
BRNO UNIVERSITY OF TECHNOLOGY
VYSOKÉ UČENÍ TECHNICKÉ V BRNĚ

FACULTY OF ELECTRICAL ENGINEERING AND
COMMUNICATION
FAKULTA ELEKTROTECHNIKY
A KOMUNIKAČNÍCH TECHNOLOGIÍ

DEPARTMENT OF BIOMEDICAL ENGINEERING
ÚSTAV BIOMEDICÍNSKÉHO INŽENÝRSTVÍ

DENOISING OF IMAGES FROM ELECTRON MICROSCOPE
ODSTRANĚNÍ ŠUMU Z OBRAZŮ KALIBRAČNÍCH VZORKŮ ZÍSKANÝCH ELEKTRONOVÝM
MIKROSKOPEM

MASTER'S THESIS
DIPLOMOVÁ PRÁCE

AUTHOR
AUTOR PRÁCE

Bc. Zbyněk Holub

SUPERVISOR
VEDOUCÍ PRÁCE

Ing. Jan Odstrčilík, Ph.D.

BRNO 2017



Faculty of Electrical Engineering and Communication, Brno University of Technology / Technická 3058/10 / 616 00 / Brno

Master's Thesis
Master's study field Biomedical Engineering and Bioinformatics

Department of Biomedical Engineering
Student: Bc. Zbyněk Holub ID: 155576
Year of
study: 2 Academic year: 2016/17

TITLE OF THESIS:

Denoising of Images from Electron Microscope

INSTRUCTION:

1) Perform an literature study related to methods of image denoising. Study the type of noise and its properties in
CCD and CMOS chips. 2) Design an optimal method for image denoising and discuss its influence on acquisition
parameters of electron microscope. 3) Define a way how to evaluate results. 4) Perform image acquisitions in
cooperation with FEI Czech Republic s.r.o. 5) Test methods on model data and real data. 6) Discuss the results
and evaluate the effectivity and usability of methods.
This diploma thesis is in cooperation with company FEI Czech Republic s.r.o.

RECOMMENDED LITERATURE:

[1]  JAN,  J.  Medical  Image  Processing,  Reconstruction  and  Restoration  -  Concepts  and  Methods.  Signal
Processing and Comm. Signal Processing and Comm. Boca Raton, FL, USA: CRC Press, Taylor and Francis
Group, 2006. 760 s. ISBN: 0-8247-5849- 8.

[2] YAN, J., LU, W.S. Image Denoising by Generalized Total Variation Regularization and Least Squares Fidelity,
Journal Multidimensional Systems and Signal processing, Vol 26, Issue 1, January 2015, pages 243-266.

Date of project
specification: 6.2.2017 Deadline for submission: 19.5.2017

Leader:     Ing. Jan Odstrčilík, Ph.D.
Consultant:     Ing. Miloš Malínský, Ph.D.

 prof. Ing. Ivo Provazník, Ph.D.
Subject Council chairman

WARNING:
The author of the Master's Thesis claims that by creating this thesis he/she did not infringe the rights of third persons and the personal and/or
property  rights of  third persons were not  subjected to derogatory treatment.  The author  is  fully  aware of  the legal  consequences of  an
infringement of provisions as per Section 11 and following of Act No 121/2000 Coll.  on copyright and rights related to copyright and on
amendments to some other laws (the Copyright Act) in the wording of subsequent directives including the possible criminal consequences as
resulting from provisions of Part 2, Chapter VI, Article 4 of Criminal Code 40/2009 Coll.



 

 

 

Abstract 

This master’s thesis is focused on the image denoising of images acquired by transmission 

electron microscope. Thesis describes principles of TEM image digitizing. It also describes the 

types of noises, which are the unwanted part of final image and they can damage it. Therefore, 

filtration methods based on total variation minimizing were chosen and used for TEM image 

denoising in this thesis. Non-local means filter, chosen for filtration quality comparison, 

because nowadays this filter is the-state-of-art in denoising methods. Filters were tested on 

artificially noised images by Gaussian and Poisson noise and also on images from TEM 

microscope. TEM images were acquired with different electron dose and with different binning. 

The results of filtration quality are rated by these benchmarks – SNR, PSNR and SSIM. All 

obtained results are shown in figures and they are discussed in the practical part. 

 

Key words 

Transmission electron microscope, TEM, Image Denoising, CCD, CMOS, Total 

Variation, Non-local means. 

 

Abstrakt 

Tato Diplomová práce je zaměřena na odstranění šumu ze snímků získaných 

pomocí Transmisního elektronového mikroskopu. V práci jsou popsány principy digitalizace 

výsledných snímků a popis jednotlivých šumových složek, které vznikají při digitalizaci 

snímků. Tyto nechtěné složky ovlivňují kvalitu výsledného snímku. Proto byly vybrány 

filtrační metody založené na minimalizaci totální variace, jejichž principy jsou v této práci 

popsány. Jako referenční filtrační metoda byla vybrána filtrace pomocí Non-local means filtru. 

Tento filtr byl vybrán, jelikož v dnešní dobře patří mezi nejvíce využívané metody, které mají 

vysokou účinnost. Pro objektivní hodnocení kvality filtrací byly použity tyto hodnotící kritéria 

– SNR, PSNR a SSIM. V závěru této práce, jsou všechny získané výsledky zobrazeny a jsou 

diskutovány účinnosti jednotlivých filtrační metod. 

Klíčová slova 

Transmisní elektronový mikroskop, TEM, Filtrace obrazu, CCD, CMOS, Totální Variace, Non-

local means. 
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Introduction 

Nowadays, the Transmission electron microscope (TEM) is used a lot in scientific sectors. 

For example, in engineering industry TEM is used for information obtaining about materials, 

their quality rating, determining their chemical composition and substance structure[1]. The 

TEMs are broadly used for a biological application, where the researched structures of the 

proteins, viruses, bacteria, cells are researched and from this information it can be computed 

and modelled 3D structures[33]. As biological specimens are organic and very sensitive to the 

electron beam, they must be acquired in low-dose conditions. When the dose is used in the same 

way as for an inorganic material, the sample is highly probable to be destroyed. But in biological 

applications it could be a big problem or complication with low dose application, because low 

number of electrons is used and then acquired images are corrupted by the noise [33][54]. It is 

unwanted component of signal, which worsens contrast and spatial resolution in an image and 

thus remove sample details [54]. To compensate the noise in the image processing based on 

image filtering can be used. The filters must denoise the and keep the edges of image structures 

and details sharp.  

This master’s thesis describes, how images from TEM are acquired, principles and 

structures of CCD, CMOS and direct detection devices (DDD). Each of these sensors is a source 

of the noises, which are described in section 3.2. This section also describes how the noise can 

be suppressed by sensor construction. However, there is still some remaining noise, produced 

by electron iterations with layer on DDD or with scintillator on CCD and CMOS, which can 

affect the image. This noise is obtained in final image and can be suppressed by post processing.  

The main aim of this thesis are image filters which are based on the total variation 

minimizations. These filtration methods are computed by differential equations[40][41]. First 

filter is called PDE filter which is computed by partial differential equations by Euler-Lagrange 

method, section 4.2. The next two TV filter are computed by split Bregman iterations, when 

total variation and noise model are separated to subproblems. For Gaussian noise filter is used 

ROF model, which was described by Rudin, Osher and Fatemy, section 4.3. Next filtration 

method uses noise model, which is described by Poisson distribution, section 4.3. Total 

variation filters are compared to non-local mean filter, which has very good results of filtered 

images, when noise is suppressed and edges are still sharp [34][45]. 

Because quality of acquired image depends on the acquisition parameters, hence these 

parameters are described too. It is shown how these parameters affect image and which type of 

noise occurs in image[51][52]. This is described in practical section 6.2, where are results of 

tested filters for image denoising. The filters were tested on Lena image corrupted by Gaussian 
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and Poisson noise and were further used real images from TEM, which were acquired with 

changing exposure time, changing dose rate and with the different binning mode. Signal to 

Noise Ratio (SNR) were chosen for result rating, Peak Signal to Noise Ratio (PSNR) and 

Structural SIMilarity (SIM) quality mark for Lena images was added, which can be used only 

when original image (“ideal image without noise”) is known [39]. At the end of this thesis 

filtration results are described, their qualities are rated and discussed if they are appropriate for 

denoising of images from TEM. 
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1  Electron microscope  

The Transmission Electron Microscope (TEM) is the special kind of microscope, which 

uses electrons source for imaging. This is the main difference between electron microscope and 

classical optical microscope, which uses visible or ultraviolet light. The electrons are very small 

particles (smaller than 0,1 nm) and it gives more options to achieved higher resolution. With 

optical microscope, we can’t achieve the same resolution as with electron microscope, because 

visible light spectra of wave length 300 – 800nm occurs diffract light. The resolution of optical 

microscope is given by Rayleigh’s criterion, which describes resolution between two objects. 

This criterion depended on radius of aperture and wave length. The electron microscope is 

technologically more complex than optical microscope, because electrons must be affected by 

electromagnetic lenses. Inside the microscope tube there must be vacuum, because in vacuum 

there are not air particles and electrons can’t interact with them. These interactions can cause 

incoherence of electron source. [1] 

Electrons are forced out from electron gun by thermal emission on cathode. Cathode can 

be made from tungsten filament, LaB6 filament, etc. and must be heated to high temperature  

(1650 – 3400°C). Cathode has typical voltage -100 to -300 kV and anode has 0V. The voltage 

causes, that electrons are accelerated into the microscopes tube, where the electrons source is 

influenced by electromagnetic lenses and brought on specimen and on sensor. In low dose 

applications electrons current is about nA to hundreds pA. When this current is low, so it causes, 

that signal to noise ratio is small and in the final image obtains a lot of noise. [2] 

Electromagnetic lenses are used to influence the electron beam. Focus and brightness of 

specimen can be changed by these lenses. Electrons are deflected and focused so that plane, 

where is the specimen, is focused to fluorescent layer or to sensor where is shown sharp image 

of specimen. Therefore, monochromatic and coherences electron source is required, which 

causes, that every single electron will be affected in the same way by electromagnetic lens. The 

similarity between electron and optical lens is shown in Figure 1.1 [1] 
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Figure 1.1 Themes of principles electromagnetic lens and classic optical lens. [3] 

1.1 Image creation 

The image is created by electron beam, which passed through specimen. Condenser lens 

is used for homogenous irradiance. The number of electrons which hit the sample is regulated 

by this lens. When electron beam is focused by condenser lens, the specimen is hit by each 

electron. When the electron beam is defocused, some electrons miss the specimen and final 

image will be darker with the same exposure time. Condenser lens is created by one or two 

electromagnetic lenses. It is most powerful lens in the whole microscope.  Behind the specimen 

is the objective. This lens has the shortest focus of the whole microscope. It is the place where 

enlargement of specimen by one lens is the biggest, it is about ~ 100x. Next, the electron beam 

is imaged by projective lenses. This is the system of electromagnetic lenses, where the image 

is magnified 106x and the next electron beam is directed on fluorescent screen, where user can 

see enlarged image or image can be captured by CCD, CMOS or DDD camera. Electron beam 

can be directed on CCD and CMOS sensors, where it hits scintillator and produces photons 

which are captured by silicon array. The next option is direct detector devices (DDD). DDD is 

a sensor, where there is not scintillator, but signal is created directly on sensor, where is very 

thin layer for charge creation and electrons are coupled in each pixel directly. When the image 

is captured, next we can use computer, where image can be processed (filtering, segmentation, 

coloring...). [1][2] 
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2 CCD and CMOS sensors 

When we want to view image in computer and process it, so an analog signal must be 

digitized. CCD (charge coupled device) and CMOS (Complementary metal oxide 

semiconductor) are used for this conversion. These sensors convert photons into the charge in 

pixels and next send them into analog/digital converter, where each charge get digital value, 

which represent digital signal. Result of this process is shown on monitor as final image. These 

technologies, CCD and CMOS, have advantages and disadvantages, but they are good choice 

for capturing image by TEM. These technologies are described in next sections.  

2.1 Photoelectric effect  

It is physical effect which describes releasing of electrons from electron shell, when the 

photons hit metal material. This process is called photo emission and the electrons, which are 

released from the electron shell are called photoelectrons. Silicon is used in CCD and CMOS 

sensors, because this metal doesn’t need high photon’s energy as iron for example. The 

photoelectric effect is shown in the Figure 2.1 and Figure 2.2. This effect occurs, when photon 

gives all own energy to electron in electron shell. Part of this energy is used to release electron 

from shell, tagged as W, and rest of energy is the kinetic energy of released photoelectron, 

tagged as Ek. This is described by Einstein’s equation (2.1) of energy conservation, where h is 

the Planck’s constant and f is the frequency of photons electromagnetic waves.  [4] 

ℎ𝑓 = 𝑊 + 𝐸𝑘 (2.1) 

 

External photoelectric effect proceeds on surface of material. Photoelectrons which are 

released from surface shell are emitted around the radiated material.  

Internal photoelectric effect proceeds inside of radiated material. Photoelectrons aren’t 

radiated around the material, but they stay in valence layer, where there is increased 

conductivity of material. This is used in CCD and CMOS sensors, where there are radiated 

semiconductors from silicon and this effect creates charge on PN junction.  [4][5] 
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Figure 2.1 Theme of the photoelectric effect [4] 

Photoelectric effect produced photoelectrons when wave length of light in short and 

photons have the biggest energy. Frequency of these photons is very high and if value of this 

frequency is substituted into equation (2.1), where h is Planck’s constant and f is frequency of 

electromagnetic wave, so result is energy of hitting photon. Every material has own limit of 

electromagnetic waves, therefore different energies for creation photoelectron is needed. 

Radiated energy is described by equation (2.2), where f0 is frequency limit. From this equation, 

we can see, that conversion between photons and photoelectrons isn’t dependent on light 

intensity. [4][5] 

ℎ𝑓 = ℎ𝑓0 + 𝐸 (2.2) 

 

Figure 2.2 Photoelectric effect on the silicon plate on the CCD sensor.[6]  

2.2 CCD sensor 

The CCD sensor (Charge-Coupled Device) is an electrical device, which is used for 

converting light to electrical charge and next, the charge is converted to digital signal (final 

image). It contains pixels, which are arranged in matrix. The pixel is the smallest active area, 

where the charge can be created, when one pixel is one point in final image on display. In the 

past CCD sensors had only 100x100 pixels, but nowadays CCD sensors have more than one 
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megapixels. Each pixel is potential well, with silicon layer on the top. When a pixel is radiated 

by light, so charge is released from silicon layer, which is saved in potential well. Here are 

cumulated charges for the whole exposure time, when cumulated charge in each pixel is result 

of photons cumulation. After exposure charge from pixels is read out from sensor and it is sent 

into analog/digital converter and to computer. [7][8] 

Construction of CCD sensor 

Full Frame (FF), this is a sensor, which has radiated a whole area during the exposure,  

Figure 2.3. Mechanical shutter must be used for image capturing, which is used for exposure 

time control. After the exposure of scene shutter is closed and the charge is read out from sensor 

row by row. If charge is read out and shutter is up, so new charge is imputed to charge which 

is read out and final image is blurred. This type of sensor has big fill – factor, because whole 

area is used for capturing image, this is the main advantage of this sensor.  [7][8] 

Frame Transfer(FT), this sensor is made from two areas, Figure 2.3. First area is the 

same as an area on full frame sensor, where charge is captured during exposure time. Second 

area is opaque memory layer, where charge is saved after exposure and it causes that pixels are 

ready for next exposure. Saved charge in memory layer is read out like from full frame type, 

row by row. Mechanical shutter for short exposure time capturing isn’t necessary to use, 

because charge is quickly sent to memory, it is called electrical shutter. But for long exposure 

time mechanical shutter must be used. This sensor type has the same active area size as full 

frame sensors, fill factor is the same, but the size of whole sensor is twice bigger, because 

memory opaque area has the same size as active area. This is disadvantage, because this sensor 

use needs more space in devices. [7][8] 

Interline Transfer (IT), this type of sensor uses the same principle as frame transfer 

sensor. It has active and opaque memory areas, where charge from pixels is saved, but there, 

memory areas are near to each pixel. This is the difference between frame transfer and inter 

transfer sensors, which is shown in the Figure 2.3. Every even column in matrix is opaque 

memory area, where charge from every odd column where are pixels saved. This sensor doesn’t 

need mechanical shutter, because reading out from pixels is very quick. It has electrical shutter 

and it can be used for fast frame capturing, hence can be observed fast changes on specimen. 

Fill factor is small, active area is only 20% of the whole sensor. For fill factor enlargement, 

micro lenses are used, which are in front of each pixel and they are focused on every pixel and 

photons are directed on active areas. [7][8] 
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Figure 2.3 Types of read out principles from the CCD sensor, a) full-frame, b) frame transfer, c) inter 

transfer.[7] 

Capturing image on CCD in TEM  

Image in the TEM is created by electrons and image on CCD sensor is created by photons, 

hence electrons must be converted to photons. This is realized by a scintillation crystal. It is the 

crystal, where electrons lose their energy which is radiated as light. Intensity of this light is 

dependent on number of electrons which are not absorbed or deflected from their trajectory. 

