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Microfluidic-based microscopy platforms have been shown to be powerful technics for high
throughput single cell imaging and analysis [1]. Such tools are critical to automatically isolate
for instance, healthy from unhealthy cells. This was demonstrated in [2] where the feasibility
of sorting steady single cells was obtained with sub resolved images, by using textural features.
A noise, specific to microfluidic, not studied in [2], is the blur caused by the displacement of
the cell during image acquisition. Here, we extend the work of [2] by adding such blur and we
study the motion-blur influence on image quality and on the performance of cell classification;
this is investigated for various cell velocities.

Realistic widefield microscopy simulated image sets with two resolutions are used in this study.
Resolutions are defined by modifying the objective lens parameters used to compute the PSFs
(see table 1). Motion-blur is simulated as a convolutional kernel applied to YZ image planes,
where its size depends on the cell velocity ranging from 10 to 60 pum/sec. The deblurring of the
images is proposed with two standard and complementary approaches: (i) classical
deconvolution with Lucy-Richardson (LR) algorithm, well suited in this situation where the
PSF of the microscope is known, (ii) pixel to pixel deep learning-based CARE algorithm [3].
For both denoising methods, hyperparameters, such as the deconvolution iterations number for
LR and the trained model architecture for CARE were optimized. Finally, we used textural
feature spaces (LBP, GLCM and scattering transform) and SVM classifier for cell classification
similarly to the approach of [2].
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resolutions and cell velocities. Concerning cell classification and as illustrated in table 1, CARE
allows the enhancement of low-resolution image classification by comparison to LR. However,
the impact of the microfluidic noise on higher image resolution is negligible where
classification is even better for non-denoised images. In conclusion, motion-blur effect brought
by the micro-fluidic could be reduced by applying post-processing based on deep learning
denoising or by carefully pre-selecting the objective lens for the acquisition.
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