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(S)TEM – Both TEM and STEM 
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Summary 
Quantitative Nanoscopy of Conductive Hierarchical Materials 

Polymeric hierarchical materials are used for a wide range of applications ranging 
from commodity plastics (e.g., cups, bottles, food packaging) to high-end materials 
(e.g., biomedical devices, light-weight structures). In all these materials, the 
hierarchical morphology is either introduced by the interactions and self-assembly 
of particles (bottom-up strategy) or during the fabrication process (top-down 
strategy). Hence, to tailor the macroscopic functional properties of these materials, 
a proper understanding on their nanoscopic morphology that translates into 
function over multiple length scales is required. Transmission electron microscopy 
(TEM) techniques are widely employed for the bulk analysis of structures and 
morphologies of organic as well as inorganic materials. However, TEM imaging of 
polymer-based hierarchical materials has several limitations. Polymers are mainly 
composed of elements of light and similar atomic numbers (viz. carbon, oxygen, 
hydrogen), which results in low contrast between the phases. Moreover, they are 
beam sensitive. In addition to that, their hierarchical morphology extends across 
several length scales, and hence, depending on the area of imaging, interpretations 
could vary, questioning the credibility of the analysis most of the time. 

In this thesis, many commonly observed (scanning) transmission electron 
microscopy ((S)TEM) limitations, particularly for the analysis of hierarchical 
polymeric materials have been tackled. Furthermore, the importance of 
quantitative interpretation of (S)TEM micrographs in terms of intensity and 
structure, employing image analysis tools, illustrating the capabilities of the 
method for understanding the hierarchical structure – property relationships, are 
discussed. The overall objective is to utilize and extend the capabilities of TEM, 
more in particular STEM, for the analysis of multiscale morphologies, and to 
employ the developed methodology to understand the fabrication – structure – 
functional properties relations in polymeric hierarchical materials, thereby pushing 
the electron microscopy towards a bulk characterization tool. 
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New methods to optimize the contrast between the phases of the material and 
limiting electron dose by controlling the STEM detector geometry and convergence 
of the electron beam have been developed by combining experiments and 
simulations. Furthermore, a toolbox to acquire STEM and TEM images of 
representative volumes has been developed, which brings EM imaging closer to a 
bulk characterization technique. In addition, new image analysis methods are 
implemented to segment and quantify the relevant features in the hierarchical 
morphology of the materials. 

With these new analysis approaches, the electrical conductivity and packing of 
multi-walled carbon nanotubes (CNTs) based polymer nanocomposites (PNCs) are 
studied in detail on a scale that was previously impossible. We chose to study 2 
different systems of PNCs – dense system (high CNT volume fractions) and dilute 
system (low CNT volume fractions). We observed that slight change in mesoscale 
morphology induced by size or size distribution of CNTs or by processing 
conditions, drastically changes the electrical conductivity. In addition, we also 
observed that the nanoscale contacts between CNTs and their effective contacts 
plays an important role in the formation of a least electrical resistance pathway. 
Hence, we attempted to quantify the spatially distributed nanoscale contacts by 
developing and implementing a brute-force segmentation method. Though the 
segmentation error and noise is greatly suppressed by our brute-force method, the 
accurate quantification of the number of CNT contacts and contact area between 
CNTs remains a delicate task for which the associated problems are not fully 
resolved yet and open for exploration. 



 

 

1  
Introduction to quantitative 
multiscale STEM imaging of 
polymeric hierarchical materials 
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1.1. Hierarchical materials 

Hierarchical materials are made up of small building units that are embedded or 
intertwined with other phases to form an organized structure at increasing size 
levels.1 Such a multilevel hierarchy is capable of exposing unique properties on 
account of structure alone, due to an optimization of morphology at all levels of 
hierarchy. Many materials in nature exhibit such multiscale architecture, precisely 
designed, to fulfill a particular function, such as mechanical strength, flexibility or 
stiffness.2-3 Bones and bone-like materials (made of both organic and inorganic 
components) are excellent examples of naturally occurring hierarchical structures 
(Figure 1.1) with unique properties, i.e., combination of toughness and strength.2,4-5 
At the macroscale the structure of bone is either compact (dense material at the 
surface of all bones) or spongy (foam-like material inside dense material). At the 
microscale level (≈ 200 μm diameter and ≈ 100 mm long), bones are made of 
osteons – hollow fibers composed of concentric lamellae (≈ 5 μm thick). These 
lamellae are composed of fibers arranged in a geometric pattern built by a series of 
collagen fibrils (≈ 0.5 μm diameter and ≈ 10 μm long), each linked by an organic 
phase to form fibril arrays. The collagen fibrils are filled and coated by tiny mineral 
crystals of hydroxyapatite that assemble in the gap between collagen fibrils. These 
mineralized collagen fibrils are the basic building blocks of bone matrix and consist 
of an assembly of collagen protein molecules (≈ 300 nm long and ≈ 1.5 nm thick – 
tropocollagen) formed from three chains of polypeptides (amino acids). In addition 
to the intrinsic strength of the complete structure, these molecules and collagen 
fibrils achieve toughness through molecular uncoiling, intermolecular sliding, and 
sliding of collagen fibrils.4 In a classical materials-design problem, the two 
properties strength and toughness tends to be mutually exclusive making the 
materials are either “strong and brittle” or “weak and flexible”. Another example 
of a naturally occurring material with unique properties is bamboo.6 They are 
naturally occurring composite material consisting of cellulose fibers embedded in a 
lignin matrix, where the cellulose fibers are aligned along the length of the bamboo 
providing maximum tensile strength and rigidity in that direction. Here the 
flexural properties are optimized by a higher cellulose fiber density at the outer 
periphery. The porous cavities makes the entire structure extremely lightweight 
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while the structure is reinforced by the diaphragms. These natural materials 
provides us an opportunity and inspiration to mimic their structure heading 
towards designing novel materials with unique functional properties. However, the 
bottom-up strategies developed in the natural materials perfectly over the years of 
evolution are difficult to control and duplicate over several levels of hierarchy in 
large-scale synthesis and production. Hence, until the date, mimicking naturally 
occurring materials on all length scales is largely unsuccessful. However, to date, 
hierarchical structures with fewer levels of hierarchy are developed synthetically 
from metals, ceramics, polymers, or from hybrids of these materials to obtain 
unique functional properties.7-11 

 

Figure 1.1. Hierarchical structure of bone showing a seven level hierarchy. Adapted with permission from 
Launey, M. E. et al.5 Copyright © 2010, Annual Reviews. 

Among this class of materials, hierarchical structures made of polymers and soft 
matter are of great importance for a wide range of applications, as described below. 
In all these materials, the hierarchical morphology is either introduced by the 
interactions and self-assembly of particles (bottom-up strategy) or during the 
fabrication process (top-down strategy). The hierarchy extends from molecular 
arrangements (due to van der Waals interactions, hydrogen bonding, hydrophobic 
and hydrophilic interactions) at the nanoscale influencing physical phenomena at 
the microscale (such as phase separation, aggregation, crystallinity, spherulites), 
the latter controlling the macroscale functional properties (surface properties, 
mechanical properties, barrier properties, thermal properties, and electrical 
properties). Some of the best-known examples of man-made polymeric hierarchical 
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structures are multi-phase polymers,12-13 hierarchically templated structures,14-15 and 
particulate composites.16-17  

Multi-phase polymers: Multi-phase polymers like i-PP/HDPE,12 PEO/PCL18 

multi-layer polymer tapes are widely used in packaging applications on account of 
their controlled gas barrier properties. By modifying the processing conditions, such 
as layer thickness and temperature, the polymer melt forms organized crystals 
(edge-on or flat-on orientation of lamellae) in a confined nanometer space over 
multiple length scales and facilitates controlled gas permeation only through 
amorphous regions in the hierarchical morphology.19 Acrylonitrile butadiene styrene 
(ABS) is multiphase terpolymer, where the continuous phase of styrene-
acrylonitrile (SAN) copolymer gives the material rigidity, hardness and heat 
resistance while the uniformly dispersed polybutadiene rubber particles in the SAN 
matrix provides the toughness. 

Hierarchically templated structures: Hierarchically templated interconnected 

micro- or mesoporous structures are developed for applications that require 
selective and efficient transport properties within a high surface area porous 
framework such as drug delivery, energy storage, and catalysis. These are 
fabricated by synthesizing the material (like silica from silica sol) on pore forming 
templates (like microspheres of PS latex particles) before removing the templates 
by calcination.14 In semi-crystalline polymers (like PBT and PCL), incorporation of 
carbon nanotubes (CNTs) forms hierarchically templated crystalline phases where 
the CNTs acts as nucleating sites for crystal growth to increasing length scales 
(from nm to m scale). Depending on the orientation of the CNTs, the polymer 
lamellae can be organized, which results in significant increase in mechanical 
strength due to the strong interactions between crystallites and CNTs.20-21 

Particulate composites: Particulate composites, such as polymer-clay 

nanocomposites,22-23 polymer-silica nanocomposites,24-25 and polymer-carbon 
nanocomposites,26-27 have a wide range of functional properties, such as mechanical 
reinforcement, thermal properties, electrical properties and used for applications 
such as transparent conductive thin films, photovoltaic devices, light-weight 
engineering materials and thermal insulators. The simplest form of a particulate 
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composite consists of just two phases – a continuous phase, e.g. a polymer matrix, 
and a dispersed phase, e.g. spherical, tubular or sheet-like filler particles.28-30 As an 
example, we mention non-conductive polymer matrices (PMMA, PS/PPO) can be 
made conductive by dispersing conductive filler particles (e.g. carbon black, carbon 
nanotubes, carbon fibers, graphene) within, which make them useful for conductive 
applications such as conductive thin films, and solar cells. Here, the functional 
performance of these devices are intimately depends on the arrangement, 
connectivity and orientation of the filler particles embedded within the polymer 
matrix. 

Although many synthetic hierarchical systems with unique functional properties 
have been developed, the rational design of new materials still remains a 
challenging issue. One of the major bottlenecks in the design and development of 
novel hierarchical materials is the lack of control on the complete multiscale 
structure that extends over several length scales (from nm to mm) and 
understanding how the structure translates into desired functional properties. This 
renders morphological analysis critical at every level of hierarchy. Hence, it is 
necessary to analyze and understand the effects of component composition, 
interactions and processing/fabrication on the morphology development on every 
length scale of the hierarchical structures, which can guide us to design and tailor 
application specific new materials. 

1.2. Morphological analysis of hierarchical materials 

In general, the morphology of hierarchical materials is analyzed by various 
scattering and microscopy techniques. Some of the widely used techniques are X-
ray scattering (WAXS,31 SAXS32), scanning electron microscopy (SEM),33-36 
transmission electron microscopy (TEM),37-38 atomic force microscopy (AFM),39-40 
and electron tomography.41-42 All these techniques have their own strengths and 
limitations, depending on the material and the structural features under 
investigation. Scattering techniques are predominately employed to study the 
crystal structure, degree of crystallinity and orientation of crystallites (ranging 
from 0.1 nm to a few tens of nm).20 A specific advantage of scattering techniques is 
that they can probe large sample volumes; however, they provide only averaged 
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description of the material, unless a model for specific structural feature is applied 
to the analysis.43 Models describing the multicomponent distribution and 
polydispersity of the particles are difficult to implement in the analysis of an a 
priori unknown morphology. This makes local analysis of particular features (like 
phase separation, agglomeration, orientation distribution, pore size distribution and 
volume fraction distribution) hard to distinguish in an unknown morphology. In 
that case, a more intuitive representation of the local morphology is needed. 
Imaging by SEM, TEM or AFM allows for the analysis of specific features, 
especially when the morphologies are unknown and consist of complicated multi-
structures like multi-scale morphologies. Besides that, imaging can provide a model 
for complicated morphologies that can be used in scattering analysis.32 Hence, 
scattering and imaging are complementary and should be used together for 
multiscale analysis. 

Depending on the size of the structural feature and the required resolution, 
different microscopy techniques can be employed, as illustrated in Figure 1.2. 
Optical microscopy can be used for the quantitative analysis of polymer granules 
and powders (such as shape and size). The minimal separation between two 
resolvable objects in an optical microscope is about 0.2 μm to 0.4 μm, which is 
directly related to the wavelength of the light. Due to this resolution limitation, 
optical microscopy cannot resolve sub-hierarchical structures below ≈ 500 nm. 
Electron microscopy provides superior resolving power due to the much shorter 
wavelength of high-energy electrons (2 – 5 pm) compared to visible light (400 – 700 
nm). SEM and FIB-SEM provide an excellent platform for surface as well as bulk 
analysis of morphologies at mesoscale such as domains in the matrix of polymer 
blends.44 However, in SEM, the resolution is limited to few tens of nanometers, 
because of the size of the interaction volume, which is larger than the distance 
between lamellar/molecular interfaces and atoms. AFM provides high-resolution 
topographic information with sub-nm resolution by measuring the interaction 
between the tip and the surface of the specimen;39-40 however, information on the 
bulk morphology cannot be obtained unless AFM-based tomography is used.45 On 
the other hand, TEM provides bulk information with resolution down to sub-
nanometer scale. TEM has been used for decades for the analysis of the structural 
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morphology,38 also in cryogenic conditions to investigate organic materials in their 
native state.46-48 Nowadays, liquid cell TEM and in-situ TEM are becoming more 
and more important for investigating various processes in the liquid state and in 
bulk materials, i.e., changes in materials by the interaction with several factors, 
such as heat, electro-magnetic and mechanical strain fields.49-50 TEM analysis of 
polymeric materials gains much importance towards the understanding the complex 
morphologies at micro- as well as nano-scale.51 In the following sections, we will 
discuss image and contrast formation in TEM, as well as the advantages, 
limitations and requirements to optimally utilize TEM imaging for the analysis of 
multi-scale morphologies. 

 

Figure 1.2. Schematic illustration of different hierarchical structures in a typical polymer and the 
approximate range of various microscopy techniques to image the structures. 

1.3. Transmission electron microscopy 

The initial driving force to invent electron microscopy was to overcome the 
inevitable resolution limitations in visible-light microscopy. In 1931, Ernst Ruska 
and Max Knoll constructed the first TEM that had a magnification of only 16×.52-53 
Nevertheless, in 1938, just a few years after the invention of the TEM, a resolution 
of about 7 nm was achieved by Ruska.52 Since then, TEM has developed rapidly 
with various novel modes of operation, which led to remarkable improvements in 
image resolution and contrast. Scanning transmission electron microscopy (STEM) 
is one such mode with exceptional capability, particularly for analyzing 
morphologies containing multiple length scales, as which will be discussed below. 
The first STEM was constructed by Manfred von Ardenne in 1938.54 Yet the major 
use of STEM began only the early 1970s. In 1968, Crewe et al.55 presented the 
high-resolution STEM images of single atoms obtained by Z-contrast, and in 1970 
Thomson and Zeitler56-57 were the first to study the mechanism of image formation 
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in STEM. By about 1990 the development of aberration-corrected microscopes 
pushed the resolution down to sub-ångstrom levels. In the meantime, ultrahigh 
accelerating voltage microscopes (up to 3 MeV) were also developed in order to 
decrease the wavelength of electrons further to improve the resolution and increase 
beam penetration (for imaging ultra-thick sections).58 Nowadays, most state-of-the-
art electron microscopes include an aberration corrector that is capable of viewing 
fine structures at the sub-nm scale in STEM as well as TEM mode.59 

In a standard transmission electron microscope, the electron beam generated by an 
electron source passes through and interacts with the specimen. The transmitted 
electron beam, carrying the encoded information of the specimen, is transferred to 
the image plane and subsequently retrieved by a detector, e.g. a charge-coupled 
device (CCD), a scintillator detector or a semiconductor detector, to form in first 
approximation a projection image. The basic beam path of the two main imaging 
modes, bright-field (BF)-TEM and annular dark-field (ADF)-STEM), is shown in 
Figure 1.3. In BF-TEM mode a parallel beam illuminates the sample and the 
transmitted electrons are recorded to form an image. By centering the objective 
aperture to the optical axis, an image containing mass-thickness contrast (local 
variations on density, atomic number or thickness) is produced, where dense or 
thick objects appear dark on a bright background. In ADF-STEM a focused 
electron beam is scanned over the sample and the transmitted electrons scattered 
from each point of the sample are recorded by an annular detector, thus forming a 
dark-field image in which the dense or thick object appear light on a dark 
background. ADF-STEM imaging has several advantages over BF-TEM imaging, 
particularly for the analysis of crystalline or semi-crystalline polymer materials. 
While examining crystalline or semi-crystalline phases, the mass-thickness contrast 
is superimposed on the Bragg-diffraction contrast that is unique for the crystalline 
phases introduced by the coherent elastically scattered electrons, particularly at 
low angles of scattered electrons. However, at higher angles, low intensity mass-
thickness contrast can be obtained without the influence of diffraction contrast. In 
ADF-STEM imaging the annular detectors can be controlled (by changing the 
camera length) to collect these highly scattered electrons, where the recorded 
intensity is directly related to the scattering power of the sample (i.e., atomic 
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number Z) and, hence, forms Z-contrast imaging.60 This facilitates not only easier 
detection of features, but also the direct quantification of features as a function of 
image intensity, which is crucial for electron tomography, 3D reconstructions and 
further image analysis.61 

 

Figure 1.3. Schematic illustration of electron beam path in bright-field TEM mode and annular dark-field 
STEM mode. 

1.4. Limitations of (S)TEM imaging of polymeric hierarchical materials 

To some extend ADF-STEM can be considered as being better than BF-TEM 
imaging (such as for imaging thick sections, as will be discussed later in relation to 
linearity of intensity and scattering power of the sample); however, there are some 
inherent limitations of TEM imaging, particularly for imaging polymer materials 
with hierarchical morphologies. Some of the commonly observed limitations are low 
contrast between the different polymer phases, electron beam sensitivity of the 
polymer samples, and sampling of truly multiscale morphologies. 
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Contrast formation: Almost all organic and polymeric materials are composed 

only of light atoms with similar atomic number like C, N, O, F, and H, which 
results in a majority of the incident electrons being scattered only to low angles. 
Hence, contrast formation relies exclusively on those weakly scattered electrons and 
the non-scattered, direct beam.62-63 A common way to increase the contrast between 
different phases, as practiced in imaging of biological and low-contrast materials, is 
to selectively stain one component by adsorption of heavy metal complexes, thus 
increasing mass-thickness contrast between different regions.64 Here, it needs to be 
realized that we analyze the stain but not the polymer, which may result in 
erroneous interpretations and the quantitative analysis represents the relative 
intensity variation with respect to the stain but not the original phase of the 
polymer. Another way to improve image contrast is by lowering the acceleration 
voltage,65-67 which due to the reduced speed gives electrons ‘more time’ to interact 
with the specimen and intensifies the relative scattering effects in the transmitted 
beam (increases the scattering cross-section).68-70 This results in higher contrast 
even for small density variations because of the relatively low mean free path of the 
electrons. At the same time, lowering the acceleration voltage limits the resolution 
(if no aberration corrector is employed) and decreases the maximum thickness of 
sections that can be imaged. The SNR can be increased by increasing the electron 
dose, but the higher the electron dose, the more likely it is that beam sensitive 
polymer samples will be degraded by the electron beam, as will be discussed in the 
next section. More specific to TEM imaging of low contrast materials, i.e., imaging 
phase objects, is defocusing the transmitted beam, thereby modulating the contrast 
transfer function and increasing the phase contrast contribution within the desired 
frequency range.48 Other specific methods are reducing the size of the objective 
aperture which increases the scattering contrast by cutting out more of the 
electrons that have interacted with the sample, and using an annular objective 
aperture with a central beam stop facilitating dark field imaging in TEM62,71 and 
using a phase plate increasing the phase contrast, particular in the low frequency 
domain.72 In STEM, the contrast can be optimized by recording the scattered 
electrons within a specific angular range (controlled by the camera length) where 
the SNR and relative scattering between the phases are higher. However, finding 
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that “sweet spot” is rather cumbersome and depends significantly on the 
composition of the sample, thickness, convergence of the beam, electron dose, 
acceleration voltage, etc. Hence, all these factors needs to be optimized along with 
the annular STEM detector configuration to obtain higher contrast between the 
phases. 

Beam sensitivity: Depending on the material under investigation and its 

chemical composition (i.e., atomic mass), their ability to withstand electron dose 
(i.e., beam sensitivity) varies. Inorganic materials and semiconducting materials 
can withstand a higher electron dose and are usually imaged to study the crystal 
lattice, dislocations, and chemical composition. Here atomic resolution is required 
but often there is no severe restrictions on electron dose.73-74 However, such 
conditions cannot be employed for imaging organic and polymer materials. As 
mentioned above, polymers are mainly composed of elements of low atomic mass 
and when exposed to an electron beam, they tend to shrink as the result of 
structural rearrangement.75 The radiation damage causes electron excitation within 
molecules and the subsequent de-excitation may not return the molecule to its 
original electronic state, which causes chemical bonds to be cleaved so that the 
molecule changes in shape and shifts its position and results in mass loss of light 
atoms, particularly C, N, O, and H. Depending on the incident electron dose, the 
shrinkage can reach 30 % to 50 % in the beam direction (Z plane) and 5 % to 10 % 
in the perpendicular direction (X-Y plane).76-77 The effect of beam damage in the X-
Y plane on a typical polymer nanocomposites (PS/PPO/CNT) is shown in Figure 
1.4. At a constant dose rate, the sample tends to shrink rapidly at first and then 
levels out into a plateau. This specific behavior is exploited in electron tomography, 
where it is common to pre-expose the sample to the electron beam before acquiring 
a tilt series to limit the magnification variations, although these sample changes 
can to some extend be corrected during the reconstruction processes. The radiation 
damage can be reduced by cooling the sample down to liquid nitrogen temperatures 
and by reducing the electron dose (varying spot size, dwell time, low-dose 
techniques); however, as mentioned above, reducing the electron dose may result in 
loss of contrast and resolution. Hence, during contrast optimization and imaging, 



Chapter 1 

26 

 

the damage and shrinkage of the sample due to the electron irradiation also needs 
to be considered. 

 

Figure 1.4. BF-TEM of PS/PPO/CNT nanocomposites showing the effects of prolonged electron 
irradiation. a) Image acquired after an accumulated dose of ≈ 3 e−/Å2; b) Image acquired after exposing 
the sample to ≈ 1800 e−/Å2, c) Exponential decrease in the distance between two gold beads plotted as a 

function of total dose shows the shrinkage of the sample. Scale bars are 100 nm. 