Absorption and deflection causes, that number of electrons is lower. The rest of electrons hit 

crystal therefore intensity of radiated light is very small. If specimen absorbs electrons less, the 

beam behind specimen has a lot of electrons. It causes more interacts in the crystal and intensity 

of emitted light is high. Light radiated from one point lightning in all direction and can influence 

more pixels, not only the pixel under this point. Fiber optics array is used to suppress this effect, 

which is between scintillator and CCD sensor and transfer great direction shining light from 

crystal to CCD pixels. Light with bad direction is suppressed and final image has worse contrast 

or worse final resolution. Higher electron beam is used to correct these effects, but this 

correction is not good at biological applications, where the strongest electron can destroy 

specimen. This is the reason, why it is better to use direct detector devices for these applications. 

[1] 

Quantum efficiency of CCD  

Every CCD sensor convert photons with different wave length to photoelectrons, but 

electron with any wave length can make more charge than other electrons. This is called 

quantum efficiency and it is described by %. Electron with shorter wave length has more energy 

than electron with longer one, but there is not valid law when electron has more energy, it is 

more effective. CCD’s active area is made from silicon. Quantum efficiency of this material is 

shown in the Figure 2.4,  where we can see that electrons of more energy don’t have great 

quantum efficiency, the same result is for electrons with low energy. These electrons can’t 

release electrons in valence shell of used material. For example, when 10 photons of 450nm 
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wave length are converted to charge from 100 photons, quantum efficiency of this sensor for 

this wave length is 10%. Quantum efficiency of sensor is described by plot of efficiency. [7][9] 

 

Figure 2.4 Light spectrum and quantum efficiency of some CCD types.[9]  

Blooming 

When pixel is radiated by light of high intensity and pixel is fully saturated, so charge 

from this pixel can overflow to adjacent pixel. Adjacent pixels can be saturated too and 

overflowing is repeated. This process is called blooming. Result of overflow is shown in the 

Figure 2.5, where we can see, that a lot of information from scene is lost. The capacity of pixels 

is called as dynamic range. It describes the number of electrons which can be hold in one pixel. 

It can be improved by faster reading out, when the pixels don’t have much time to fully saturate. 

When 8-bits coding is used, maximal value of brightness should be 255 and pixels with this 

value are fully saturated.[10]  

 

Figure 2.5 Example of blooming. [11] 
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The signal causes by blooming can be considered as impulse noise. Therefore, the charge 

is drained away from each pixel to reduce the effect saturation, which destroys final image and 

information can be lost. Transfer function of this sensor will be linear, but spectral sensitivity 

cut down. This reduction is important so that information in image is not lost.[7]  

 

2.3 CMOS sensor 

CMOS sensor (Complementary metal oxide semiconductor) works on similar principle 

as CCD. It converts photon flow to photoelectrons, but difference between CCD and CMOS is 

in sensor technology. From CCD sensor pixels are read out row by row, but from CMOS sensor 

every pixel is read out one by one and this give other opportunities, how sensor can be used. 

[12] 

Construction of CMOS sensor 

As CCD, CMOS is the matrix with pixels, which has light sensitive area made from 

silicon. In this area photos are converted to photoelectrons. This light sensitive area has 

adjoining basic microprocessor system from transistors, which processes charge from pixel 

immediately after exposure. These components, active area and microprocessor, create one 

pixel of sensor. The big advantage is, that position of each pixel in matrix is known, therefore 

image can be read out and displayed faster. This sensor type uses lower voltage than CCD 

sensor, therefore it is a good choice to use them in portable devices.[8][13]  

Basic pixel’s architecture stays on three transistors and one photodiode. One of these 

transistors is for charging of diode, next is for signal capture and the last one gives pixel position 

information about row, where pixels are connected. When the scene is acquired, the pixel row 

can be selected by user, which will be read out and which not. [8] 

 

Figure 2.6 Structure of CMOS sensor.[14] 
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Transistors in pixels affect their active areas a lot. When CMOS sensor’s active area is 

compared to CCD’s active area, so here is a big difference between them. CCD full frame sensor 

has a very big fill factor, but CMOS’s pixels have active area adjoined with microprocessor and 

it causes that fill factor of CMOS is small. It is shown in the Figure 2.6. By production 

technology lithography fill factor is increased and size of each pixel can be 0.35, 0.25 till 0.18 

µm. Microlenses, which are added on the top of pixel, are used for the fill factor improving, 

and they focus light to pixel’s active area and light intensity isn’t lost.  [8][12][14] 

Capturing image on CMOS in TEM 

It is similar to CCD sensors, firstly electron beam must be converted to photons. It is done 

by scintillator crystal, where low number of electrons has minimum interacts with crystal and 

radiated light is weak. In contrast, a lot of electrons have more interaction and they produce 

more photons. After this conversion light is brought on CMOS sensor by fiber optic matrix or 

by system of lenses, which are between scintillator and sensor. When active area is radiated, 

charge is captured in potential hole and after it is read out. CMOS system can be used for 

electron direct detection in biological applications, because low dose acquiring by electron 

current about [pA] is needed. This system is appropriate for direct detection, because it has 

higher speed of voltages reading out. Direct detection devices are described in the section 

2.4.[1][2][14]  

CMOS spectral response  

CMOS active area is made from silicon as CCD, therefore spectral response of these two 

sensors is very similar. Effectivity of conversion is dependent on light wave length and fill 

factor of used chip, because when photons hit light non-sensitive area, so they can’t be 

converted to charge. Response of CMOS pixels is a little bit higher than CCD pixels, because 

fill factor of CMOS chip is smaller, not every photon hits silicon, hence we need easier 

conversion photons to charge. Active area of CMOS can convert photon with wave length from 

300 to 830nm, with similar quantum efficiency as CCDs. Also, lightning back side of sensor 

can be used. This method allows lighting by infrared or UV, because charge is easier converted 

and sensor has higher sensitivity. CMOS spectral response is shown in the Figure 2.7. [8][16] 
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Figure 2.7 Spectral response of CMOS sensor[17] 

 

2.4 Direct detection devices (DDD) 

Direct detection of electron is capturing method, when scintillator or fluorescent layer is 

not needed, because electrons are directly converted to charge in potential hole. Better 

parameters of final image can be reached by this technology, for example: high contrast, better 

resolution and brightness. Direct detection is a better choice in low dose application, because 

individual electrons can be captured and counted. Difference between CMOS and DDD sensors 

is shown in the Figure 2.8  [18] 

Charge by captured electrons which weren’t deflected by specimen is created on the 

detector. These detectors are made as CMOS sensors, but big difference is that fill factor of 

DDD is 100%. Epitaxial layer covered all sensor on top and created charge is counted to the 

nearest pixel. Every pixel has its own photodiode and drain part, which is made from three 

transistors. First of them is the reset transistor, which reset charge in pixel. Buffer and Row 

select transistors are for reading out charge from matrix. Depth of epitaxial layer affects the 

level of sensor sensitiveness. Example: electron with 200 keV can produce about 2000 electron 

in 10µm depth epitaxial layer. When this result is compared to 50 noise electrons, the signal to 

noise ratio is very big and final image is “perfect”.[18] 

DDD are new devices, which can replace CCD in some applications such as Single 

particle analysis, because their properties are better and have one big advantage. DDD can count 

single electron and makes super resolution, when one pixel is divided into four areas, which 

represent sub-pixels. Using of DDD can be separated to three part. Traditional integrating 

mode, which is similar to CCD use, dose is too high, that electrons are collected and image is 

obtained. DQE in this mode is better than CCDs DQE. Counting is mode, when electrons are 

counted, when signal in each pixel is discrete. This mode influence DQE a lot, when the contrast 

on Nyquist/2 frequency is better transmitted than on CCD, CMOS and DDD in traditional 
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integrating mode. Nowadays Super-resolution mode can be used, which was described above, 

and improve image resolution, by sub-pixel areas. It is associated with counting mode when the 

electron hits pixel, it is not only counted as charge on position x,y in matrix, but in each pixel 

is obtained information of position in pixel. This mode improves DQE a lot, when acquired 

images have better resolution, than theoretical Nyquist information limit allows.[19] 

 

 

Figure 2.8 Difference between electron detection by electron/photon conversation and direct electron 

detection.[20] 

 

2.5 Detective Quantum efficiency  

DQE – Detective Quantum efficiency, is the parameter of detector, which shows how 

effective conversion of input signal to output signal is and how a noise affects it. This efficiency 

is different for every frequency to Nyquist limit, 0 – 0.5 pixel-1, when Nyquist limit corresponds 

with wavelength of two pixels [21]. The DQE is very important parameter connected to low 

electron dose in cryo applications in TEM, but it can’t be set by user like other acquisition 

parameters. It is connected to the modulation transfer function (MTF), which describes contrast 

modulation and resolution between two points. This resolution points are given as the bar of 

changing black and white stripes. Changing length between them represents a frequency. MTF 

function multiplied by dose of electrons gives Signal to Noise ration of input signal. Noise in 

the signal is described by the Noise Power Spectrum (NPS). Than DQE is given by equation 

(2.3)[22]. 

CMOS CMOS 
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𝐷𝑄𝐸 =  
𝑑𝑜𝑠𝑒 𝑥 𝑀𝑇𝐹(𝜔) 2

𝑁𝑃𝑆(𝜔)
 (2.3)  

 When the detector ideal is, so DQE across 0-0.5 Nyquist will be 1, but on real detector it 

is not. Every detector has different pixel size and resolution. Then Nyquist frequency is given 

by lp/mm unit, where lp is lines-pairs. For example, Gatan K2 has pixel size 5 microns, and 

when is used binning 2, so Nyquist frequency is 50 lp/mm. In the [22] are shown methods of 

capturing electrons and how pixel size can improve DQE. By electron scattering in layer on 

sensor, still image is corrupted by Poisson noise. It is shown in Figure 2.9, where we can see 

that scattered electron gave energy to near pixels. Yes, it can be filtered by MTF, but it can be 

source of one kind of noise.[23] 

 

Figure 2.9 Scattering of detected electron. [22] 

For example, two cameras for comparison were chosen. First is Gatan K2® direct electron 

detector, model 1000 with 3838x3710 resolution and pixel size 5 microns. The second one is 

the direct electron device by Fei company, Falcon IItm with 4096x4096 resolution and pixel size 

14 microns. More information is in data sheets on their websites. In Figure 2.10 DQE of these 

two sensors is shown, which can be used for low dose and cryo applications. It can be seen that 

on 0.5 Nyquist limit is DQE very high and details in image can be distinguishable with low 

noise corruption. 

 

Figure 2.10 DQE of Gatan K2 an FEI Falcon sensors. [24][25]  
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3 Types of noise 

A noise is random signal, which corrupts useful signal from each system. The 

characteristic function in unknown and can be estimated by statistic methods only. The noise is 

unwanted part of output signal, which caused information loss. This signal can be reduced by a 

signal processing, concretely by image denoising in TEM. [26] 

A noise can be additive and multiplicative. Additive noise is a random signal, which is 

added to output signal. When the output signal is multiplied by noise signal, so we talk about 

multiplicative noise. Also, output signal can be corrupted by a narrowband or a wideband noise. 

Narrowband noise affects only a few frequencies in output signal, but when a lot of frequencies 

are affected by noise, we talking about wideband noise. In images signals we can find impulse 

noise (“salt & pepper”), Gaussians and Poisson noise, sampling noise and moiré. These kinds 

of noises origin on light sensors (CCD, CMOS, DDD), or they are produced by imaging 

system’s parts, for example, by electron source in TEM.  [26] 

3.1 Basic types of noise  

Gaussian noise is a wideband noise, which corrupts all frequencies in the image. 

Distribution of this noise is Gaussian and it is characterized by standard deviation and mean. 

Values of this noise are smaller than values in corrupted image and random noise values are 

added to pixel of image. Gaussian noise is described by equation (3.1), where 𝜎 is the standard 

deviation and 𝜇 is the mean value.[26]  

 

𝑃(𝑥) = 1 ∕ (𝜎√2𝜋) ∗ 𝑒(𝑥−𝜇)2
/2𝜎2 (3.1) 

 

Impulse noise corrupts all pixels separated. In image the noise is shown as black or white 

pixels, which have values 0 or 255, when 8-bit coding is used. White points of this noise origin 

by oversaturated pixels. When a pixel in sensor doesn’t work, so in final image are obtained 

black points on wrong pixel’s positions. Because, this noise has only black and white points, so 

sometimes it is called salt & pepper. [26] 

Moiré noise is a narrowband noise, which corrupts one or narrowband of the frequencies. 

In the output image this noise can be seen as repeating lines with frequency, which represent 

noise frequency. Also, this noise can be seen in signal spectrum, where corrupted frequencies 
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have high amplitudes values unlike the other one. Moiré noise can be denoised in spectrum, 

where visible noise components are set on small values and after back Fourier transform the 

noise is suppressed. [26] 

3.2 Noise on the detectors 

If the CCD and CMOS sensors are ideal, without resistance and if charge from each 

photon is obtained, these sensors are without a noise. But every well-made and cooled sensor 

has noise on output signal.   

Signal to noise ratio (SNR) was used for description of useful signal and noise, which is 

described by equation (3.2), where t is a time of exposition. Three kinds of noise are included 

in this equation, which origin on CCD or CMOS sensors. Thermal noise (black current) D, shot 

noise PQe and Read-noise N. Signal to noise ratio is very important parameter of CCD and 

CMOS. SNR is the most influenced by the shot noise (Nsig
1/2), hence equation can be changed 

to form (3.3). This SNR equation form show, that SNR is higher when is used with the longest 

exposure time. But, the result of SNR is dependent no uniform distribution of pixels on sensor, 

therefore post processing is used to improve SNR of image. [27][28] 

𝑆𝑁𝑅 = 𝑃𝑄𝑒𝑡/√[𝑃𝑄𝑒𝑡 + 𝐷𝑡 + 𝑁𝑟
2] (3.2) 

 

𝑆𝑁𝑅 = 20log (
𝑁𝑠𝑖𝑔

√𝑁𝑠𝑖𝑔

) (3.3) 

 The sensor’s noises can be divided to time and space noises. Time noises can be reduced 

by averaging of the same captured images, because here is the idea, that noise is a random signal 

and capturing scene is still the same, so when images are averaged, random signal is suppressed. 

This method can’t be used on space noise. Algorithms for reducing noise or sensors producers 

try improve circuits and power pixel are used here, which influence space noise a lot. [27] 

Dark current is the most frequently occurred noise on CCD and CMOS sensors. Source 

of this noise is associated with sensor power. Noise is caused by high temperature on each pixel, 

when electrons use thermal energy to hop into intermediate state and next they are emitted into 

the charge band in pixel. This noise is called dark current, because it is on sensor, when shutter 

is down and sensor isn’t illuminated. We have surface dark current and bulk dark current. 

[27][31] 
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The surface dark current is major source of dark current. It is caused by states at the 

sensor’s surface, which are formed at the silicon-silicon dioxide interface. Electrons then make 

a thermal hop from valence state into an interface state, where pinhole-electron pairs are created 

and it makes dark current. This noise can be reduced by manufacturing process and nowadays 

it is reduced by invert mode of sensors, where the holes from the channel stop migrating to the 

interface states and it stops dark current generation. Inverse mode is created by low voltage, 

which is set to negative enough to create an inversion holes between surface and wells. Than 

electrons are combined with these holes and surface dark current is suppressed. [27][31]  

 The bulk dark current is generated in silicon bulk and it is collected into the pixels. It is 

caused by defects in silicon, which is described by mean level of dark current. This type of dark 

current can’t be reduced by manufacturing process, but only by cooling sensor. The dark current 

is described by equation (3.4), which shows the way the temperature affects noise at the sensor. 

[27][31] 

The dark current shot noise is very similar to Poisson noise. It is caused by photons, which 

interacted with silicon layer. This noise has Poisson distribution and it is described by equation 

(3.6). The current non – uniformity is a noise, which is result of the fact that each pixel generated 

different number of dark current. [29][31] 

 

𝐷 = 2.5 𝑥1015 𝐴 𝐼𝑑  𝑇1.5𝑒
𝐸𝑔

2𝑘𝑇 
(3.4) 

 

𝐸𝑔 = 1.1557 −  
7.021𝑥104 𝑇2

1108 + 𝑇
 (3.5) 

 

𝜎𝑑𝑎𝑟𝑘 =  √𝐷 (3.6) 

In the equation (3.4), D is dark current [electron per pixel per second], A is a pixel area 

[cm2], Id is a dark current measured at 300K (nA/cm2), Eg is bandgap at temperature T [Kelvin]. 

Eg is described by equation (3.5). This noise is reduced by cooling sensor on temperature from 

-20°C to -35°C. Dependence of dark current on temperature is shown in the Figure 3.1. Bias 

calibration with close shutter before a scene is acquired is used for more reduction of this noise. 

After that measured signal (dark frame) is subtracted from image.[31]  
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Figure 3.1 Dark current dependency to temperature[27] 

Possion noise is an additive, wideband noise. This noise is caused by low dose of photons 

or electrons at capturing scene. Each photon hits detector in different intervals and each pixel 

can’t be hit by the same number of photons for time t. That is the reason, why this kind of noise 

has Poisson’s distribution. It is described by equation (3.7), where λ is expected number of 

photons on sensor for time t and k is number of intervals. When λ is increasing, the Poisson 

distribution is approximated by Gaussian distribution and noise is called Gaussian noise.  

