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ABSTRACT 
 
Convolutional neuron network (CNN), as a category of machine learning techniques, is used to enhance the quality of 
microscopic imaging. For this project, a network is designed for enhancing the image quality of human tissue pictures. The 
objective neuron network can enhance the image quality by increasing the image sharpness and adding in more details to the 
pixelated input images. Network also creatively uses “Hour-Glass” model and “Convoluted Feature loss” function to 
maximize performance and speed. 
 
General Background Information 
 

A big problem encountered by concurrent 
microscopic imaging technique is the lack of high-quality 
images. The motion blur of images due to fast cell flow, 
the low-resolution image output due to limitation of 
sensor size and insufficient light intensity due to 
compromises made with the choice of excitation beam 
frequency can cast problems to the later steps of data 
analysis. The accuracy of flow cytometry, cell 
classification and other research objectives will 
dramatically decrease if certain resolution standard is not 
met. In response to this problem, this project introduces a 
machine-learning based image quality enhancing 
algorithm to enhance the quality of the microscopic 
images. 

Machine learning is a statistical data analysis 
technique which can automate model building and model 
fitting. A typical machine learning procedure requires 
training data collection, model framework design, model 
training and model prediction. In this specific project, 
convolutional neuron network is the key component of 
the model framework.  

Convolutional Neuron Network (CNN), as 
suggested by name, is a bionic-inspired network design 
specializing in image processing and computer vision. 
The fundamentals of convolutional neuron network are 
not different from those of mathematical convolution 
operation. Nevertheless, more than convolving digits, the 
framework parameterizes the convolution matrices to 
adjacent image pixel information to form convolutional 
layers. Hidden layers are then formed by stacking 
multiple convolutional layers together. In this way, non-
linear statistical connections are made among pixels in the 
image subjective to researchers’ interest. Over training, 
the network can be optimized to find a certain pattern 
within the given training data base. With the pattern 
established, the model can be then applied to new input 
images to introduce desired change to the input. 

For this project, a desired model should be able to 
increase the image resolution as well as its sharpness and 
finally, able to increase the accuracy the later sorting 
algorithm. The objectives of the project can be achieved 
in 6 steps:  

 
- Basic Statistical image processing algorithm 

design 
- Tissue Data set construction 
- Deep Learning Model Design 

- Loss Function Design 
- Model training 
- Parameter Adjustment 

 
Statistical Image Processing algorithm 
 

Signal noise cancellation and enhancing the 
signal from primary data are usually the very first steps of 
any data processing processes. For the specific purpose of 
flow cytometry and high-speed microscopic imaging, a 
high-pass filtration was performed on the acquired 
images. The cut-off signal intensity was determined by 
manually collecting the cell image signal intensity and its 
percentile. In this way, all the non-cell pixels will be 
dimmed. On top of that, the algorithm will then normalize 
the signal, which can most of times increase the 
brightness and contrast of the image as shown in figure 1. 

 

 
Figure 1 

Pre and post Signal noise cancellation and normalization 
 
Besides the most basic signal filtering and noise 

reduction, there are two most prevalent ways to increase 
the image digital resolution. 

 
Algorithmic Enhancement: 

In this algorithm, the resized image can be 
achieved by resizing each pixel. For instance, to obtain an 
image that is 2 times of its original size, each pixel in the 
image needs to be expanded to 2 times of their original 
sizes. The process can be visualized in figure 2. 

 
Figure 2 



 
Bicubic Enhancement:  

In this algorithm, when an image is resized, the 
algorithm takes the average value of the 2 adjacent pixels 
to generate the pixel in between. A visualization of this 
process is shown in figure 3 

 
Figure 3 

 
Tissue Dataset Construction 
 

To train model to best fit the future input images, 
the dataset with the best representation must be found. In 
this case, the training dataset must satisfy a few 
requirements. First, the dataset must be acquired from 
open-source repositories. For this experiment, the image 
data was acquired from open source image databases 
including Google image, Bing image, ImageNet and 
Baidu image. The image acquisition process is completed 
automatically using an internet crawler algorithm which 
generate URL batches for download. Second, the dataset 
must be well classified. For this experiment, as the 
objective is to increase the resolution of microscopic 
images of cells and tissues, the whole database is 
consisted of pictures of human cells and tissues. To 
achieve the accuracy of classification, not only the 
keywords inputted to the search engine has been 
scrutinized, the downloaded pictures were as well all 
manually checked to make sure they belong to the same 
valid category. After the acquisition and quality check of 
the check, one more crucial step for data pre-processing is 
to reshape the data. To be able to feed the data into the 
neuron network, we need to reshape the image data to 
array-lists with certain dimensions. 