Sampling limitation: For multiscale imaging, large volumes of material need to 

be imaged with nanometer resolution to obtain representative information. 
However, typical (S)TEM samples are roughly in the order of 50 to 200 nm in 
thickness. Due to the restriction on the size of the detector and CCD, the imaging 
volume (with nanometer resolution) is approximately 10−19 m3, which accounts 
only ≈ 10−13 g of bulk material. This questions whether the acquired are 
representative for the bulk material, as illustrated in Figure 1.5a, b, and c. To some 
extend the sampling volume can be increased by increasing the section thickness. 
However, further increase in thickness of the sample results in poor contrast and 
loss of resolution due to the multiple scattering of transmitted electrons with 
significant inelastic collisions/interactions. Figure 1.5d, e, and f shows the images of 
carbon nanotubes-based polymer nanocomposites (PNCs) of various thicknesses 
acquired in BF-TEM mode. By increasing the thickness, the SNR decreases, which 
eventually results in low contrast. STEM has shown the potential to generate high-
resolution images of thick sections by choosing the optimum balance between the 
convergence angle of the focused probe and the required resolution.78-81 Although an 
equivalent image could be generated by BF-TEM, the required acceleration voltage 
would need to be almost an order of magnitude higher than that for STEM,79 
which makes the BF-TEM approach technologically impractical for imaging thick 
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sections. The sampling volume can be further increased by increasing the field of 
view, but at the cost of resolution. One way to overcome the sampling problem is 
to record images sequentially with a small overlap between the images and stitch 
them together to achieve a large area map. 

 

Figure 1.5. a) TEM overview of a polymer nanocomposite (PS/PPO/CNT); b, c) BF-TEM image 
illustrating the variation in the network morphology between different regions; d, e, f) BF-TEM images of 
PS/PPO/CNT nanocomposites illustrating the decrease in SNR with increase in sample thickness – 100 
nm, 200 nm, and 500 nm respectively; g) ADF-STEM image of 500 nm thick section with roughly the 

same electron dose. White scale bar is 30 μm and black scale bars are 200 nm. 

1.5. Thesis outline 

All these limitations of TEM-based imaging need to be considered for the analysis 
of polymer-based hierarchical systems. The main objective of this thesis is to 
overcome these limitations, and push electron microscopy (in our case focusing on 
STEM imaging) towards a bulk characterization tool for the analysis of multiscale 
morphologies, and understand the fabrication – structure – functional properties in 
conductive hierarchical materials like carbon nanotubes-based polymer 
nanocomposites. 

Chapter 2 deals with quantifying and optimizing STEM image contrast. Here we 

developed a method using both a computational and experimental approach to 
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optimize imaging conditions and detector geometries (like electron dose, 
convergence angle of the electron beam and collection angle of the transmitted 
electrons). We used carbon nanotubes embedded in PS/PPO matrix as the model 
material for our analysis; however, the developed method is very general and can 
be utilized for any type of low contrast, beam sensitive hierarchical material. 

Chapter 3 focusses on the sampling issues in EM imaging, which plays a 

significant role in the analysis of hierarchical morphologies. We overcome sampling 
limitations by developing a toolbox that acquires a large series of partially 
overlapping (S)TEM images with sufficient resolution, subsequently stitched 
together to generate a large-area map. In addition, we demonstrate the power of 
large-area quantitative image analysis to obtain representative information of 
multiscale morphologies by examining two different multi-phase materials 
(assemblies of spin-coated, MMA-tBA polymer latex – SWCNTs mixtures and co-
extruded i-PP/HDPE multilayer polymer tapes) that are structured over multiple 
length scales. 

In chapter 4, we turn our attention towards a materials problem, i.e., studying 

the mesoscale assembly of multi-walled carbon nanotubes (CNTs) networks and 
their electrical conductivity by employing quantitative STEM – a tool for 
multiscale characterization and analysis. First, we start with CNTs of varying 
length and length dispersity, which has shown to alter the mesoscale packing and 
results in almost two-fold increase in electrical conductivity at a specific 
composition. The global packing phenomena match closely those of random packing 
of macroscopic rods; however, quantitative large-area STEM imaging revealed the 
existence of mesoscale packing variations and allowed us to suggest an electrical 
conduction model for the optimized networks of the CNTs. 

In chapter 5, the electrical percolation and conductivity of PNCs is studied as a 

function of processing, which alters the electrical conductivity up to 9 orders of 
magnitude. Here quantitative large-area STEM analysis on the highly conductive 
network revealed the existence of an inhomogeneous mesoscale network with a 
broad local volume fraction distribution of CNTs and a significant amount of CNT-
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free regions that effectively increases the volume fraction of CNTs, as compared to 
the real CNT volume fraction. 

In both of studies (chapter 4 and 5) we observe that, besides the mesoscale 
morphology, the efficiency of nanoscale CNT-CNT contacts in the conducting 
pathway play an important role in the electrical conductivity. Hence, in chapter 

6, to push our understanding even further, we attempted to explore quantitatively 

the spatially distributed CNTs by quantification of packing density, number of 
CNTs and contacts between CNTs in the network by electron tomography. These 
findings are not only relevant to understand conductivity phenomena, but also 
address the more fundamental problem of random packing in rod-like systems. 

Finally, the thesis is concluded in chapter 7 with the insights obtained from this 

thesis and the future perception of this research. 
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2  
Quantification and optimization of 
STEM image contrast for beam 
sensitive materials 
Electron microscopy (EM) analysis of many (in)organic materials is hindered by their 
beam sensitivity and low contrast between the phases. In addition to that, the 
morphology of these materials, often hierarchical materials span across several length 
scales that poses the problem of imaging representative volumes (sampling 
limitations). The sampling problem can be overcome by imaging thick sections, but 
for small features this may even further degrade the EM contrast between the 
phases. As has been shown before, scanning transmission electron microscopy 
(STEM) imaging is well suited for imaging thick sections and also with a limited 
electron dose; however, the imaging conditions and detector geometry needs to be 
optimized to obtain sufficient contrast between phases. Here we report an 
experimental and computational method to optimize the imaging conditions and 
detector geometries for any type of low contrast, beam sensitive hierarchical 
material. We carried-out Monte Carlo simulations as well as an experimental analysis 
on CNT/polymer model samples to detect the best microscope conditions 
(convergence angle, electron dose, camera length) in order to obtain optimum 
contrast in thick sections. The presented method is general and can be easily adapted 
for the optimization of contrast for other beam-sensitive low-contrast (amorphous) 
materials. 
 
This chapter is submitted for the publication – Gnanasekaran, K.; de With, G.; Friedrich, H. 
Quantification and Optimization of STEM Image Contrast for Beam Sensitive Materials. 2016. 
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2.1. Introduction 

While hierarchical materials, i.e., materials that are structured over multiple length 
scales, are widely observed in nature (bones, shells, wood, etc.),1 the development 
and application of synthetic hierarchical materials is becoming more and more 
important on account of their tunable physical and multi-functional properties.2 
Polymer materials often form hierarchical morphologies at the microstructural 
level. For instance, in semi-crystalline polymers like polypropylene, highly ordered 
crystalline lamellae are interrupted by amorphous regions to form spherulites 
resulting in unique bulk properties depending on the lamellae fraction. The lamellae 
account for the hardness and brittleness and the amorphous phase accounts for the 
impact resistance of the bulk polymer. Hierarchical materials are also formed by 
combining two or more organic or inorganic components whose morphology spans 
across several length scales. Such multifunctional composites, e.g., clay/polymer,3-4 
carbon nanotubes/polymer,5-6 silica/polymer nanocomposites7-8 show significant 
improvements in thermal, electrical, mechanical properties which renders them 
highly suited for a variety of technological applications including light-weight 
materials, solar cells, mechanical reinforcements, etc. Hence, for the proper 
designing and tailoring of hierarchical materials, morphological analysis over 
several length scales is required. Several scattering,9-10 spectroscopy,11-13 and 
microscopy14-15 techniques are employed to characterize the morphologies of 
multiscale materials. Among these techniques, scattering and spectroscopy are 
widely employed; however, they provide average morphological information, unless 
a model for specific structural feature is applied to the analysis.16 Spatially resolved 
model-free analysis can be carried-out by real-space techniques like electron 
microscopy imaging, which makes electron microscopy a much more intuitively 
appealing characterization tool. Nevertheless, the underlying scattering mechanism 
in electron microscope is complex, and significantly depends on factors like 
acceleration voltage, convergence angle of the electron beam, beam current, sample 
composition (atomic number of component’s and density), sample thickness and 
many more.17 Having knowledge on the actual electron scattering behavior of 
materials, provides an opportunity to optimize imaging conditions for maximum 
contrast and resolution. This is particularly essential for imaging of beam sensitive, 
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low contrast materials as for these materials the sample and not the electron optics 
poses a limit to imaging.18 Studies over the years converged the understanding on 
scattering mechanism and principles to some extend;19-24 nevertheless, the 
complexity of scattering is intimately depends on the specimen under investigation 
- one cannot always predict in advance the optimum imaging conditions. Here we 
combine experiments and simulations to develop a predictive understanding of how 
image contrast can be optimized by changing acquisition conditions especially for 
STEM imaging of thick specimens. 

2.2. STEM imaging of hierarchical materials 

Electron microscopy imaging of hierarchically structured materials, such as carbon 
nanotube – polymer nanocomposites (PNCs), requires some special considerations 
like “sampling” because their morphology extends over several length scales.14 
Imaging is further complicated by “poor contrast” as the atomic number and 
density of individual components (i.e., carbon nanotubes and polymer matrix) are 
quite similar, which results in only small differences in scattering of electrons by 
the different phases. As others and we have shown sampling can be tackled by 
combining large-area imaging25-26 and thick sections27 to image representative 
volumes of material. For such tasks bright-field TEM is not the most suitable 
technique, as the signal-to-noise ratio (SNR) decreases considerably with increasing 
section thickness. This eventually results in such low contrast that interpretation 
and quantification becomes unfeasible. STEM mode has shown potential to image 
thick sections with nanometer resolution and with good contrast between the 
phases.27-28 Although an equivalent image could be generated by BF-TEM, the 
required acceleration voltage would need to be almost an order of magnitude higher 
than that for STEM,29 which makes the BF-TEM approach technologically 
impractical for imaging thick sections. 

2.3. Contrast parameters in STEM 

In dark-field STEM mode, a focused electron beam is scanned over the sample and 
the transmitted electrons scattered from each point of the raster recorded by 
annular detectors form the dark-field image (Figure 2.1a), where the dense or thick 
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object appears bright in a dark background. The difference in the relative 
scattering of electrons between different regions/phases gives rise to contrast. 
STEM imaging is performed basically in diffraction mode where the back focal 
plane of the objective lens is imaged on the detector including the central disc of 
the diffraction pattern, which is aligned to the center of the annular detectors 
(Figure 2.1a). The angular distribution of the scattered electrons depends on the 
scattering cross-section and the composition of the material. In general, fewer 
electrons are scattered to high angles as schematically depicted in Figure 2.1b. 
Hence, SNR and contrast between different phases in a material can be 
manipulated by changing the collection angle (inner collection angle 𝛽min and outer 
collection angle 𝛽max) of the annular detector, recording only a specific angular 
range (Figure 2.1b). The collection range 𝛽 is controlled by the camera length 
(CL), which corresponds to the (virtual) distance between the sample and the 
detector. This means that for constant detector dimensions, electrons scattered to 
high angles are recorded by a low CL and electrons scattered to low angles are 
recorded by a high CL. For our particular detector (Fischione HAADF-STEM 
detector in the TU/e CryoTitan), the relationship between the range of scattering 
angles that are collected by the detector is as follows: 𝛽min (in mrad) = 6355/CL 
and 𝛽max (in mrad) = 31780/CL (CL in mm). The complete conversion table 
between the available camera lengths and their collection range can be found in 
appendix, section 2.7.1. Here we emphases again that by decreasing the CL, both 
the inner and outer collection angle increase, resulting also in an increase of the 
collection range as schematically shown in Figure 2.1b. 

So far, STEM image formation and the influence of detector geometry are 
extensively studied for crystalline materials to resolve crystal lattices with atomic 
resolution. In a quantitative manner the number of electrons scattered to high 
angles depends on the composition of the material through the 𝑍𝜈 dependence of 
the scattering cross section. Here Z represents the atomic number and the exponent 
𝜈 ranges from 1.6 to 1.9 depending on the collection angle of the detector (𝛽min 
and 𝛽max).30-32 The use of a small inner detector angle improves the SNR 
significantly. At the same time, at fairly low scattering angles, crystalline and semi-
crystalline materials are subjected to coherent imaging artefacts, like diffraction 
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contrast.32 Therefore, it is necessary to know the minimum tolerable inner detector 
angle for which the image formation is still sufficiently incoherent. In addition to 
these, depending on the inner collection angle 𝛽min and the thickness of the 
specimen, elastically scattered electrons may lead to images of inverse contrast.20,33 
These studies clearly illustrate that the collection angle needs to be chosen properly 
to avoid imaging artefacts. The interpretation in terms of Z-contrast and coherency 
may not strictly hold for all the samples under investigation. In addition to that, in 
our samples (thick sections), contrast formation is more complicated because of the 
multiple elastic and inelastic scattering events; hence, a systematic understanding 
of contrast formation is required for their optimization. 

 

Figure 2.1. a) Schematic illustration of electron beam path in STEM mode; b) Schematic illustration of 
camera length and collection range of scattered of electrons. 

An example of STEM images of 1 μm thick PNC section acquired at various 
camera lengths with a §convergent beam of 4 mrad are shown in Figure 2.2. See 
section 2.7.2 for detailed information on the acquisition procedure to prevent 

                                            

 

§ Convergence angle 𝛼 always represents the semi-convergence angle (See Figure 2.1). 
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detector scaling artefacts. As mentioned earlier, PNCs are composed only of light 
atoms like C, H and O, which results in a majority of the incident electrons being 
scattered only to low angles and hence, contrast formation relies exclusively on 
those weakly-scattered electrons. This phenomenon is clearly observed from the 
images acquired at various camera lengths. The images recorded at high collection 
angles (low camera lengths) show very little signal and the embedded CNTs are 
barely visible (Figure 2.2a and Figure 2.2b). However, despite such a thickness of 
the polymer (PS/PPO – blend of Polystyrene (PS) and poly(2,6-dimethyl-1,4-
phenylene oxide) (PPO)), the contrast increases by increasing the camera length 
(Figure 2.2c to Figure 2.2f), reaches a maximum value at 370 mm camera length 
(Figure 2f), and eventually decreases (Figure 2.2f to Figure 2.2k). Further 
increasing the camera length (Figure 2.2l to Figure 2.2r), results in partial 
recording of the direct beam instead of only scattered electrons, which results in 
inverse contrast corresponding effectively to a bright field image. 

 

Figure 2.2. STEM images of 1 μm thick section of PNC acquired at various camera lengths (in mm) – a) 
115, b) 150, c) 190, d) 240, e) 290, f) 370, g) 450, h) 560, i) 710, j) 890, k) 1150, l) 1400, m) 1800, n) 2250, 

o) 2850, p) 3600, q) 4500, and r) 6500. Scale bar is 100 nm. 

The observed very low contrast is also related to the electron dose. In this case, we 
used an electron dose of ≈ 1200 electrons/pixel. The use of a lower electron dose 
results in inconsistencies in quantification of contrast (see section 2.7.3), which 
directly affects the segmentation in such a way that intensity thresholding, 
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especially for thick sections, becomes unfeasible. Hence, for beam sensitive low 
contrast materials, it is important to minimize the dose, at the same time, to 
maximize the information content of the image. In the following section, we 
propose a method to quantify and optimize contrast and SNR based on factors like 
electron dose, detector collection angle, section thickness, and convergence angle of 
the beam. 

2.4. Analysis methodology 

We developed a methodology to carry-out contrast optimization for beam sensitive 
hierarchical materials by both experiments and simulations. First, we chose two 
model materials that can be easily simulated and experimentally analyzed – 1) a 
PS/PPO section and 2) a PS/PPO section with a CNT (outer diameter 20 nm and 
inner diameter 5 nm) embedded within the matrix (at the center). 

Simulations: Since we study the scattering in thick sections of amorphous 

material (PSPPO/CNT), which will be dominated by multiple scattering effects, 
we modeled only the particle nature of the electron beam, where the electron beam 
passes through the thick section, gets scattered, and is giving rise to an actual 
electron trajectory. We studied the angular distribution of scattered electrons of 
both model materials by Monte-Carlo (MC) simulations of 300 keV electrons using 
the Geant4 toolbox.34 More information on simulation methods and its 
implementation can be found in section 2.7.4 and 2.7.5. Depending on the imaging 
conditions (such as acceleration voltage, specimen, and beam convergence angle 
and the sample geometry), the angular distribution and energy distribution of the 
scattered electrons varies. To compare the simulation directly with the 
experimental results independent of the accumulated dose, we calculated the 
fraction of electrons (Nf) that are scattered within the collection angle of the 
detector as: 

𝑁f = 
∫ 𝑁i

𝛽max

𝛽min

∑𝑁i
     (2. 1) 

where 𝛽min represents the inner collection angle, 𝛽max is outer collection angle and 
Ni is the total electrons transmitted between 0 to 227 mrad (The cut-off was chosen 
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as 227 mrad, which is equivalent to the maximum collection angle of our  
microscope – TU/e CryoTitan). Another important parameter that needs to be 
modeled with respect to experimental condition is the electron probe. The details 
on the electron probe are given in section 2.7.6. 

Experiments: We obtain the results of the simulations in fractions of electrons of 

the impinging beam, so we need to calibrate the experimentally measured intensity 
of the STEM detector also to count electrons. First, we measured the intensity of 
the STEM probe, Ip by acquiring an image of the probe using a CCD camera with 
known exposure time (tacq). 

𝐼𝑝 = 
⎝
⎜⎛

∑counts
8

𝑡𝑎𝑐𝑞
⁄

⎠
⎟⎞ × (10 × 10−9) electrons

10 ns
					(2. 2) 

In the above measurement, the probe intensity (electrons per second) is converted 
to the number of electrons per ‘shot’ for 10 nanosecond. In FEI microscopes, the 
STEM scanning engine scans a pixel for a given dwell time in multiples of 10 
nanoseconds electron pulses and the resulting counts are averaged to provide the 
final pixel intensity value. Hence, Ip provides the average number of electrons that 
hit the detector when there is no specimen in the microscope column and the zero 
beam being placed directly on the DF-STEM detector. 

Subsequently, the sensitivity of the STEM annular detector is measured, which 
gives the calibration data for converting counts (intensity) to electrons. Before 
carrying out these measurements, the dynamic range of the detector needs to be set 
in the linear regime of the detector sensitivities, as described in section 2.7.2. Now, 
the image of the annular detector (𝐼d̅et) was acquired and the background intensity 
of the detector (𝐼b̅b) was acquired with the beam blanked (without any electrons 
hitting the detector). The ratio of the averaged difference in the intensity of 
detector and background intensity of the detector to the intensity of the probe 
gives the sensitivity factor (Sf) of the detector for the specific dynamic range 
(contrast and brightness setting). 

𝑆f = 𝐼d̅et − 𝐼b̅b
𝐼p

 counts
electron

     (2. 3) 
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The number of electrons that hit the detector (Ne) for a 10 ns pulse can be 
calculated by: 

𝐼obj − 𝐼b̅b

𝑆f
= 𝑁e     (2. 4) 

where Iobj is the intensity of the object (model material). In order to compare with 
simulations, we calculated the fraction of electrons (Nf) that hit the detector by 
dividing the total number of electrons detected for the pixel (Np) by the total 
number of incident electrons without sample (i.e., Ip in electrons/10 nsec).  

𝑁f = 
∑ (𝑁e)𝑖

𝑁p
𝑖=1

𝑁p × 𝐼p
     (2. 5) 

Note: In all the experimental results, the fraction represents the fraction of 
electrons for 10 nanoseconds. 

2.5. Scattering analysis 

Figure 2.3 shows the angular distribution of the electrons (300 keV electron beam 
with 𝛼 = 4 mrad) after interaction with a CNT, a PS/PPO section and a 
PS/PPO/CNT section. The angular distribution of scattered electrons of a 100 nm 
thick PS/PPO section is broader than for the CNT. This is mainly due to the 
projected mass-density of PS/PPO along the 100 nm thickness being higher than 
the projected mass-density of a single CNT. The presence of a CNT within the 
PS/PPO matrix further increases the scattering of electrons, which ultimately 
results in the contrast between the phases. Further increase in section thickness 
results in beam broadening due to multiple scattering, which suppresses the 
characteristic scattering of a CNT in PS/PPO/CNT and results in a drop in 
contrast. The point where the scattering profile of PS/PPO and PS/PPO/CNT 
crosses over represents the precise angular position where contrast inversal takes 
place. This is clearly visible by plotting the difference in the scattering (fraction of 
electrons) of PS/PPO/CNT and PS/PPO (Figure 2.3c). We observe that this 
cross-over position shifts to the higher scattering angles by increasing the section 
thickness (≈ 6 mrad for 100 nm and ≈ 18.5 mrad for 1 μm – indicated by the blue 
and red arrows, respectively). The negative region of the curve (Figure 2.3c) 
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represents bright-field contrast while the positive region represents dark-field 
contrast. As expected, the contrast observed for a CNT in a 100 nm thick PS/PPO 
section is higher than the one observed for a 1 μm thick PS/PPO section. The 
analysis reveals that the dark-field contrast generated by a 1 μm thick section is 
negligibly small. This also suggests the use of sufficiently large inner collection 
angles for imaging thick sections to obtain dark-field contrast in STEM and mainly 
to avoid contrast inversal during electron tomography as the effective thickness 
increases at high tilt angles. 

 

Figure 2.3. a, b) Fraction of scattered electrons plotted a function of angular distribution for electron 
source, CNT, PS/PPO and PS/PPO/CNT of 100 nm and 1 μm thickness; c) The difference in fraction of 

electrons plotted as a function of angular distribution for 100 nm and 1 μm thickness sections. 