𝑝(𝑁 = 𝑘) =
𝑒−λt + (λ𝑡)𝑘

𝑘!
 (3.7) 

The photon shot noise is given by standard deviation of photon, which hit the sensor. This 

noise is connected by illumination of scene and occurs in each image. [27][30] 

Read noise is given by analog/digital signal conversion. Every signal with some 

frequency must be sampled and this process converse analog amplitude to digital value. Here 

the noise is made, because analog signal is continuous and by conversion it is changed to stairs 

function, where one stair has value of one sample. This process caused loss or addition of 

information in each pixel on amplifier. It is reduced by calculating of dynamic range, equation 

(3.8), where Nsig is maximum number of electron, which can be made by exposure in one pixel. 

Nph is number of noise photons per pixel. For example, dynamic range of Nsig = 18000 and Nph 

=4 is 4500. 12bits A/D converter must be used for reducing read noise, because 412 is 4096 and 

dynamic range is 4500, so 1.1 electron will describe one shade of grayscale and noise will be 

reduced. [27][30] 

𝑄𝐸(λ) = 𝑁𝑠𝑖𝑔(λ)/𝑁𝑝ℎ(λ) (3.8) 
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1/f noise is made by signal amplifier and it is dependent on read out frequency from 

each pixel. The name of this noise gives information, that noise will be reduced by increasing 

read out frequency. It is shown in the Figure 3.1, where border of noise reducing is shown, 

which is called 1/f Corner frequency. When the signal is reading out by corner frequency or 

higher, the noise in the image will be the same and it is called White noise, which affects all 

frequencies of image signal. Voltage of this noise is given by equation (3.9), where W and L 

are size of condenser, COX capacity of enter condenser and f is a frequency.[27][30] 

𝑣𝑛
2 =

𝐾

𝑊𝐿𝐶𝑜𝑥
∗

1

𝑓
 (3.9) 

 

Figure 3.2 Noise dependency to readout frequency.[27]  

Reset noise is made at the CCD and CMOS before the scene is captured, because sensor’s 

pixels must be ready for exposure. Reset voltage is applied to pixel and it set condenser to refer 

value. Noise is made on reset transistor, where heat is made by resistance. This is source of this 

noise. It is called kTC noise, because it describes variables from equation of this noise, equation 

(3.10), where T is a temperature in Kelvin, Cpd is capacity of enter condenser and q is a charge. 

This kind of noise in image is similar to dark current noise, which affected all frequencies of 

image. It is reduced by two steps of acquiring. Firstly, it acquired only voltage of noise after 

reset and after that it acquired scene. The next step is correlation between these two signals 

which reduced reset noise. [27][30] 

𝑒𝑟𝑒𝑠 =
√𝑘𝑇𝐶𝑃𝐷

𝑞
 (3.10) 
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4 Filtration methods  

The aim of these methods is denoising image, keeping sharp edges including all details. 

Filters are based on setting parameters, which control, how corrupted image is filtrated. Because 

the characteristic function of noises is unknown, we assume that noise has statistical character, 

such as Gaussian distribution, Poisson distribution. Filtration algorithms try suppress this part 

of signal only by known information from image. Picture can be filtrated by basic methods such 

as median filter and average filter or it can use gradient as the information from image.[32] 

These are examples of information from image, which can be used for denoising. By filtration 

we can’t get more information than is in acquired image. Some details can be suppressed by 

filtration, because after denoising, image can be a little bit blurred and details are replaced by 

value, which represent part of homogenous areas in image. This is serious problem in images 

acquired by TEM, where some atoms can be pointed as noise and after that denoised. Therefore, 

there are sophisticated filtration methods, which are very soft and details aren’t lost.  

4.1 A state of art Image denoising 

Nowadays, the transmission electron microscopy is popular in biology, because it allows 

to study protein structures. This method is called Single Particle Analysis (SPA). Thousand 

images are acquired for this analysis, with low-dose about 15e-/Ǻ [Ǻ-Angström, 1 Ǻ = 0.1nm]. 

In these images, resolution 10 - 15Ǻ can be reached when direct detection device is used, so we 

can reach resolution below 10 Ǻ. This resolution and electron dose influence final image, 

because low-dose was used, so final images have very low SNR and contain a lot of noise given 

by Poisson distribution. This noise must be suppressed for next analysis.[33]  

 

Nowadays, we have a lot of image denoising algorithms, which are used in image processing 

in microscopy. These methods are developed for additive Poisson noise reduction, or this noise 

type is converted into white Gaussian noise and then other algorithms can be applied. Today 

we use methods such as - Path-Based, Wavelet-Based, Deconvolution and Total Variations.[34] 

Non-local means filter is path-based filter, which is used for white Gaussian noise, but also can 

be used for images corrupted by Poisson noise. This filter is based on probabilistic similarities 

to compare patches. This method is very effective, therefore was chosen for testing in this thesis. 

Wavelet-Based filters are used for image denoising, which are corrupted by Poisson noise. The 

low-dose images are decomposed by wavelets, which give information about high and low 

frequencies. Then, channels with high frequencies are denoised by thresholding. Another 

approach has deconvolution and total variation. These methods are based on minimization of 

an energy functional. We assume, that low-dose images are formed by statistic process, 

therefore are used regularizers based on Total variation, wavelet-base, second-order derivatives 
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or entropy-base potentials. These denoising methods improve SNR a lot. Nowadays, these 

approaches are combined to obtain ideal denoised images, without noise, but with sharp edges 

and visible details. It is very important in cryo-microscopy, where the biological specimens are 

used, which are very sensitive to electron iterations, hence can’t be irradiated by big electron 

dose, because it can destroy the specimen.[33][34]  

Also, here is a lot of industries, where image denoising is used. Image processing is very 

important in medicine, where are imaging systems such as Computer Tomography (CT), 

Magnetic Resonation Imaging (MRI), Positron Electron Tomography(PET), Single-Photon 

Emission Computed Tomography(SPECT) and many more. Each of these systems has own 

noise sources which cause noised images. Today, CT and MRI images are denoised by Total 

Variation filters and by Block-Matching 3D (BM3D) filter.[35] Block-Matching 3D is a-state-

of-art in image processing. It is based on sophisticated mathematical theories and framework. 

This method uses combination of non-local means and domain transformation. [36][37]. A-

state-of-art in PET and SPECT image denoising is filter based on higher-order singular value 

decomposition (HOSVD)[38].  

Total Variation minimizing filters was chosen for TEM images filtering. In dependency 

to a-state-of-art in image denoising non-local means filter was chosen for comparison. 

Principles of chosen filtration method are described in the next section, which are based on total 

variation minimization and then next their filtration qualities on artificially noised images and 

on images acquired by TEM are tested.  

 

4.2 PDE filter, Euler-Lagrange method 

PDE filter is the filtration method, which uses partial differential equation, for 

suppression noise in image. Euler – Lagrange method is used for solution of this filter when 

result of this equation is total variation (TV) of the image. It is optimization process, because 

in every iteration of filtration, result is closer to optimum, to image without noise. This method 

has big advantage against linear filters. Linear filters have defined mask, which filtering image 

by convolution, but it doesn’t look at structural changes in an image, but PDE filter does. That 

is the reason, why filtered images by PDE filter have sharp edges and in image more details are 

retained. [39][40]  

Result of this filtration problem is described by ROF (authors Rudin, Osher and Fatemi) 

model. Filtration by this model tries to find the optimal function, which corresponds to global 

minimum, thus image without noise. For finding global minimum must be ensured, that the 

function is convex, because local minimum of convex function corresponds to global minimum. 
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ROF model described by equation (4.1) is concave, hence it must be converted into convex 

model. It is done by terms (4.2), which describe, that differences between image without noise 

and noised image are smaller or equal to the standard deviation, where it is assumed that image 

is corrupted by Gaussian noise. Than description of the convex model is given by equation 

(4.3), where λ is Lagrange constant, f is an image with noise and u is the image without noise, 

which we want to obtain by filtration. [39] 

 

∫ (𝑢 − 𝑓)2
 

Ω

𝑑Ω = 𝜎2 (4.1) 

 

∫ (𝑢 − 𝑓)2
 

Ω

𝑑Ω ≤ 𝜎2 (4.2) 

 

𝑚𝑖𝑛{𝐸(𝑢)} = ∫ |∇𝑢(𝑥, 𝑦)|𝑑Ω +
1

2𝜆
∫ |𝑢 − 𝑓|𝑑Ω

 

Ω

 

Ω

 (4.3) 

When model is converted to the convex problem, it can be solved by using Euler – 

Lagrange equation for computing total variation minimizing. The model is substituted for F in 

equation (4.4), which describes Euler-Lagrange equation for 2D signal. Derivation of this 

equation is described in [39]. After substitution mode into the equation are computed partial 

differences in x and y directions and results are added together. Result of this differences is 

equation of optimization process. Solving ROF model by EL equation is shown by equations 

(4.5), (4.6) and (4.7), where is computing for direction x only. Solving for direction y is 

analogical to direction x. Result of these differences is equation (4.8), which describes 

minimalization process of ROF model for x and y direction.[39] 

dF

𝑑𝑢
− (

𝑑

𝑑𝑥

𝑑𝐹

𝑑𝑢𝑥
+

𝑑

𝑑𝑦

𝑑𝐹

𝑑𝑢𝑦
) = 0 (4.4) 

dF

𝑑𝑢
=

1

𝜆
(𝑢 − 𝑓) (4.5) 
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𝑑𝐹

𝑑𝑢𝑥
=

1

2

2𝑢𝑥

√𝑢𝑥
2 + 𝑢𝑦

2
=

𝑢𝑥

√𝑢𝑥
2 + 𝑢𝑦

2
 (4.6) 

𝑑
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𝑢𝑥𝑥𝑢𝑦
2 − 𝑢𝑥𝑢𝑦𝑢𝑥𝑦

(𝑢𝑥
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2)
3
2

 (4.7) 

𝑑𝑢

𝑑𝑡
= (𝑓 − 𝑢) +

1

𝜆

𝑢𝑥𝑥𝑢𝑦
2 − 𝑢𝑥𝑢𝑦𝑢𝑥𝑦 + 𝑢𝑦𝑦𝑢𝑥

2

(𝑢𝑥
2 + 𝑢𝑦

2)
3
2

= 0 (4.8) 

Image denoising is realized by iterations, when in first iteration is image filtered only by 

minimization coefficient, because f (image with noise) is the same as u (result of each iteration) 

and difference f-u = 0. In next iterations is denoising regularized by difference between original 

image f and ui+1, where i is number of -th iteration. Result can be influent by number of iteration 

i and λ. These two parameters can be set by user, or they can be set according to results from 

testing iteration, when we want to get the good result in benchmarks. (SNR, PSNR). 

 

4.3 Total variation denoising using Split Bregman  

This filtration method was developed by Rudin, Osher and Fatemi. The regularization 

technique solving minimalization problem of convex function. Problem is described by 

equation (4.9) where λ is a positive parameter, f is image with noise and u is estimated image. 

This model assumes that image is corrupted by Gaussian noise, which is represented by (f(x) – 

u(x))2, also we can use Poisson noise model, it will be shown later. Solution of this problem is 

computed by Bregman iteration. This technique solves convex problem by comparing value 

J(u) with tangent plane J(v)+<p,u-v>. This is called Bregman distance. Principle of this 

distance is shown in  Figure 4.1, where there is an example of one dimensional function.  This 

distance is defined as equation (4.10). The whole description of Bregman distance is shown in 

[41] and [42][42]. After this derivation, we can use this method for denoising image with 

Gaussian noise.  

arg 𝑚𝑖𝑛𝑢∈𝐵𝑉(Ω) ‖𝑢‖𝑇𝑉(Ω) +
𝜆

2
∫ (𝑓(𝑥) − 𝑢(𝑥))2𝑑𝑥

 

Ω

 (4.9) 
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𝐷𝐽
𝑝(𝑢, 𝑣) ≔ 𝐽(𝑢) − 𝐽(𝑣) − 〈𝑝, 𝑢 − 𝑣〉,   𝑝𝜖𝑑𝐽(𝑣) (4.10) 

 

 

Figure 4.1 The Bregman distance.The u is image in tth iteration and J(v) is image quality in same 

iteration. It is assumed that J(ũ) is image without noise [42] 

TV denoising – Gaussian noise 

For filtration is used ROF model, which is converted to convex function, equation (4.9). 

This model is derived by split Bregman algorithm in discrete field, hence the model must be 

converted. Total variation of image is approximated by summing vector magnitude over all 

pixels, equation (4.11), where ∇u is the discrete gradient, which is computed as differences of 

image at x a y directions. The converted model can’t be iterated directly, but it must be separated 

at subproblems. Firstly, ∇u is replaced by dx,y, when ∇u= dx,y, equation (4.12). In this equation 

γ is positive penalty parameter and bx,y is the regulation vector with small values, which ensures 

that term ∇u= dx,y is valid.  Subproblem d is computed by shrinkage, when this technique is used 

for dx and dy separately, this is shown at (4.13). When this problem is solved, u subproblem can 

be solved too.[41] 

‖𝑢‖𝑇𝑉(Ω) ≈ ∑ ∑ |∇𝑢𝑥,𝑦|

𝑀−1

𝑦=0

𝑁−1

𝑥=0

 

 

(4.11) 

 

𝑎𝑟𝑔𝑑𝑚𝑖𝑛 ∑|𝑑𝑥,𝑦| +
𝛾

2
𝑥,𝑦

∑|𝑑𝑥,𝑦 − ∇u𝑥,𝑦 + 𝑏𝑥,𝑦|
2

𝑥,𝑦

 (4.12) 
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𝑑𝑥,𝑦 = 𝑠𝑔𝑛(𝑧) max {|𝑧| −
1

𝛾
, 0} ;       𝑧 = 𝛻𝑢𝑥,𝑦

𝑖+1 + 𝑏𝑥,𝑦
𝑖  (4.13)  

 

When d subproblem of total variation is solved, so next we must solve subproblem with 

model of noise, which is described as (f-u)2. Term that gradient of u is the same as d must be 

still valid. Equation of subproblem is written as (4.14). It is solved by derivation in directions 

x and y and result of this derivation is set equal to 0. After that it is modified, and u is expressed 

by this problem, because variable u = ui+1 and it is the result of i-th iteration.  In this 

minimization equation (4.15) constants γ and λ are positive regularization values, div of 

difference between dx,y and bx,y is solved as -∇*, which is described in [42], Δu is  

Laplacian of u. 

𝑎𝑟𝑔𝑢𝑚𝑖𝑛
𝜆

2
∑(𝑢𝑥,𝑦 − 𝑓𝑥,𝑦)

2
+

𝛾

2
𝑥,𝑦

∑|∇u𝑥,𝑦 − 𝑑𝑥,𝑦 + 𝑏𝑥,𝑦|
2

𝑥,𝑦

 (4.14) 

 

 𝑢𝑖+1 = 𝑓 −
𝛾

𝜆
(𝑑𝑖𝑣(𝑑𝑥,𝑦 − 𝑏𝑥,𝑦) − Δ𝑢𝑥,𝑦

𝑖 ) (4.15) 

 

For the next iteration must be recomputed penalty parameter bx,y. For first iteration, each 

value of this penalty parameter is set on 1 and in i-th iteration b is computed by equation 

(4.16).[42] 

𝑏𝑖+1 =  𝑏𝑖 + ∇𝑢𝑥,𝑦 − 𝑑𝑥,𝑦 (4.16)  

 This filtration method is dependent on two variables λ and γ, which affected intensity f 

filtration [42]. When λ is set to high value, result of denoised image will be very similar to 

original image. Very low value λ cause, that image will be filtrated very strongly and in extreme 

denoised image will be lost. Value γ affect filtration opposite like λ. This value regulates solving 

total variation problem and if it is set to 1 or more, the denoised image will be corrupted by 

black and white point and many artefacts. That is the reason why γ must be smaller than 1. 



 

37 

 

Setting of these values for filtration of TEMs images is described in section 6.1 Tuning 

parameters. 