Figure 4 
Sample pictures from dataset HRLR300 Human Tissue dataset 

 

 
 
Model Design 
 

As convolution layers are predominant 
components of the network, the most paramount 
parameters of the networks are the parameters in the 
convolutional layers. With that acknowledged, the rest 
part of the research is about try-and-error. In the research, 
we tried different network design with convolutional 
layers with different number of filters and different 
convolutional kernel sizes. Among all the models that 
have been tried, some are well-known models mentioned 
in various research papers that are said to be 
advantageous in performance. We tabulated the speed and 
accuracy comparison of the models in the appendix. 
Besides convolutional layers, another essential 
component of the model is the activation functions. 
During our modelling processing, we tried the 
combination of different activation functions and ended 
up using “Relu” activation function for the middle layers 
and “arctan” activation function for the output. This way, 
we can effectively add in variations to the model without 
overfitting. What has been determined by experimental 
trials is a model combining the advantages of various 
image super-resolution network models. We name our 
model “Hour-Glass” model, which is a model consisted 
of decreasing number of filters and olive-shape 
distributed sizes of convolution kernels. The advantage, 
which will be parameterized later, of this model can be 
concluded by high-speed as well as high performance. 

Figure 5 
Some other Neuron Network structures that are claimed to have 

good performance 
 
 
 
 
 
 
 
 
 
 
 
 
 



 
 
Loss function Design 
 

For the model to be optimized after generations 
and generations of training, a function is needed to 
evaluate the level of optimization of the model by looking 
at the predicted values of the model and the real values of 
the model. This function is known as the loss function. At 
the same time, the function that works along the lost 
function to correlate the numerical lost and overwrite of 
the parameters in the model is called the optimizer 
function. For this project, the most commonly used 
optimizer “Adam” is used. But for the lost function, I 
tried different lost function including the mean-squared-
error (MSE) lost function (Formula shown in Figure 7)  

Figure 7 
 

and a customized lost function, the convoluted-feature-
map-loss function (Shown in Figure 8). As a result, the 
convolutional-feature-map-loss function yields marginal 
increase of performance while the mean-squared-error 
function is faster. 
 

 
Figure 8 

convoluted-feature-map-loss function 
 
Result and Comparison: 
 

After applying the trained model to the test 
images with low resolution, a predicted high-resolution 
image is generated and compared to the original picture. 
(Figure 9) 

 
 

 
 
 
Figure 9 

 
 

As we can see from the sample output, the 
output image, compare to the original picture, is less 
pixelated with more details around the edges. 
(Comparison shown in figure 10) Most Importantly, we 
notice that the network can add some details that do not 
exist to the output image. Most of the times, the added 
information can well correspond to the output image. The 
output image is sharper, containing more details and 
sometimes with higher contrast. 

Figure 10 
 

Speed wise, the Bottleneck network structure is 
one of the fastest networks when it comes to the image 
super-resolution. With that said, when compared to the 
Hour-Glass model, it is still slower with higher RAM 
consumption as shown in table 11. 

 

 
Table 11 

Speed and RAM usage Comparison 
 

However, it is undeniable that both models can 
achieve real-time image(video) quality enhancement as 
the frames count per second for both models are larger 
than 100 even with 5 or more hidden convolution units. 
This is to say, both networks can be theoretically used as 
real-time video quality enhancement tools. 
 
 
 



Future Research Plan 
 

The next step of the research is to continue 
optimize the model. The focus of optimization will be 
about the neuron network and the loss function. For the 
neuron network, different activation functions should be 
tried and compared as well as different hidden layer 
counts. Theoretically, assuming nearly identical 
performance, model is more optimized with less hidden 
layers since more hidden layers are corresponded to 
heavier RAM consumption and longer calculation time. 
As for the loss function, it is necessary to try and compare 
mean-absolute-error loss function and its derivatives to 
see if linear loss functions can increase the sharpness of 
the image more. Another important thing to work on 
based on this neuron network is to build user interface for 
training, prediction and model optimization. 

In a long run, the model should be redesigned to 
be capable of 3-dimensional image quality enhancement 
and most importantly, the enhanced images should 
theoretically have higher object classification accuracy.  
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Appendix: 

 

Optica CNN Training Time Using Bottleneck Neuron Network structure 

The time cannot be directly compared to our experimental result because the devices used were different. 

 

Specifications for the Machine used for Neuron Network Training: 

 

 

Part of the Code in R:  

(Full Project Code available on GitHub: https://github.com/Broccolito/CNNTissueSR) 

 

 

 

 

 

 

CPU: Intel Xeon E5-2660 16 
Core

RAM: 16GB DDR3

GPU: NVIDIA Quadro P2000

VRAM: 5GB (5120MB) DDR5

Default Batch Size: 10

https://github.com/Broccolito/CNNTissueSR


Model Definition: 

 

 

Loss function: 
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