As mentioned earlier, the images are formed by the sum of electrons collected over 
a certain angular range controlled by the camera length setting. Hence, plotting the 
above-observed scattering profile (Figure 2.3) as a function of camera length can be 
directly compared with the experimental results. Scattering profiles plotted as a 
function of camera length for various thicknesses of model materials are discussed 
in section 2.7.7. In Figure 2.4 we show the difference in the scattering of 
PS/PPO/CNT and PS/PPO (difference in electron count in %) plotted as a 
function of camera length for various section thicknesses. This represents the 
change in electron counts (in %) that hit the detector at a given camera length 
when the STEM probe moves from a PS/PPO region to a PS/PPO/CNT region, 
which ultimately results in the contrast between the phases. For instance, for a 100 
nm thick sections, little over 4 % increase in electron count is observed at 1000 mm 
camera length. This increase in electron counts results in a relative increase in 
intensity in the acquired STEM image and resulting in dark-field contrast (bright 
CNT in a dark PS/PPO matrix). This distinct dark-field contrast regime is clearly 
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visible for all section thicknesses and contrast decreases when lowering the camera 
length. Very thick sections (i.e., 2 μm and 5 μm) show a significantly broader 
bright-field regime that is accompanied by a loss of dark-field contrast. Overall for 
very thick sections the contrast obtained in both bright-field and dark-field region 
is significantly lower than for thin (< 1 μm) sections. This illustrates the strong 
effects of multiple scattering and broadening of the distribution, which deteriorates 
the characteristic scattering of electrons by the CNT. The occurrence of bright-field 
contrast over large collection angle also illustrates the possibility to record 
incoherent bright-field signal on these thick PNCs.35 Mostly importantly, the 
simulated results match well with the experimentally measured curves for both thin 
(100 nm) and thick sections (1 μm), as shown in Figure 2.4b. We attribute the 
observed differences to variations in the thickness of the real sample (nominally cut 
thickness) and simulated model material, such that, in case of thick section, the 
real section is actually less than 1 μm thick. Nevertheless, overall the same trend is 
observed with the high contrast region (peak point) positioned at the same camera 
length in both experiment and simulation.  

 

Figure 2.4. Percentage change in electrons hitting the detector between CNT and only polymer regions 
plotted as a function of camera length. a) Simulation for various thicknesses, b) Comparison with 

experimental data on nominally 100 nm and 1 μm thick section 

Signal-to-noise ratio (SNR): While there are a few possible definitions for the 

SNR,36-39 here the SNR is defined and quantified from the number of scattered 
electrons of the model materials for every camera length as follows: 

SNR = 
𝑁PS/PPO/CNT − 𝑁PS/PPO

√𝑁PS/PPO
     (2. 6) 
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where NPS/PPO/CNT and NPS/PPO are the number of electrons scattered by 
PS/PPO/CNT and PS/PPO, respectively. These values are related to the electron 
dose and fraction of electrons (Nf) scattered at every collection angle (camera 
length) as NPS/PPO = (Nf)PS/PPO × Nt and NPS/PPO/CNT = (Nf)PS/PPO/CNT × Nt where Nt 
is the total incident electrons (i.e., electron dose). Figure 2.5 shows the SNR 
plotted as a function of camera length for various section thicknesses measured 
both by simulations as well as experiments. For the simulations, we used 1 million 
incident electrons, which increases the SNR significantly compared to the 
experimental results (Figure 2.5b) where we used the electron dose of ≈ 4800 
electrons/pixel (dwell time is 4 μs). By decreasing the camera length, the SNR 
increases and reaches a maximum value and then decreases again. 

 

Figure 2.5. SNR plotted as a function of camera length. a) Simulations and b) Experiments. The line 
represents the threshold set by Rose criterion to distinguish objects. 

Following the Rose criterion40 a SNR of at least 5 is needed to be able to 
distinguish image features at 100 % certainty. Based on this criterion, we can say 
that, in a 5 μm thick section, even with an electron dose of 1 million 
electrons/pixel, a 20 nm CNT cannot be distinguished at any camera length. 
However, in experiments, we can visually detect the CNT (as shown in Figure 2.2) 
while the measured SNR is below 5 (Figure 2.5b). More importantly, this analysis 
provides us a predictive tool to determine the camera lengths for the highest 
possible signal for a given electron dose. In Figure 2.12, the SNR is plotted as 
function of camera length and electron dose for various thicknesses. This can be 
used to tune the imaging conditions (such as dwell time or electron dose, camera 
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length) based on section thicknesses to obtain a desired SNR. Furthermore, for 
imaging beam sensitive materials where damage poses a physical limit to imaging, 
the above simulations provide a guide on whether an experiment is possible or not 
(expert system). 

Effects of convergent beam: Convergence of the electron beam strongly affects 

the electron-specimen interactions as it determines the probe size and depth of 
field. This leads to the difference in scattering profiles, shift in the contrast cross-
over position and also resolution. Just from a geometrical point of view, the 
resolution can be improved by increasing the convergence angle of the beam, which 
decreases the size of the probe at the beam cross-over.41 If the beam crossover is 
exactly at half height within the specimen, the probe size at the crossover d and 
the beam diameter b at the top and bottom surfaces can be related as 𝑏 = 𝑑 +
𝑡 tan𝛼, where, t is the specimen thickness. This shows that although the resolution 
can be improved by increasing the convergence angle, the depth of field decreases 
(i.e., increase in beam broadening at the top and bottom of the sample), which 
limits the maximum thickness of the section imaged with sufficient SNR. 
Regardless of these geometrical factors, the resolution and contrast is further 
degraded by beam broadening within thick specimens. 

 

Figure 2.6. Fraction of electrons scattered by 1 μm thick section of PS/PPO a) and PS/PPO/CNT b) 
plotted as a function of scattering angle for various convergence angles of the electron beam; c) Difference 

in the fraction of scattered electrons plotted as a function of scattering angle. 

MC simulations with various convergence angles of the electron beam with 
Gaussian profile have been performed and their angular distribution of scattered 
electrons by a 1 μm thick PS/PPO and PS/PPO/CNT section are shown in Figure 
2.6. As explained above, by increasing the convergence angle, the angular 
distribution of scattered electrons becomes broader and the contrast cross-over 
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shifts to higher scattering angles (Figure 2.6c), mainly due to the increase in the 
distance travelled by the electrons within the specimen by a broader beam. 
Furthermore, the dark-field contrast region becomes smaller and finally almost 
negligible at 20 mrad convergence angle. This results in significant drop in SNR 
and increases the required electron dose to detect image features (Figure 2.7). 

 

Figure 2.7. a) Percentage change in fraction of electrons plotted as a function of camera length for various 
convergence angles of the electron beam; b) SNR plotted as a function of camera length in dark-field 

regime for various convergence angle of the electron beam (106 electrons used for simulation). 

Another factor that affects the scattering profile is the height of the CNT 

embedded within PS/PPO matrix. In all our MC simulations, the CNT is placed at 
the center of the polymer matrix. In a real situation, the position of CNT is 
unknown. Previous studies show that focusing on the CNT gives the highest SNR 
and resolution.36-37 However, practically it is not possible to focus always on the 
CNT (especially if the acquisition is automated)26 because the position of the CNTs 
varies and is unknown. Hence, the only parameter that can be optimized to 
suppress the focusing above or below the CNT position is, once again, the 
convergence of the beam depending on the thickness of the section. Since the depth 
of field is small for high convergence angles, we can expect that a change in focus 
strongly affects the observed scattering profile. During the course of automated 
image acquisition, there is a higher chance that such locally defocused images could 
be acquired (See section 2.7.9), which ultimately affects the quality of the acquired 
data and more importantly, it affects the quantitative analysis such as 
segmentation based on intensity thresholding, feature detection, and sharpness. To 
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quantify the variation in contrast due to the change in focus and position of the 
CNT, MC simulations were carried-out by placing the CNT at different position 
(along the thickness) within the section and focusing at different positions on 2 μm 
thick PS/PPO/CNT section (See section 2.7.10). As a function of camera length, 
the relative change in the scattered electron count is observed to be negligible for 
both 2 mrad and 20 mrad convergent beams. This shows that although the depth 
of field and resolution is strongly affected by the geometry of convergence of the 
beam, the contrast of large structures, i.e., 20 nm CNTs, remains the same for 
reasonable change in focus, position of the CNT and thickness of the section. 

2.6. Conclusions 

In this study we present a contrast optimization method for STEM imaging of 
thick sections of low contrast, beam sensitive materials including polymers, 
nanocomposites, or even biological materials. We have shown the importance of 
using a low convergent electron beam, particularly for imaging thick sections. The 
simulation method used for the study is validated by experimentally measured 
results. Though the exact thickness of the sample and the position of CNTs in the 
PS/PPO matrix are unknown in real samples, the simulations and experimental 
observations match closely with each other. This shows that, even while imaging 
sections of reasonable thickness (≈ 1 μm), differences due to focus and position of 
CNTs are negligible while using low convergent beams. Although the spatial 
resolution can be improved slightly by using a high convergent probe, the loss of 
SNR, contrast and focus variations are significant (compared to low convergent 
beam) and therefore high convergent probe is not advisable for imaging thick 
sections. An optimum balance between convergence angle of the beam, probe size 
at cross-over (resolution), and depth of focus needs to be maintained. In our 
analysis the correlation between the achievable SNR, electron dose, convergence 
angle of the beam, and collection angle of the STEM detector is quantified. This 
information can be utilized to optimize the imaging conditions (dwell time, electron 
dose) and acquisition condition (camera length) based on the specimen. More 
importantly, this information can provide a guide on whether a dose-limited 
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experiment is possible or not, depending on the section thickness and material 
under investigation. 

2.7. Appendix 

2.7.1. Camera length vs. collection angle 

Table 2.1 shows the available camera length in the Fischione HAADF-STEM 
detector and their corresponding collection angle when the fluorescent screen is 
placed down (not lifted). Despite being able to lower the camera length, the 
maximum collection angle is restricted by the microscope column to below 227 
mrad. 

Table 2.1. Available camera lengths and their corresponding col lect ion angle range for 
the TU/e CryoTitan TEM in combination with a Fischione HAADF-STEM detector. 

CL 
(mm) 

𝛽in 

(mrad) 

𝛽out 

(mrad) 

CL 
(mm) 

𝛽in 

(mrad) 

𝛽out 

(mrad) 

CL 
(mm) 

𝛽in 

(mrad) 

𝛽out 

(mrad) 

57 111.491 557.543 290 21.913 109.586 1400 4.539 22.700 

72 88.263 441.388 370 17.175 85.891 1800 3.530 17.655 

89 71.404 357.078 450 14.122 70.622 2250 2.824 14.124 

115 55.260 276.347 560 11.348 56.750 2850 2.229 11.150 

150 42.366 211.866 710 8.950 44.760 3600 1.765 8.827 

190 33.447 167.263 890 7.140 35.707 4500 1.412 7.062 

240 26.479 132.416 1150 5.526 27.634 6200 1.025 5.125 

2.7.2. Acquisition procedure at various camera lengths 

In order to compare images acquired at various camera lengths, the sensitivity of 
the detector needs to be calibrated and the intensity variations should fall within 
the linear regime of the recorded intensity distribution. The relative change in the 
measured intensity at various camera lengths directly relates to the change in 
number of electrons hitting the detector at the corresponding angular range. For 
the Fischione HAADF-STEM detector, the linear regime goes to approximately 
40000 counts. To avoid problems associated with cut off at low count rates we set 
the start of the dynamic range (brightness) to ≈ 5500 at the lowest camera length 
and the end of the dynamic range (contrast) to ≈ 40000 at highest camera length. 
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The images are acquired at every camera length without changing the dynamic 
intensity range, i.e., keeping contrast and brightness settings fixed. 

2.7.3. Quantification of contrast 

Contrast can be defined and quantified in several ways. 

1) Michelson contrast Cm
42 is  defined as  the difference between the  two extreme 

intensities in the image divided by the sum of those two extreme intensities: 

𝐶m  = (𝐼max – 𝐼min) / (𝐼max + 𝐼min)						(2. 7) 

where Imax and Imin represents the maximum and minimum intensity. This is well 
suited for an intensity map with strict periodic differences like a sine wave.  

2) The modified Weber contrast Cw can be measured against the uniform 
background intensity or average intensity Iavg as: 

𝐶w  = (𝐼max – 𝐼avg) / 𝐼avg						(2. 8) 

For 1) and 2) the absolute value of the contrast measurement could be erroneous 
as the only one extreme brightness and darkness value (e.g. due to shot noise 
contributions or x-rays) determines the contrast of the entire image. 

3) The most common way to compare contrast between two images is to measure 
the root-mean-square contrast Crms that does not depend on the spatial distribution 
and is expressed as: 

𝐶rms = [ 1
𝑛 − 1

∑(𝑥𝑖 − 𝑥)̅2
𝑛

𝑖=1
]

1/2

; where 𝑥̅ = 1
𝑛

∑𝑥𝑖

𝑛

𝑖=1
     (2. 9) 

where xi is a normalized intensity such that 0 < xi < 1 and n is the number of 
pixels in the image. 

The contrast quantified by these standard techniques for PNCs of various section 
thicknesses are shown in Figure 2.8. We observe that highest contrast (peak point) 
is shifting to a smaller camera length, i.e., a higher inner collection angle, as 
thickness of the section increases. More specific for the RMS contrast, multiple 
maxima are present in the curves, particularly for thick sections. This contradicts 
the visually observed maximum (Figure 2.2) at intermittent CL. Also the absolute 
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change in contrast is inconsistent with the change in section thicknesses. For all 
three contrast quantification approaches, we observe an inconsistent trend across 
various thicknesses. The observed inconsistency is mainly due to the low electron 
dose rate (≈ 1200 electrons/pixel) used for imaging. Such low dose rates (with less 
SNR) result in strong statistical fluctuations in the electron counts detected in 
neighboring pixels, hence, affect contrast quantification. This could be tackled by 
increasing the sampling area by averaging various measurements. In our case, we 
measured the intensities from the sample area of 100 × 50 pixels2. In addition to 
this, the SNR can be improved slightly by filtering before the quantification (e.g. 
by an edge preserving median filter), which removes the shot noise. The overall 
analysis illustrates that, along with the optimization the detector geometry (camera 
length), the electron dose also needs to be considered for obtaining reliable and 
quantifiable contrast. 

 

Figure 2.8. Contrast quantified by various methods plotted as a function of camera length. a) Michelson 
contrast; b) Modified Weber contrast; c) RMS contrast. 

2.7.4. Scattering simulation – Geant4 

Monte-Carlo (MC) simulations were performed using Geant4 toolbox (v. 10.01).34 
Here, a 300 keV incident electron beam with a convergence angle > 0 mrad passes 
through the specimen and the change in trajectory after the interaction with the 
specimen is measured by the detector. Subsequently, the angular distribution of the 
transmitted electrons (1 million in our case) is calculated. The electron-specimen 
interaction were modeled by the Urban multiple-scattering model43 which is based 
on Lewis, and Goudsmit and Saunderson,44-45 where the multiple scattering of 
electrons is modeled even for large-angle angular distribution instead of usual 
small-angle approximation (by Gaussian approximation – omitting the tail of the 
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angular distribution). This is essential for obtaining accurate results in simulations 
of thick sections. The simulation steps are briefly explained below (detailed 
information can be found in Ivanchenko et al.43 and Geant4 Physics Reference 
Manual): 

1) Particles transport through the specimen along the initial direction. 

2) A step limitation L (distance between a collisions) is provided by the model 
based on the specimen geometry – differential cross-section of the scattering and 
the mean free path as shown below: 

The properties of the multiple scattering cross-section process are determined by 
the transport mean free paths 𝜆𝑘, which are functions of the energy in a given 
material. The k-th transport mean free path is defined as follows: 

1
𝜆𝑘

= 2π𝑛𝑎 ∫ [1 − 𝑃𝑘(cos𝜒)] d𝜎(𝜒)
dΩ

d(cos𝜒)
1

−1
     (2. 10) 

where d𝜎(𝜒)
dΩ  is the differential cross-section of the scattering, 𝑃𝑘(cos𝜒) is the k-th 

Legendre polynomial, and na is the number of atoms per volume. 

3) Particles take a step. 

4) Path length is corrected – The total length travelled by the particle is calculated 
(true path length, t) from the straight distance between the starting and endpoint 
of the step (geometrical path length, z). The mean value of the geometrical path 
length z (first moment) corresponding to a given true path length t is given by: 

〈𝑧〉 = 𝜆1 [1 − exp(− 𝑡
𝜆1

)] 					(2. 11) 

where 𝜆1 represents the first transport mean free path. 

5) Sample scattering angle 𝜃 is calculated. The mean value of 𝑐𝑜𝑠𝜃 is: 

〈cos𝜃〉 = exp [− 𝑡
𝜆1

]     (2. 12) 

The variance of cos𝜃 can be expressed as: 

𝜎2 = 〈cos2𝜃〉 − 〈cos𝜃〉2 = 1 + 2e−2𝜅𝜏

3
− e−2𝜏 ;where 𝜏 = 𝑡

𝜆1
and 𝜅 = 𝜆1

𝜆2
     (2. 13)  



Chapter 2 

56 

 

6) Mean lateral displacement is computed and the position (trajectory) of the 
particle is changed. The square of the mean lateral displacement is expressed as: 

〈𝑥2 + 𝑦2〉 = 4𝜆1
2

3
[𝜏 − 𝜅 + 1

𝜅
+ 𝜅

𝜅 − 1
e−𝜏 − 1

𝜅(𝜅 − 1)
e−𝜅𝜏] 					(2. 14) 

Here it is assumed that the initial particle passes along the z axis (thickness of the 
section). The lateral correlation is determined by the equation: 

⟨𝑥𝑣𝑥 + 𝑦𝑣𝑦⟩ = 2𝜆1
3

[1 − 𝜅
𝜅 − 1

e−𝜏 + 1
𝜅 − 1

e−𝜅𝜏]     (2. 15) 

where, vx and vy are the x and y components of the direction unit vector. This 
equation gives the correlation strength between the final lateral position and final 
direction. 

2.7.5. Implementation of the simulation toolbox 

Geant4 is a toolkit for the simulation of the passage of particles through matter. 

It can be obtained from: http://geant4.cern.ch. Geant4 is written in C++ and 
exploits the object oriented technology. Hence, firm knowledge of C++ 
programming or another object oriented programming language is required to 
implement code in user action classes to specify, at a minimum, the detector 
description, the relevant particles and physics processes, and the initial event 
kinematics. 

For people far away from C++, Gate offers an application layer (similar to a user 

interface) that communicates with the core Geant4 kernel. Since the application 
layer implements all appropriate features, the use of GATE does not require C++ 
programming; instead it uses a macro language that extends to the native 
command interpreter of Geant4 and makes it possible to perform and to control 
Monte Carlo simulations of realistic setups. Gate can be obtained from: 
http://opengatecollaboration.org. Figure 2.9 shows a screenshot of the macro 
language and the visualization of a simulation. As one can notice, geometry, 
detector, materials, particles, physical model, number of runs can be easily defined 
and implemented with little effort and more importantly with minimal 
programming skills. 
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Figure 2.9. Screenshot of Gate macro language and visualization of a simulation. 

2.7.6. Electron probe 

Another important parameter that needs to be correctly implemented in 
simulations and experiments is the convergent electron probe. The source in the 
simulation should approximate the experimental probe. This has been achieved in 
our case by summation over several probes with a Gaussian distribution. Figure 
2.10 shows our experimental probe with a convergence angle of 4 mrad. 

 

Figure 2.10. a) STEM probe with convergence angle of 4 mrad; b) Normalized intensity distribution of 
STEM probe and simulation probe. 

2.7.7. Influence of camera length 

The angular distribution of electrons plotted as a function of camera length 
(summed over the detector – in fractions) for real samples (by experiments) and 
simulations is shown in Figure 2.11. Starting from the highest camera length and 
going to lower camera lengths, i.e., increasing the inner collection angle and 
angular collection range, the number of electrons falling on the detector first 
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increases, then reaches a maximum and eventually decreases. Overall, the peak 
where the maximum number of electrons hits the detector shifts to the right (to 
lower camera length) by increasing the section thickness as more electrons are 
scattered to the higher angles. These variations observed by plotting as the 
function of camera length compared to the angular distribution (Figure 2.3) is the 
result of the incremental increase in range of the collection angle by decreasing the 
camera length (see, Figure 2.1b). The scattering profile with the presence of a CNT 
(PS/PPO/CNT) is observed to be almost the same as for PS/PPO. The simulated 
results match closely with the experimentally measured values for both thin (100 
nm) and thick sections (1 μm). The observed slight mismatch between experiment 
and simulation is attributed to variations in the thickness of the sections which 
were nominally cut to 100 nm, 200 nm, 500 nm and 1 μm. A shift of the 
experimental curve to the right compared to the simulation indicates a thicker 
section while in case of the 1 μm thick section, the actual section thickness is 
somewhat below 1 μm. 
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Figure 2.11. Fraction of electrons plotted as a function of camera length in dependence of section thickness 
and transmitted material. 
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2.7.8. SNR vs. camera length vs. electron dose 

 

Figure 2.12. SNR plotted as functions of camera length and electron dose for various section thicknesses. 

2.7.9. Effect of convergent beam 

Figure 2.13 shows the STEM images of a 500 nm thick PNC acquired with two 
different convergence angle (4 mrad and 10.4 mrad) at same imaging conditions 
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(camera length (450 mm) and electron dose). Because of the higher depth of field of 
low-convergent beam (4 mrad), the gold particles at the top and bottom of the 
section are clearly in-focus. However, in the image acquired with high convergence 
angle (10.4 mrad), not all the gold particles are in focus due to the reduced depth 
of field. 

 

Figure 2.13. STEM images of a PNC illustrating the change in depth of field at various convergence of the 
beam. a) 4 mrad; b) 10.4 mrad. Black circle indicates in-focus and white circle indicates de-focus. Scale 

bars are 500 nm. 

2.7.10. Effect of CNT position and focus position 

MC simulations were carried-out by placing the CNT at various positions (Δz) and 
also focusing the electron beam at various positions (Δf) on 2 μm thick sections 
(PS/PPO and PS/PPO/CNT). Almost the same pattern in the percentage change 
in electron count is observed for all the configurations for both 2 mrad and 20 
mrad convergence of the beam, as shown in Figure 2.14. This shows that contrast 
remains almost same for a slight variation in position of the CNT and focus, 
irrespective of the convergence of the beam; however, this is valid only for small 
change in Δz and Δf. 
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Figure 2.14. Percentage change in fraction of electrons plotted as a function of camera length for a 2 mrad 
(a,b,c) and 20 mrad (d,e,f) convergent beam focused at various positions (Δf) and CNT placed at various 
positions (Δz) relative to center (Δf and Δz = 0) of 2 μm thick PS/PPO/CNT sections. + represents top 

of the sample and – represents bottom of the sample 
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3  
Tackling sampling limitations in 
(S)TEM imaging of hierarchical 
polymer materials 
Sampling limitations in electron microscopy questions whether the analysis of a bulk 
material is representative, especially while analyzing hierarchical morphologies that 
extend over multiple length scales. We tackled this problem by automatically 
acquiring a large series of partially overlapping (S)TEM images with sufficient 
resolution, subsequently stitched together to generate a large-area map using an in-
house developed acquisition toolbox (TU/e Acquisition ToolBox) and stitching 
module (TU/e Stitcher). In addition, we show that quantitative image analysis of the 
large-scale maps provides representative information that can be related to the 
synthesis and process conditions of hierarchical materials, which moves electron 
microscopy analysis towards becoming a bulk characterization tool. We demonstrate 
the power of such an analysis by examining two different multi-phase materials that 
are structured over multiple length scales. 
 