TV denoising – Poisson noise 

This filtration method is very similar to TV denoising with expectation of Gaussian noise 

in acquired image. Poisson noise can be approximated to Gaussian noise and previous method 

can be used, or noise model in the equation of minimization (4.9) can be changed by Poisson 

noise model. [42] 

This noise model is computed from equation (4.17) of Poisson distribution. Here it is 

expected, that f (f = k) is the image corrupted by Poisson noise, which has some variance of 

counts. Variance λ is described as ui in each i-th iteration. When these assumptions are added 

in equation, that the Poisson noise model is obtained. Model equation is modified by logarithm, 

where -log k! (k! =f!) is neglected, because it is unrelated to the unknown ui, we obtained the 

Poisson noise model F(u), equation (4.18), which is used for denoising. Minimization problem 

with this noise model is shown as (4.19).[44] 

𝑃𝑜𝑖𝑠𝑠 =
𝜆𝑘𝑒−𝜆

𝑘!
 (4.17) 

 

𝐹(𝑢) =  𝑢 − 𝑓 ln(𝑢) (4.18) 

 

arg 𝑚𝑖𝑛𝑢∈𝐵𝑉(Ω) ‖𝑢‖𝑇𝑉(Ω) + 𝜆 ∫ (𝑢 − 𝑓 𝑙𝑛(𝑢))𝑑𝑥
 

Ω

 (4.19) 

Principle of problem solving is similar to Split Bregman algorithm for Gaussian noise, 

but now we obtain three subproblems. First is the subproblem of total variation, which is solved 

the same way as TV problem of image with Gussian noise. It is denoted as problem dx,y, equation 

(4.13). The second subproblem solves only noise model, it is denoted as z problem. Here we 

must set term z =u, and we obtain equation of z-problem (4.20). Solution of z-problem is given 

by derivation, after that solution is computed by quadratic equation. Because the result of 

filtration must be an image only without the noise, but contrast or brightness must be the same, 

the second solution of quadratic equation with term minus square root of discriminant is 

omitted. Equation (4.21) shows result of derivation and equation (4.22)  shows result of z-

problem.[43][44] 
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𝑧 =  𝜆 (𝑧 − 𝑓 ln(𝑧)) +
𝛾2

2
(𝑧 − 𝑢 + 𝑏2)2  (4.20) 

 

𝑧2 − 𝑧 (𝑏2 − 𝑢 +
𝜆

𝛾2
) +

𝑓𝜆

𝛾2
= 0 (4.21) 

 

𝑧 =  
𝑢 −  

𝜆
𝛾2

+ 𝑏2

2
+

√
𝑢 −

𝜆
𝛾2

+ 𝑏2

2
+ 2

𝑓𝜆

𝛾2
 

(4.22) 

When z-subproblem is solved, next we must compute the subproblem u. It is similar to u-

subproblem with Gaussian noise, but in this method d subproblem is computed (TV of image), 

noise problem is computed too. Therefore u-subproblem is equation of two term, which must 

be valid. First term is ∇u = d and the second z = u. Then we obtain equation with two regulatory 

parameters b1 and b2. The parameters guard conditions. Equation (4.23) shown u-subproblem 

and equation (4.24) shows its edited derivation, which is the final solution of i-th iteration.[42] 

𝛾1

2
(∇𝑢 − 𝑑 + 𝑏1)2 +

𝛾2

2
(𝑢 − 𝑧 + 𝑏2)2 = 0 (4.23) 

 

𝑢𝑖+1 = (𝑧 − 𝑏2) −
𝛾1

𝛾2
(𝑑𝑖𝑣(𝑑 + 𝑏1) − Δ𝑢) (4.24)  

In each iteration, we need to compute regulatory parameters b1 and b2. First parameter is 

computed by the same equation like parameter b in previous filtration method, equation (4.16). 

On the same principle is computed second parameter, which is shown in equation (4.25). 

[42][44] 

𝑏2
𝑖+1 =  𝑏2

𝑖 + z − 𝑑 (4.25) 
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Dependence on Poisson noise model to the equation of minimizing have one 

disadvantage. In every of three equations, which describe three subproblems (u, z, d), is one 

variable for denoising intensity setting. When we must set three variables for denoising, we 

have a lot of combinations. In equations of subproblems, we can see, that in z-subproblem are 

only λ and γ2 still in the same term. This term we can substitute by h1 when h1 = λ/ γ2. The 

similar substitution we can make in u-subproblem, where are variables γ1 and γ2. Than h2 = 

γ1/γ2. By these substitutions, we obtain two variables, which affect filtration intensity. For 

filtration without artefacts these constants should be set until maximal ratio 1:100. As they are 

set for TEM image denoising which is described in chapter 6.1 Tuning parameters. 

4.4 Non–local mean 

Non-local mean filter (NLM), is the filter, which is based on pixel similarity. In whole 

image are a lot of structures, textures, which are repeated. Textures with many edges and details 

in image are high frequencies in image’s spectrum. The Gaussian and Poisson noise can corrupt 

these high frequencies and it is a big problem in image denoising. But, noise is random signal, 

and textures in image are still the same, therefore NML algorithm explore a defined area, where 

we try to find any similarities. Let p be a pixel, which should be weighted (denoised) and pixel 

q1 and q2 are pixel, which are compared to pixel p with defined neighborhood. It is shown in 

Figure 4.2.[45][46] 

 

Figure 4.2 Similarity between compared pixel p to q1 and q2.[46] 

There is shown that pixel p is more similar to pixel q1. Pixel q2 is very different from 

pixel p. The texture of pixel’s neighborhood has different brightness and edges. Similarity of 

pixel is computed as weight. It has range 0 to1, when 0 says that areas aren’t similar and 1 when 

areas are same. Weights are computed by equation (4.26), where -d(p,q) is Euclidean distance 

normalized by normal distribution and h is the regulation parameter, called ‘Decay parameter’.  

When h se set on a high value, image filtration is softer, than h parameter is low.[45][46] 
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𝑤(𝑝, 𝑞) =  exp (
−𝑑(𝑝, 𝑞)

ℎ2
) (4.26) 

 

Euclidean distance is computed by equation (4.27), where V(Np) and U(Nq) are defined 

square areas with length N. This algorithm compute each pixel as weighted average. Therefore, 

there must be computed sum of each weight for one pixel comparison and every pixel qn in 

chosen area is multiplicated by own weight. Result of this weighted average is value of pixel p 

at i-th and j-th position. It is described by equation (4.28).  [45][46] 

𝑑(𝑝, 𝑞) = ‖𝑉(𝑁𝑝) − 𝑈(𝑁𝑝)‖2,𝐹
2  (4.27) 

 

𝑝(𝑖, 𝑗) =  
∑ 𝑤𝑝𝑞1𝑞1 + 𝑤𝑝𝑞2𝑞2 … . +𝑤𝑝𝑞𝑛𝑞𝑛

𝑛
1

∑ 𝑞1+𝑞2 … . +𝑞𝑛
𝑛
1

 (4.28)  

This filtration is very dependent on size of comparing area n and neighborhood f. When 

n is set on low value, for example 3, the comparing area will be defined by matrix 3x3, where 

qn2 -1 pixels for comparing will be chosen. Setting of this value influence time of filtration a 

lot. When n is bigger computing time is longer. Value f influence only neighborhood of each 

pixel p and qn, which can compare biggest area around center pixels. High value f can cause, 

that a lot of areas can be similar or have high weight and filtered image will be more blurred.   
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5 Quality benchmarks of filtration 

The filtration quality can be evaluated by person, when he looks at the denoised image 

and rates, such as contrast, sharpness, brightness, etc. and rates if a noise in image was reduced. 

It is called subjective rating. But this evaluating method has one disadvantage, because someone 

can rate filtration quality differently than the other person. Therefore, quality benchmarks are 

used, which represents rating objectively. Because we don’t know original image from TEM 

without noise, hence SSIM method can’t be used. This method can be used only for images 

scoring, when original image without noise is known. It is the reason why this method is used 

only for artificially noised images.       

Signal to Noise Ratio 

Signal to Noise Ratio (SNR) is the basic benchmark of objective rating of denoised 

images. This value says, how much signal of image is stronger than noise signal intensity. CCD, 

CMOS and DDD has a lot of noise sources, which are described in section 3. Total noise signal 

of sensor is obtained by the sum of these noises, which negatively affects acquired image. SNR 

is computed by equation (5.1), where ns is the signal before filtration and nn,, which is a 

difference between image before and after filtration. The result of this difference is the noise 

signal, which was suppressed by used filtration method. SNR of filtration is described by 

decibels units [dB]. [32] 

𝑆𝑁𝑅 = 20𝑙𝑜𝑔 
𝑛𝑠

𝑛𝑛
 (5.1) 

Peak Signal to Noise Ratio 

Peak Signal to Noise Ratio (PSNR) represents value, which evaluates maximum 

performance of useful signal component to noise. Firstly, the mean square error (MSE) must be 

computed by the equation (5.2), where N and M are size of image X, Yi,,j is pixel value at i-th 

and j-th position of original image and Xi,j is value of each pixel at denoised image. MSE 

calculation isn’t dependent on position of maximum performance in image.[32] 

𝑀𝑆𝐸 =
1

𝑀𝑁
∑ ∑(𝑋𝑖,𝑗 − 𝑌𝑖,𝑗)

2
𝑁

𝑗=1

𝑀

𝑖=1

 (5.2) 
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 Then PSNR is computed by equation (5.3). Parameter n depends on data types, which 

are used for image processing. When data type double is, n=1.  

𝑃𝑆𝑁𝑅 = 10 𝑙𝑜𝑔10

(2𝑛 − 1)2

𝑀𝑆𝐸
 (5.3) 

Structural Similarity  

Structural SIMilarity (SSIM), is the parameter, which compares brightness, contrast and 

structure between acquired (x) and denoised (y) images. The computation of this parameter is 

focused on the human eye, because human eye can recognize differences between objects by 

contrast, brightness and sharp edges. It is described by equation (5.4), where the result is a 

product of the recognition components. The parameter has range 0 – 1, when 1 describes that 

acquired and denoised images are identical. The computation of SSIM must be symmetrical, 

when images x and y, must have the same result as comparison between images y and x. [39] 

𝑆𝑆𝐼𝑀(𝑥, 𝑦) =
(2𝜇𝑥𝜇𝑦 + 𝐶1)(𝜎𝑥𝑦 + 𝐶2)

(𝜇𝑥
2+𝜇𝑦

2 + 𝐶1)(𝜎𝑥
2+𝜎𝑦

2 + 𝐶2)
  (5.4) 

 

In equation (5.4) variables µx, µx are average values of brightness in images x, y. Variables 

ϭx, ϭy and ϭxy are standard deviations of images x, y of the both. In SSIM, the constants C1 a C2, 

are small values for no failure computation, because denominator mustn’t be zero. [39] 
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6 Practical part 

The Filtration methods, which are described in part 4, are implemented in MATLAB® as 

functions (EL_TV.m, TVROF.m, TVPoiss.m and NLM_filt.m). All functions are included in the 

annex of this thesis. In MATLAB® is completed Graphical User Interface (GUI), where we 

can choose, which method for denoising image will be used. The rating parameters SNR and 

PSNR are shown next, for information about filtration quality. Manual for this GUI is in annex 

section Control of graphical user interface. GUI for illustration is shown in Figure 6.1. 

 

Figure 6.1 GUI illustration for image filtration. 

 

6.1 Tuning parameters 

In section 4 is described, that each of filtration method has one or more filtration 

parameters, which affect quality of denoising. Setting of these parameters can be alchemy, 

because nobody knows which parameters to choose and if they are ideal for filtration. 

Therefore, here automation of parameter setting is based on noise estimation, described in 

article [47]. This noise estimation is based on the hybrid approach, where homogenous blocks 

– block base are estimated. After that, the filters are applied on these blocks for the noise 

separation from image. Which parts for noise estimation are used and how their algorithm 

works is described in article [47]. The function of this estimation method for parameters tuning 

was downloaded from [48] and it is used for noise estimation from TEM images. Result of this 

algorithm is the value which represent standard deviation, which is estimated noise variance in 

image. When this value is large, in the image is a lot of noise. This value is the input of 

parameters setting equations.  
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PDE filter 

This filtration method has only one parameter, which affects filtration. It is λ and 

dependence on this parameter is shown in Figure 6.2. From these graphs, we can see, that PSNR 

and SNR decrease when lambda increases, but when lambda is lower so filtration isn’t strong 

and denoised image is similar to image before filtration. Therefore, SNR and PSNR are high, 

but in denoised image changes of noise aren’t visible. For visible changes, lambda must be set 

higher. How the denoised image changes are dependent on lambda, which is shown in Figure 

6.3. It shows, that denoised image with the high lambda is more blurred, than image denoised 

by the small one. Therefore, after noise estimation is noise variance value (sigma) multiplied 

by three and it gives lambda value for filtration. lambda = 3*sigma. The effect of this 

automatization is, that image with low noise corruption will be filtrated less than more noised 

image.  

 

Figure 6.2  SNR and PSNR results with different regulation parameter lambda. 
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Figure 6.3 Examples of detail filtered by PDE filter with different lambda. 

Split Bregman – TV denoising -Gaussian noise model 

The filtration method based on TV algorithm with ROF model, has two filtration 

parameters to setting. This is the reason, why it is hard to set these filters for good filtration 

result. Tuning of λ and γ is based on results from their combinations testing. These parameters 

were chosen and set in the range, where there were good filtrations results of denoised TEM 

images. Testing of parameter lambda was set in range λ= 12-100. When lambda is higher than 

100 so filtering is too soft and in denoised image noise is the same as in image before filtration, 

but only pixel values were a little bit different. Parameter γ affects, the sharpness of edges. The 

gamma can be set in range 0.01-0.8, because it can’t be higher than 1. When it is higher, so then 

the artefacts are seen in denoised images. Dependence between lambda and gamma is shown 

in Figure 6.4, where each cross is PSNR of denoised image.  

Described noise estimation method for automatic setting of these parameters is used. 

When the big lambda is used, filtration will be very soft – sharp image without visible changes, 

small lambda - blurred image, hence the lambda is computed by equation (6.1) and it can be in 

range 12-300. Low border is 12, because lower lambda number causes artefacts. The gamma 

parameter is computed from estimated value too. Gama computing is given by equation  (6.2)., 

when gamma can be maximal 0.8. because higher gamma can also cause corruption of image 

by artefacts. Dependence on these parameters is shown in Figure 6.5, where gamma is set on 

0.5 and lambda has these values: (100; 70; 40; 25; 12). Derivation of these equations was based 

on the PSNR results and on the subjective rating. Filtration results are shown in section 6.3  
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𝜆 = (
60

𝑒𝑠𝑡𝑖𝑚𝑎𝑡𝑒𝑑𝑛𝑜𝑖𝑠𝑒
) ∗ 5 (6.1) 

𝛾 =
1 − 60

𝑒𝑠𝑡𝑖𝑚𝑎𝑡𝑒𝑑𝑛𝑜𝑖𝑠𝑒 ∗ 100
 (6.2) 

 

 

 

Figure 6.4 PSNR affected by lambda and gamma parameter. 
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Figure 6.5 Denoised detail addicted on changing lambda and gama = 0.5 

    

Split Bregman – TV denoising -Poisson noise model 

As it was described above, this is the same method like Split Bregman method with 

Gaussian noise, but here Poisson noise model is used. This change causes addition of one 

subproblem and with this subproblem we must add one more filtering regulator. But these three 

constants were converter to two constants, which made easier solution how to set the filter. 

Results of testing are shown in Figure 6.6, where each cross represents PSNR result of filtration 

given by two constants const1 and const2. When the same combination of parameters is applied 

and a PSNR result is high, so image is filtered very soft and it is blurred.  

75% of maximal PSNR from graph in Figure 6.6 was chosen for automatization setting 

of two constants, which is the optimal result for filtration, because it has good objective and 

subjective rating. Constants are computed as Const2 = Const1*0.5 and Const1 is described by 

equation (6.3). It is given by testing, when Const1 must have maximum at 0.8, because then 

filtration is too strong and in image there are artefacts. When the difference between these two 

constants is high, so filtration is very soft and filtered image looks like original image. This is 

shown in Figure 6.7, where denoised images of Lena are corrupted by Gaussian noise with SNR 

=20dB. Const1 was set at 0.5 and Const2 had these values: (0.1;0.2;0.4;0.6;0.8;)*0.05. In 

this figure is shown, that with decreasing difference between constants, denoised images are 

more blurred.  Results of denoised images from TEM are described in section 6.3. 
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𝐶𝑜𝑛𝑠𝑡1 = |(1 −
𝑒𝑠𝑡𝑖𝑚𝑎𝑡𝑒𝑑𝑛𝑜𝑖𝑠𝑒 − 0.7

90
)| (6.3) 

 

Figure 6.6 Results of filtration in PSNR addicted in Const1 and Const2 

 

Figure 6.7 Denoised detail addicted on changing constants. 

 



 

49 

 

Number of iterations 

Denoised images by PDE, Gaussian noise model SB-TV and Poisson noise model SB-

TV are dependent on the number of iterations. In each filtration method is the number of 

iteration is set to iteration = 50. It can be constant, because effect of the changing iteration 

number is replaced by filtration parameters which affect filtration intensity. For example, when 

filtration by SB-TV with Gaussian noise model is taken and iteration number is set to iteration 

=250 and lambda = 100 with gamma = 0.5, so result is the same as filtration was set to iteration 

=50 and lambda = 30 with gamma = 0.5. This is the reason, why the number of iterations is 

not included as variable filtration parameter.    

Non-local Means 

This filtration method is based on different principle than method above, but the same 

algorithm for noise estimation for tuning parameter is used. In this method are three parameters, 

which affect filtration quality. Parameter win indicates size of square window, when pixels from 

image are chosen by this window. The second parameter is area. It indicates the area around 

the central pixel pr,s, where windows of size win are compared to area around central pixel ui,j. 

These two parameters are set to: win =3 and area = 51. The last parameter is h, which is called 

“Decay parameter”. This parameter is the main one, because it affects result of filtration a lot. 

