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Problem Statement

= Given a z-stack Z = {z}7_,, where z is the i*" slice in the stack from the top.

* The task is to reconstruct this z-stack, Z = {#}"_, such that 2; is the visually
enhanced slice compared to z;,V i=1,2,--- , n.
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Motivation

» Automated analysis requires high-quality imaging data in different domains [3, 7, 5]
* Live Cell Imaging is important to study plant development (Arabidopsis thaliana)

* Image quality degrades with deeper layers of the Shoot Apical Meristem stack [6]
> noisy, poor contrast, blurring, etc.

» Quality issues lead to disposal of painstakingly collected imaging data [2]
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Conceptual Overview

» Quantization in latent space can remove noise in image space [1].
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Figure: Conceptual Overview. Input image is projected on the latent space. The latent rep-
resentation of the image is quantized using k-means over the entire dataset [4]. The quantized
representation is used to reconstruct the image.
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Proposed Approach
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Proposed Architecture. Encoder E encodes input image to x;. RNN module R; generates
correlated codes for reconstruction (y;) and prediction ({yi+;}/=1). Quantizer module Q; quantize
the latent codes and Generator G reconstructs/predicts the images.
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Training Protocol

» Given a z-stack Z = {z}7_, our target is to reconstruct enhanced z-stack, Z.

» Encoder E generates the latent representation, x;.

= RNN R; generates correlated representations for slices y; and ({yi+;}7_1)
> Helps gather more information from consecutive slices

= Quantizer Q; learns a representative dictionary embedding using correlated codes.
> Helps gather more information from consecutive slices

= Generator G; reconstruct enhanced image using quantized latent codes.

» Framework is trained using loss given by,

Liotal = Lrec + Aq * Equant
Erec = ‘Cmse + /\ssim * Essim

L quant = quantization loss as in [4]
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Results with Quantization

Figure: Reconstruction Results. Original image (left) and Reconstructed image (right) with
corresponding zoomed parts are presented here.
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Results without Quantization

= Without quantization the reconstructed image is blurry.

= Typically using Mean Square loss smoothen the image in AE.

Figure: Reconstruction Results without quantization. Reconstructed image without quantiza-
tion (left) and Reconstructed image with quantization (right) with corresponding zoomed parts
are presented here.
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Thank You!

Code Available at: https://github.com/agupt013/enhancedRec
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