This chapter is adapted from the publication – Gnanasekaran, K.; Snel, R.; de With, G.; Friedrich, H. 
Quantitative Nanoscopy: Tackling Sampling Limitations in (S)TEM Imaging of Polymers and Composites. 
Ultramicroscopy 2016, 160, 130-139.  
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3.1. Introduction 

Polymers and composites have a broad range of applications from simple 
commodity plastics (e.g., cups, bottles, food packaging) to high-end materials (e.g., 
strong but light weight aviation and aerospace structures, electro-magnetic 
shielding and biomedical coatings). To tailor the (macroscopic) functional 
properties of polymers and composites, a proper understanding on how the 
nanoscopic morphology translates into function over multiple length scales is 
required. Especially in multiphase polymer blends and polymer/particle composites, 
a hierarchical morphology is often introduced by processing,1-2 which extends from 
the nanometer scale (e.g., size and arrangement of crystalline lamella, 
nanoparticles) via the micrometer scale (phase separation into domains, 
homogeneity) to the macroscale (mechanical strength, functional and surface 
properties). Hence, a bottom-up multiscale characterization and analysis of the 
resulting hierarchical structures is essential for improving processing conditions and 
for designing novel materials and devices. 

Morphologies of organic, inorganic or hybrid materials can be analyzed by 
scattering and microscopic techniques, like X-ray scattering (WAXS and SAXS), 
SEM, FIB-SEM, (S)TEM, AFM and tomography. All these techniques have their 
own advantages and limitations, particularly for analyzing multiscale morphologies 
on millimeter scale with nanometer resolution. Though scattering analysis can 
probe large volumes with nanometer resolution, local analysis of any particular 
features, like phase separation, agglomeration, orientation distribution, pore size 
distribution and volume fraction distribution is difficult and features are hard to 
distinguish in the, basically unknown, overall morphology, as the information is 
clouded by overall averaged information. Imaging techniques provide a more 
intuitive representation of the morphology and allows for the analysis of specific 
features. Besides that, imaging provides directly a model for complicated 
morphologies that can be used in scattering analysis.3-4 Imaging techniques like X-
ray mapping, SEM, and FIB-SEM provide an excellent platform for surface as well 
as bulk analysis of morphologies at the mesoscale; however, these techniques are 
usually limited by resolution down to few tens of nanometers due to their larger 
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probe size compared to (S)TEM. Despite (Scanning) Transmission Electron 
Microscopy ((S)TEM) can provide structural information with nanometer 
resolution,5-6 it mainly deals with the morphologies from the micrometer scale down 
to the nanometer level.7-8 This fact is often referred to as the sampling limitation in 
TEM while analyzing multiscale morphologies9-10 and may lead to erroneous or 
subjective interpretations of images just depending on the chosen area, especially 
for heterogeneous and hierarchically ordered multiphase materials. 

3.2. (S)TEM sampling limitations 

Due to the limited size of (S)TEM images, one can either decide to image at low 
magnification with a relatively large field of view at the cost of resolution or at 
high magnification with high resolution, thus reducing the imaged area to below  
10-12 m2. Hence in conventional practice, for capturing the morphology of complex 
materials, several high-resolution images are acquired at various regions of the 
sample supported by low magnification and low-resolution overviews (Figure 3.1a, 
b and c). By doing so, the entire morphology can be assessed visually, but 
connectivity and continuity from one region to another, including quantification, is 
not obtainable. This sheds some doubts on the validity of the conclusions derived 
from a few TEM images (Figure 3.1b and c) for the analysis of hierarchical systems 
over multiple length scales. 

Multi-scale imaging of hierarchical materials is even more faceted as one rather 
needs to look from the point of view of imaging for a representative volume 
element, i.e., the smallest volume over which a measurement can be made that will 
yield a value representative of the bulk material. Imaging of representative volumes 
can be split up into two contributions: 1) imaging large-areas and 2) combined 
with as thick as possible sections to make the process efficient. However, Bright-
Field (BF)-TEM is not the most suitable imaging mode for thick sections. In BF-
TEM the signal-to-noise ratio (SNR) decreases considerably with increasing section 
thickness (Figure 3.1d). This eventually results in such low contrast that 
interpretation and quantification becomes unfeasible. Scanning transmission 
electron microscopy (STEM) has shown potential to image thick samples (Figure 
3.1e and f) with nanometer resolution and with good contrast between phases.11 
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Following previous studies by Aoyama et al.,12 Motoki et al.,13 Loos et al.,14 and in 
our experience images of thick sections of polymers and composites are best 
acquired in STEM mode using a high acceleration voltage (in our case 300 keV) 
and by choosing an optimum balance between the probe convergence angle, the 
desired resolution and the camera length which might vary between samples. 

 

Figure 3.1. a) TEM overview of a polymer nanocomposite (PSPPO/MWCNT); b, c) BF-TEM image 
illustrating the variation in the network morphology between different regions; d) BF-TEM image of 500 
nm thick section poor SNR and contrast. Image was acquired with defocus of −5 μm; e) STEM image of 
500 nm thick section showing significantly higher contrast); f) STEM image of 1 μm thick section still 

showing good contrast and SNR. White scale bar is 30 μm and black scale bars are 200 nm.  

The solution to overcome the sampling limitation is to record images sequentially 
with a small overlap between the images and stitch them together to achieve a 
large area map. Depending on the material to be analyzed, the required field of 
view to record representative information can be potentially extended to the entire 
TEM grid. Manual data collection and stitching of such a huge number of images is 
impractical, which triggered us to automate the entire process for STEM (and 
TEM) imaging. Microscope automation is a well-developed technique, especially in 
the field of biology and many (S)TEM automation software packages are available 
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for various applications including: automatic tilt series acquisition in electron 
tomography (TOM Toolbox,15 SerialEM,16 UCSF Leginon,17 EM-TOMO, 
emScope18), automatic single particle acquisition (Auto-EM,19 EM-SPC, Xplore3D 
(FEI)). Along with these, some large-area EM data acquisition software are also 
available;10,15-16,20-22 nevertheless, there is a lack of a STEM large area-acquisition 
toolbox, e.g., for polymers and composites research. Hence, we implemented a 
(S)TEM automation package for recording, stitching and quantification of ultra-
large (S)TEM maps. In the following sections automation of data acquisition 
(section 3.3), alignment and stitching (section 3.4), quantification by image 
analysis (section 3.5) and applications to analysis of assemblies of carbon nanotubes 
in a polymer latex (section 3.6) and multi-layer co-extruded polymer tapes (section 
3.7) will be discussed. 

3.3. Automated image acquisition 

Automatic image acquisition in both STEM and TEM mode was implemented on 
our TU/e CryoTitan by utilizing the TEM scripting component of the FEI 
microscope software, which enables the communication between a client script and 
the electron microscope (See appendix, Figure 3.12). An outline of the automatic 
acquisition workflow is displayed in Figure 3.2. We used Python 2.7.2 version as 
scripting language because of its extensive range of available libraries and packages. 
PyInstaller and pyWin32 were used to create an executable and to create a COM 
connection with the TEM scripting interface, respectively. NumPy and SciPy 
libraries were used for mathematical operations such as automated focus correction. 
To prevent any breakdown in communication between the client script and the 
TEM scripting interface, we implemented operations in several threads. During 
data acquisition the microscope stage follows a serpentine movement to prevent 
excessive backlash between subsequent positions (see arrows in Figure 3.3). Besides 
that, to prevent shakedown, an optimum time delay is given between the end of 
each stage movement and the beginning of each image acquisition. Acquisition 
parameters, such as dwell time, image size, autofocus settings and saving formats, 
can be set and controlled by a web-based graphical user interface (GUI) 
constructed in JavaScript (angularJS). A local web server for the GUI was 



Chapter 3 

72 

 

developed on a Flask framework, which communicates via webSockets. Details on 
the autofocussing procedure and a screenshot of the GUI can be found in the 
appendix, section 3.9.2. We denote the complete software package as the TU/e 
Acquisition ToolBox.  

 

Figure 3.2. Flowchart illustrating the process of acquiring and storing images in the TU/e Acquisition 
ToolBox. 

3.4. Stitching 

For a complete analysis and quantification of the acquired data, the individual 
images need to be stitched together to generate a single ultra-large EM map. 
Handy stitching applications are already available in software such as Adobe 
Photoshop, Autostitch and stitching plugin in Fiji (ImageJ). The stitching plugin 
in Fiji is a well-known stitching tool widely used, also for stitching EM images,23-24 
and we decided to extend its applicable range, as the standard Fiji implementation 
is limited to a 4 GB file size. In brief, the Fiji stitching algorithm computes the 
normalized cross correlation co-efficient in the overlap areas of subsequent image 
pairs to calculate the final image shifts in the entire dataset. This list of shifts or 
offsets between the individual images is then exported in text format. In addition 
one can also export the completely stitched data (if < 4 GB) to standard image 
formats like tiff, png, etc. More details on the workflow of the Fiji’s stitching 
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algorithm are given in the section 3.9.3. Due to restrictions of the maximum file 
size to 4 GB, exporting data in TIFF fails during fusing images that contain more 
than 447202 pixels (5th step in section 3.9.3). In addition, the algorithm also fails for 
the datasets that contain more than ≈ 625 images, possibly due to a memory size 
restriction on JAVA variables (4th step in section 3.9.3). The 4 GB file size limit is 
overcome using our custom MATLAB script TU/e Stitcher that uses the image 
shift positions calculated by Fiji as the input data to compile the raw data of the 
complete field of view into a unified matrix (image) that is saved as a single 
MATLAB (.mat) file. This data file can be easily handled by MATLAB on a 
workstation with sufficient RAM (192 GB in our case) for further processing (e.g., 
structural quantification by image analysis) and for exporting to any standard 
image formats like tiff, png, etc.  

To minimize the processing time, even for very large datasets, the data are split 
into several parts so that the stitching process can be carried out in parallel. For 
exporting the stitched data to tiff format, each part can only be set to a maximum 
size of 447202 pixels (≈ 4 GB) due to standard tiff limitation. For better handling 
of memory while stitching very large images, we use 16-bit integer data types 
(rather than standard MATLAB double data type), which results in a 4 times 
improvement in speed. To minimize artifacts from sample preparation (varying 
section thickness), acquisition (alignment and stability over long periods) and 
stitching (overlap between images), optional functions such as non-uniform 
background correction, non-linear blending and grid corrections are included. 
Detailed discussions of these functions can be found in section 3.9.4, 3.9.5, and 
3.9.6. A schematic of the stitching process and an example are shown in Figure 3.3. 

3.5. Quantification by image analysis 

Besides qualitative assessments of the data by visual inspection, quantification of 
sample morphologies is becoming increasingly important in materials science. 
Quantification of structural properties is essential as, e.g., the volume fraction of 
components,9 the pore size distribution25 or the orientation of features,26 all relate 
to the synthesis and processing conditions.27-28 Moreover, any quantitative analysis 
is significantly influenced by the sampled volume (sampling limitation) and 
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conclusive information can only be obtained by analyzing a representative volume. 
Hence, quantification of large-scale (S)TEM maps of hierarchical materials, as, e.g., 
generated by the TU/e Acquisition ToolBox and Stitcher, could emerge as an 
extension of (S)TEM towards the study of macroscopic sample properties. The 
required quantification is specific for each sample, but in general quantification is 
often based on thresholding to distinguish between different components in the 
sample. In the following we illustrated the versatility and power of quantitative 
nanoscopy on two examples: 1) assemblies of spin-coated, polymer latex-carbon 
nanotubes mixtures (section 3.6) and 2) co-extruded multilayer polymer tapes 
(section 3.7). 

 

Figure 3.3. Schematic illustration of the stitching procedure to obtain a unified large-area map from 
individual images. White arrow represents the serpentine movement of stage to prevent excessive backlash. 

Scale bars are 500 nm. 
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3.6. Spin-coated polymer latex-carbon nanotube composite 

The deposition by spin-coating of a polymer latex/carbon nanotube (CNT) 
composite is investigated, as this material has a high potential for transparent 
electrodes in sensors and solar cells. The mutual interactions of the polymer latex 
particles and the carbon nanotubes, their size and size distributions significantly 
influence the morphology of the deposited CNT network, which in turn controls the 
macroscopic functional properties, i.e., the electrical conductivity.29-31 In addition to 
that, deposition conditions, such as spin-coating speed or temperature, are also 
known to influence the final electrical conductivity.32-33 Here we specifically analyze 
the preferential orientation of single-walled carbon nanotube assemblies (SWCNT) 
deposited from polymer latex/SWCNT mixtures spin-coated at 2000 rpm. 
Information on the preparation and deposition of these polymer latex/CNT 
mixtures can be found in section 3.9.7. 

In Figure 3.4, a large-area map of single-walled carbon nanotubes (SWCNTs) and 
methyl methacrylate/t-butyl acetate (MMA/t-BA) polymer latex particles covering 
an area of (100 μm)2 are displayed. The overall distribution of SWCNTs and 
polymer latex particles is inhomogeneous, as shown in Figure 3.4a, b, c, e, and f. 
The SWCNTs are mainly found inside (Figure 3.4d, i, and l) and surrounding the 
latex particles (Figure 3.4d), as well as in areas connecting the latex containing 
regions (Figure 3.4g, h, j, and k). Additional images of locally occurring 
morphologies can be found in the section 3.9.8, Figure 3.21. Hence, a web-like 
network of SWCNT’s is formed that facilitates electrical conduction over 
macroscopic distances (mm to cm). While the alignment of the SWCNTs seems 
random over the web-like network at first sight, the electrical conductivity 
measured parallel to the spin-coating direction is actually 3 times higher (≈ 120 
S/m) than in the perpendicular direction (≈ 40 S/m).34 These macroscopic 
measurements indicate that SWCNT alignment parallel to the spin coating 
direction occurs, most likely from the outward flow of the latex particles during 
spin-coating. To verify the preferential alignment of the SWCNT’s with spin 
coating direction, we quantitatively analyzed the large area map. 
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Figure 3.4. Large-area BF-TEM map, illustrating the assembly of MMA/t-BA polymer latex-SWCNT over 
several length scales. The white arrow in Figure 3.4a represents the direction parallel to spin-coating. The 

insets correspond to larger magnification images with the same label. White scale bars are 15 μm and 
black scale bars are 1 μm. 

In brief, quantification includes filtering and thresholding to isolate the SWCNT’s 
from the background and latex particles, labelling of connected regions (SWCNT 
fragments) and determination of their orientation by measuring the angle between 
the SWCNT and spin-coating direction. Additional details on segmentation and 
quantification can be found in section 3.9.9. Figure 3.5 shows a polar plot 
displaying the distribution of the SWCNTs over the orientation angle illustrating 
the overall alignment of the SWCNTs with the spin-coating direction. The increase 
in angular count towards the extreme angles (i.e., 0° to 10° and 170° to 180°) 
indicates the global alignment, which is parallel to the spin-coating direction. 

Here we emphasize again that if such measurements are carried out on 
areas/volumes smaller than the representative volume, the results will vary 
significantly as illustrated in Figure 3.6. Figure 3.6a shows a large-scale map of (20 
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μm)2 illustrating the preferential orientation of SWCNTs; however, a large-scale 
map of the same size (Figure 3.6b) but located at a different position, shows a 
completely different morphology, in this case we can observe random orientation of 
the SWCNTs. Quantitative image analysis on Figure 3.6a and b shows the 
significant difference in the alignment of SWCNTs (Figure 3.7), which ultimately 
results in contradicting interpretations, depending on the chosen area of imaging. 
The segmented images of Figure 3.6 can be found in section 3.9.10. 

 

Figure 3.5. Polar plot showing the distribution in orientation of SWCNTs. The distribution is summed-up 
values in 4 different meshes shown in Figure 3.4a. 

Now the question arises, whether or not the histogram shown in Figure 3.5 is 
representative. In other words, what is the size of the representative area/volume? 
To extract the size of the representative volume, we carried out a histogram 
analysis as a function of area and results are presented in section 3.9.11. This show 
that for areas larger than (48k)2 pixels, corresponding to 602 μm2, results in 
virtually identical orientation distributions. The area analyzed (Figure 3.5) is 
significantly larger than this minimum area (602 μm2) and thus represents the 
orientation of SWCNTs accurately. 

From the large-scale images and quantitative image analysis illustrated above, we 
conclude that the overall SWCNT alignment is tailored across three hierarchical 
orders of alignments of SWCNTs, namely 1) locally aligned SWCNTs (for several 
μm) in between the latex particles or in the boundaries of the latex particles 
connecting several latex containing regions (Figure 3.4g and h), 2) mesoscale 
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alignment of SWCNTs for several tens of μm (Figure 3.6a) and 3) global SWCNT 
alignment along the spin-coating direction for several mm and cm (can be realized 
from the polar plot, Figure 3.5). The frequency and distribution of this hierarchical 
ordering is controlled by the size and the size distribution of the SWCNTs and 
polymer latex particles as well as the fabrication conditions, like spin-coating speed 
and temperature. Obviously, the overall morphology ultimately determines the 
electrical conductivity.34 

 

Figure 3.6. Large-scale BF-TEM images illustrating a) the aligned and b) the almost randomly oriented 
SWCNTs. Black scale bars are 2 μm and white scale bars are 500 nm. 
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Figure 3.7. Polar histogram illustrating the orientation distribution of SWCNTs in a) an aligned region 
and b) an almost randomly oriented region. 

3.7. Multi-layer co-extruded i-PP/HDPE polymer tapes 

Multi-layer co-extrusion is a technique to fabricate multi-layer polymer tapes from 
tens to hundreds of micrometers in thickness composed of individual layers with 
thicknesses varying from ≈ 100 nm to several μm. Detailed information on the 
fabrication of such multi-layer polymer blends can be found in l'Abee et al.1 and 
other references.35-36 Multi-layer polymer tapes are utilized for food packaging and 
high-toughness materials on account of their excellent barrier properties such as 
low oxygen permeability. Gas transport occurs only/mainly through the amorphous 
regions between the crystalline lamellas introduced by processing. More precisely, 
lamellae orientation, i.e., perpendicular or parallel to the permeation direction, and 
the total amount of crystallinity as well as the resulting dimensions of the 
amorphous regions tune the film properties Furthermore, by proper designing the 
processing conditions, such as cooling speed, the number of layers, the layer 
thickness and the distance between layers, the amount of crystallinity and lamellae 
orientation within the phases can be controlled. For instance, in i-PP/HDPE (iso-
tactic polypropylene/high-density polyethylene) multi-layer polymer blends, 
reducing the thickness of i-PP layer sandwiched between HDPE layers, induces 
confined crystallization of i-PP layers, which in-turn controls the gas permeability 
of the multilayer system.37 The formation of such confined nanoscale morphologies 
throughout macroscale films is strongly influenced by the processing (film drawing) 
conditions, such as temperature and temperature gradients, and processing rate. 
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Hence, morphological analysis of nanoscale features over mesoscopic to macroscopic 
length scale is a prerequisite for a better understanding of processing-structure-
property relationships. 

Figure 3.8 shows a large-scale STEM map of 20/80 i-PP/HDPE multi-layers, where 
the light phase represents the HDPE layers and dark phase represents the i-PP 
layers. This multi-layer film was drawn at the rate of 1.5 m/min at 40 °C. 
Information on STEM imaging and EM sample preparation is given in the section 
3.9.12. At first glance, we can notice that the layers are not straight. White regions 
(shown by arrows) in the large-scale map represents the debris scattered across the 
section from microtoming. Mesoscale variations, such as locally swollen HDPE 
layers (Figure 3.8b), are noticed over the entire area of the sample. These defects in 
layers are caused by the flow instabilities during the processing, which in-turn 
results in non-uniform layer thicknesses and hence the distance between the layers 
also changes, as shown in Figure 3.8c and d. These defects potentially disrupts the 
induced crystallinity and their presence results in localized random orientation of 
the crystalline phases (dark stripes in bright layers), as shown in Figure 3.8b, and 
in mixing of layers, as shown in Figure 3.8d. It should be noted that the image 
contrast is created by selective staining of the amorphous parts in the HDPE layers 
and assuming a homogeneous staining, a qualitative view on the amount of 
crystalline versus amorphous HDPE can be obtained from local intensity averages, 
apart from an analysis of the dark stripes resulting from an edge-on view of 
crystalline lamellae. The random orientation of the lamella in the localized defect 
regions is mainly induced by a slow cooling rate. Nevertheless, HDPE lamella have 
a predominant edge-on orientation (stacked perpendicular to the lateral side) in the 
defect-free regions, as shown in Figure 3.8c. Because the HDPE lamella are thin, 
only a predominate edge-on orientation of i-PP lamella is observed. The presence of 
defects due to flow instabilities, such as layer thickness variability, disruption in 
the preferred orientation of lamella and localized mixing of layers, strongly 
indicates that the processing conditions and composition of multi-layers can further 
be optimized. 



Tackling sampling limitations in (S)TEM imaging of hierarchical polymer materials 

81 

 

 

Figure 3.8. a) Large-scale STEM micrographs of 20/80 i-PP/HDPE multi-layers. White regions (marked in 
arrows) represents the debris accumulated during cutting; b) A region with defects due to flow instabilities 

and random HDPE lamella orientation; c) A region with non-uniformity in the layer thicknesses and 
change in orientation of the HDPE lamella; d) A region illustrating the mixing of layers. Black scale bar is 

1 μm and white scale bars are 200 nm. 

A 80/20 i-PP/HDPE multi-layer polymer tape drawn at the same rate and 
temperature (1.5 m/min at 40 °C) is shown in Figure 3.9. Here we can notice that 
the layers are lying almost horizontal along the lateral direction throughout the 
lateral direction of the film while mixing of layers is not evident. Also here the 
mesoscale flow instability defects are noticed to be distributed throughout the 
large-scale map (Figure 3.9c). Besides that, in some regions, layer thickness 
variations are also noticed over the width of the sample (Figure 3.9d). The 
orientations of HDPE lamella are almost similar to those of the 20/80 i-PP/HDPE 
multi-layer sample; however, some cross-hatching (Figure 3.9c) and localized flat-
on orientation is noticed (shown by arrows in Figure 3.9c and d). Because of the 
thin layers of HDPE lamella, the predominate edge-on orientation of i-PP lamella 
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is also visible at several regions. Although qualitatively the 80/20 i-PP/HDPE 
multi-layer was observed to be better than the 20/80 i-PP/HDPE multi-layer, 
statistical information about these morphological features over the thickness and 
along the film plane are necessary to derive an optimum balance between layer 
composition, thickness, spacing, processing conditions and resulting barrier 
properties. 