It gives information about quantity of weight of two compared images and if they are similar 

or not. Decay parameter is computed from estimated noise by equation (6.4). In Figure 6.8 the 

results of filtration are shown and evaluated by SNR which shows, how results are changed in 

dependency on decay parameter h and the size of the area. Here we can see, that the SNR is 

higher when small searching area is used. It is caused by the fact, when denoised image with 

small searching area is similar to image before denoising and in equation of SNR noise is 

computed by difference between image before and after filtration. When they are similar, a 

noise is low and SNR is high. Objective rating is very good, but when a user looks at the filtered 

image and rates it subjectively, probably he will say, that images are the same. Therefore, 

window with edge size 51 pixels for automatization parameter setting was chosen. In the Figure 

6.9 results of filtration of Lena detail show how the searching area size affects the filtration. 

When window with size 3 is used, so the filtrated image is similar to the acquired image and 

noise corruption looks the same. With increased window size the denoised image is more 

blurred, but noise is suppressed and details are still recognized. That is the reason, why higher 

window size is used for the filtration as default setting and tuned is only decay parameter h.  

ℎ = 60 +
100

𝑒𝑠𝑡𝑖𝑚𝑎𝑡𝑒𝑑𝑛𝑜𝑖𝑠𝑒
 (6.4) 



 

50 

 

 

Figure 6.8 Result dependency on decay parameter h and searching area size. 

 

Figure 6.9. Filtered image details by non-local means filter with different searching areas. 
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6.2 Acquired images for filtration testing 

To present that the filtration techniques are ideal for image filtration of TEMs images, 

were acquired images in cooperation with FEI company, part of Thermo Fisher Scientific. The 

specimen was acquired by transmission electron microscope, which is made from cupper grid 

coated by carbon foil and sputtered by gold particles. Before acquiring, bias correction was 

done for reducing dark current noise. Also, gain correction was done for setting homogeneous 

illumination on sensor. Firstly, images were captured without binning an exposure time and 

magnification was changed only. Voltage of electron accelerator was set to 120kV, screen 

current was 1.59 nA. As the example, the image acquired by exposure time 0.0338ms with dose 

rate 10.5 e-/Ǻ2s, where Ǻ is 1 Angström = 0.1nm, is shown in Figure 6.10. Then images with 

different binning and magnification were acquired. The aim was to hold the same intensity in 

image, therefore with the change of binning was decreased exposure time. For image 

acquisition, I used binning 1, 2, 4 and 8. 

 

Figure 6.10 Our specimen acquired by TEM  

Acquisitions parameters 

These parameters are very important for image capturing, because they affect how the 

acquired image will look like. They affect brightness, contrast and noise too. In TEM a lot of 

parameters for acquiring can be set, therefore a user must know, which specimen type wants to 

show. If specimen is inorganic, so more energy of electron can be used. But specimen can be 

organic and here the problem of dosage can be used, in order to avoid destroying the specimen.  

Firstly, we can set voltage and current on electron gun. Voltage can be set in range of 

20 -300kV. The acceleration voltage gives energy to electrons, because 1eV describes energy, 

which has one electron with voltage of one volt, when 1eV = 16x10-19J[50]. This energy 

influences contrast in image, because electron with high energy has different iteration with 
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specimen. There are two ways how electron can scatter a specimen. The first is elastic 

scattering, when primary electron loses minimum energy and passes through the specimen, but 

its trajectory can be changed by nucleus. The second is inelastic scattering, when electron in 

electron shell is stopped by other electron from shell. By this collision secondary electron with 

lower energy is created and it can interact again. The rest of energy is radiated as photons or X-

rays.[50]. Type of the electron scattering is affected by specimen structure but also by electron 

energy given by voltage. The current parameter influences the number of electrons, which will 

be in electron beam in one second. For example, when current 1pA is used so A= C/s and charge 

of one electron is 1.6 x10-19, then in 1 A is 1/1.6 x10-19 C/s, it is 6.25x1018 electrons. Because 

1pA was used, so every second 6.25x106 electrons flow in electron beam.  

Before every acquisition, parameters of CCD, CMOS and DDD sensors must be set. The 

acquisition parameter, which affect final image a lot is exposure time. It is the time, when the 

shutter is opened and each pixel is excited by photons or electrons. In acquired image exposure 

time affects the brightness of every image. Exposure time is connected to dynamic range. When 

the specimen is exposed for a very long time, so pixels which are excited by a lot of photons or 

electrons are oversaturated, because dynamic range of the sensor is small and pixels can’t 

capture more photons[51]. The long exposure with high current can destroy the specimen when 

we use the organic one. Therefore, decreasing of dose rate in image with the same screen current 

is caused by decreasing exposure time. Short exposure time and low-dose conditions is the 

source of shot noise, because sensor is excited by only a few electrons. For example: When we 

use exp. time 1s with screen current 1pA and sensor has pixel size 14µm and 16Mpix resolution, 

so here we can obtain 6.25 million electrons on 16 million pixels. It is 0.37 electrons per pixel 

also in the specimen and any electrons can be stopped or their energy can be reduced. Than 

electrons can hit one pixel more than the others, but the area on specimen is homogenous and 

this makes Shot noise (Poisson noise). When exposure time is reduced to half, sensor will be 

excited by less electrons than before.  

The next acquisition parameter is binning. Default it is set to value 1, when it reads out 

charge from every pixel separately. But when the number of photons or electrons is low and on 

sensor are more pixels, so we can use binning 2, when one pixel of the image will have the 

number of charges from four pixels. This can improve the fact that homogenous areas will have 

very similar values. But it has one disadvantage. When binning 2 is used so from 4 pixels (2x2) 

one super pixel is made and the original resolution is lost. When binning 2 is used, resolution 

lowers half of original image, binning 4 is a quarter smaller etc. The advantage of this parameter 

is, that increased probability that photon or electron excites the right pixel, makes reading out 

faster and improves signal to noise ratio.[27][52] 
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For images acquiring we can use bias and gain reduction. Bias is the reduction of thermal 

dark current noise. When shutter is closed so image is taken. This image information about 

values of thermal noise are different in every frame and dark current noise is reduced by this 

image subtractions from acquired image of specimen. The gain is the different reduction. The 

gain setting is process when shutter is open and sensor is irradiated by homogenous light or 

electron beam. After that we set the gain for each pixel on A/D converter, so that full dynamic 

range is used and all sensor is illuminated homogenous. For example, when our CCD sensor 

has 16-bit A/D converter, so it can show 65 535 shades of grey. When CCD is irradiated by 

homogenous light and maximal value of brightness is for example 40 000, so full dynamic 

range is not used. Therefore, the gain must be set to 40 000/65 535 = 0.61 e-/ADU, ADU is 

analog digital unit on A/D converter. When the gain 0.61 is applied, the maximum value in 

image will be maximum of range of 16-bit converter. [53] 

Poisson and Gaussian noise in acquired images 

Acquisitions parameters, described above, influent final image. When they are set poorly, 

the image can have bad contrast, brightness and mainly, the image can be corrupted by noise, 

which can suppress some details. Examples of acquired images with different exposure time 

(exp. time) parameters are shown in Figure 6.11, where image a) has exp. time = 1s, b) exp. 

time = 0.25s and c) exp. time = 0.03145s. With these exp. times, the specimen was illuminated 

by electron doses - a) has dose 78.66 e-/Ǻs, b) 19.68 e-/Ǻs and c) 2.45 e-/Ǻs. Doses unit is 

electron per square Angström per one second [e-/Ǻs]. These doses influence noise in image a 

lot. It can be seen in these images in Figure 6.11, when a) is brighter than b) and c), noise in a) 

is smaller than the others. If, it is assumed that imaging system (CCD, CMOS or DDD) is linear 

and space invariant, so every pixel can be pointed as independent. Then the image is compiled 

by these pixels, which are modelled by source of electron beam and by number of photons or 

electrons detected on sensor per time (s). Mean of counts can be defined as numbers of photons 

or electrons, which hit the detector per unit time, equation (6.5). Result number must be integer. 

When we assume that the source of brightness is constant, then value f is mean of Poisson 

distribution, which describes probability of counts in each pixel. [54] 

𝑓 =  ∆𝑡 ∗ 𝑢 (6.5) 

When the average of Poisson distribution is computed, the probability of counts of each 

pixel can be computed too. It is described by equation (6.6), where f is the mean of counts in 

one pixel across sensor and fc is number of counts.[54] 
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𝑝(𝑓) =  
𝑓𝑓𝑐exp (−𝑓)

𝑓𝑐!
 (6.6) 

 

 

Figure 6.11 Samples of the image acquired by TEM e with changing exposure. 

If image is acquired by long exposure time, so average number of electrons per pixel is 

high, hence Poisson distribution is approximated by Gaussian distribution. It is described by 

equation (6.7), where f is average of electron of photons, which exposed sensor and n is a 

random number from probability distribution. The difference between Poisson and Gaussian 

distribution is shown in Figure 6.12, where we can see, that with increasing mean these 

distributions become similar.[54] 

We can imply from this fact, that with small average number of electrons or photons per 

pixel, acquired image is corrupted by Poisson noise. When longer exposure time is set, the 

average number of electrons or photons per pixel is higher and we can assume, that image is 

corrupted by Gaussian noise. This is example how exposure time, can affect image.    
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Figure 6.12 Graph of Gaussian(red) and Piosson(green) distribution with mean f = 20 [54] 

𝑝(𝑛) =  
1

(2𝜋𝑓)1/2
exp (

−𝑛2

𝑓
) (6.7) 

For example - acquired images in Figure 6.11 have changing exposure time, with the 

same screen current (1.5 nA) and dose rate depends on exposure time. Magnification 57 000x 

for these images acquisition was used. First image with exp. 1s has dose 78.66 e-/Ǻs. When this 

magnification is used, in one pixel (pixel size 32 microns) is resolution 5.6 Ǻ per pixel and then 

in one pixel is mean dose 440.496 e-/Ǻs. It is very high average of Poisson distribution, 

therefore noise in this image approximating to Gaussian noise. Image c) has dose rate 2.45 e-

/Ǻs, with exp. time 0.03145s and rest of settings is the same then dose on pixel is 13.72 e-/Ǻs. 

It is low average of Poisson distribution and here is noise with Poisson distribution. This is very 

important for filter setting, because image with Poisson noise denoised by filter with Gaussian 

noise model can obtain more blurred image or some details can be suppressed. Efficiency of 

image denoising is described in the next section.  
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6.3 Testing of filtration methods 

Artificially noised images 

The Lena image for first testing was used. It was corrupted by Gaussian noise with SNRs 

15dB, 20dB and 30dB. Poisson noise is created by average lambda = 1, 0.5 and 0.1, when 

SNRs of these images were 12dB, 16dB and 24dB. For the filtration quality two head 

benchmarks, SNR and PSNR were used. The SSIM benchmark is used only for the artificially 

noised image of Lena. Results are shown in Figure 6.13, Figure 6.14 and Figure 6.15. 

When we look at the first Figure 6.13 with results of SNR, so we can see, that the biggest 

SNR has Non-local mean filter (NLM). Very similar result gives filtration by Total variation 

filter with Gaussian noise model (TV-ROF). When we look at the rest of filtration results of 

images corrupted by Gaussian noise, we can see, that NLM and TV-ROF have very similar 

results too. SNR was increased a lot and noise was suppressed successfully. The next two 

methods are a little bit weaker, SNRs are not high. TV filter with Poisson noise model has stable 

results, which is great, because the final images are not blurred a lot. Filtration results are shown 

in Figure 6.16. Images with Poisson noise have very similar results of SNR. Here the best is 

filtration by TV-ROF filter. When we look at Figure 6.16, we can see that filtration by TV-

Poisson is a little bit better, because details are sharp. PSNR results in Figure 6.14 are very 

similar and only depend on the level of SNR of input image. When it is high the PSNR has high 

value too, but results between filtration method are still the same. Filters behave in the same 

way when they are used on images corrupted by Poisson noise. The results of SSIM benchmark 

are the best for TV-ROF and NLM. These values are result of comparing original image with 

noised images. In the Figure 6.15, we can see, that the best values of filtrations are after 

denoised image with low Poisson noise with SNR 24dB. 

From these result, the best to use is total variation filters, because these filters have a little 

bit better result.  Advantage of these filters is that the filtration by TV filters is faster than NLM. 

But these results are only from testing images. Main comparisons are in next parts of this thesis, 

where comparison was done on images acquired by TEM. 
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Figure 6.13 Graph with SNR results of tested filte on Lena images with different noises 

 

Figure 6.14 Graph with PSNR results of tested filte on Lena images with different noises 
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Figure 6.15 Graph with SSIM results of tested filte on Lena images with different noises 

 

Figure 6.16 Examples of Lena images a) images corrupted by Gaussian nouise with SNR 20dB and 

denoised images. b) images with Poisson noise with SNR 16dB denoised with same filter.  
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Images from TEM 

The images for testing filtration methods, were acquired by TEM in cooperation with FEI 

company part of Thermo Fisher Scientific. Every acquired image has the same parameters - 

voltage 120kV, screen current 1.5nA. Binning and exposure time were changed to obtain 

different images, with different mean dose. The exposure time started at 2 seconds and in every 

next scanning was decreased of half. When binning mode 2, 4 and 8 was used, so first acquiring 

starts at exposure time 1second long and with binning 1. Next binning 2 was set and the main 

aim was to keep the same intensity, hence exposure time was 4x lower. With this aim images 

with binning 4 and 8 were acquired. Next testing samples acquired by binning scanning have 

the same aim, but the first image was captured with exp. time 0.25s and binning 1. 

Magnification was changed (17 500x; 57 000x; 240 000x) too. When described tactics of 

images acquiring were used to each magnification. Images were captured by CETA camera 

with pixel size 32 microns and resolution 4 096 x 4 096 pixels. Examples are shown in Figure 

6.17. 

 

Figure 6.17 Examples of acquired images with exp. time 1s. a) magnification 17,500x  b) 57,000x and 

c)240,000x. 

Images from TEM – Changing exposure time 

Images with binning 1 and with changing exposure time and magnification were tested 

firstly. SNR and PSNR results are shown in the Table 1. Acquired images with magnification 

17 500x, have different mean dose with changing exposure time. Because magnification is not 

so high, resolution is 18.3 Angströms per pixel. When this information is combined with mean 

dose of electrons per angstrom per exposure time, so mean dose per one pixel can be computed. 

This is very important for determination, which kind of noise is in the final image. The image 

with very low dose, under 25 electrons per pixel contains noise with Poisson distribution. 

Because CCD camera with 16Mpix resolution was used, so images with dose around 50 

electrons per pixel, can contain Poisson noise too. With higher doses, Poisson distribution is 

approximated by Gaussian distribution. Images with higher magnification have bigger mean 

dose per Angström, because current screen was held at 1.5nA and with increased magnification, 
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intensity must increase too. Therefore, magnification 17 500x was taken as a base and the dose 

with magnification 57 000x and 240 000x was recomputed. Dose results are shown in Table 1, 

where the blue areas indicate images with Poisson noise. The doses are recalculated by equation 

(6.8), where Dpp is dose per pixel and k is the difference between used magnification and 

magnification base (17 500x). The images with long exposure time have good brightness, 

contrast, when a lot of details are recognized and noise is very low. It is shown in Figure 6.18, 

where are examples, how images from TEM with different exposure time look like. Every 

image with different magnification and exposure time was denoised by filters from section 4 

and results are shown in the Table 1. 

Table 1: Results of SNR and PSNR after filtrations 

  
EXP. 

