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Research Focus
WKU Math Department 

 Data Analytics

Computer Vision

Statistical Learning

Natural Language Processing

Risk analytics and strategic intelligence

Computational Fluid Dynamics

 WKU Center for Excellence in Data Analytics



Introduction
Machine Learning

 Help us to find out meaningful predictive patterns from large amount of complex
data.

 The benefits are outstanding, but it may not always succeed.

 The machine learning process is a bit tricky and challenging.



Introduction
Image Processing with Machine Learning

 Dealing with large amounts of images, to find needed information

 Manual annotation is very costly.

 Machine learning can do real wonders in the domain of image processing.



Convolutional Neural Networks
Most popular deep learning model CNNs are everywhere!

Ref: https://paperswithcode.com/sota/image-classification-on-imagenet



Problems
Most popular deep learning model SLOW COMPUTATION!

Refernece: Alfredo Canziani, Adam Paszke, Eugenio Culurciello, 2017



Talk Focus

Focus 1: Efficient Ensemble Sparse Convolutional Neural Networks with
Dynamic Batch Size

Focus 2: Deblur-YOLO: Real-Time Object Detection with Efficient Blind
Motion Deblurring

Focus 3: SAPNet: Segmentation-Aware Progressive Network for Single
Image Deraining



Focus 1
Efficient Ensemble Sparse Convolutional Neural Networks with Dynamic Batch Size

Refernece: Alfredo Canziani, Adam Paszke, Eugenio Culurciello, 2017

• Network Pruning & Convolutional accelerator

-> FFT Conv. (Mathieu, 2013)

-> Winograd Conv. Operation (Winograd, 1980; Lavin, 2015)

-> Pruning & Retraining （Liu, 2016)

-> Replace Conv. with Winograd Conv. Layers (Li, 2017）

-> Move ReLU into Winograd domain (Liu, 2018)

• Activation Functions (not in this pre.)



Batch Sizes

Large Batch Size: Generalization Gap ” (Krizhevsky, 2014)

Sharp Minima “ (Keskar, 2016)

Generalization Gap”: Insufficient updates (Hoffer, 2016)

Increasing the Learning Rate & Momentum (Smith, 2017)

Learning Rate Warm Up (Goyal, 2017)



Methodology
Our Solutions

Weighted Average 
Stacking + Network 
Pruning + Winograd-ReLU
Convolution + Dynamic 
Batch size Algorithm 



Methodology
Our Solutions



Model Development 



Experiments

AlexNet (krizhevsky, 2012)+ FASHION-MNIST (Xiao, 2017)



Experiments

AlexNet + FASHION-MNIST



Experiments

VGG (Simonyan, 2014) + CIFAR10 (Krizhevsky, 2009)



Experiments

VGG + CIFAR10



Experiments

ResNet (He, 2015) + CIFAR100 (Krizhevsky, 2009)



Experiments
ResNet + CIFAR100



Experiments
Kernel & Momentum Visualization



Findings
Efficient Ensemble Sparse Convolutional Neural Networks with Dynamic Batch Size

Efficient Convolutional Neural Network

Weighted Average Stacking

Winograd-ReLU Convolution + Pruning

Dynamic Batch Size 

 Increase learning rate

 Increase momentum coefficient

 Scale the batch size

Promising Results

Fashion-MNIST 1.55x & 2.66% 

CIFAR-10          2.86x & 1.37%

CIFAR-100        4.15x & 4.48%



Focus 2
Deblur-YOLO: Real-Time Object Detection with Efficient Blind Motion Deblurring

Object Detector are AWESOME!

Ren et.al. Faster R-CNN (2016) He et.al. Mask R-CNN (2018)



Problem
Real-Time Object Detection /Motion Deblurring

Real-World Situations ?

• Vehicle movement

• Camera Shake

• Poor Weather

Kupyn et.al. DeblurGANv2 (2019)



Problem…
Real-Time Object Detection /Motion Deblurring

Kupyn et.al. DeblurGANv2 (2019)

AWESOME” ONLY at Clean Images but  Suffer from Image Degradation



Existing Solutions

• Non-Blind Deblurring
• Unnatural l0 sparse representation (Xu, 2013)
• Edge-based kernel estimation + Patch priors (Sun, 2013)

• Blind Deblurring
• Non-uniform motion blur kernel estimation (Sun, 2015)
• Fourier coefficient of deconvolutional kernel (Chakrabarti, 2016)
• DeepDeblur (Nah, 2017), SRN-DeblurNet (Tao, 2018)
• DeblurGANv1&v2 (Kupyn, 2018&2019)



Problems
VERY SLOW => Unsuitable for real-world tasks



Our Solution

Deblur-YOLO Work Flow



Our Solution

Deblur-YOLO Generator Architecture



Our Solution

Deblur-YOLO Discriminator Architecture



Our Solution

Deblur-YOLO Loss Function



Experiments
Qualitative Result at Set5



Experiments
Qualitative Result at Set14



Experiments

Qualitative Result at 
COCO 2014



Experiments

Quantitative Results



Findings

Efficient, Detection-Driven, One-Stage 

Generator + Multi-Scale Discriminator + Detection Discriminator

Blind motion deblurring + Object Detection

Smooth Peak Signal-to-Noise Ratio (SPSNR)

Promising Results on COCO2014, Set5 and Set14

Deblur-YOLO



Focus 3

SAPNet: Segmentation-Aware Progressive Network for Single Image Deraining

• Rain: Severely Degrade High Level Vision Tasks

Li et.al. (2019)



Existing Solution

SAPNet: Segmentation-Aware Progressive Network for Single Image Deraining

• Traditional Deraining Methods (Before 2017)
• Image Decomposition (Kang, 2011)

• Sparse Representation (Luo, 2015)

• Gaussian Mixture Model (Li, 2016)

• Deep Deraining Learning Methods (After 2017)
• Convolutional Neural Network (Fu,2017; Yang,2017; Li,2018, Ren,2019; Jiang,2020)

• Generative Adversarial Network (Qian,2018; Li,2019)



Questions

• Is image restoration always beneficial for high-level vision tasks?

Probably NO!

• Low-Level + High-Level separately?

Restoration Outcome -> NOT directly helpful

• Joint Training? (Liu, 2017; Fan, 2018; Haris, 2018)

Expensive Annotations

(Haris, 2018; Pei, 2018; Li, 2019)



Our Solution
Model Architecture



Our Solution
Channel Residual Attention Block



Our Solution
Loss Function



Experiments
Ablation Study



Experiments
Synthetic Rain Images (Qualitative)



Experiments
Synthetic Rain Images (Quantitative)



Experiments
Real Rain Images (Qualitative)



Experiments
Real Rain Images (Quantitative)



Experiments
Detection & Segmentation (Qualitative)



Findings
SAPNet: Segmentation-Aware Progressive Network for Single Image Deraining

Segmentation-Aware Progressive Image Deraining Network

Channel Residual Attention Block 

Unsupervised Rain Streak Segmentation

Canny Edge Loss

State-of-the-art on Rain100L , Rain100H, Rain12

Beneficial for Detection and Segmentation
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