 

Figure 3.9. a) Large-scale STEM micrographs of 80/20 i-PP/HDPE multi-layers; b) A region with a 
relatively uniform layer thicknesses, spacing and edge-on orientation of HDPE lamella; c) A region with 

defects due to flow instability and edge-on orientation of HDPE lamella; d) A region with non-uniformity 
in the layer thicknesses and flat-on orientation of HDPE lamella. Black scale bar is 1 μm and white scale 

bars are 200 nm. 

Quantitative image analysis was employed to reveal the statistical distribution of 
these structural features. Here we focused especially on the analysis of thickness 
and position of layers of 80/20 i-PP/HDPE multi-layer system to address the most 
obvious quality sign of processing, i.e., homogeneity of layering. We determined the 
position of each layer represented by centroids for every 100 nm along the tape 
direction. The details of the image analysis procedure are given in the section 
3.9.13. Briefly, quantification involves anisotropic Gaussian filtering to smear-out 
the crystallites, which aids the segmentation process and also to suppress the 
effects of STEM scanning lines, segmentation by Otsu-thresholding, and 
morphological closing operations followed by determination of the local centroids. 
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In Figure 3.10, we displayed the measured centroids representing the HDPE layers 
shown in Figure 3.9b, c, and d. For better understanding we overlaid the centroids 
on the top of the image. The centroids measured for the complete large-scale 
STEM map are shown in Figure 3.26. By appropriate analysis of centroids, we can 
track the defect zones, which leads to the regions with potential change in 
morphologies. For instance, by connecting the subsequent centroids along the 
width of the same layer, the waviness and continuity of the layers is obtained as 
shown in Figure 3.11a. Although qualitatively the layers are observed to be rather 
uniform and continuous, the quantitative analysis reveals the significant waviness 
in layers, which is inaccessible by visual qualitative analysis, which also suggests 
the massive variation in thicknesses of layers. These thickness variations can be 
tracked by extending the above procedure to all the layers (both HDPE and i-PP 
layers) along the transverse direction. Illustration of such connected centroids along 
the width of all the layers results in an incomprehensible graph; hence, in Figure 
3.27, we have shown such connected centroids in 3 dimensions illustrating the 
waviness of subsequent HDPE layers for the cut-outs shown in Figure 3.9. By 
measuring the distance between the 2 subsequent HDPE centroids in transverse 
direction, the local thickness of i-PP layer can be determined and vice-versa. Any 
increase or decrease in thickness from the expected thickness shows the defect zone. 
Besides that, the intensity of the defects from one end to another end (transverse 
direction) can be identified by measuring the average distance between subsequent 
layers as shown in Figure 3.28. The peaks (shown by arrows in Figure 3.28) 
represent the strong localized defect region in multi-layers. The above analysis also 
yields information about the distribution in number of HDPE and i-PP layers 
along the width of the sample as shown in Figure 3.11b. This analysis reveals that, 
although the multi-layer fabrication technique was intended to fabricate same 
number of sandwiched HDPE and i-PP layers, it was not achieved over the entire 
sample and shows the potential change in the crystallite orientations across the 
sample. DSC measurements reveal 38 % and 47 % of crystallinity in the i-PP and 
HDPE phases, respectively. Visually we notice that ≈ 50 % of the area is occupied 
by dark stripes in the HDPE layers. Although this observation matches 
approximately with the DSC measurements, as mentioned, we cannot obtain 
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conclusive results from a 2D analysis of a 3D morphology. Quantification of area 
fraction of HDPE resulted 32 % HDPE, to be compared with 20 % nominally. This 
increase in HDPE content is mainly due to flow instability defects (locally swollen 
HDPE along a layer) that are distributed throughout the sample. These localized 
increases in the amount of HDPE apparently increases the overall area fraction in 
the segmented image. 

 

Figure 3.10. Centroids (white dots) overlaid on the images for better illustration. Centroids were 
calculated for every 100 nm across the lateral side of the layers. 

 

Figure 3.11. a) Centroids were connected along a HDPE layer over the complete large-area image gives 
information about the variation in the layer position; b) Histogram showing the distribution of the number 
of HDPE and i-PP layers present along the width. Number of layers was measured at the interval of 100 

pixels in lateral direction. 

3.8. Conclusions 

We have shown that quantitative nanoscopy (large-scale (S)TEM imaging, 
stitching and quantification) is a powerful technique well-suited for the 
quantitative analysis of polymers and composites that are structured over multiple 
length scales. This methodology renders electron microscopy to be closer to 
becoming a bulk characterization tool and allows an appealing bottom-up 
understanding of multi-scale assembly to material properties. To that purpose a 
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versatile, large-scale EM imaging toolbox (TU/e Acquisition ToolBox) was 
developed; in which imaging can be performed both in STEM as well as in TEM 
mode together with an independent stitching module to stitch acquired EM images 
(TU/e Stitcher). We illustrated the power of such an analysis by examining two 
multi-scale morphologies over a much larger length scale than conventionally 
performed. For the spin-coated polymer latex-SWCNT composite, the analysis 
revealed the presence of three-tier hierarchical length scale morphology, including 
oriented and non-oriented SWCNT areas. For the multi-layer co-extruded i-
PP/HDPE polymer tapes, the analysis indicated the presence of several types of 
defects, of which the amount and spatial distribution could be quantitatively 
assessed. For both cases it is unlikely that conventional analysis would have 
discovered the features indicated. The TU/e Acquisition ToolBox and TU/e 
Stitcher can be downloaded from: http://sourceforge.net/projects/tue-acquisition-
toolbox/. 

3.9. Appendix 

3.9.1. TEM scripting interface in FEI microscopes 

 

Figure 3.12. Flowchart illustrating the communication pathway of client script and microscope in FEI 
microscopes. 
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3.9.2. Automatic focus correction  

 

Figure 3.13. Screenshot of the TU/e Acquisition ToolBox GUI. In the graph, the red curve indicates the 
sharpness of the auto-covariance plotted as a function of defocus value and the blue curve represents the 
Gaussian fit for the data points. The peak point of the Gaussian fit represents the sharpest focus region 

(in-focus region). 

During the course of acquisition over large areas the sample height might change, 
i.e., the defocus. Hence, the focus has to be corrected periodically to ensure that 
the acquired images are indeed properly focused. The STEM focus correction 
routine is based on the criterion that a focused image will have the sharpest auto-
covariance peak (similar to FEI tomography focus routine). In the procedure 
images are recorded at different defoci ranging, relative to the current setting, from 
negative values to positive values. The auto-covariance of the recorded data was 
then calculated for the series of images and subsequently fitted with a Gaussian to 
determine the position of the peak, which represents the in-focus value. To prevent 
erroneous fit, we also included a user-defined threshold for a realistic maximum 
defocus change from one region to the next. If the calculated defocus change 
exceeds the threshold, we run another autofocus correction series at the next 
position/image repeating each step until a proper fit is obtained. For the all 
images, for which the focus procedure did not obtain a proper fit of the co-variance 
data, last properly fitted in-focus value is used. A screenshot of the graphical user 
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interface displaying the autofocus graph, and the corresponding defocus images are 
shown in Figure 3.13 and Figure 3.14, respectively. 

 

Figure 3.14. STEM images of a polymer nanocomposites illustrating various defocused data acquired for 
the estimation of autofocus curve shown in Figure 3.13. a) 2 μm; b) 1.5 μm; c) 1 μm; d) 500 nm; e) 0 

nm; f) +500 nm; g) +1 μm; h) +1.5 μm; i) +2 μm. Scale bars are 500 nm. 

3.9.3. Workflow of Fiji’s stitching algorithm 

This algorithm consists of the following steps: 

1) Successive images are cross-correlated in the overlap area. If an acceptable 
correlation is found for a pair of images, the newly determined position will be 
added relatively to the previous determined position and forms a cluster of 
positions relative to each other. If no acceptable correlation is found, a new 
position will be created and adjacent positions were added relatively and forms a 
different cluster of positions. 

2) After all images have been processed, a re-optimization process occurs in which 
an attempt is made to determine the position difference between various clusters, 
eventually resulting in the absolute positions of all images in the acquired dataset. 

3) The absolute image positions are saved in a text file. 

4) The absolute images positions are then used to create a large fused image to 
which all the pixel intensity values are copied. To remove fusing artifacts, such as 
differences in intensity levels between overlapping sections, optional blending 
methods are used. 
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5) The fused image is displayed that can be saved in standard formats, such as 16-
bit tiff, png and jpg. 

3.9.4. Non-uniform background correction 

Due to the stability of alignment of microscopes over time, residual effects, like 
non-uniform background intensity, can be noticed in some EM images, as shown in 
Figure 3.15a. Stitching images without correcting these non-uniformity in 
background results inevitably in intensity modulations due to the placement of 
images with same variations in background from one end to another end of the 
image. To prevent such artifacts, we included an optional background removal 
function in our stitching module. The non-uniform background is obtained by 
Gaussian blurring of the user-defined background image, which is subsequently 
subtracted from all the images of the data to obtain uniformity in intensities from 
one end to another end of images. The user defined background image can be one 
of the images from the dataset itself or can be an EM image without a specimen 
(only beam). 

 

Figure 3.15. a) A BF-TEM image from a dataset illustrating the gradient in the background; b) Line 
profile along the diagonal of the image (white line in Figure 3.15a) illustrating the increase in intensity 

values; c) The Gaussian blurred image used to remove the gradient in the background. 

3.9.5. Non-linear blending 

Edge effects in subsequent images represent another artifact, which deteriorates the 
visual quality of the final stitch as well as the quantification, as shown in Figure 
3.16. One solution to obtain a smooth transition of intensities is blending the 
overlapping areas of the new image and the stitching image. For example, a typical 
overlap pattern generated while stitching is shown in Figure 3.16a. The black 
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region (inverted L region) is the overlapping area of the already stitched image and 
white region is the new image that is about to be stitched in the black region. We 
developed an algorithm that calculates a blending gradient from the weighted 
average distance ratio between the previously stitched section and the new image 
being stitched, which results in a smooth transition of the intensity level as shown 
in Figure 3.16b. Figure 3.17 illustrates the difference in blended data and non-
blended data. 

 

Figure 3.16. Schematic illustration of blending of images with intensity variations. The black region 
represents the already stitched area (0) to which new image (1) is overlaid. The weight average distance 

ratio results in values between 1 and 0 and forms the gradient used. 

 

Figure 3.17. a) STEM image pairs without blending showing the sharp change in the intensity due to edge 
effects; b) Same image pair with blending shows the smooth transition of intensities. 

3.9.6. Grid corrections 

Stitching of successive images across the bars of the TEM grid is not feasible, since 
empty images (black images) between the continuous data cannot provide a cross-
correlation value, hence relative image positions cannot be computed. Figure 3.18 
shows the low-magnification BF-TEM image illustrating the meshes. To stitch the 
continuous data acquired from across meshes (viz. from 1  2  3  4 in Figure 
3.18), the stitching algorithm in Fiji determines the absolute image positions in 4 
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different clusters and then tries to merge the clusters together. However, it fails to 
merge, since the black regions do not provide relative positions through the 
correlation procedure. To correct for this, we developed an algorithm that aligns 
the clusters of image positions based on the expected position gradients in both 
directions (x and y). 

 

Figure 3.18. Low-magnification BF-TEM image showing various meshes. Scale bar is 100 μm. 

 

Figure 3.19. a) Binary image of image positions with known correlation (1) and unknown correlation (0); 
b) Filtered image of image positions to determine the connected segments. 

Firstly, from the image positions data generated by Fiji, we created a binary data 
of image positions such as data with known correlations (1) and data with 
unknown correlations (0), as shown in Figure 3.19a. Then we find the connected 
segments of the images with determined positions. We filter these segments based 
on a threshold (user input) for the minimum segment size (user input). The filtered 
matrix determines which images are eligible for fusing. All other images will not be 
loaded to improve performance (speed). Figure 3.19b shows the filtered positions. 
Only positions of images set to 1 are loaded and the rest is not loaded. We 
calculate an expected gradient by taking the median shift in both x and y direction 
over all images that are included in the filtered segments. Then, we use these 
gradients to align the segments. 
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Figure 3.20a and Figure 3.20b illustrates the grid positions computed by Fiji 
without completing the last step of putting the clusters in proper order. For both 
the x- shift and y-shift, the maxima and the minima of the grid positions can be 
noticed in all four quadrants. This clearly shows that the positions are not 
connected from one end of the mesh to the other end in both the directions. Our 
grid correction algorithm calculates the expected shift in both x and y positions 
and links the grid positions, as shown in Figure 3.20c and Figure 3.20d. 

 

Figure 3.20. a, b) x-shift and y-shift in image positions calculated by Fiji. Maxima and minima can be 
noticed in all the quadrants; c, d) Corrected x- shift and y-shift, where the maxima and minima continues 

from one end to another end. 

3.9.7. Preparation of the MMA/t-BA latex-SWCNT dispersion 

The SWCNT dispersion was prepared by adding 44 mg of SWCNT in 20 ml of 
double deionized water. 88 mg of SDS is also added to stabilize the dispersion. The 
mixture was tip sonicated for 3 hrs. Polymer latex particles with diameters of 30 
nm and 70 nm were synthesized via starved-feed emulsion copolymerization of 
MMA and t-BA (Aldrich, MMA:BA = 3:1) with overall reaction times of five 
hours. The final latex mixture was prepared by mixing the two polymer latexes 
with different sized particles (30 nm and 70 nm) at varying ratios. Based on the 
desired solid content, the SWCNT dispersion was mixed with the latex mixture. 
The mixed polymer latex-SWCNT dispersions was coated over a rotating glass 
substrate at 2000 rpm for a duration of 20 to 40 seconds. For the preparation of 
EM samples, 200 mesh continuous carbon-coated copper TEM grids were placed on 
the spin-coating glass substrate and fixed with a tape across one end of the grid to 
prevent sliding off during the course of spin-coating. To know the spinning 
direction while imaging and quantification, a marker was used and traced during 
the acquisition and quantification. 
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3.9.8. Local morphologies in MMA/t-BA-SWCNT mixture 

 

Figure 3.21. Large-scale BF-TEM map of a spin-coated MMA/t-BA-SWCNT mixture illustrating various 
local morphologies and alignments. Black scale bar is 5 μm and white scale bars are 500 nm. 

3.9.9. Image analysis of MMA/t-BA-SWCNT mixture 

Segmentation: First, the image was median filtered (5x5 elliptical) to remove the 

salt and pepper noise. The process was followed by Gaussian filtering with higher 
sigma of  50 pixels for background removal. After the removal of the background, 
we carried out a morphological closing operation, followed by tophat filtering to 
remove the spherical latex particles.  The tophat filtered image was then Otsu 
thresholded to generate a binary image. We removed some noise of the Otsu 
thresholded data by removing all the objects smaller than the number of pixels 
corresponding to the diameter of a SWCNT and that therefore cannot be a 
SWCNT. The illustration of complete segmentation process from raw image to 
binary image is shown in Figure 3.22. 
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Quantification: From this binary data, we measured the feature properties (such 

as area, orientation, perimeter or, equivalent diameter) of the connected segments. 
Their orientation is determined by measuring the angle between the spinning 
direction and the direction of the SWCNT. The measured orientation ranges 
between 0° and 179°. It should be noted that the angle of spinning direction 
changes slightly up to 5° during the transfer of TEM grid from substrate to the 
microscope column. Hence, we binned the measured orientation of the SWCNTs for 
every 10° and a frequency distribution is plotted as polar histogram. 

 

Figure 3.22. Illustration of segmentation process of SWCNTs. a) Raw image illustrating the SWCNTs and 
polymer latex particles. Scale bar is 200 nm; b) Median filtered image to remove the salt and pepper noise; 

c) Gaussian filtered image for highlighting the background; d) Background subtracted image; e) 
Morphologies were closed to highlight the continuity of SWCNTs; f) Top-hat filtered image to remove the 

polymer latex particles and other debris with high contrast; g) Otsu-thresholded image to segment the 
SWCNTs; h) Binary image after removal of the noise. 



Chapter 3 

94 

 

3.9.10. Segmented large-scale images illustrating the SWCNT 

alignment 

 

Figure 3.23. Large-scale segmented image showing the ordering where SWCNTs are aligned (a) and 
regions where SWCNTs are close to randomly distributed (b). Scale bars are 2 μm. 

3.9.11. Obtaining a representative orientation distribution of SWCNTs 

To obtain a representative orientation distribution of the SWCNTs in the spin-
coated assembly of MMA/t-BA polymer latex-SWCNT, we measured the 
orientation of SWCNTs as a function of area, as shown in Figure 3.24. 

 

Figure 3.24. Polar histogram illustrating the change in the orientation distribution function of SWCNTs as 
a function of analysis area using, respectively, (16k)2 (pink), (32k)2 (green), (48k)2 (blue) and (64k)2 (red) 

pixels. Scale bar is 10 μm. 
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By changing the area of analysis, we can observe the change in orientation 
distribution. For a small analysis area, a higher count is observed between 40° and 
100° than for the extreme angles (0°-180°, spin-coating direction). This indicates 
that for such an area the distribution function is suppressed in this region by local 
and mesoscale alignment of the SWCNTs. After increasing the area to sufficiently 
large size ((48k)2 pixels), a consistent and hence representative orientation 
distribution is observed. This illustrates that in this case the minimum required 
analysis area for obtaining a representative distribution of the orientation of 
SWCNTs is (48k)2 pixels. 

3.9.12. STEM imaging of i-PP/HDPE multi-layer tapes 

Sample preparation: The samples were trimmed in the direction parallel to the 

extrusion direction at 130 °C and subsequently stained for 20 hours with a 
ruthenium tetroxide (RuO4) solution prepared according to Montezinos et al.38 
Ultrathin sections (70 nm) were obtained at 100 °C by using a Leica Ultracut 
S/FCS microtome. The sections were placed on a 200 mesh copper TEM grid with 
a carbon support layer. 

STEM Imaging: STEM images were acquired using a FEI CryoTitan electron 

microscope operated at 300 keV. STEM images were acquired with a convergence 
angle of 10 mrad on a Fischione HAADF-STEM detector at camera length of 450 
mm. 

3.9.13. Image analysis of i-PP/HDPE multi-layer tapes 

Segmentation: First, the stitched image was rotated in such a way that the 

lateral sides of the layers lie horizontal to the x- axis. Second, the image was 
cropped to the areas with only layers, so that the entire quantification process can 
be carried out without considering the effect of other, unwanted regions. Third, to 
obtain reliable quantification and to prevent any possibility of loss of information, 
we carried out the quantification process without losing any intensity from the 
HDPE layers. To that purpose, the intensity corresponding to a 0.01% area 
fraction from the lower end of the intensities was set as background and removed 
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to get a slight increase in contrast. STEM beam damage was clearly visible in some 
regions of the image lying perpendicular to the lateral direction of layers. To 
minimize these artifacts in the quantification process and also to smear-out the 
crystallites, which aids the segmentation of layers, we applied an anisotropic 
Gaussian filter, which suppresses the intensity of the scanning lines with respect to 
the intensity lateral layers. Subsequently a binary image was generated from the 
filtered image by automatic Otsu thresholding and objects less than 50 pixels (in 
area) were removed to prevent an unrealistic contribution to the further processes. 

Quantification: The binary image is divided into discrete subsections of 100 

pixels along the lateral side of the layers, as illustrated in Figure 3.25. We 
measured the centroid of every connected component (which is every HDPE layer 
along transverse direction) in the discrete subsections. The alignment of the 
centroids along the layer and the distance between the centroids in a subsection 
provides information about the straightness of the layers and the distance between 
the layers respectively. By extending this process along the lateral direction of the 
layers, information on the entire sample is obtained. Figure 3.26 shows the 
centroids calculated for the entire image, overlaid on the large-scale STEM map for 
better illustration. 

 

Figure 3.25. Binary image of co-extruded i-PP (grey) and HDPE (black) layers. Two white lines illustrates 
a 100 nm subsection in which the local centroids are calculated. Cut-out of the subsection is shown in the 

right side. Scale bar is 1 μm. 

 

Figure 3.26. Centroids measured (white circles) are overlaid above the large-scale image. 
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Figure 3.27. Centroids, as displayed in Figure 3.10, plotted in 3-dimensions illustrating the waviness of 
HDPE layers along the lateral direction and the distance between HDPE layers in the transverse direction 

represented in various colors. 

 

Figure 3.28. Distance between HDPE and i-PP layers plotted as a function of lateral distance. The peaks 
marked by arrows represents the strong localized defects. 
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4  
Tuning packing and conductivity in 
multi-walled carbon nanotubes by 
aspect ratio and polydispersity 
The formation of different mesoscale networks in multi-walled carbon-nanotube 
(CNT) systems realized by mixing CNTs of varying lengths and length dispersity is 
reported. By this mixing process one introduces competing length scales and hence 
alters the self-organized packing, which contributes to synergistic effects on the 
functional properties of the networks. The experimental findings show, apart from 
the gradual change with volume fraction and aspect ratio, a two-fold increase in 
electrical conductivity for such networks at certain specific composition and hence an 
average aspect ratio. Quantitative large-area STEM imaging indeed revealed the 
existence of such mesoscale packing distribution variations. These packing 
observations suggest an electrical conduction model for these optimized networks of 
the CNTs that attributes its behavior to the formation of conduction knots, i.e., high 
volume fraction regions of relatively short CNTs, which are connected by relatively 
long CNTs. If these conduction knots, occupied by many short CNTs, are distributed 
evenly with their nearest neighbor distance close to the average length of CNT 
population, the total electrical contact resistance in the conduction path will be 
effectively minimized. This study shows that by understanding and tuning the self-
organization behavior of colloidal matter, optimized macroscale functional material 
properties can be designed into the initial colloidal dispersions. 
 