Time[s] 

Mean 
dose [e-

/Ǻ exp.t] 

Dose per 
pixel [e-

/pix 
exp.t] 

PDE  TV ROF  TV Poisson  NLM  

SNR 
[dB] 

PSNR 
[dB] 

SNR 
[dB] 

PSNR 
[dB] 

SNR 
[dB] 

PSNR 
[dB] 

SNR 
[dB] 

PSNR 
[dB] 

M
ag

n
if

ic
at

io
n

 1
7

,5
0

0
x 

2 16,38 89712 26,43 32,31 65,87 33,15 21,21 30,74 35,60 30,58 

1 7,34 18014 25,51 30,12 66,70 30,30 20,87 30,04 35,59 29,03 

0.5 4,17 5814 24,93 28,57 70,30 28,38 20,58 29,37 35,47 27,76 

0.25 2,07 1433 24,32 26,37 63,33 26,10 20,01 28,37 35,09 26,04 

0.125 1,04 362 23,05 24,13 60,19 23,65 19,22 27,34 34,52 24,12 

0.062 0,52 90 21,68 22,96 65,71 21,66 18,58 26,61 34,31 22,59 

0.031 0,26 23 21,12 20,89 59,88 19,04 17,83 25,29 34,10 20,52 

0.015 0,12 5 21,27 19,83 55,16 18,03 16,64 23,44 34,42 19,31 

M
ag

n
if

ic
at

io
n

 5
7

,0
0

0x
 

2 155,13 53489 22,19 19,89 54,98 17,96 17,06 22,99 35,57 19,21 

1 78,66 13753 22,98 23,48 52,95 21,06 19,75 25,59 36,41 22,25 

0.5 39,31 3435 21,95 21,15 53,50 18,86 18,24 24,88 35,24 20,39 

0.25 19,68 861 27,83 28,94 55,74 24,96 23,10 26,95 42,02 25,65 

0.125 9,84 215 32,55 35,27 60,28 28,96 26,31 28,76 46,49 29,11 

0.062 4,88 53 26,36 32,74 62,28 28,96 23,02 29,41 42,63 28,64 

0.031 2,45 13 26,01 31,46 58,25 27,53 22,46 29,04 42,19 27,62 

0.015 1,21 3 28,63 38,27 73,11 33,01 24,07 31,13 44,15 31,59 

M
ag

n
if

ic
at

io
n

 2
4

0
,0

00
x 2 2894,03 54203 28,76 23,75 59,53 24,85 19,16 26,94 30,23 23,65 

1 1775,93 20411 26,46 21,86 53,63 21,05 17,99 26,06 30,86 21,56 

0.5 733,1 3478 37,46 30,18 52,80 26,12 24,01 27,11 42,26 26,15 

0.25 367,84 876 24,92 24,23 50,94 21,62 20,52 25,25 35,92 22,28 

0.125 183,89 219 23,55 24,86 54,29 22,24 20,12 26,02 36,04 22,78 

0.062 91,55 54 23,44 19,68 61,60 17,78 16,57 23,17 31,10 18,92 

0.031 45,94 14 26,03 31,54 56,66 27,56 22,74 28,64 40,65 27,24 

0.015 22,81 3 26,18 21,12 51,08 19,80 18,48 24,87 31,17 20,49 
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𝑀 =  
𝐷𝑝𝑝

1 + 𝑘 ∗ 0.001 ∗ 0.07
 (6.8) 

 

Figure 6.18 Examples of different exposure time a) 1s and b) 0.015s. Both images are magnified 57,000. 

The results of images filtration with magnification 17 500x are shown in Figure 6.19, 

where in graphs SNRs and PSNRs are shown. When we look on the SNR, we can see, that the 

best results here have images after filtration by Total Variation filter with the ROF model. It 

has big values at all range of exposure time. This is very good information, because we can say, 

that this filtration method is good for image with Poisson noise. Second filter, Non-local Mean 

has good results too, but not so big as TV ROF filter. In the PSNR graph we can see, that values 

decrease with shorter exposure time, but TV-poisson filter has the best results at these shorts 

exposure times. This filtration method is very soft and this is the reason, why intensities in 

filtered images by TV-poisson are preserved. PDE filtration has very weak results of SNR and 

PSNR. But this is only objective ratings and images must be subjectively rated too. In the Figure 

6.20 are images details after filtration. The results which are shown were acquired by 0.062s 

exp. time. This image was chosen, because it is corrupted by Poisson noise and objective rating 

of this image after filtration is great.  

In the Figure 6.20 we can see, that original image a) is very similar to image b). It is 

caused by filtration quality, because PDE filter is very soft and suppressed noise doesn’t change 

image for our eyes. Edges aren’t blurred but some noise is still visible. Next methods have 

better results. TV-ROF filter, image c), which is very effective. We can see, that denoised image 

by this filter is without big part of noise. Details in the image are still recognizable, because 

edges are sharp, but only in the dark areas image is more blurred. This problem is solved by TV 

Poisson filter, when after filtration the dark areas contain some noise, but this area isn’t blurred 

and some details here are more visible. Last filter, Non-local mean, has very similar results as 

TV Poisson filter result. 
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Figure 6.19 Filtration results SNR and PSNR with image magnification 17,500x 

 

 

 

Figure 6.20 Details of image with 0.06s exposure time and 17 500 mag. a) is the original image, b) after 

PDE filtration, c) after TV-ROF filtration, d) after TV – Poisson filtration and e) is after NLM filtration. 
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The objective rating results of filtration, with image magnification 57 000x, are in the 

Figure 6.21. In these images are more details than before and SNR and PSNR results are a little 

bit different. The best SNRs has filtration by TV-ROF, when the biggest value is obtained from 

image with Poisson noise and acquired with 0.062s exp. This high value can cause that some 

details are blurred. NLM filter has good results of SNR, when we can assume, that details are 

visible and noise is suppressed effectively. Last two filters have SNR lower, but probably details 

will be more visible in these images after filtrations, but probably a lot of noise will be here too. 

The PSNR parameter is better for images where Poisson noise is assumed. From graph of 

PSNRs we can say, that intensities in images weren’t suppressed. The PSNRs are very similar, 

only PDE filter has them a little bit better. From these two graphs, we can state, that TV-ROF 

and NLM are great filters, but again, it is only objective rating, therefore in Figure 6.22 are 

filtered details from image acquired with exp. time 0.061s.  

The subjective rating of PDE is similar like before, because original image a) is identical 

as image b). There aren’t any visible changes and details are still hidden by noise. When we 

compare original image with image denoised by TV Poisson filter, so we can say, that noise is 

suppressed only a little bit, but it is still in image. The best results are shown in images c) and 

e), filtration by TV ROF filter and NLM. Here we can see, that noise in these images is removed 

much better. In both cases edges are sharp and details aren’t removed with noise. These methods 

are very effective, this can be seen in Figure 6.22, where detail rise from noise fog after these 

filtrations. When I compare these two methods, so for me is better filtration by TV-ROF filter, 

because denoised image is clear with good contrast, sharp details and filtration time is faster 

than filtration time of NLM filter.   

 

Figure 6.21 Filtration results SNR and PSNR with image magnification 57 000x 
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Figure 6.22 Details of image with 0.06s exposure time and 57 000x mag. a) is the original image, b) after 

PDE filtration, c) after TV-ROF filtration, d) after TV – Poisson filtration and e) is after NLM filtration. 

 

 Also for 240 000x magnification the results of rating parameters SNR and PSNR were 

computed. They are shown in Figure 6.23. The results of SNR are very similar to result of SNRs 

from 57 000x magnified images. In the SNRs graph we can see, that TV-ROF filter has SNRs 

higher again. But in the images with this magnification are structures shown detailed and in 

image are more homogenous areas. Therefore, here we can assume more sharp edges, when 

filtration SNR is high and we should not be afraid of blurred edges and details. Second good 

result has NLM with good SNR values, which indicates, that this filtration is great too. PDE 

and TV-Poisson filter are a little bit weak. Probably there is not any suppressed noise in filtrated 

image. PSNR values of filtrations are very similar in defined exp. times. But when exp. time is 

short, so maximum intensity in image to noise after filtration is lower. From these SNR and 

PSNR result are great two filters NLM and TV-ROF filter. For subjective rating image with 

magnification 240 000x and 0.062s exp. time was denoised. The denoised images are shown in 

Figure 6.24. 

 Here image a) is the original image with Poisson noise. Image filtered by PDE filter is 

similar to original again, image b). Images filtered by TV-Poisson and NLM filter are denoised 

better. The noise is suppressed well, but somewhere we can see rest of it. Therefore, details in 

images after these filtrations aren’t so visible as in the image denoised by TV-ROF filter. Result 

of this method is shown in image c). Here it is seen, that noise is suppressed well and details of 
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areas are visible. For example, in the center is dark oval where shades of grey are better 

recognizable, which represents details. This means, that image has great contrast and edges are 

sharp. Like before, here I will choose TV-ROF filter as the best filter, because values from SNR 

and PSNR are high and when I look at denoised images, so image denoised by TV-ROF look 

clearly for me.  

 

 

Figure 6.23 Filtration results SNR and PSNR with image magnification 240,000x 

 

 

Figure 6.24 Details of image with 0.06s exposure time and 240,000x mag. a) is the original image, b) 

after PDE filtration, c) after TV-ROF filtration, d) after TV – Poisson filtration and e) is after NLM filtration. 
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Images from TEM – Changing binning 

Table 2 Results of filtration testing with different exposure time and binning. 

  
EXP. 

Time[s] 

Mean 
dose 
[e-/Ǻ 
exp.t] 

Dose 
per 

pixel 
[e-/pix 
exp.t] 

Binning 

PDE  TV ROF  TV Poisson  NLM  

SNR 
[dB] 

PSNR 
[dB] 

SNR 
[dB] 

PSNR 
[dB] 

SNR 
[dB] 

PSNR 
[dB] 

SNR 
[dB] 

PSNR 
[dB] 

M
ag

n
if

ic
at

io
n

 1
7

,5
0

0
x 1 8,24 22703 1 25,65 29,78 68,21 30,07 20,96 29,79 35,63 28,85 

0.25 1,98 20974 2 35,20 39,31 61,28 31,67 27,78 29,70 48,57 31,12 

0.062 0,48 19722 4 28,05 28,45 56,71 24,63 23,78 26,28 42,26 25,37 

0.015 0,12 19722 8 25,71 25,75 54,73 22,74 21,91 25,66 39,62 23,70 

0.25 1,82 1108 1 24,31 26,33 57,87 26,04 20,08 28,29 35,14 26,00 

0.062 0,49 1285 2 32,38 35,28 59,58 28,95 26,54 28,64 46,55 29,11 

0.015 0,12 1233 4 30,39 31,74 56,97 26,74 25,46 27,35 44,72 27,23 

M
ag

n
if

ic
at

io
n

 5
7

,0
0

0
x 1 78,63 13742 1 23,97 25,57 58,93 22,96 20,35 26,69 38,45 23,78 

0.25 18,88 12676 2 22,66 23,49 56,83 21,21 19,54 25,82 36,38 22,34 

0.062 4,58 11936 4 26,97 29,68 57,02 25,71 22,57 27,79 42,17 26,21 

0.015 1,14 11832 8 30,52 37,41 61,14 30,69 25,05 30,45 46,00 30,41 

0.25 19,55 850 1 25,85 28,46 64,55 25,14 22,06 27,45 41,15 25,64 

0.062 4,65 769 2 22,12 19,87 57,11 17,96 16,94 23,07 35,45 19,21 

0.015 1,14 739 4 21,52 21,10 55,92 18,86 17,83 25,19 34,87 20,38 

M
ag

n
if

ic
at

io
n

 2
4

0
,0

0
0

x 

1 1469,7 13979 1 29,61 25,94 48,40 23,18 21,67 25,98 39,09 23,70 

0.25 352,96 12900 2 23,44 22,15 45,31 19,45 18,20 25,19 33,72 20,48 

0.062 86,1 12282 4 27,52 22,17 41,93 20,06 20,26 24,18 36,99 21,15 

0.015 21,28 12004 8 26,82 23,45 43,17 20,81 20,04 24,94 35,68 21,61 

0.25 368,76 880 1 24,52 20,69 45,98 18,53 18,09 24,19 32,99 19,55 

0.062 88,33 808 2 24,42 25,54 50,77 22,84 20,84 26,10 36,74 23,37 

0.015 21,4 759 4 31,78 20,00 46,34 18,37 18,36 22,24 35,05 19,20 

 

As it was written, also images with different binning were acquired. Here priority was to 

keep similar electron dose per pixel, when exposure time and binning were changed. Efficiency 

of binning was described above in 6.2 Acquisition parameters. In this section result of tests of 

filtration are shown, when it was studied how filters can suppress noise in these images, when 

SNR is firstly improved by binning. The same magnification as before (17 500x, 57 000x and 

240 000x) for acquiring were used. Firstly, images acquiring started with 1s exp. time and 

binning 1. Then binning 2, 4, 8 were used with four times lower exposure time, to hold the same 

dose per pixel. The next acquiring started with exp. time 0.25s with binning 1, when binning 

settings ended at 4, because for acquiring with binning 8 exp. time was very low and a specimen 
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wasn’t visible. Objective results of SNR and PSNR are shown in Table 2. In this table mean 

dose is the dose, which is measured on the specimen, but the dose per pixel is computed on 

CETA camera, which is dependent on binning number and exposure time. 

For magnification 17 500x are results shown in Figure 6.25. Here we can see, that 

filtrations by TV-ROF filter have very high SNR result, when noise is suppressed a lot. The 

higher dose on specimen was used in first four packs in graph on left side. Here are result very 

high for TV-ROF but also for NLM filter. Their results decrease with increasing binning. It can 

be caused by decreasing resolution, when one pixel is computed from more pixels. Similar 

results of these filter are shown in last three packs in the graphs in the right side. Here we used 

shorter exp. time as base and it caused, that NLM results are more similar to TV-ROF results, 

when binning is increasing. When we look at the graph with PSNRs, we can see that NLM and 

TV-ROF don’t have good results. Here it is better to use PDE and TV-Poisson filter. When 

binning is set at 1, PSNRs are similar for every filter, but when we use binning 2, 4 and 8, so 

NLM and mainly TV-ROF filter are very strong filters.  

 Filtration results for subjective rating are shown in Figure 6.26 and Figure 6.27, where 

are images filtrated by two types of binning and for each binning we use different exp. time. 

Firstly, when we look at the Figure 6.26, so here images a) and e) are filtrated by PDE, b) and 

f) by TV-ROF, c) and g) by TV-Poisson and last two images are filtered by NLM filter. The 

same indication is used in the Figure 6.27. SNRs of these filtrations are high for TV-ROF, and 

PSNRs are similar. In Figure 6.26 we can see, that images filtrated by TV-ROF and NLM are 

denoised better than images filtrated by two last filters. It is caused by intensity of PDE and 

TV-Poisson filtration, when denoised images contain visible noise signal. Here exp. time is too 

long, that images have lower SNR when binning is used, therefore it is better to use filtration 

by TV-ROF or NLM filters.   

But, when we look at the Figure 6.27, where we use binning 4 and lower exp. time than 

before, we can see that images filtrated by the TV-ROF are very smooth but very blurred too. 

This filtration is very strong for these images, because every image on input has better SNR 

with low dose and it could be problem for this filter. For denoising it is better to use softer filter. 

The PDE filter has high PSNR, but after subjective rating, it is still the weak filter. But here are 

two good results. TV- Poisson filter have high PSNR and low SNR, but these filtration is very 

soft for these image types. After filtration by this filter edges are sharp and details are visible 

and contrast quality is still great. NLM has similar results as TV-Poisson filter. 
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Figure 6.25 SNR and PSNR result of denoised images with changing binning. 

 

Figure 6.26 Denoised images with binning 2. On the left side are images with exp. time 0.25s and on the 

right side are images with exp. time 0.061s. Images a) and e) are filtrated by PDE, b) and f) by TV-ROF, c) and 

g) by TV-Poisson and d) and h)by NLM filter 

 

Figure 6.27 Denoised images with binning 4. On the left side are images with exp. time 0.061s and on the 

right side are images with exp. time 0.015s. . Images a) and e) are filtrated by PDE, b) and f) by TV-ROF, c) and 

g) by TV-Poisson and d) and h)by NLM filter 

Next, the methods were tested on images with magnification 57 000x when binning and 

exposure time were changed. The results are shown in Figure 6.28. The details are better visible 

in images with this magnification and images contain more homogenous areas. Objective rating 

results show that higher SNR has again TV-ROF filter and second is NLM. But as before 
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PSNRs of each filter are similar. A little bit better are TV-Poisson and PDE filters. When we 

look at left side of both graphs, when images were acquired by longest exp. time, so we can see 

increasing SNR of TV-ROF and NLM results are more stable. PSNR results depend on binning 

and exp. time, but between each other are stable. When we look on the right side of both graphs, 

where doses of electrons are very low, we can see that SNRs are still high after TV-ROF 

denoising, but PSNRs are high by TV-Poisson filter. Because first of the TV filter isn’t soft but 

the second is. We can assume the same results as before with images magnified 17 500x. 

Denoised images, with low dose and high binning, will probably be blurred a lot and details 

with noise are suppressed so much, that in image homogenous areas are obtained.  

For subjective rating and visual comparison, are filtered images shown in Figure 6.29 and 

Figure 6.30, where denoised images have the same filter methods indication as before. In the 

Figure 6.29 on the left side, we can see image denoised by PDE and TV-Poisson filter are a 

little bit noised, but better are images denoised by NLM and TV-ROF filter. On the right side 

are denoised images, which have lower electron dose on input. Here we can see, that image f) 

is a little bit blurred. This image is denoised by TV-ROF filter with very good SNR result, but 

here objective ratings aren’t right, because details were suppressed by noise. When the binning 

is increased to 4 and images denoised, so we obtain result, which are shown in Figure 6.30. 

Here the effect of changed binning with very low electron dose is visible. Only in image a) and 

e), which are denoised by PDE, noise is a little bit more visible. Denoising by TV-ROF filter is 

strong for all images, which are denoised by this filter. They are blurred and areas are without 

details. NLM and TV-Poisson filter have similar results, but I can’t say which is better, because 

it depends on person who looks at denoised images.  

