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The reconstruction errors are then back propagated to update the generator weight while keeping the
RegNet parameters intact.

Discriminator D includes 8 convolution layers. After 8 convolution layers, two fully-connected (FC) layers
are included, of which first has 1024 outputs and last layer has a single output.

= Network Is trained using image patches derived from entire images. After each epoch, we calculated the
loss over all image patches for validation.

= it is observed (Fig. 1) that increasing the no of epochs reduces Wasserstein distance (as decay rate
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Task: To implement a GAN based auto-encoder network for low dose image
reconstruction and remove artifacts in CT images.
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Goal: To learn the latent feature maps, achieves more accurate, and visually

pleasing Image reconstructions. I Truth > | bec.omes smal?er). This indicates effectiveness of our RegNet loss introduced in WGAN-RegNet model.
g (”Dy o Objective function and Perceptual Loss:

Dataset x=LDCT (G) Discriminator

= 4250 patient abdomen quarter dose CT images collected from publicly available cancer ' S (D) o 'I[o ovcter:co_me theddltsilmllaélty, a sepatra(tje pebrc:aptl.,lal loss function is included in the feature space to
imaging archive (TCIA) and AAPM-Mayo Clinic Low Dose 2018 datasets for training and vectors _ | 2,(2) | X’ ©Ep e IMage detalls and represetisd as Do e ]
validation. " 1) z SO LregNet(D, G) = Ey [+ lIRegNet(fo(x)) - RegNet(NDCT)Z] (1)

= Among them, 3800 selected images are used to train encoder-decoder network and generate ey Where RegNet (f5(x)) Is a feature vector extractor, and d, W, and H stand for depth, width.
image manifolds in latent space. Rest are considered for testing purpose. Encoder Reconstructed - Our final loss function Is expressed as:

= During the training step, 10% of training data are employed as validation to monitor the 2 " Image min max Lwgan(D, G) + A Lgegnet(G)  (2)

L G D
i where A1 is a regularization term which controls the trade-off between RegNet perceptual loss

and WGAN adversarial loss

Loss

network performance and tuned the hyper parameters.
= All the CT images have a resolution of 512x512 pixels and a pixel size of 0.875x0.875 mm?2.
* Images with a different resolution are resampled to this resolution via bilinear interpolation.

Fig. 2: Framework overview: Auto-encoder architecture: Generator, Discriminator, and RegNet for
perceptual loss (1) EEG signals from multiple cortex locations classification.

5 . Results and Analysis
reprocessing Table I: Statistical Analysis (Mean + SD) of Image Quality Table Il: Quantitative results from
» Hounsfield unit (HU) calibration in CT DICOM images associated with different Models different model outputs
* Rescale using linear transformation (Y = info.RescaleSlope.*Y + Iinfo.Rescalelntercept) Evaluation Metrics |  Reference | TV{15] | FBPConvNet[26] |Wavelet-CNN [10]| Our Model Models PSNR | SSIM | RMSE
= Shift (-1000, Air) [to make all HU values in range (0,4000) or more than > 0] Artfact Reduction |-l 8£033 | 2162018 | 322£0.99 | 378001 | 418029
= VVoxel range adjustment (DICOM PixelSpacing, imresize) R [3855021 220003 | 327044 | 361024 | 40605 ||| TV [19] 4 | 0562 | 0.05%
= 512 x 512 image resize w.r.t to center pixel for Manifold learning Contrast Retention | —fone 20881244048 S4l+011 | 41705 | 4224002 | IFBPConvNet[26] 29.94 [ 0.865 | 0.0574
» Normalize Image R2 374091220011  3.380.15 382+0.39 | 4.19+0.16 RED-CNN [9] 30.82 0.892 0.0418
CeatUres NoieSupresion |- XL [S02066[ 29072 ] 3182000 | 3862063 | 3952072
R |370£004[ 2312035 | 326:064 | 365+003 | 408017 |||Wavelet-CNNJI0] [ 3351 | 0913 | 0.043
* Our network first maps CT images to low dimensional manifolds and then restore the images Over almge Qualty | R[S EVS 702 ] 3085 | 302041 | 423209 ||| Our Model 3706 | 0944 | 0.0092
from its corresponding manifold representations. R [397+047] 298004 ] 3054033 | 336027 |392+0.66
] T L L _ | que
To overcome the_ dissimilarity, a separate perceptual loss function is included to our network Future Direction:
for feature learning W d ke to extend del
= Our algorithm learns the latent feature maps (latent space) and achieves more accurate image € WOUIHIRE 10 extend our mode
. ~ to find the image similarity search on
reconstructions. ¢) NDCT (Ground Truth) ) Wavelet-CNN Model [10] g) RED-CNN [9] h) Our proposed Model latent space over huge clinical
Our contribution: 5 5 x10 Fig.3: Reconstruction comparison results on test samples. (a), (e) Ground truth; (b) Iterative total- . m{:lge daéasfh%tsi-f e rec 1 rec 2 rec 3 rec 4 rec s
Y S A—— —Training Set variation; (c) FBPConvNet; (d), (h) Our proposed method; f) Wavelet-CNN method; g) RED-CNN t 'Stca”t el €ip Ud'” '”t_'rl‘g eter
= Problem: X-ray Computed tomography-based scans —Validation Set | : - - - - ] reatment plans and spatial accuracy
expose a high radiation dose and lead to the risk of prostate 2 RN = method respectively. The CT images are displayed in a window (-210, 300] HU. In dose delivery for diagnosis and
or abdomen cancers. On the other hand, the low-dose CT Auto-Encoder Network: prognosis.
scan can reduce radiation exposure to the patient. But the n 1.9 1 . ' . .
e relitien dose dearases imeae ey fr e § Our model mcludes_, a scalable architecture with thre.e components. c T Ye :
perception, adversely affects the radiologist's diagnosis. 1 CNN generator includes 6 conv layers. Input CT image to generator passes through a stack of conv layers onciuding Lomments
H , th d of bett truction algorithm. with various receptive fields, 3x3 kernel followed by 2x2 max-pooling in each layer. L . . .
Aence h-eg,ieN bo ed ertrecons ;uc |orl agErtl ;n . 05| t _ o P _ _ Y p J _ Y _ Quantitative analysis shows that our auto-encoder model provides higher PSNR, SSIM, and better
- th%p(r:O'I??méges ased auto-encoder network to ae-noise - All hidden layers are equipped with ReLU, max (0, x) and applies thresholding on filter responses. statistical properties of denoised CT images relative to those of normal CT images.
= Plus: Significant gains in efficiency o ‘ A ) Network contains a pre-trained RegNet network (upper half in Fig. 2) and calculates perceptual Ipss for Experimental results on the clinical real images show that our proposed model not only removes
T Model orovides hiaher PSNR. SSIM. and bett 0 50 100 150 200 better image enhancement. The output manitold (z) from the generator and ground truth are fed into the sharp features effectively but also generates an image with increased contrast.
= MOodel provides higher N , and better Training Epoch RegNet pre-trained network for respective feature extraction.
statistical properties of denoised CT images relative to o _ _ _ _ " f f _
those of normal CT images. Fig. 1:Loss graphs of our model on dataset Objective loss function (in Eq. 2) is computed using the extracted features from previous 2 steps



http://www.uta.edu/
http://www.uta.edu/

