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U-NET training

• Basic structure of UNET is stated in [1]
• Due to lack of VRAM of the graphics card, the fowllowing proposed variants

can cope up with a rather small batch size for training

Propoased U-NET structure
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U-NET training

Sequential training stages:

• stage 1: Initialize a model and define a loss function

ŷ = model(x)

loss = ‖ŷ− ytrue‖2
(1)

• stage 2 : load model(stage 1) and change the loss function

ŷ = model(x),y ′ = model(ŷ)

loss = mean(‖ŷ− ytrue‖2 +
∥∥y ′− ytrue

∥∥
2
)

(2)

• stage 3: load model(stage 2) and change the loss function

ŷ = model(x),y ′ = model(ŷ), ỹ = model(ytrue)

loss = mean(‖ŷ− ytrue‖2 +
∥∥y ′− ytrue

∥∥
2
+‖ỹ− ytrue‖2)

(3)
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Relaxed Projected Gradient Descent

Algorithm 1: Relaxed Projected Gradient Descent
Input: backprojection operator H, backprojection operator HT , filtering operator A, noisy

measurement(sinogram) y, a pre-trained CNN model, stepsize γ > 0, positive sequence {cn}n≥1,
α ∈ [0,1).

k ← 0
x0 = Ay ∈ RN

while not converge do
zk = CNN(xk − γHTHxk + γHTy)
if k ≥ 1 then

if ‖zk −xk‖2 > ck ‖zk−1−xk−1‖2 then
αk = ck (‖zk−1−xk−1‖2 /‖αk−1‖zk −xk‖2)αk−1

else
αk = αk−1

end
end
xk+1 = (1−αk )xk +αk zk
k ← k + 1

end
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Artificial dataset[2]

Data formation
• Schepp-Logan Phantom from

MATLAB

• Adjusting the intensity value, center,
angle and lengths in x- and y -axis

• blurr with 2D spatial filter in size of 5
( 1

25 np.ones((5,5))

• Reconstruction w/o sinogram

• Not a meaningful experiment setup

Artificial Dataset Simulation
Avg. SNR Original CT: 9.55 dB

2layer 3layer 3layer & 2X
MSE 21.4 21.5 ...
MLSE 21.2 24.0 24.3

Table: Avg. SNR Reconstructed CT(dB)

2layer 3layer 3layer & 2X
MSE 11.9 12.0 ...
MLSE 11.7 14.4 14.8

Table: Avg. SNR increase(dB)
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AAPM Low Dose CT Image and Projection Data [4]

Case Study

• Patient: C002
• BodyPartExamined: Chest
• 278 slices Full dose CT images in size (512,512)
• Online DICOM viewer link
• First 200 slices for training and 20 slices for testing
• Carry out the experiment like Experiment 1. in [3]
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Experiment Setup & Hyper-parameter configuration

parameter quantity parameter quantity
UNET training
train samples 200 test samples 20
batch size(train) 5 batch size(test) 20
optimizer ADAM LR(stage 1) 1.0e-3
LR(stage 2) 1.0e-3 LR(stage 3) 1.0e-3
train epoch(1) 40 train epoch(2) 20
train epoch(3) 100 momemetum(BN) 0.99
RPGD for reconstruction obervation window 0 HU - 2621 HU
α 1.0 γ 1.0e-2
ck 0.5 # of iterations 24

Table: list of parameters

• Only 1b is used to train the netwotk. 1c causes "OOM" problem due to lack of VRAM.

• Neither noise nor read-out error is added.(Input image SNR = ∞)

• Recontruct CT images with differnet views of sinogram

• Confined observation window [0 HU, 2621 HU]

• Full result of reconstruction from 144 views sinogram link

• Full result of reconstruction from 45 views sinogram link

J. Jason Wang | Pattern Recognition Lab | Briefing December 7, 2020 6

https://drive.google.com/file/d/1kh7sSnz-1dJT50i5SadZsk0_mZ5hedGw/view?usp=sharing
https://drive.google.com/file/d/1Zhd8EnunIhDvkLJ56ERt1x1nq3pC1OfP/view?usp=sharing


Reconstruction from 144 views sinogram
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Reconstruction from 45 views sinogram
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Conclusion & Further works

• Atrificial dataset will not be used any more.
• RPGD method outperforms quite slightly in all cases, which is similar to the

result in [3].
• RPGD method has significant boost in image quality index when sinogram

with fewer views is used.
• I will try the dataset from you later, which consists of 18 patients, later in this

week
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