This chapter is adapted from the publication – Gnanasekaran, K.; de With, G.; Friedrich, H. On Packing, 
Connectivity, and Conductivity in Mesoscale Networks of Polydisperse Multiwalled Carbon Nanotubes. 
Journal of Physical Chemistry C 2014, 118, 29796–29803.  
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4.1. Introduction 

Understanding and exploiting the potential of colloidal suspensions to self-organize 
into a variety of multi-scale superstructures, depending on size, shape, aspect ratio 
or polydispersity of the sample population, is an intriguing topic investigated for 
many years but still limitedly understood. The length scale of particles (~ nm to ~ 
mm) strongly influences the interactions and processes, such as the stability of 
colloidal suspensions of nanoparticles that are strongly influenced by the balance of 
repulsive and attractive forces.1 For instance, carbon nanotubes (CNTs) are 
subjected to strong van der Waals and 𝜋 − 𝜋 interactions, which cause 
agglomeration and leads to the formation of inhomogeneous materials. Hence, the 
fabrication of CNT-based superstructures plays a vital role in translating the 
potential of CNTs into functional materials, such as CNT based polymer 
nanocomposites, compacts and thin films.2 It is precisely the connectivity of each 
and every single CNT at the nanoscale forming a mesoscale network that dictates 
the macroscopic functional properties. The relationship between the macroscopic 
functional properties and the nanoscale connectivity is still a matter of debate. It is 
widely accepted that CNTs connected to other CNTs, thereby forming a 
homogenously distributed mesoscopic network, results in improved macroscopic 
properties, such as electrical conductivity and mechanical stability.3-5 At the same 
time though, studies also show that CNTs forming local agglomerates, thereby 
introducing a secondary length scale in the overall homogeneous CNT network, 
results in enhanced electrical conductivity.6-15 Nanoscale network assembly and 
connectivity is governed by factors such as shape, size, size distribution, CNT 
straightness, flexibility and attractive and repulsive interactions.16-18 The 
fundamental relationships between all these factors affecting the resulting network 
topology and hence the macroscopic properties are still to be largely explored. 
Simulations and theoretical predictions indicated the importance of polydispersity 
on electrical conductivity, but only at the onset of network formation, i.e., at the 
percolation threshold.19-21 However, many technologically relevant applications, e.g. 
anodes or cathodes in electrochemical devices or catalytic supports, require the use 
of densely packed CNTs in the form of porous compacts with volume fractions far 
above the percolation threshold. Dense packing of particles of different shapes 
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(rods, spheres, etc.) at macroscale was studied extensively22-24 but such studies 
cannot be easily extrapolated to particles at the nanoscale because of the repulsive 
and attractive interactions that are predominant for nanomaterials. Currently, 
there are just a few experimental studies addressing the electrical conductivity of 
CNT networks in the form of powders under compression.18,25-26 In these studies the 
above mentioned governing factors (viz. shape, size) for electrical conductivity and 
network topology are scarcely investigated. Nevertheless these factors need 
attention because if CNTs are considered as a potentially realistic (raw) material 
for any upscaled, cost-effective production, these CNTs most likely will have a 
broad distribution of values for these governing factors. Henceforth, here we discuss 
about the influence of the average CNT’s length (aspect ratio) and length 
distribution (polydispersity) on the packing and connectivity in porous compacts 
using three different CNT materials and their mixtures to derive a bottom-up 
multi-scale model of the CNTs organization and macroscopic conductivity. 

4.2. CNT materials and size measurements 

Three multi-walled carbon nanotube (CNT) materials with different average length 
and polydispersity, further referred to as A, B and C (Chengdu Organic Chemicals 
Co. Ltd), were chosen. All three raw materials were 95 % pure and synthesized by 
chemical vapor deposition. Representative TEM images of the raw materials are 
shown in Figure 4.1. All three materials consisted of non-straight and polydisperse 
CNTs with a size distributions skewed to shorter diameter and length. A 
quantitative analysis of the length and diameter distribution is presented in Figure 
4.2. The weight average length L of the model materials A, B and C were 
measured to be 377 ± 12 nm, 1140 ± 36 nm and 1276 ± 31 nm (mean ± one 
standard deviation in the mean using three independent measurements of each > 
200 CNTs), respectively. The weight average diameter D of all model materials A, 
B and C was almost identical with 18.9 ± 0.2 nm, 19.0 ± 0.3 nm and 18.8 ± 0.2, 
respectively, and all distributions had the same shape. The CNT length was 
approximated by the end-to-end distance, thus underestimating the actual length. 
The aspect ratio L/D was calculated from the weight averaged length divided 
by the diameter. Further details on CNT size measurements can be found in the 
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section 4.11.1. CNT stock dispersions were prepared by adding 10 mg of each 
material to 100 ml CHCl3 (Biosolve, AR grade with purity 99.9 %) and sonicating 
the mixture for 2 hours. 

 

Figure 4.1. BF-TEM images of CNT raw materials A, B and C respectively. Scale bars are 500 nm. 

 

Figure 4.2. a, b, c) Length distribution of CNT raw materials A, B and C respectively; d,e,f) Diameter  
distribution of CNT raw materials A, B and C respectively. Both length and diameter distributions of all 

the three raw materials are positively skewed (i.e., mean - mode is positive). 

4.3. CNT compact preparation 

For preparation of a CNT compact, 10 ml of CNT dispersion was vacuum filtered 
over a 0.2 μm porous cellulose-mixed ester membrane filter (Whatman®) as 
schematically illustrated in Figure 4.3. To vary the average aspect ratio and length 
polydispersity of the CNTs in a compact, appropriate quantities of stock dispersion 
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of two of the three raw materials were mixed. The mixed dispersions, referred to as 
AB or AC, were further sonicated for an hour before vacuum filtration resulting in 
AB- or AC-type compacts. For example, 2 ml stock solution of model material A is 
mixed with 8 ml stock solution of model material B to form a AB-type compact 
with 80 % of model material B and 20 % of model material A. (Note: Also here the 
aspect ratio was calculated from the weight averaged length divided by the 
diameter). Any residual dispersant (CHCl3) in the thus prepared compacts was 
removed by drying at room temperature for 24 hours. Some of the compacts were 
also heated to 70 °C for 24 hours but did not show differences in packing and 
conductivity as compared to the room temperature dried compacts. Examples of 
CNT compacts are shown in Figure 4.3. 

 

Figure 4.3. Illustration of CNT compacting process. a) Schematic illustration of CNT compact filtration 
process; b) Top view of CNT compacts; c) Side view of CNT compacts showing the thickness (h) and the 

width (D) of the compacts used for the volume fraction calculations. Grey arrows illustrates 4 probes 
piercing through the thickness of the compacts while measuring the electrical properties; d) Snapshot of 

CNT compacts as prepared; e) CNT compacts cut into strips for electrical measurements. 

4.4. Global packing analysis 

To analyze the overall variations in the packing density of compacts with respect 
to varying aspect ratios, the bulk volume fraction 𝜑b was measured and the results 
are plotted as a function of average aspect ratio in Figure 4.4. Details on bulk 
volume fraction measurement can be found in section 4.11.2. For both AB- and 
AC-type compacts, 𝜑b approaches zero at high aspect ratios. In order to 
quantitatively analyze the randomly packed CNTs, the results were fitted to a 
widely accepted random contact model (RCM) derived from macroscopic data,27 as 
shown in Figure 4.4c. The data points of our CNT compacts match closely with 
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those of the macroscopic data, where the volume fraction asymptotes towards the 
high aspect ratios. This indicates that 𝜑b scales with measured average aspect ratio 
despite the wide size distribution of the CNT population. Other studies show that 
the packing densities of polydisperse spheres are slightly higher than their 
monodisperse or bidisperse counterparts.28-29 In our system, the measured volume 
fractions of the compacts were at the lower end of the macroscopic data. We 
attribute this increased porosity to the non-straightness of the CNTs (see Figure 
4.10), which has been shown to decrease the packing density.30 

 

Figure 4.4. Measured bulk volume fraction 𝜑b plotted as a function of average aspect ratio. a) AB-type 
compacts; b) AC-type compacts; c) Data points of AB-type compacts and AC-type compacts are overlaid 

with macroscopic data points (i.e., random packing of macroscopic thin rods MTR). The green curve 
represents the best fit of the RCM function for MTR data points taken from Philipse.27 

The RCM also predicts the dependence of the average coordination number or 
average number of contacts per particle C on aspect ratio and volume fraction as 
expressed below: 

𝜑b
𝐿
𝐷

 ≈  𝐶
2

;      𝑓𝑜𝑟 𝐿
𝐷

≫ 1     (4. 1) 

To confirm the RCM scaling predictions, 𝜑b, L/D and C must be measured 
independently. Unfortunately, experimental access to C is not feasible for our 
nanoscopic CNTs; hence C was approximated by assuming that our CNT 
compacts follow the same trend as the RCM since the volume fraction and aspect 
ratio data points closely match the macroscopic data as shown in Figure 4.4c. 
Although our data shows an excellent match with the RCM, we fitted our data-
points to 𝜑b(𝐿

𝐷)
𝛼 = 𝐶

2  to compensate for the non-straightness of CNTs and the 

associated error involved in measurement of CNT lengths. This yielded C ≈ 10  
2 with 𝛼 ≈ 1.06  0.1 for both AB- and AC-type compacts (see section 4.11.4 for 
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more details on the calculation of C). RCM studies reported a C value of 
approximately 6 for aspect ratios close to 1 and asymptotically increasing towards 
a constant value of C ≈ 10 at large aspect ratios.27,31 In comparison, studies on 
polydisperse and bidisperse spheres reported lower C values than for 
monodisperse assemblies (from 6 to 4 depending on the polydispersity).32-33 The 
value of 𝛼 slightly larger than 1 and packing densities lower than predicted by the 
RCM (Figure 4.4c) indeed indicate that the effective length of the CNTs is higher 
than the measured length (as shown in Figure 4.10), which in turn increases the 
effective excluded volume. The convolution of these non-straightness effects is 
wrapped within the measurements of bulk volume fraction and aspect ratio, but 
detectable by the slight increase in 𝛼. However, we believe that including more 
number of data points at lower aspect ratios could give us a credible scaling 
constant value. Due to the limitation in the size of the model materials, 
experimentally we cannot access data points at lower aspect ratios. Nevertheless, 
the overall random packing of nanoscopic CNTs follows the same trend as 
predicted by the macroscopic RCM with a slight increase in 𝛼. 

4.5. Electrical conductivity analysis 

Figure 4.5 shows the electrical conductivity measured as a function of volume 
fraction of model materials and average aspect ratio, respectively. Detailed 
information on electrical conductivity measurements is given in section 4.11.3. The 
electrical conductivity normalized by packing density increases with increasing 
aspect ratio. This is due to a less disrupted flow of electrons along the conduction 
path established by the long CNTs having fewer contact points.34-35 In addition to 
this general trend it is also observed that the conductivity peaks at aspect ratios 
between ≈ 55 and ≈ 60. This synergistic effect suggests that the electrical 
conductivity of the formed CNT networks do not scale only with volume fraction 
or aspect ratio but also strongly depends on other factors such as polydispersity, 
straightness or attractive interactions, which govern the CNTs assembly and the 
resulting network topology over multiple length scales. In order to understand this 
behavior in electrical conductivity, knowledge on the distribution of CNTs forming 
the physical network over multiple length scales is required. 
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Figure 4.5. a) Electrical conductivity plotted as a function of relative volume fraction of model materials B 
and C with respect to model material A; b) To exclude effects of differences in packing density on the 
electrical conductivity curve, conductivity values were normalized by volume fraction and plotted as a 

function of average aspect ratio. 

4.6. Scanning transmission electron microscopy (STEM) imaging 

As the synergistic effects in conductivity seem to be related to changes in network 
topology, we analyzed representative areas of the CNT network. Since such an area 
extends over tens of micrometers, a relatively large area needs to be investigated. 
We approach this requirement by acquiring a large number of partially overlapping 
STEM images (≈ 100 images) with nm resolution, which are subsequently stitched 
together to form the required large area image for network analysis.36 To perform 
the imaging we opted for thick sections (> 500 nm), which provides sufficient 
volume to be analyzed as well as to optimize contrast and resolution of STEM 
imaging for thick sections. We performed such a large-area imaging followed by 
quantitative analysis on compacts A, B, C, ABmax and ACmax. More information 
on STEM sample preparation and imaging techniques can be found in the section 
4.11.5. 

Representative morphologies of those large-area images are shown in Figure 4.6. 
Stitched high-resolution large-area images can also be found in the section 4.11.6 
(Figure 4.12). Some clear differences in the distribution of CNTs in the cross-
section of the compacts are observed. The images of compact A are the most 
homogenous, indicating a very tightly packed CNT network without major 
variations in the mesoscale distribution of porosity. In contrast, significant 
mesoscopic variations exist in all other compacts, especially in ABmax and ACmax. 
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The only difference between B and ABmax (similarly C and ACmax) is a slight 
increase in the amount of shorter CNTs in the MAX compacts (ABmax and 
ACmax). This increase in shorter CNTs is responsible for the increase in densely 
packed agglomerates that can be seen as bright spots ranging between few hundred 
nanometers and few micrometers in diameter (marked by arrows in Figure 4.6). 

 

Figure 4.6. Representative STEM images of CNT compacts. a) Compact A showing the membrane filter 
paper and CNTs; b) Compact B; c) Compact C; d) Compact ABmax; e) Compact ACmax. Scale bars are 

2 μm. 

4.7. Formation of mesoscopic structures 

The presence of these densely packed mesoscopic regions can be explained as 
follows. Using a continuum model, Girifalco et al. derived an intermolecular 
interaction potential between two individual CNTs in vacuum.37 A large attractive 
interaction is generated between individual CNTs where the attraction between the 
particles is at least 40 times the thermal energy kT (i.e., > 40 kT/nm).38 In our 
experiments during the vacuum filtration of CNT dispersions, similar interactions 
are present. Besides that, the dispersant (CHCl3) plays an important role in the 
colloidal stability of the dispersion, in addition to the employed CNT 
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concentration. A complete understanding of the effect of dispersant on the 
interactions between CNTs is at present lacking. We minimized the effect of 
dispersant on the randomness of the dispersion by using a stable dispersion and 
immediate vacuum filtration after sonication. Hence, any intermolecular 
interactions leading to structure formation in the dispersion were only during the 
post sonication, filtration and drying process (max. ≈ 30 seconds). Within this 
limited time frame, a unique network topology arises mainly due to interaction of 
the polydisperse CNTs and their rapid jamming during filtration. While it has been 
tried to avoid the influence of dispersant in the process prior to the formation of 
the CNT compacts as far as possible, effects of the dispersant in the final compact 
morphology cannot be excluded. However, the stability of the CNT dispersion in 
chloroform indicates that significant aggregation in the dispersed state is unlikely. 
More detailed discussions on the stability of the dispersant and their analyses can 
be found in section 4.11.7. During the filtration process, the concentration of the 
colloidal dispersion mixture is quickly increased to a maximum concentration. In 
the beginning of the process, the longer CNTs are jammed and form the skeleton of 
the compact with a rather open network. This controls predominantly the global 
packing density. Meanwhile, short CNTs are caged in the open pores of the 
jammed, longer CNTs. As the concentration of the colloidal dispersion increases, 
subsequently the shorter CNTs are caught in the open pores and attached to the 
nearby, jammed longer CNTs to contribute to the local packing density. The 
network topology of such a system is schematically illustrated in Figure 4.7. 
However, not all the CNTs contributed to the formation of such mesoscopic 
structures. In some images a thin layer of a uniformly distributed and tightly 
packed CNT network close to the membrane filter is noticed, which we believe is 
mainly due to the deposition of shorter CNTs that were at the bottom of the 
colloidal CNT suspension forming a layer immediately after the application of 
vacuum (arrow in Figure 4.12e). We believe that these observed densely packed 
mesoscopic structures can be related to the synergistic effect on conductivity since 
studies show the enhanced charge transfer properties of CNT rich regions (densely 
packed regions).6,9,11,14-15 To understand and derive a bottom up model of this 
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behavior, the frequency and the distribution of these dense regions in the compacts 
need to be quantitatively analyzed. 

 

Figure 4.7. Schematic illustration of network topology of various compacts. a) Compact A; b) Compact 
ABmax and ACmax; c) Compact B and C. Black CNTs are short CNTs, green CNTs are long CNTs and 

red CNTs indicates the electron conduction pathway across the network. 

4.8. Quantification of large-area STEM images 

The quantification process was carried out on compacts that showed mesoscale 
variations, namely B, ABmax, C and ACmax. In brief, the quantification 
comprises: 1) Removal of noise by median filtering; 2) Correction for background 
intensity; 3) Removal of regions with catalyst debris; 4) Calibration plot – 
Intensity versus CNT packing density; 5) Classification based on packing density; 
6) Statistical analysis of neighbor distances between densely packed regions. A 
detailed description of the quantification process is given in section 4.11.8. 

Based on the local volume fraction 𝜑 of the CNTs, we classified the packing 
density throughout the compact based on the measured bulk volume fraction 𝜑b of 
that particular compact, in such a way that regions with 𝜑 < 𝜑b are set to 0 and 
regions with 𝜑 > 𝜑b are set to 1, as shown in Figure 4.8. The respective area 
fractions for all compacts are shown in Table 4.1. The total area of densely packed 
regions in the MAX compacts was higher as compared with those of the 
corresponding B and C compacts. It is difficult to correlate these data with respect 
to the relative change in the size and amount of CNTs in order to derive a criterion 
for the change in topology and hence the electrical conductivity. But we can 
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surmise that the synergistic effect on conductivity is related to the dense regions 
and their distribution. Hence, we decided to correlate the effects of conductivity to 
the difference in high volume fraction regions (𝜑h = 𝜑 > 𝜑b; white regions in 
Figure 4.8b) of the compacts. 

 

Figure 4.8. a) STEM image of compact ACmax illustrating the distribution in volume fraction; b) 
Segmentation of compact ACmax network topology based on the measured bulk volume fraction 𝜑b. 

Black: 𝜑l = 𝜑 < 𝜑b, white: 𝜑h = 𝜑 > 𝜑b. Scale bars are 3 μm. 

Table 4.1. Average area (in %) occupied by three dif ferent packing distr ibution in 
various CNT compacts. 

𝜑 Compact B Compact C Compact ABmax Compact ACmax 

𝜑l =  𝜑 < 𝜑b 93.30 ± 3.27 95.32 ± 1.94 91.30 ± 2.86 90.65 ± 1.84 

𝜑h =  𝜑 > 𝜑b 6.69 ± 2.27 4.67 ± 1.29 8.68 ± 1.12 9.34 ± 2.01 

The histogram of CNT-rich regions (Figure 4.17) shows that for MAX compacts a 
larger number of dense regions exist in comparison to B or C type compacts. The 
center-to-center 1st and 2nd nearest neighbor distance of CNT-rich regions (𝜑 > 𝜑b) 
in compact B, C, ABmax and ACmax were also measured. For the MAX compacts 
an almost two-fold decrease in the nearest neighbor distance D1nn and the 2nd 
nearest neighbor distance D2nn as compared with the corresponding B and C 
compacts is noticed (Table 4.2). The distribution of neighbor distances in the MAX 
compacts and the corresponding B and C compacts can be found in Figure 4.18. 

Besides the distribution of nearest neighbor distances, we also noticed that the 
maximum local volume fractions of MAX compacts (derived from the local image 
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intensity) were ≈ 2 times higher than that of the corresponding B and C compacts. 
For example, 0.15, 0.11, 0.28 and 0.25 for compacts B, C, ABmax and ACmax, 
respectively. However, the area occupied by these maximum volume fractions (i.e., 
> 0.15 in ABmax and > 0.11 in ACmax) is insignificant (< 1%, data not shown) 
as compared to the change in shorter CNTs between B and ABmax and C and 
ACmax, respectively. 

Table 4.2. Center-center nearest neighbor distance and 2nd nearest neighbor distance of 
high volume fraction regions (𝜑 > 𝜑b) in various CNT compacts. 

Compact L (nm) D1nn (nm) D2nn (nm)

A 377 ± 12 - -

B 1140 ± 36 1894 ± 182 2866 ± 221

C 1276 ± 31 1962 ± 153 2780 ± 249

ABmax 1072 ± 55 1137 ± 78 1835 ± 148

ACmax 1130 ± 23 1305 ± 121 1784 ± 156

4.9. Electrical conduction model 

Based on the ratio between neighbor distances of high volume fraction regions 𝜑h 
and the corresponding weight average length of CNTs, an electrical conduction 
model can be formulated. As mentioned above, previous studies have revealed the 
enhanced charge transfer properties of CNT-rich, i.e., high volume fraction regions 
because of the increase in effective CNT-CNT contact area.6,9,11,14-15 (More detailed 
discussion on electrical conduction mechanism and structural implications is given 
in section 4.11.9). To obtain enhanced macroscopic conductivity across the 
compacts, these high volume fraction regions have to be connected by low 
resistance pathways. A low resistance pathway connecting two high volume 
fraction regions is obtained when the connecting links possess an as small as 
possible resistance, i.e., connecting links having the lowest possible number of 
contacts, which can be effectively achieved by a single long CNTs, as it is likely to 
occur in the ABmax and ACmax compacts. 

In compacts B and C, the average nearest neighbor distance is substantially larger 
than the average length L of CNTs, i.e., D1nn ≈ 1.5L and D2nn > ≈ 2L. Hence, 
there is a much smaller chance that these high volume fraction regions can be 
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connected by single CNTs throughout the entire network. In contrast, if the 
nearest neighbor distance approaches the average length, there is a higher 
probability of connecting high volume fraction regions by single CNTs, which can 
lead to low resistance charge transfer units connecting several concentrated sites 
and forms an effective pathway for electron conduction. The fact that D1nn 

approaches L and D2nn < ≈ 2L for the ABmax and ACmax compacts suggests 
that such a phenomenon possibly occurs in MAX compacts. Nonetheless, the 2D 
analysis is averaged information over the entire thickness, which underestimates 
the actual 3D distances by up to 10 % of D1nn and 4 % of D2nn in MAX compacts 
(see section 4.11.11 for more information on this estimation). Even taking this 
additional uncertainty in to account, the difference in nearest neighbor distance 
between B and ABmax compacts and C and ACmax compacts is still significant. 

 

Figure 4.9. Measured resistance of various CNT compacts plotted as a function of relative volume fraction 
of model materials. a) AB-type compacts; b) AC-type compacts. 