 

 

Figure 6.28 Graphs of SNR and PSNR result after denoised images with different binning 
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Figure 6.29 Denoised images with binnng 2 and 0.25s and 0,061s exp.times. . Images a) and e) are 

filtrated by PDE, b) and f) by TV-ROF, c) and g) by TV-Poisson and d) and h)by NLM filter 

 

Figure 6.30 Denoised images with binning 4 and 0.061s and 0,015s exp. time. . Images a) and e) are 

filtrated by PDE, b) and f) by TV-ROF, c) and g) by TV-Poisson and d) and h)by NLM filter 

 

The images acquired with magnification 240 000x contain a lot of details, therefore here 

is very important to keep edges sharp and contrast must be great for better resolution of these 

details. The objective results of denoised images are shown in Figure 6.31. In this figure, we 

can see, that result of filtrations are very similar to the results before, but in SNR graphs, NLM 

and PDE filters have better results than TV-ROF, but it still has the best SNR results. When 

binning 2 is used, the left sides of both graphs, SNR with decreasing dose are decreasing too, 

but NLM and PDE results are more stable unlike TV-ROF. PSNRs with these acquisitions 

parameters is the best for PDE filter. Other filters have similar PSNRs. This values depend only 

on acquisition parameters, when PSNRs with binning 1 are better and with long exp. time. In 

the right sides of these graphs, three last packs, have the best result TV-ROF filter, with binning 

2 and 0.061s exp. time. Here filtration was very effective. This filter has good result in last 

pack, but here is very low dose, therefore we can assume the same results as before, that image 

will be denoised a lot and details will be suppressed with noise. Then the whole image will be 
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blurred. Better are filters NLM and TV-Poisson and probably also PDE filter, because it has 

high SNRs and the best PSNRs. 

In the Figure 6.32 and Figure 6.33 are denoised images with different binning, first is bin. 

2 and second bin.4. On the left sides are images acquired by longer exp. time than on the right 

sides. Filtration results shown in Figure 6.32 are the same as the results described by objective 

rating. We can see, that image denoised by TV-ROF filter has very effective suppressed noise 

and edges and details are preserved. Similar results are after filtration by NLM, but here images 

are a little bit blurred. The last two filters are weak again, therefore in denoised images we can 

find noised areas.  

In the Figure 6.33 are doses lower, but with binning 4 dose per pixel is the same as dose 

per pixel when longer exp. time and bin.1 were used. But here is smaller resolution and it in 

connection to low dose caused, that images are more blurred after TV-ROF filtration. This 

method has the best SNR and PSNR is good too, noise is suppressed a lot, but in results details 

aren’t visible. Here NLM has better results than TV-Poisson and PDE filters, when resolution 

of details is better and edges are sharp. The best contrast has image filtered by PDE, but in 

areas, which aren’t parts of specimen, are some artefacts. They are probably caused by 

derivation approximation by differences. NLM image are a little bit blurred than image 

denoised by TV-Poisson filter, but otherwise these filtrations are very good for Poisson noise 

denoising.  

 

Figure 6.31 SNR and PSNR results of denoised images with changing binning and exp. time. 
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Figure 6.32 Denoised images with binnng 2 and 0.25s and 0,061s exp.times and magnification 240kx. . 

Images a) and e) are filtrated by PDE, b) and f) by TV-ROF, c) and g) by TV-Poisson and d) and h)by NLM filter 

 

Figure 6.33 Denoised images with binning 4 and 0.061s and 0,015s exp.times and magnification 240kx. . 

Images a) and e) are filtrated by PDE, b) and f) by TV-ROF, c) and g) by TV-Poisson and d) and h)by NLM filter 

Speed of filtration 

The time dependency is not so important parameter as filter efficiency, but it plays role 

which filter will be used. Probably anyone can’t wait for a denoised image hours and hours, 

because he needs to do his own work. Therefore, very good filter should be effective, when 

noise is suppressed and details are still in image, but it must be fast anyway. The next, we 

assume good contrast and sharp edges. The filter must fulfill these demands in short filtering 

time. Filtration times according to input image size are shown in this section.   

For the filtration time dependency, I chose image with resolution 4 096x4 096 pixels. 

Image with this resolution was denoised by TV-ROF, PDE, TV-Poisson and NLM and time of 

filtration was measured. Then everything was repeated, but image resolution was divided by 

two. Time was measured until image resolution 128x128 pix. Result are shown in Figure 6.34. 
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Figure 6.34 Graphs of time dependency on image resolution. 

In this figure, we can see, that the fastest filter is PDE for 16Mpix denoising. Similar are 

filters TV-ROF and TV-Poisson and they are very fast too. These filters are very good for 

filtering of high resolution images and when we take information of their efficiency, so TV-

ROF filter and TV-Poisson filters are ideal for image denoising of images acquired by TEM. 

NLM filter is in comparison to others very slow. Filtration of 16Mpix images was 57 minutes 

long. This time value is above the graph range. NLM filter has great denoising efficiency, but 

filtration time is weak side of this method. 

Each filtration was computed on computer with 2.5GHz dual-core processor with 6GB 

RAM memory only. NLM mean filter using parallel computing for filtration time improving, 

when we use more powerful computer, the filtration times will be different and faster, but NLM 

filter will be still the slowest. 
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Conclusion 

In my master’s thesis, I describe the principles of imaging devices (CCD, CMOS and 

DDD) and noise sources on these devices. Also, this thesis describes how noises affect imaging 

and how can be suppressed. When the images are acquired by TEM with short exposure time 

and high electron dose, the final images can contain Gaussian noise. If short exposure time with 

low-dose conditions is used, then acquired images contain Poisson noise. These noises can be 

suppressed by image filters. 

The main aim of my thesis is to propose filtration methods, which can denoise images 

effectively and preserve details, image contrast and sharp edges. In section 4, filtration methods 

are described and they were selected for Poisson noise suppressing. Three filters are based on 

total variation minimization, which are based on ROF filtration model. According to chapter 

The State of Art in denoising method Non-local means filter was chosen for comparison, which 

uses weighted average. These methods are implemented in MATLAB®, where I create the 

functions: EL_TV.m, TVROF.m, TVPoiss.m and NLM_filt.m. Each method has automatic 

parameter setting based on noise estimation. These methods were implemented into graphical 

user interface for comfort using, GUIfiltrace.m.  

The filters were tested on artificially noised images. These images were noised by 

Gaussian and Poisson noises. These filters were tested also on the images from TEM, which 

were acquired by CETA camera. The following acquisition parameters were used. Voltage was 

120kV and current screen was set to the 1.5nA. Firstly, images were captured with three 

magnification settings and with different exposure times, which affected electron dose. Next 

images for testing were captured with different binning mode. These images were used for 

testing, in order to determine whether these filters can improve images acquired with binning 

mode with low electron dose. Benchmarks SNR and PSNR were used for objective rating. 

Artificially noised images had also the third benchmark SSIM to obtain more information about 

contrast and edges from denoised images.  

First results of denoised ‘Lena’ images show, that TV-ROF and NLM are very good 

filtration methods. After filtrations of Gaussian and Poisson noise their SNR and PSNR results 

are high. SSIM value shows, that after these filtrations the images are more similar to original 

than other filtrations. The SSIM results of filtrations are similar, when SNR of input image is 

high. It is shown in Figure 6.15. In the Figure 6.16 details of denoised images are captured in 

images. The TV-ROF filter suppress noise effectively because details and sharp edges are still 

in image, which was demonstrated there too.  

This filtration method had very good result in second testing, when images from TEM 

were denoised with different exp. time. The results of this test are in Table 1 and under this 
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table are graphs and examples of denoised images. PDE filter has low efficiency for these 

applications, because SNR results are low and noise is still visible. PSNR is better, but here it 

is caused by very soft filtration, when image intensity stayed similar. TV-Poisson filter doesn’t 

have good result of SNR, but this filter can be used for image denoising when electron dose is 

low. TV-Poisson filter is soft and can suppress noise without edges blurring also save details in 

image, but TV-ROF is a little bit stronger and noise is suppressed better by this filter. 

Nevertheless, NLM is only one competitor for TV-ROF filter, because its SNR and PSNR result 

are good, and image after filtering are sharp and contrasting. But, NLM is a little bit better, 

when the image is denoised with lower electron dose, because image is less blurred as by TV-

ROF filtration.  

Third and last testing was performed on images acquired with different binning. Exposure 

time was changed too, because we wanted to obtain similar electron dose per pixel.  There it 

was tested, how much filtration can improve image captured with binning, because binning 

improves SNR. When these images were denoised, so it was the best to use TV-ROF for optimal 

SNRs. After subjective rating, this filter had the best results too. Images were without noise 

with sharp edges and visible details. It had the best SNR result after denoised images with bin. 

4 and 8, but here it has only good objective rating. Because each individual pixel is composed 

of more pixels and used dose was lower, hence denoised images are very blurred, without 

details. Images with higher binning are better denoised by TV-Poisson or NLM. These filters 

do not blur edges a lot and noise is suppressed effectively for good details recognition. 

From testing results we can see, that PDE filter is only the basic version of total variation 

minimizing filter. It denoised images, but not with efficiency which we require. For some low 

electron dose applications, the TV-Poisson filter is good choice to be used. This filter has the 

same base as TV-ROF, but its filtration efficiency is little bit soft. Overall is very good to use 

TV-ROF filter. It has very good objective results from each test, and denoised images look very 

sharp, when details are better visible and contrast is preserved. NLM filter has similar results 

as TV-ROF, advantage of this filter is that it can be used for image denoising with high binning. 

NLM filtering time is much longer than filtration time of TV-ROF. Therefore, it is better to use 

TV-ROF filter, because it is fast, effective and keeps details of resolution in images. 

 

   

 

 

 



 

 

 

References 

[1] KUBÍNEK, Roman, Klára ŠAFÁŘOVÁ a Milan VŮJTEK. Elektronová 

mikroskopie [online]. Olomouc: Univerzita Palackého v Olomouci, 2011 [cit. 2016-12-

29]. ISBN 978-80-244-2739-3. Dostupné z: http://fyzika.upol.cz/cs/pro-

studenty/elektronova-mikroskopie 

[2] FEI. An intruduction to electron microscopy [online]. Oregon, USA: FEI, 2010 [cit. 

2016-12-26]. ISBN 978-0-578-06276-1. Dostupné z: 

https://www.fei.com/documents/introduction-to-microscopy-document/ 

[3] MyScope: training for advanced research. MyScope: training for advanced 

research [online]. 2012 [cit. 2016-10-05]. Dostupné z: http://li155-

94.members.linode.com/myscope/sem/practice/principles/gun.php 

[4] ZÁKLADNÍ POJMY KVANTOVÉ FYZIKY, FOTOELEKTRICKÝ JEV. [online]. , 11 

[cit. 2016-12-29]. Dostupné z: 

http://www.spszengrova.cz/texty/texty/FYZ/FYZ_4_Fotoelektricky_jev_JUT.pdf 

[5] KOPEČNÝ, Jan. Základy fyziky [online]. Ostrava: Vysoká škola Báňská [cit. 2016-12-

29]. Dostupné z: 

http://www.studopory.vsb.cz/studijnimaterialy/Zaklady_fyziky/Modul4.pdf 

[6] Vstupní Periferie. Talmar Masteride [online]. [cit. 2016-12-29]. Dostupné z: 

http://www.talmar.masteride.cz/Modul_EP_pf/EP-vyuka16.html 

[7] Úvod do techniky CCD čipů. Gxccd [online]. Zlín, 2011 [cit. 2016-12-26]. Dostupné z: 

http://www.gxccd.com/art?id=303&lang=405 

[8] WALTHAM, Nick. CCD and CMOS sensors [online]. [cit. 2016-12-26]. DOI: 

10.1007/978-1-4614-7804-1_23. ISBN 10.1007/978-1-4614-7804-1_23. Dostupné z: 

http://link.springer.com/10.1007/978-1-4614-7804-1_23  

[9] HOWELL, Steve B. Basics of Charge Coupled Devices [online], [cit.2016-12-26]. 

Dostupný z https://www.noao.edu/meetings/gdw/files/Howell_CCDs.pdf 

[10] MAGNAN, Pierre. Detection of visible photons in CCD and CMOS: A comparative 

view [online]. [cit. 2016-12-26]. DOI: 10.1016/S0168-9002(03)00792-7. ISBN 

10.1016/S0168-9002(03)00792-7. Dostupné z: 

http://linkinghub.elsevier.com/retrieve/pii/S0168900203007927 

http://fyzika.upol.cz/cs/pro-studenty/elektronova-mikroskopie
http://fyzika.upol.cz/cs/pro-studenty/elektronova-mikroskopie
https://www.fei.com/documents/introduction-to-microscopy-document/
http://li155-94.members.linode.com/myscope/sem/practice/principles/gun.php
http://li155-94.members.linode.com/myscope/sem/practice/principles/gun.php
http://www.spszengrova.cz/texty/texty/FYZ/FYZ_4_Fotoelektricky_jev_JUT.pdf
http://www.studopory.vsb.cz/studijnimaterialy/Zaklady_fyziky/Modul4.pdf
http://www.talmar.masteride.cz/Modul_EP_pf/EP-vyuka16.html
http://www.gxccd.com/art?id=303&lang=405
http://link.springer.com/10.1007/978-1-4614-7804-1_23
https://www.noao.edu/meetings/gdw/files/Howell_CCDs.pdf
http://linkinghub.elsevier.com/retrieve/pii/S0168900203007927


 

 

 

[11] Trivalley Stargazers [online]. [cit. 2016-12-29]. Dostupné z: 

http://www.trivalleystargazers.org/gert/CCD_Galery/abell12_st10xme.html 

[12] CCD vs. CMOS. Teledyne Dalsa [online]. Canada [cit. 2016-12-26]. Dostupné z: 

https://www.teledynedalsa.com/imaging/knowledge-center/appnotes/ccd-vs-cmos/ 

[13] Axis Communications CCD and CMOS senzor technology, [online], 2010 [cit.2016-12-

26]. Dostupný z 

http://www.axis.com/files/whitepaper/wp_ccd_cmos_40722_en_1010_lo.pdf 

[14] Introduction to CMOS Image Sensors. Microscopy resource center [online]. Olympus 

America Inc., 2012 [cit. 2016-12-30]. Dostupné z: 

http://olympus.magnet.fsu.edu/primer/digitalimaging/cmosimagesensors.html 

[15] Imaging. GATAN [online]. 2016 [cit. 2016-12-31]. Dostupné z: 

http://www.gatan.com/techniques/imaging  

[16] BAKER, R. Jacob. Circuit Design, Layout, and Simulation. 3. United States of 

America.: IEEE Press, 2010. ISBN 978-0-470-88132-3. 

[17] CMOS Sensor Cameras for Digital Vision. Loop technology [online]. 2009 [cit. 2016-

12-30]. Dostupné z: http://www.looptechnology.com/cmos-sensor-

cameras.asp#.WGY4ZRvhDIU 

[18] DE-Series Cameras. Direct Electron [online]. 2015 [cit. 2016-12-26]. Dostupné z: 

http://www.directelectron.com/products/de-series 

[19] BOOTH, Christopher a Paul MOONEY. Applications of electron-counting direct-

detection cameras in highresolution cryo-electron microscopy [online]. [cit. 2017-04-

27]. Dostupné z: http://www.microscopy-

analysis.com/sites/default/files/2013_Sept_Booth.pdf  

[20] Cyttron II. Cyttron II [online]. [cit. 2016-12-29]. Dostupné z: 

http://cyttron.org/news/direct-electron-detection  

[21] CLOUGH, R N, G MOLDOVAN a A I KIRKLAND. Direct Detectors for Electron 

Microscopy [online]. [cit. 2017-04-04]. DOI: 10.1088/1742-6596/522/1/012046. ISBN 

10.1088/1742-6596/522/1/012046. Dostupné z: http://stacks.iop.org/1742-

6596/522/i=1/a=012046?key=crossref.9743830d7a9a089025d8b8be19cda890  

 

[22] Gatan: Improving DQE with Counting and Super-Resolution [online]. Pleasanton, 

CA, 2017 [cit. 2017-04-04]. Dostupné z: http://www.gatan.com/improving-dqe-

counting-and-super-resolution  

 

http://www.trivalleystargazers.org/gert/CCD_Galery/abell12_st10xme.html
https://www.teledynedalsa.com/imaging/knowledge-center/appnotes/ccd-vs-cmos/
http://www.axis.com/files/whitepaper/wp_ccd_cmos_40722_en_1010_lo.pdf
http://olympus.magnet.fsu.edu/primer/digitalimaging/cmosimagesensors.html
http://www.gatan.com/techniques/imaging
http://www.looptechnology.com/cmos-sensor-cameras.asp#.WGY4ZRvhDIU
http://www.looptechnology.com/cmos-sensor-cameras.asp#.WGY4ZRvhDIU
http://www.directelectron.com/products/de-series
http://www.microscopy-analysis.com/sites/default/files/2013_Sept_Booth.pdf
http://www.microscopy-analysis.com/sites/default/files/2013_Sept_Booth.pdf
http://cyttron.org/news/direct-electron-detection
http://stacks.iop.org/1742-6596/522/i=1/a=012046?key=crossref.9743830d7a9a089025d8b8be19cda890
http://stacks.iop.org/1742-6596/522/i=1/a=012046?key=crossref.9743830d7a9a089025d8b8be19cda890
http://www.gatan.com/improving-dqe-counting-and-super-resolution
http://www.gatan.com/improving-dqe-counting-and-super-resolution


 

 

 

[23] ZANELLA, G. a R. ZANNONI. The detective quantum efficiency of an imaging 

detector [online]. [cit. 2017-04-04]. DOI: 10.1016/0168-9002(95)00015-1. ISBN 

10.1016/0168-9002(95)00015-1. Dostupné z: 

http://linkinghub.elsevier.com/retrieve/pii/0168900295000151 

 

[24] Gatan K2 camera data sheet - http://www.gatan.com/datasheets/k2-datasheet-

structural-biology  

 

[25] FIE Falcon II camera data sheet - https://www.fei.com/documents/falcon-II-datasheet/  

 

[26] WALEK, Petr, Martin LAMOŠ a Jiří JAN. Analýza biomedicínských obrazů [online].v 

Brně: Vysoké učení technické v Brně, Fakulta elektrotechniky a komunikačních 

technologií, Ústav biomedicínského inženýrství, 2013 [cit. 2015-01-03]. ISBN 978-80-

214-4792-9. Dostupné z: 

http://www.dbme.feec.vutbr.cz/sites/default/files/news/fabo.pdf 

[27] CCD Noise Sources and Signal-to-Noise Ratio: Concepts in Digital Imaging 

Technology. Molecular Expressions [online]. Florida, USA, 2015 [cit. 2016-12-26]. 

