independently. The mean and standard deviation of the absolute
di↵erence and relative di↵erence are reported.

(a) Absolute di↵erence

Auto vs Man O1 vs O2 O2 vs O3 O3 vs O1

(n = 600) (n = 50) (n = 50) (n = 50)

LVEDV (mL) 6.1±5.3 6.1±4.4 8.8±4.8 4.8±3.1

LVESV (mL) 5.3±4.9 4.1±4.2 6.7±4.2 7.1±3.8

LVM (gram) 6.9±5.5 4.2±3.2 6.6±4.9 6.5±4.8

RVEDV (mL) 8.5±7.1 11.1±7.2 6.2±4.6 8.7±5.8

RVESV (mL) 7.2±6.8 15.6±7.8 6.6±5.5 11.7±6.9

(b) Relative di↵erence

Auto vs Man O1 vs O2 O2 vs O3 O3 vs O1

(n = 600) (n = 50) (n = 50) (n = 50)

LVEDV (%) 4.1±3.5 4.2±3.1 6.3±3.3 3.4±2.2

LVESV (%) 9.5±9.5 6.8±7.5 12.5±8.5 11.7±5.1

LVM (%) 8.3±7.6 4.4±3.3 6.0±3.7 6.7±4.6

RVEDV (%) 5.6±4.6 8.0±5.0 4.2±3.1 5.7±3.6

RVESV (%) 11.8±12.2 30.6±15.5 10.9±8.3 16.9±9.2

Extended Data Table 5: The Dice metric, mean contour distance (MCD) and Hausdor↵ distance (HD)

between automated segmentation and manual segmentation for long-axis images. The mean and standard
deviation are reported on a test set of 600 subjects.

Dice MCD (mm) HD (mm)

LA cavity (2Ch) 0.93±0.05 1.46±1.06 5.76±5.85

LA cavity (4Ch) 0.95±0.02 1.04±0.38 4.03±2.26

RA cavity (4Ch) 0.96±0.02 0.99±0.43 3.89±2.39

9

Evaluation of segmentation accuracy
Comparison to expert observers

ManualAutomated Bai et al., JCMR, in press, 2018

Computer performs as well as different expert o
bservers



CNNs: Encoder – Decoder networks
Application to super-resolution

plus
?

O. Oktay et al. MICCAI 2016
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CNNs: Encoder – Decoder networks
Application to image reconstruction

Schlemper et al. IEEE TMI 2017
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CNNs: Encoder – Decoder networks
Application to image reconstruction

Schlemper et al. IEEE TMI 2017

(a) 6x Undersampled      (b) CNN reconstruction (c) Ground Truth



More to come on Thursday!



Thank you