Now looking at the lower aspect ratio compacts, such as compact A, charge 
transfer is hindered by a huge number of contact points, which contribute to a high 
contact resistance. We analyzed the contact properties of CNTs in compacts by 
preparing composites of compacts by a polymer infiltration (PI) process driven by 
capillary forces (see section 4.11.12 for more information). Due to the inclusion of 
polymer matrix, the contact resistances at contact points in the conduction 
pathway increased, as shown in Figure 4.9. Besides the increased resistance, we also 
observed that the relative increase is larger for the low aspect ratio compacts. This 
indeed implies the involvement of a large number of contact points at lower aspect 
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ratios, where the electron flow is hindered mainly by the number of contact points 
on the path. Since the minimum resistance is still observed in polymer infiltrated 
ABmax and ACmax compacts, the presented structural model (i.e., dense regions 
connected by few long CNTs) still applies. Furthermore it can be concluded that 
the polymer infiltration increases the contact resistance between CNTs but does 
not disentangle the initially formed network so that the functional properties are 
maintained. 

4.10. Conclusions 

We have shown that by changing the average length and length distribution of 
CNTs, the local packing can be influenced, although the global packing follows the 
similar trends as observed in packing of macroscopic rod-shaped particles. The 
comparison of nanoscopic data with macroscopic data reveals a surprising 
continuity of global packing phenomena for 6 to 9 orders of magnitude of length 
scales irrespective of the size distribution. However, as a result of strong attraction 
of CNTs of varying length and polydispersity, the functional properties, such as the 
electrical conductivity, can be influenced. We analyzed a representative volume of 
CNT networks by a large-area imaging combined with image quantification to 
develop a bottom-up understanding of the effect of polydispersity on electrical 
conductivity. Polydisperse systems assemble on the mesoscale such that the longest 
CNTs create a jammed porous compact in which dense regions of shorter CNTs 
can be found. On optimizing this morphology, such as the CNT-rich regions (high 
volume fraction regions) are distributed evenly with a nearest neighbor distance 
close to the average length of the CNTs, the total electrical contact resistance can 
be minimized. Preserving the initially formed network by ex-situ infiltration of 
polymer matrix, can accommodate conveniently for the fabrication of functional 
devices. 

The current study can be extended by controlling the fabrication process of CNT 
compacts. However, to derive a definitive understanding of this multi-scale 
behavior, factors such as polydispersity, CNT straightness, bending flexibility and 
attractive and repulsive interactions have to be studied in parallel. In this way, a 
predictive capability can be developed for the development of controlled functional 
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properties. Additional progress in 3D nanoscale imaging and image analysis, such 
as the measurement of real contact points, would push our understanding further. 
Nevertheless, the current findings add to the fundamental understanding of packing 
of rod-like nanofillers or nanocolloids of different aspect ratios and modeling of 
macroscopic electrical conductivity using mesoscopic properties such as network 
topology. 

4.11. Appendix 

4.11.1. CNT size measurements and aspect ratio 

 

Figure 4.10. BF-TEM image showing the long axis measurement (white line) for non-straight CNTs. Scale 
bar is 300 nm. 

CNT suspensions were diluted to the concentration of 0.05 mg/ml in CHCl3 and 
sonicated for 30 minutes. The dilute dispersions were drop casted on a 200 mesh 
continuous carbon TEM grid and BF-TEM images were acquired using a Tecnai 
electron microscope (FEI Company) operated at 200 keV. The weight average 
length L and diameter D of the CNT materials were determined by measuring 
the size of at least 200 individual CNTs in TEM images. Length measurement was 
carried out in images with pixel size ≈ 3.5 nm and diameter measurement was 
carried out in relatively high magnification images with pixel size ≈ 0.3 nm. The 
long axis (length) of the non-straight CNTs was measured as the end-to-end 
distance between the two farthest ends, as shown in Figure 4.10. The independent 
set of measurement process was repeated at least 3 times to ensure robustness of 
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the quantification. For mixed systems, i.e., AB- or AC- type compacts the same 
process was used to determine L and D and, hence the aspect ratio L/D. 

4.11.2. Bulk volume fraction measurements 

For each compact, the volume of the CNTs VCNT was calculated from the known 
mass and the density of the CNTs while the volume of the compact VCOM was 
determined by measuring the physical dimensions of the compact. Bulk volume 
fractions 𝜑b of the prepared compacts were calculated by the following equation: 

𝜑b = 𝑉CNT
𝑉COM

= 
𝑀CNT 𝜌CNT

⁄
𝑉COM ± Δ𝑉COM

; 𝑉COM = 𝜋
4

𝐷2ℎ; 

Δ𝑉COM = 𝑉COM
⎩{
⎨
{⎧𝜋
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𝐷
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+ (Δℎ

ℎ
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⎭}
⎬
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where 𝜑b is the volume fraction of CNT, VCNT is the volume of the CNT calculated 
from the known mass MCNT and density 𝜌CNT (2.1 g/cm3) and VCOM is the volume 
of the compacts calculated by measuring the height h and diameter D with 
standard deviation Δℎ and Δ𝐷, respectively. The quantity Δ𝑉COM represents the 
calculated propagation due to errors in the measurement of height and diameter. 
The height of the compacts was measured as precisely as possible by a screw gauge 
and checked afterwards as well by electron microscopy of the cross-sections.  

4.11.3. Electrical conductivity measurements 

DC electrical conductivity measurements were carried out using a four-point setup 
with parallel electrodes separated by 5 mm as schematically illustrated in Figure 
4.3c. The current was applied through the outer electrodes by a Keithley 237 
source measure unit and the potential difference was measured between the inner 
electrodes by a Keithley 6517A electrometer. The CNT compacts were cut into 
strips of 20 mm  5 mm as shown in Figure 4.3e. The conductivity was calculated 
based on Smits’ method using:39 

𝜎 = 1
𝜌 ± Δ𝜌

;  𝜌 = 𝑅ℎ𝐶lb𝐶t;  Δ𝜌 =  𝜌𝐶lb𝐶t√(Δ𝑅
𝑅

)
2

+ (Δℎ
ℎ

)
2
     (4. 3) 
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where 𝜎 is conductivity in Sm1, 𝜌 is resistivity in Ω.m, Δ𝜌 is the calculated 
propagation due to errors in resistance R with standard deviation ΔR and 
thickness h with standard deviation Δh. The resistance is calculated as the slope of 
the linear region of the I-V curve (Ohmic region). The factors Clb and Ct are the 
geometrical correction factors applied for length, width and thickness of the 
compact strip. The volume fraction normalized conductivity 𝜎v was calculated 
using: 

𝜎v = 𝜎vm + Δ𝜎vm; 𝜎vm = 𝜎
𝜑b

; Δ𝜎vm = 𝜎vm
√(Δ𝜎

𝜎
)

2
+ (Δ𝜑b

𝜑b
)

2

     (4. 4) 

with Δ𝜎vm as the standard deviation propagated from conductivity and volume 
fraction. It should be noted that the electrodes (4-point measurement probes) 
penetrated through the thickness of the CNT network and touches the substrate 
(membrane filter). Hence, the measurement results in the bulk electrical 
conductivity rather than the surface electrical conductivity. To make sure that we 
measure the bulk electrical conductivity, for some compacts, we removed the 
substrate by peeling and carried out measurements on the interfacial side of the 
compact. This resulted in no differences in conductivity. 

4.11.4. Random contact model (RCM) studies of CNT compacts 

The random contact model (RCM) states that for a random packing of 
uncorrelated contacts, the volume fraction 𝜑b can be expressed as: 

𝜑b =  𝐶
𝑉p

𝑉ex
     (4. 5) 

where C is the average number of contacts per particle or average coordination 
number, Vp is the average single particle volume (Note: The volume of a single 
particle is calculated by assuming that CNTs are not hollow, since there is no 
chance that the interior of a CNT is available for other CNT to occupy.) and Vex is 
the average excluded volume for two rod-shaped particles. For rods with length L 
and diameter D, Vex can be expressed as:40 

𝑉ex = (π
2

𝐷)
2
(𝐿 + 𝐷

2
) + π

2
 (3

2
𝐿𝐷2 + 𝐿2𝐷)     (4. 6) 
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Figure 4.11. a, d) Coordination number C (calculated using Eq. 4.5) plotted as a function of the average 
aspect ratio L/D for various AB-type compacts and AC-type compacts, respectively; b, e) Volume 

fraction b plotted as a function of average aspect ratio L/D for various AB-type compacts and AC-
type compacts, respectively. The red curve corresponds to the fitting of data points for a 

function 𝜑b(𝐿
𝐷)

𝛼 ≈ 𝐶
2 ; c, f) Coordination number C (calculated using Eq. 4.5) plotted a function of 

𝜑b(𝐿
𝐷)

𝛼for various AB-type compacts and AC-type compacts, respectively. The red line represents the 
linear least-squares fit of the data points. 

The RCM is entirely based on geometrical arguments where the maximum packing 
density of ≈ 0.7 is obtained for particles with aspect ratios just deviating slightly 
from a sphere, i.e., L/D ≈ 1.5. At this specific aspect ratio, the C value also 
reaches its maximum value. However, for a further increase in aspect ratio, the 
excluded volume effects dominate the random packing, which decreases the volume 
fraction and C as shown in Figure 4.11a and Figure 4.11d. Using Eq. 4.5 and Eq. 
4.6, C as a function of particle aspect ratio and volume fraction can be expressed 
as: 

𝜑b
𝐿
𝐷

≈ 𝐶
𝛽

     (4. 7) 

where 𝛽 is a constant (𝛽 ≈ 2 for 𝐿
𝐷 ≫ 1). In order to incorporate the effects of non-

straightness and the associated error involved in the length measurement, we 
introduced a scaling constant 𝛼 and modified the Eq. 4.7 as: 

𝜑b (𝐿
𝐷

)
𝛼

≈ 𝐶
2

     (4. 8) 
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and plotted 𝜑b as a function of (𝐿
𝐷)

α. Figure 4.11b and Figure 4.11e shows the 

best fit to our data points, which yields the value of C = 10  1.76 with α = 1.06 
 0.1 (R2 = 0.9909) and C = 10  2.7 with α = 1.06  0.15 (R2 = 0.9814) for AB-
type compacts and AC-type compacts, respectively. Also the linear least-squares 

fitting of C as a function of 𝜑b(𝐿
𝐷)

αyields a value of 𝛽 = 2.18  0.02 and 2.16  

0.02 for AB-type compacts and AC-type compacts, respectively, as shown in Figure 
4.11c and Figure 4.11f. This matches closely with simulation studies on straight 
CNT networks where the estimated value of 𝛽 = 2.14  0.03.41  

4.11.5. STEM sample preparation and imaging of compacts 

To investigate the network morphology of the CNT compact over multiple length 
scales to (≈ 1 nm to ≈ 100 μm) cross-sections of CNT compacts were prepared by 
ultramicrotomy. CNT compacts were rigidized by capillary infiltration with a two 
component epoxy resin (EMbed 812, EMS), followed by curing at 60 °C for 48 
hours. The 3D network on the compacts were kept intact by sandwiching the 
compact on the paper substrate in between two glass slides and clamping tightly, 
which prevents the swelling of the film during infiltration. Electron transparent 
samples were prepared by cutting the epoxy embedded samples into ≈ 500 nm 
thick sections using a Diatome 35° 3.0 mm diamond knife mounted on a Reichert-
Jung Ultracut-E ultramicrotome. The samples were cut along the cross-section of 
the compacts and collected on a continuous carbon film coated 100 mesh hexagonal 
TEM grid. All the STEM images were acquired using a Titan electron microscope 
(FEI Company) operated at 300 keV with a convergence angle of 4 mrad on a 
Fischione HAADF-STEM detector at camera length of 370 mm. 
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4.11.6. Large-area images of CNT compacts  

 

Figure 4.12. Large-area high-resolution STEM images of CNT compacts. a) Compact A; b) Compact B; c) 
Compact C; d) Compact ABmax; e) Compact ACmax, white arrow indicates a layer of deposited CNTs. 

Scale bars are 3 μm. 
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4.11.7. Choice of the dispersant and their colloidal stability 

The dispersant needs to maintain as much as possible randomness of the CNTs in 
the dispersed state, so that, a dry compact can be prepared preserving the 
randomness of CNTs during quenching and jamming of the CNTs. Hence, a simple 
system containing CNTs and dispersant should behave much like a hard rod model 
system in dispersion. The use of surfactants is avoided as it is an additional 
component that makes the system more difficult to describe, as a surfactant in a 
suspension may cause depletion attraction but, most importantly, probably also 
affects electrical contact properties adversely (non-conductive interlayer). 

In this study we selected chloroform as suspension medium because of its unique 
combination of properties including high CNT dispersibility, low viscosity 
(important for filtration), low boiling point and surface tension (important for 
drying) and modest toxicity (potential applications), e.g., as compared to N-
Methyl-2-pyrrolidone. Though chloroform has shown the potential for dispersing 
CNTs that are colloidally stable over long periods of time,42 several factors like 
concentration of the CNT, sonication time, and sonication power strongly affects 
the aggregation process. Hence, we studied the stability of our model materials 
having the employed CNT concentration and sonication time as discussed below.  

We conducted a UV analysis on our model materials A and C dispersed in 
chloroform as well as in water having the employed CNT concentration, the results 
of which are shown in Figure 4.13. Model material C shows the highest absorbance 
in chloroform and a red shift in characteristic peak position from 238 nm to 240 nm 
(arrows in Figure 4.13a), which can be attributed to the increased CNT length for 
this system.43 Analysis of the dispersion’s stability is shown in Figure 4.13b. As 
expected, chloroform dispersions are stable for long periods of time (with some 
initial fluctuations), while in water the absorption decreases quickly to zero on 
account of aggregation and settling. The initial fluctuations (absorbance increases 
and then decreases) in the spectra indicate the presence of some dynamics in the 
system immediately after the sonication process stops and before a stable plateau is 
reached. Since these fluctuations occur on the hour scale, they are significantly 
longer that the time needed for vacuum filtration (< ≈ 6 seconds). For both, 
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chloroform and water, the rate of change in the absorbance is larger for model 
material C, indicating that long CNT’s aggregate more quickly. This also supports 
the porosity measurements, as it has been shown that the long CNT’s become 
jammed first (and contact each other in solution), controlling predominantly the 
global packing density. 

 

Figure 4.13. a) UV absorption spectra of model materials A and C dispersed in CHCl3 and H2O. Arrows 
indicating the slight red shift at the peak; b) Absorbance measured at 238 nm plotted as a function of 

time for model materials A and C dispersed in CHCl3 and H2O 

To the best of our knowledge, the dynamics of the system during the compacts 
preparation process (i.e., post sonication, vacuum filtration and drying) is 
unfortunately not accessible by experimental methods yet (DLS being very slow 
with high absorption; CryoTEM – too slow and size of rods longer than film 
thickness; …). This prevents us from speculating on the formation of aggregates in 
solution prior to compact formation, which is indeed an interesting problem but 
beyond the scope of the present study. However, the stability of the CNT 
dispersion in chloroform indicates that significant aggregation in the dispersed state 
is unlikely. 

4.11.8. Quantification of CNT volume fraction distribution 

The intensity distribution in STEM images can be directly correlated to the 
occurrence of CNTs along the section thickness. Therefore, the volume fraction of 
CNT’s can be estimated based on the assumption that the pixel intensity results 
from CNTs on a polymer background that can be simply subtracted. Firstly, the 
raw dataset was smoothened by applying an edge preserving median filter (55 
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elliptical) to generate a relatively noise-free background. To obtain a reliable 
quantification and to prevent any possibility of loss of information, the 
quantification process was carried out carefully without losing any intensities from 
CNTs. Hence, the intensity corresponding to the 0.01 % of area fraction from the 
lower end of the intensities, was set as background and thresholded. The intensities 
of the metal catalyst debris in the CNTs were found to be significantly higher than 
the CNTs itself, as shown in Figure 4.14. To prevent the contribution of these high 
intensity counts in the quantification process, those high intensity pixels were 
replaced by the intensity of the neighboring pixels. 

 

Figure 4.14. a) STEM image of compact B. The white circular marker indicates the catalyst debris. Scale 
bar is 200 nm; b) Intensity profile of the white line plotted as a function of distance in pixels. 

In order to correlate the intensity distribution to the volume fraction, a calibration 
plot was generated by measuring the total intensity of a known amount of CNTs 
with the underlying background along a line, as shown in Figure 4.15c. These 
measurements were carried out all over the image with various background 
intensities, so that the effect of the background could be averaged over the entire 
measurement area. At least 25 data points were obtained and plotted as a function 
of the volume of CNT, as shown in Figure 4.15d, thereby allowing us to extend the 
function to any volume fraction by interpolating (or when necessary, extrapolating) 
the data points. Although in principle, this total intensity can be correlated to the 
volume fraction of CNTs at every pixel, this approach could be misleading at pixels 
where the CNTs crossover. Hence moving averages of the intensity counts were 
calculated by applying a circular average filter with a diameter of 300 pixels. This 
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moving average intensity (MAI) can be correlated only with the averaged total 
intensity (ATI) of the corresponding volume. Hence, we calculated the averaged 
total intensity (ATI) for the measured bulk volume fraction 𝜑b of the 
corresponding compact. That discrete averaged intensity value representing 𝜑b was 
set as a threshold for the segmentation of moving average intensity (MAI) image. 
A schematic illustration of quantification process is shown in Figure 4.16. Besides 
the segmentation, the maximum volume fraction in the distribution was also 
calculated by extrapolating the volume fraction to the maximum intensity count as 
obtained from the moving averaged (MAI) image. In this estimate the influence of 
background was taken in to account by subtracting the intercept of the calibration 
curve. 

 

Figure 4.15. a) Stitched STEM images of compact B. Scale bar is 2 μm; b) Cut-out of a region where CNT 
is clearly seen. Scale bar is 100 nm; c) Line profile (white line in Figure 4.15b) relating the CNT image 

intensity and corresponding CNT volume; d) Calibration curve of CNT intensity plotted as a function of 
volume of CNT. 
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Center-to-center inter-structural element distances were calculated by considering 
the center of mass of the segmented high volume fraction regions. High volume 
fraction regions 𝜑h occupying an area less than half the area of the average filter 
were ignored in the nearest neighbor calculations, as the majority of those regions 
were small artifacts due to the crossover of only a few CNTs along the thickness of 
the section and contribute insignificantly as compared to other dense regions. All 
quantification processes were carried out using the DIPlib toolbox (diplib.org) and 
image processing toolbox in MATLAB R2013a. The quantification was carried out 
on at least 6 large-area images for each compact type with a field of view of ≈ (10 
µm)2 to limit quantification errors. 

 

Figure 4.16. Schematic illustration of quantification processes. Numbers indicates the steps followed to 
obtain the final segmented image of raw data. In our case, D in ATI is 300 pixels. 

4.11.9. Distribution of high volume fraction regions in compacts 

 

Figure 4.17. Size distribution of high volume fraction regions in various CNT compacts. a) Histogram of 
compact B and compact ABmax; b) Histogram of compact C and compact ACmax. 
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Figure 4.18. Center-center nearest neighbor distance histograms of CNT-rich regions in CNT compacts. a) 

First nearest neighbor distance for compacts B and ABmax; b) Second nearest neighbor distance for 
compacts B and ABmax; c) First nearest neighbor distance for compacts C and ACmax; d) Second nearest 

neighbor distance for compacts C and ACmax. 

4.11.10. Electrical conduction mechanism 

The highest electrical conductivity is obtained in a network with the least resistant 
conductive pathway. The overall resistance measured across the probes can be 
expressed as (in first approximation): 

𝑅m = 𝜌CNT
𝐴

∑𝐿𝑖 + 𝑅c

𝑁

𝑖=0
     (4. 9) 

where Rm is the resistance measured, ρCNT is the intrinsic resistivity of the CNTs 
and A is the cross-section area of CNTs, N is the number of contact points 
contributing the conduction pathway, Li is the segment length (length between 2 
contact points) and Rc is the contact resistance. In a macroscopic dense system of 
CNTs, every single CNT overlays on another CNT, establishing connections to all 
the CNTs and forming a continuous network with large number of conduction 



Chapter 4 

130 

 

channels. This results in a negligible contact resistance, i.e., approaching zero.44-45 
However, assuming that the intrinsic resistance of the CNTs for all three raw 
materials (A, B and C) is the same and the effective length of the CNTs connecting 
the measuring probes in a plane is approximately the same, the first term of the 
above expression becomes the same for all the compacts. The relative variations 
measured in the resistance of the compacts are therefore the result of the difference 
in number of CNT-CNT contact points and their contact area, which ultimately 
dictates the overall contact resistance Rc in the conducting pathway. 

The contact resistance between CNTs is a combination of tunneling resistance and 
direct contact resistance. Tunneling resistance is strongly influenced by the CNTs 
diameter distribution at contact points. In other words, the number of walls in a 
MWCNT directly dictates the number of conduction channels available for the 
electron transport.46-48 Hence, any variation in CNTs diameters at the contact point 
contributes strongly to the tunneling resistance. Direct contact resistance does not 
play any role before the CNT-CNT distance has reached at least the tunneling 
distance that facilitates the electron hopping mechanism. The direct contact 
resistance strongly depends on the effective CNT-CNT contacts (i.e., CNT-CNT 
contact area per unit area) in conduction pathway.49 The increase in effective 
contact area by the formation of secondary agglomerates,6,9 induced attractive 
interactions19,50 or physical compression25 leads to decrease in direct contact 
resistance. The formation of mesoscopic structures (high volume fraction regions), 
i.e., caging of shorter CNTs as well as their adhesion to the neighboring jammed 
longer CNTs, resembles similar above mentioned systems (viz. system with 
secondary agglomerates, induced attraction, physically compressed), where the 
effective CNT-CNT contact area per unit area could be far higher than in other 
regions. Hence, we believe that in high volume fraction regions, the direct contact 
resistance is very small, thus, negligible compared to other regions of the compacts. 

The mechanisms of electron transport in CNTs are relatively little understood, 
although, several published models provide various methods for estimating CNT 
resistance. On a random network like our CNT compacts, the equivalent resistance 
between two arbitrary points can be estimated if the representative volume element 
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(RVE) is known, i.e., the number of contact points and the interconnecting sites. 
Measurement of the RVE for laboratory prepared random packed samples is still 
an open question. Hence, any argument based on theoretical models for the 
estimation of the conducting properties of our CNT compacts is uncertain. Thus, 
we studied the contact properties of our CNT compacts experimentally after 
infiltrating a polymer in the CNT networks. 

4.11.11. Uncertainty in 2d analysis of 3d structures 

The nearest neighbor distances of high volume fraction regions were measured from 
the 2d projections of 3d structures, which underestimates the actual distances. 
Considering the thickness of the TEM section, we calculated the maximum possible 
nearest neighbor distance MD1nn and 2nd nearest neighbor distance MD2nn, which 
accounts only up to 10 % and 4 % of increase in D1nn and D2nn of MAX compacts, 
respectively (Table 4.3). This increase is still insignificant as compared to the 
difference in nearest neighbors of MAX compacts and corresponding B and C 
compacts. 