Dostupné z: https://micro.magnet.fsu.edu/primer/digitalimaging/concepts/ccdsnr.html 

[28] Noise sources in a CCD: Types of noise in a CCD. UCL DEPARTMENT OF SPACE & 

CLIMATE PHYSICS: MULLARD SPACE SCIENCE LABORATORY [online]. [cit. 

2016-12-26]. Dostupné z: 

http://www.mssl.ucl.ac.uk/www_detector/optheory/darkcurrent.html 

[29] TIAN, Hui. NOISE ANALYSIS IN CMOS IMAGE SENSORS.[online]. [cit.2016-12-26]. 

Stanford university, 2000. Dissertation. Stanford university. Dostupný z 

http://citeseerx.ist.psu.edu/viewdoc/download?doi=10.1.1.479.4689&rep=rep1&type=

pdf 

[30] HASINOFF, Samuel W. Photon , Poisson noise [online]. Google, , 1-4 [cit. 2016-12-

30]. Dostupné z: http://people.csail.mit.edu/hasinoff/pubs/hasinoff-photon-2012-

preprint.pdf 

[31] CCD Image Sensor Noise Sources: Image Sensor Solutions [online]. New York 14650 

- 2010: Eastman Kodak Company, 2001 [cit. 2017-03-14]. Dostupné z: 

https://www.uni-

muenster.de/imperia/md/content/ziv/multimedia/downloads/kodak___noise_sources.p

df  

 

http://linkinghub.elsevier.com/retrieve/pii/0168900295000151
http://www.gatan.com/datasheets/k2-datasheet-structural-biology
http://www.gatan.com/datasheets/k2-datasheet-structural-biology
https://www.fei.com/documents/falcon-II-datasheet/
http://www.dbme.feec.vutbr.cz/sites/default/files/news/fabo.pdf
https://micro.magnet.fsu.edu/primer/digitalimaging/concepts/ccdsnr.html
http://www.mssl.ucl.ac.uk/www_detector/optheory/darkcurrent.html
http://citeseerx.ist.psu.edu/viewdoc/download?doi=10.1.1.479.4689&rep=rep1&type=pdf
http://citeseerx.ist.psu.edu/viewdoc/download?doi=10.1.1.479.4689&rep=rep1&type=pdf
http://people.csail.mit.edu/hasinoff/pubs/hasinoff-photon-2012-preprint.pdf
http://people.csail.mit.edu/hasinoff/pubs/hasinoff-photon-2012-preprint.pdf
https://www.uni-muenster.de/imperia/md/content/ziv/multimedia/downloads/kodak___noise_sources.pdf
https://www.uni-muenster.de/imperia/md/content/ziv/multimedia/downloads/kodak___noise_sources.pdf
https://www.uni-muenster.de/imperia/md/content/ziv/multimedia/downloads/kodak___noise_sources.pdf


 

 

 

[32] JAN, Jiří. Medical image processing, reconstruction and restoration: concepts and 

methods. Boca Raton: Taylor, 2006, 730 s. ISBN 08-247-5849-8. 

[33] BOEKEMA, Egbert J., Mihaela FOLEA a Roman KOUŘIL. Single particle electron 

microscopy [online]. [cit. 2016-12-31]. DOI: 10.1007/s11120-009-9443-1. ISBN 

10.1007/s11120-009-9443-1. Dostupné z: http://link.springer.com/10.1007/s11120-

009-9443-1  

[34] KERVRANN, Charles, Carlos Oscar SANCHEZ SORZANO, Scott T. ACTON, Jean-

Christophe OLIVO-MARIN a Michael UNSER. A Guided Tour of Selected Image 

Processing and Analysis Methods for Fluorescence and Electron Microscopy. IEEE 

Journal of Selected Topics in Signal Processing [online]. 2016, 10(1), 6-30 [cit. 2017-

05-11]. DOI: 10.1109/JSTSP.2015.2505402. ISSN 1932-4553. Dostupné z: 

http://ieeexplore.ieee.org/document/7347356/  

[35] SHAHMORADI, Mahdi, Mojtaba LASHGARI, Hossein RABBANI, Jie QIN a 

Michael SWAIN. A comparative study of new and current methods for dental micro-

CT image denoising. Dentomaxillofacial Radiology [online]. 2016, 45(3), 20150302- 

[cit. 2017-05-12]. DOI: 10.1259/dmfr.20150302. ISSN 0250-832x. Dostupné z: 

http://www.birpublications.org/doi/10.1259/dmfr.20150302 

[36] Dabov, Kostadin, et al. ”Image denoising by sparse 3-D transformdomain 

collaborative filtering.” IEEE Transactions on image processing 16.8 (2007): 2080-

2095. 

[37] GONDARA, Lovedeep. Medical Image Denoising Using Convolutional Denoising 

Autoencoders. In: 2016 IEEE 16th International Conference on Data Mining 

Workshops (ICDMW) [online]. IEEE, 2016, s. 241-246 [cit. 2017-05-12]. DOI: 

10.1109/ICDMW.2016.0041. ISBN 978-1-5090-5910-2. Dostupné z: 

http://ieeexplore.ieee.org/document/7836672/  

[38] LIU, Hongbo, Kun WANG a Jie TIAN. Postreconstruction filtering of 3D PET images 

by using weighted higher-order singular value decomposition. BioMedical 

Engineering OnLine [online]. 2016, 15(1), - [cit. 2017-05-12]. DOI: 10.1186/s12938-

016-0221-y. ISSN 1475-925x. Dostupné z: http://biomedical-engineering-

online.biomedcentral.com/articles/10.1186/s12938-016-0221-y  

[39] Euler Lagrange based Solution for Image Processing [online]. [cit. 2016-12-26]. DOI: 

10.6088/ijaser.0020101026. ISBN 10.6088/ijaser.0020101026. ISSN 2277 – 9442. 

Dostupné z: 

http://www.ijaser.com/articles/vol1issue22012/lpages/jaser0101120026.html 

http://link.springer.com/10.1007/s11120-009-9443-1
http://link.springer.com/10.1007/s11120-009-9443-1
http://ieeexplore.ieee.org/document/7347356/
http://www.birpublications.org/doi/10.1259/dmfr.20150302
http://ieeexplore.ieee.org/document/7836672/
http://biomedical-engineering-online.biomedcentral.com/articles/10.1186/s12938-016-0221-y
http://biomedical-engineering-online.biomedcentral.com/articles/10.1186/s12938-016-0221-y
http://www.ijaser.com/articles/vol1issue22012/lpages/jaser0101120026.html


 

 

 

[40] MA, Min a Liang ZHAO. A Partial Differential Equation Algorithm for Image 

Denoising [online]. [cit. 2016-12-26]. DOI: 10.4028/www.scientific.net/AMR.816-

817.554. ISBN 10.4028/www.scientific.net/AMR.816-817.554. Dostupné z: 

http://www.scientific.net/AMR.816-817.554 

[41] GOLDSTEIN, Tom a Stanley OSHER. THE SPLIT BREGMAN METHOD FOR L1 

REGULARIZED PROBLEMS [online]. University of California, Los Angeles, 2009 

[cit. 2017-03-15]. Dostupné z: ftp://ftp.math.ucla.edu/pub/camreport/cam08-29.pdf  

 

[42] PASCAL GETREUER, Rudin-Osher-Fatemi Total Variation Denoising using Split 

Bregman, Image Processing On Line, 2 (2012), pp.74-95.  

http://www.ipol.im/pub/art/2012/g-tvd/  

[43] Z. Wang, A. C. Bovik, H. R. Sheikh and E. P. Simoncelli, "Image quality assessment: 

From error visibility to structural similarity," IEEE Transactions on Image 

Processing, vol. 13, no. 4, pp. 600-612, Apr. 2004. 

[44] LI, Jia, Zuowei SHEN, Rujie YIN a Xiaoqun ZHANG. A reweighted $l^2$ method for 

image restoration with Poisson and mixed Poisson-Gaussian noise [online]. [cit. 

2017-04-01]. DOI: 10.3934/ipi.2015.9.875. ISBN 10.3934/ipi.2015.9.875. Dostupné 

z: http://www.aimsciences.org/journals/displayArticlesnew.jsp?paperID=11485  

 

[45] RAGHUVANSHI, Deepak, Shabahat HASAN a Mridula AGRAWAL. Analysing 

Image Denoising using Non Local Means Algorithm. International Journal of 

Computer Applications [online]. 2012, 57(13), 0975 – 8887 [cit. 2017-04-01]. 

Dostupné z: http://research.ijcaonline.org/volume56/number13/pxc3883130.pdf  

 

[46] CHAN, Stanley H., Todd ZICKLER a Yue M. LU. Monte Carlo Non-Local Means: 

Random Sampling for Large-Scale Image Filtering [online]. [cit. 2017-04-01]. DOI: 

10.1109/TIP.2014.2327813. ISBN 10.1109/TIP.2014.2327813. Dostupné z: 

http://ieeexplore.ieee.org/document/6824205/  

 

[47] YANG, Shih-Ming. Fast and reliable image-noise estimation using a hybrid 

approach [online]. [cit. 2017-03-27]. DOI: 10.1117/1.3476329. ISBN 

10.1117/1.3476329. Dostupné z: 

http://electronicimaging.spiedigitallibrary.org/article.aspx?doi=10.1117/1.3476329  

 

[48] Pattern Recognition Lab: Computer Science Department 5. Pattern Recognition Lab: 

Computer Science Department 5 [online]. Erlangen, Germany [cit. 2017-03-27]. 

Dostupné z: https://www5.cs.fau.de/our-team/schwemmer-chris/software/  

 

http://www.scientific.net/AMR.816-817.554
ftp://ftp.math.ucla.edu/pub/camreport/cam08-29.pdf
http://www.ipol.im/pub/art/2012/g-tvd/
http://www.ece.uwaterloo.ca/~z70wang/
http://live.ece.utexas.edu/people/bovik/
http://live.ece.utexas.edu/People/people_detail.php?id=92
http://www.cns.nyu.edu/~eero/
https://ece.uwaterloo.ca/~z70wang/publications/ssim.html
https://ece.uwaterloo.ca/~z70wang/publications/ssim.html
http://www.aimsciences.org/journals/displayArticlesnew.jsp?paperID=11485
http://research.ijcaonline.org/volume56/number13/pxc3883130.pdf
http://ieeexplore.ieee.org/document/6824205/
http://electronicimaging.spiedigitallibrary.org/article.aspx?doi=10.1117/1.3476329
https://www5.cs.fau.de/our-team/schwemmer-chris/software/


 

 

 

[49] Definition of an electron volt. Science NASA [online]. 2001 [cit. 2017-04-01]. 

Dostupné z: https://science.nasa.gov/science-news/science-at-

nasa/2001/comment2_ast15jan_1  

 

 

[50] GOODHEW, Peter. General Introduction to Transmission Electron Microscopy 

(TEM) [online]. [cit. 2017-04-01]. DOI: 10.1002/9781119978848.ch1. ISBN 

10.1002/9781119978848.ch1. Dostupné z: 

http://doi.wiley.com/10.1002/9781119978848.ch1  

 

[51] Thermo Fisher Scientific: Exposure TIme [online]. [cit. 2017-04-01]. Dostupné z: 

https://www.thermofisher.com/cz/en/home/life-science/cell-analysis/cell-analysis-

learning-center/molecular-probes-school-of-fluorescence/capturing-analyzing-your-

samples/exposure-times.html  

 

[52] ANDOR: Binning of High Energy CCD Detectors [online]. [cit. 2017-04-02]. 

Dostupné z: http://www.andor.com/learning-academy/binning-of-high-energy-ccd-

detectors-understand-binning-in-high-energy-ccds  

 

[53] Stark Labs: Gain, Offset, and Bit Depth [online]. Stark Labs, 2016 [cit. 2017-04-03]. 

Dostupné z: http://www.stark-labs.com/help/blog/files/GainAndOffset.php  

 

[54] Noise in Images. In: The University of Edinburgh [online]. Edinburgh, 2007 [cit. 

2017-04-03]. Dostupné z: 

http://www2.ph.ed.ac.uk/~wjh/teaching/dia/documents/noise.pdf  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

https://science.nasa.gov/science-news/science-at-nasa/2001/comment2_ast15jan_1
https://science.nasa.gov/science-news/science-at-nasa/2001/comment2_ast15jan_1
http://doi.wiley.com/10.1002/9781119978848.ch1
https://www.thermofisher.com/cz/en/home/life-science/cell-analysis/cell-analysis-learning-center/molecular-probes-school-of-fluorescence/capturing-analyzing-your-samples/exposure-times.html
https://www.thermofisher.com/cz/en/home/life-science/cell-analysis/cell-analysis-learning-center/molecular-probes-school-of-fluorescence/capturing-analyzing-your-samples/exposure-times.html
https://www.thermofisher.com/cz/en/home/life-science/cell-analysis/cell-analysis-learning-center/molecular-probes-school-of-fluorescence/capturing-analyzing-your-samples/exposure-times.html
http://www.andor.com/learning-academy/binning-of-high-energy-ccd-detectors-understand-binning-in-high-energy-ccds
http://www.andor.com/learning-academy/binning-of-high-energy-ccd-detectors-understand-binning-in-high-energy-ccds
http://www.stark-labs.com/help/blog/files/GainAndOffset.php
http://www2.ph.ed.ac.uk/~wjh/teaching/dia/documents/noise.pdf


 

 

 

The list of abbreviations 

TEM – Transmission Electron Microscope  

DQE – Detective Quantum Efficiency  

SPA – Single Particle Analysis  

CCD – Charge-Coupled 

CMOS – Complementary Metal-Oxide-Semiconductor 

DDD – Direct Detection Device  

TV – Total Variation 

PDE – Parcial Derivation Equa filter 

ROF – Rudin, Osher, Fatemi model 

TV-ROF – Total variation filter with Rudin, Osher, Fatemi model model. 

TV-Poisson – Total variation filter with Poisson noise model 

NLM – Non-Local mean filter 

SNR – Signal to Noise Ratio 

PSNR – Peak Signal to Noise Ratio 

SSIM – Strucktural SIMilarity  

Exp. time - exposition time  

Eq. - Equation 

Mag. - Magnification 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



 

 

 

Attachments 

On the CD, which is attached to this master’s thesis in folder GUI_and_Filters are these 

software files. 

- Graphical user interface: GUIfiltrace.m 

- Main function of filters: EL_TV.m, TVROF.m, TVPoiss.m, NLM_filt.m 

 Images from TEM, which are for filters testing, are included on the CD. In folder 

Exp.time are three images with different exposure times. These images have resolution 

513x513pix. They were cut from original images with resolution 4096x4096pix and 

magnification 240 000x. This was done only to decrease the size of attachments. In the folder 

Binning, images are acquired with binning 2, 4, 8 and magnification 240 000x too. Each image 

has information about acquisition parameters in title. 

 

 

 

 



 

 

 

Control of graphical user interface  

 

In this image is shown GUI, where filtration methods are implemented and after filtration 

user can compare filtration quality. Denoised image can be also saved directly to the same 

folder, where image for denoising was chosen.  

The use is very intuitive. Firstly, you must choose image file for filtration, numb. 1 in the 

picture. Than in the radio buttons box, num. 2, you can choose filtration method, TVROF is set 

default. For start filtration press Filter button, num. 3, and you must wait, until denoising is 

completed. Process is indicated by green and red color under SNR and PSNR results. When 

light red color, filtration is in process. After filtration, you can compare images before and after 

filtration by [Original / Filtered] button, num. 4, which switches among images. ZOOM can 

be used for details comparing, when you press [+] button, and then two points of interest area 

in image must be chosen. Zoomed image can be compared by button num. 4. Denoised image 

can be saved by button num. 6. The figure can be clear by button num.7. GUI also shows 

objective result of filtration PSNR and SNR.  

Filtration functions, EL_TV.m, TVROF.m, TVPoiss.m and NLM_filt.m, can be used 

separately in MATLAB®. Functions have only one input, noised image. Other filters setting 

are set automatically, in dependence on noise in image. 