Table 4.3. Center-center 1s t  and 2nd nearest neighbor distances and maximum possible 
nearest neighbor distances of high volume fraction regions (𝜑 > 𝜑b) in various CNT 
compacts. 

Compact D1nn (nm) MD1nn (nm) D2nn (nm) MD2nn (nm) 

B 1894 ± 182 1959 ± 176 2866 ± 221 2909 ± 218 

C 1962 ± 153 2025 ± 71 2780 ± 249 2825 ± 245 

ABmax 1137 ± 78 1242 ± 71 1835 ± 148 1902 ± 143 

ACmax 1305 ± 121 1397 ± 113 1784 ± 156 1853 ± 150 

4.11.12. CNT composites preparation 

A homogenous polymer solution was prepared by mixing 5 gm of PS/PPO pellets 
with 50 ml of CHCl3. PS/PPO pellets were provided by Sabic Innovative Plastics, 
The Netherlands, containing 50 wt. % of poly(2,6-dimethyl-1,4-phenylene oxide) – 
PPO (PPO-803 with an average Mw of 30 kg/mol and a PDI of 2.3) blended with 
polystyrene – PS (Lacqrene 1450N manufactured by Arkema, with an average Mw 
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of 220 kg/mol. and a PDI of 2.4) without any stabilizer. The CNT compacts were 
infiltrated with the polymer solution by capillary action. The infiltrated sample was 
kept in oven for 3 hours at 70 °C. This process was repeated for 2-3 times to 
prevent leaving any voids left inside the sample. Finally, the samples were oven 
dried for 12 hours at 70 °C. 
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5  
Process dependent electrical 
percolation in multi-walled carbon 
nanotubes polymer nanocomposites 
Mesoscale networks of multi-walled carbon-nanotubes (CNT) based polymer 
nanocomposites are studied. By changing the processing, the topology of the 
conductive CNT network is altered, which affects the measured electrical 
conductivity up to 9 orders of magnitude. Quantitative large-area STEM imaging of 
the representative volume revealed the existence of subtle differences in network 
topology of CNTs fabricated by solvent casting (SC), extrusion (EXT) and 
compression molding (CM). The analyses show that strong localized CNT 
interactions during the SC process result in highly conductive inhomogeneous 
networks consisting of CNT clusters connected by individual CNTs embedded in the 
polymer matrix, leading to a low percolation threshold, so that as compared to a 
random network, a higher effective volume fraction than the real volume fraction of 
CNTs is present. Less conductive, close to randomly oriented networks are formed by 
extrusion (EXT). The mesoscale networks formed are further optimized by 
compression molding (annealing), which increases the effective CNT-CNT contact 
area per unit volume and hence decreases the contact resistance between CNTs and 
results in significant improvement in electrical conductivity. This study illustrates 
how multiscale information can be used to understand and subsequently tailor the 
macroscopic functional properties of many scientifically and technologically relevant 
functional materials. 
 
This chapter is submitted for the publication – Gnanasekaran, K.; Friedrich, H.; de With, G. Process 
Dependent Electrical Percolation in Mesoscale Networks of Multi-walled Carbon Nanotubes in Polymer 
Nanocomposites. 2016. 
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5.1. Introduction 

Conductive polymer nanocomposites (PNCs) have a high potential to be applied in 
electrical components.1-2 The electrical conductivity of a conventional polymer, 
which is commonly insulating, can be increased by several orders of magnitude by 
incorporating only a very small quantity of conductive fillers like multi-walled 
carbon nanotubes (CNTs).3-4 In such conductive composites the electrical 
conductivity is strongly influenced, not only by the intrinsic properties of CNTs, 
but more importantly by the effective charge transport across the CNT network 
formed within the polymer matrix.2,5-7 Hence, analysis of the formed CNT networks 
is crucial in evaluating the PNC performance. There are several studies that 
address the electrical conductivity of PNCs based on statistical changes in network 
topology resulting from specific processing methods.8-11 Nevertheless, for a detailed 
understanding, local and representative information on the network topology is 
required, which is hard to obtain. The analysis of representative morphologies of 
CNT networks is difficult because of their hierarchical structure, which extends 
from the nanometer scale (e.g., size and arrangement of individual CNTs) via the 
micrometer scale (separation into domains, or agglomerates) to the macroscale 
(inhomogeneities introduced by processing), all affecting the functional properties 
(mechanical strength, electrical conductivity, and thermal properties).12-14 In this 
chapter, we analyze the representative morphologies of PS/PPO/CNT polymer 
nanocomposites processed by two different methods (solvent casting or extrusion, 
both followed by compression molding,) using quantitative large-scale scanning 
transmission electron microscopy (STEM). The goal is to analyze these hierarchical 
networks not only at the percolation threshold, but also in the regime relevant for 
technological applications, i.e., closer to the plateau in electrical conductivity, and 
to differentiate between the effects of mesoscale ordering (morphology of the 
network) and nanoscale properties (contact resistance). 

5.2. Electrical percolation and conductivity 

While random percolation is well understood from a theoretical point of view,15 one 
important and intriguing problem in PNC preparation is that the electrical 
conductivity can be changed drastically, that is, by several orders of magnitude, 
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using different compounding methods.8,13,16 Hence, we decided to compare two 
common preparation methods. In one route, PNCs were prepared by solvent 
casting of PS/PPO and CNTs using CHCl3 as solvent. The solvent-casted and 
dried films (SC) were then further processed by compression molding (SC-CM), a 
method which has been shown to give a percolation threshold much lower than 
theoretically predicted.17 Alternatively, the SC material was melt mixed in an 
extruder, followed by filament extrusion (EXT). Finally, to complete the series, 
some of the extruded filaments were also compression molded (EXT-CM). The 
electrical conductivity curves and percolation of all four PNCs (SC, SC-CM, EXT, 
EXT-CM) are displayed in Figure 5.1. More detailed information on preparation, 
processing methods and electrical conductivity measurements can be found in the 
sections 5.7.1 and 5.7.2. 

 

Figure 5.1. Electrical percolation behavior of the various PNCs. a) Electrical conductivity as function of 
volume fraction of CNTs; b) Fit to the measured electrical conductivity using Eq. 5.1. 

As expected, all materials show a similar electrical percolation behavior, that is, a 
steeply increasing electrical conductivity with increasing concentration of CNTs. It 
is well known that this steep increase in electrical conductivity  the percolation 
threshold  occurs when the CNT concentration exceeds a critical value. At the 
percolation threshold individual CNTs will make contact with each other 
(nanoscale) such that a conductive path (mesoscale) is formed, which eventually 
extends throughout the entire polymer matrix (macroscale). According to 
percolation theory, the electrical percolation threshold can be lowered using high 
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aspect ratio filler particles, such as CNTs.18 Random networks require a good 
dispersion of the fillers and in that case the electrical conductivity 𝜎 is described by 

𝜎 ~ (𝜑 − 𝜑c)𝑡     (5. 1) 

where 𝜑 is the volume fraction, 𝜑c is the critical volume fraction and t is a 
characteristic exponent, depending on the dimensionality of the sample with 𝑡 ≅
1.33 for a 2D sample and 𝑡 ≅ 2 for a 3D sample.19 This expression is valid for 𝜑 >
𝜑c and 𝜑 − 𝜑c small, while well above the critical volume fraction, the conductivity 
increases slightly with a linear dependence on volume fraction.20-21 From Figure 5.1a 
it is already clear that the percolation threshold is vastly different for the various 
processing methods. More importantly, we observe that, starting from the SC 
process, the percolation threshold is decreased by compression molding and 
increased by extrusion. The strong influence of compression molding is also 
reflected by the higher conductivities of the EXT-CM samples in comparison to the 
EXT samples at the same concentration CNTs. In summary, there are two 
mechanisms that affect the conductivity property – 1) mesoscale network formed 
during the SC and EXT process and 2) nanoscale contacts enhanced by the 
compression molding process.22 

In the following sections, we will first discuss the mesoscale phenomena and 
thereafter the nanoscale effects by compression molding. Figure 5.1b shows fits of 
Eq. 5.1 to the conductivities in the percolation region, resulting in 𝑡 ≅ 2.17 and 
𝜑c = 0.00085 for the SC-CM samples, 𝑡 ≅ 2.90 and 𝜑c = 0.00945 for the EXT 
samples and 𝑡 ≅ 2.45 and 𝜑c = 0.00897 for the EXT-CM samples. The variation in 
t-value (𝑡 ≠ 2) has been noticed before, with t ranging from 0.7 to 3.1.19,23-24 This 
variation is observed especially when tunneling is the dominant charge transport 
mechanism, relating either to a non-random microstructure or to complex 
conduction mechanisms, for example, due to a distribution of resistances that 
varies with volume fraction.25-28 More importantly, the observed variation in 
percolation threshold by an order of magnitude is rather intriguing and requires a 
detailed analysis. The percolation threshold obtained by models based on packing 
parameters (such as volume fraction, aspect ratio) matches closely with the value 
obtained for extruded materials (EXT) (A detailed discussion on the prediction 
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using different models is provided in the section 5.7.3). This close match suggests 
that the EXT samples have a close-to-random network topology. It is known that 
the extrusion process can cut the CNTs and also induces preferential orientation of 
the CNTs.29 Because of the low shear rate used in our case, the CNT length 
distribution before and after extrusion remains virtually the same (see, section 
5.7.4) and also the SAXS analysis showed that the present extruded samples have 
only a slight orientation (see, section 0). 

As mentioned before, an order of magnitude difference in 𝜑c for the SC-CM 
samples unambiguously indicates that for the SC-CM and EXT samples the 
conductive networks are different and, more importantly, that statistical 
percolation theory does not seem to apply to the SC-CM samples. To investigate in 
detail the differences in network structure that led to these differences in 
conductivities (Figure 5.1), quantitative large-scale STEM analysis was employed30 
for SC-CM and EXT samples, where ≈ 9 orders of magnitude change in 
conductivity is observed at 𝜑 ≈ 0.005. 

5.3. STEM analysis 

One important point in analyzing PNC networks is to realize that they are 
hierarchical networks, extending from the nanometer to the millimeter scale, which 
requires analysis of large volumes in order to obtain representative information. We 
tackle large volume analysis by imaging large areas of thick sections (low 
convergence STEM), as explained in chapter 2 and chapter 3.30 More information 
on the imaging methods can be found in the appendix, section 5.7.6. 

Large-area STEM maps of SC-CM and EXT PNCs with various CNT volume 
fraction 𝜑 are shown in Figure 5.2 and Figure 5.3, respectively. As expected from 
the conductivity curves, variations in network topology for both the SC-CM and 
EXT samples are observed. At all the CNT volume fractions of SC-CM PNCs 
(Figure 5.2), the mesoscale CNT network is observed to be more inhomogeneous 
with some regions free of CNTs (i.e., filled only with PS/PPO) and some regions 
with clusters of CNTs (i.e., a number of CNTs in close contact with each other). 
The continuity of the network cannot be inferred from the microtome sections, as 
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the length scale of this inhomogeneity exceeds the thickness of the already rather 
thick STEM sample (≈ 500 nm). At low volume fraction (close to 𝜑c), individual 
CNTs are scarcely visible with significant CNT free regions (Figure 5.2a-f). Upon 
increasing the volume fraction of CNTs to 𝜑 ≈ 0.01, the CNTs seem to be 
randomly distributed and present throughout the entire sample. In addition, 
clusters are observed to appear (Figure 5.2g-i), while similar to the low volume 
fraction SC-CM samples, localized regions with no trace of CNTs are still present. 
We believe that the clusters are formed by a local aggregation during the SC 
process and that the resulting structure is preserved during compression molding, 
as major movement of CNTs during compression molding is unrealistic.31 

In case of EXT samples, the CNTs are distributed homogenously over the entire 
field of view at all volume fractions without any sign of CNT-free areas (Figure 
5.3). This is expected and mainly the result of the shear stress in the extruder 
during the melt mixing process, which disperses the CNTs better as compared to 
the SC process. Despite such a good dispersion of CNTs at low volume fractions, 
the poor conductivity of the resulting material indicates that a conductive network 
is not yet formed, in accordance with predictions from percolation theory. In 
addition to the homogenously distributed CNTs, small sized clusters are observed, 
which increases with increase in volume fraction, as shown in Figure 5.3g-i. These 
secondary structures could be formed either during drying of the SC films or during 
the melt mixing process. Although the shear stress induced by the screws disperses 
the CNTs continuously, keeping most of the CNTs away from each other, some of 
the CNTs are probably left entangled in the melt. 

The observed qualitative differences are not sufficient to explain the 9 orders of 
magnitude difference in conductivity at 𝜑 ≈ 0.005 between the SC-CM and EXT 
samples and, hence, quantitative image analysis was employed to describe the 
subtle differences in filler distribution. To this purpose, first, the representative 
volume, i.e., the volume over which a measurement provides representative 
information about the sample, had to be determined and, second, a calibration 
curve needed to be determined by simulations that translates area fraction in the 
image into volume fraction. Both prerequisites involve the segmentation and 
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quantification of CNTs in the image and are discussed in detail in the sections 
5.7.7, 5.7.8, 5.7.9 and 5.7.10. 

 

Figure 5.2. Large-scale STEM images of SC-CM PNCs. a, b, c) 𝜑 ≅ 0.001; d, e, f) 𝜑 ≅ 0.0025; g, h, i) 𝜑 ≅
0.01. The bright dots are colloidal gold particles which were applied to the sections to aid in stitching of 

the large-area maps. Scale bars for a, d and g are 10 μm and the rest are 2 μm. 
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Figure 5.3. Large-scale STEM images of EXT PNCs. a, b, c) 𝜑 ≅ 0.001; d, e, f) 𝜑 ≅ 0.0025; g, h, i) 𝜑 ≅
0.01. The bright dots are colloidal gold particles which were applied to the sections to aid in stitching of 

the large-area maps. Scale bars for a, d and g are 10 μm and the rest are 2 μm. 

5.4. Quantitative image analysis 

From the analysis of the representative volumes of the SC-CM and EXT samples, 
no apparent differences in the volume fraction of CNTs linking to the vastly 
different conductive properties are obtained. To gain more detailed insight, we 
quantified the (in)homogeneity of the CNT network by: 1) the distribution in 
locally measured area fractions; 2) the mean free distance between CNTs and 3) 
the maximum free distance distribution of the CNT-free regions. 
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First, using local area fractions, Figure 5.4 shows that the SC-CM samples have a 
much broader distribution than the EXT samples at all imaged CNT volume 
fractions, indicating the presence of much more local variations, i.e., 
inhomogeneities, in the SC-CM samples. This clear difference in the spatial 
distribution of CNTs in the SC-CM and EXT samples most likely plays an 
important role in electrical conductivity. 

 

Figure 5.4. Distribution of CNT local area fractions in SC-CM and EXT samples for various volume 
fractions of CNTs. a) 𝜑 ≅ 0.001; b) 𝜑 ≅ 0.0025; c) 𝜑 ≅ 0.01. Image analyses were carried out on a field of 

view of (40000)2 pixels of data acquired from approximately 500 nm thick sections. 

As a second characterization, the mean free distances lmean between neighboring 
CNTs were determined. The mean free distance between CNTs is the mean edge-
to-edge uninterrupted distance between all possible pairs of CNTs in the PS/PPO 
matrix, determined by drawing random lines on the segmented large-area image 
and measuring the distance between the CNTs. 

 

Figure 5.5. a) Schematic illustration of the mean free distance measurement on large-scale STEM images. 
Scale bar is 500 nm; b) Mean free distance lmean as a function of volume fraction of CNTs 𝜑. 
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In Figure 5.5a we illustrate schematically the measuring process, which, in this 
case, provides 4 different uninterrupted distances (1 to 4). Over 500 such distance 
values () were measured to calculate the mean free distances. Figure 5.5b shows 
the differences in lmean for the SC-CM and EXT PNCs. The additional mixing 
involved during the extrusion process deteriorates the free space formed during the 
solvent casting process. The relative change in mean free distance, when varying 
the filler volume fraction in the PNCs, is slightly higher for the SC-CM samples 
than for the EXT samples. 

A third measure to characterize the network is maximum free distance 
(distribution) of the CNT-free regions, that is, the distribution of the set of 
distances the farthest away from any CNT. Detailed information on this 
measurement, labelled as lmax, can be found in the section 5.7.11. The results are 
shown in Figure 5.6. At all volume fractions, the SC-CM samples show a broad and 
long tail distribution as compared to EXT samples, reflecting the presence of large 
and widely distributed CNT-free regions in the material. This occurs even at higher 
volume fractions, an effect that is not resolved in the mean free distance 
measurement (Figure 5.5). These CNT-free regions lead to an effectively higher 
volume fraction of CNTs in other regions. In addition to that, the small size regions 
(< 50 nm) of the distribution, the fraction of which appears to be almost the same 
for the SC-CM and EXT samples at all the volume fractions (Table 5.1), show the 
presence of above mentioned CNT clusters. To obtain relevant quantitative 
information on network topology, we classified the lmax data with lmax > L/2, 
where L represents the average CNT length, as CNT-free regions, and the data 
with lmax < 50 nm as CNT clusters. Table 5.1 shows the amount of CNT-free 
regions and clusters, as quantified by our criteria, and it indicates the presence of 
more free space for the SC-CM than for the EXT samples. For instance, it shows 
the presence of almost 47 % of CNT-free space in percolating SC-CM compacts 
(𝜑 ≈ 0.001), i.e., 47 % of the PS/PPO matrix does not have any CNTs in a region 
with diameter equal to the average length of CNTs. The amount of CNT-free 
regions is negligible in the EXT samples at 𝜑c ≈ 0.01, while the same amount of 
CNT clusters is observed for both the SC-CM and EXT samples for all volume 
fractions. This shows that the amount of clusters increases with increasing the 
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CNT concentration and they remain intact even after the extrusion process. 
However, the size of the clusters in EXT samples is smaller than in SC-CM 
samples. Probably the primary clusters formed during the solvent casting process 
break apart by the shear involved in extrusion process and form secondary clusters 
in EXT samples (Figure 5.3). We believe that the combination of these clusters 
and CNT-free regions formed by the local aggregation process result in a highly 
conductive mesoscale network in the SC samples (SC and SC-CM) compared to the 
EXT samples, as we will be detailed below. 

 

Figure 5.6. Normalized maximum free distance distribution  (lmax) of the CNT-free regions for the SC-
CM and EXT samples. a) 𝜑 ≅ 0.001; b) 𝜑 ≅ 0.0025; c) 𝜑 ≅ 0.01. 

Table 5.1: CNT-free regions, amount of clusters ( in area %) and the effective increase 
in CNT volume fraction 𝜑inc in SC-CM and EXT samples at various volume fractions 𝜑 
using 536 nm thick sections. 

 𝜑 ≈ 0.001 𝜑 ≈ 0.0025 𝜑 ≈ 0.01 

SC-CM EXT SC-CM EXT SC-CM EXT 

CNT-free region (lmax > L/2) 46.9 13.2 16.5 1.8 5.1 0.8 

Clusters (lmax < 50 nm) 6.3 6.1 12 13.4 19.9 18.1 

𝜑inc (%) 88.2 15.2 19.8 1.8 5.3 0.8 

5.5. Difference in conductive networks of SC and EXT samples 

Based on above quantitative analysis, we propose a model describing the difference 
in the conductive properties of SC and EXT networks, as schematically illustrated 
in Figure 5.7. For each CNT volume fraction, both the SC-CM and EXT networks 
contain almost the same amount but differently sized CNT clusters, connected by 
dispersed relatively long CNTs. In addition, the SC samples contain CNT-free 
regions (Figure 5.7, left). In SC samples an inhomogeneous network is formed due 
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to the local aggregation process that effectively increases the free space between 
dispersed CNTs. This in turn leads to a significant decrease in percolation 
threshold32-35 (Figure 5.7, middle), as the inhomogeneous network appears to have a 
higher effective CNT volume fraction as compared with a random network (Figure 
5.7, right) that is observed in EXT samples. 

 

Figure 5.7. Schematic illustration of conductive networks of SC-based (SC and SC-CM – in blue) and 
EXT-based (EXT and EXT-CM – in red) samples and their percolation behavior. 

The significant amount of CNT-free space representing only the PS/PPO matrix 
material in the SC-CM samples characterizes the network formed during the 
solvent evaporation process, as it is unrealistic to imagine massive movement of 
CNTs during the compression molding.31 As stated above, this suggests that the 
effective volume fraction of CNTs for the SC samples is higher than the average 
volume fraction and indicates significant CNT-CNT interactions and attachment 
during network formation. By subtracting the CNT-free fraction, we quantified the 
effective increase in CNT volume fraction 𝜑inc, as shown in Table 5.1. In the 
percolating SC-CM compact (𝜑 ≈ 0.001), 𝜑 is increased by 88 %. Such an increase 
is not obtained for the EXT samples with the same volume fraction because they 
contain, apart from a certain amount of clusters, a homogenous, random 
distribution of CNTs (Figure 5.7, right), resulting in an insulating sample at this 
CNT concentration. 

Still, it is difficult to understand that by an increase of 88 % in CNT volume 
fraction 𝜑 we achieved percolation in the SC-CM samples resulting in several 
orders of magnitude increase in conductivity. However, in general, to be 
presentative for the volume, such a free volume analysis in 2D should be carried-
out on cross-sections.36-37 As our analysis was based on projected images, to reduce 
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the projection error, we also carried-out large-area maximum free distance 
distribution analysis on a series of sections with varying thicknesses to quantify the 
CNT-free volume (see section 5.7.12). For a 121 nm thick section, this resulted in 
81 % CNT-free volume increase, while extrapolation of the series to thickness zero 
lead to 89 % increase. This corresponds to an increase in CNT volume fraction 𝜑inc 

in other regions of the composite by a factor of 5.3 and 9.1, respectively, closely 
matching the observed reduction in percolation threshold. Nonetheless, the 
electrical conductivity is also influenced by the other internal parameter, namely 
the presence of clusters. Many studies show that the presence of clusters improve 
the electrical conductivity only if the effective contact area between CNTs is 
increased, which in turn decreases the contact resistance.32-35 We observe that the 
amount of clusters is increased by a factor of about 3 by going from insulating (𝜑 ≈
0.001) to percolating (𝜑 ≈ 0.01) in both SC-CM and EXT samples (Table 5.1). 
Moreover, during compression molding, there is a certain increase in mobility, 
which results in stronger CNT-CNT interactions and better CNT contacts (A 
detailed discussion on the electrical conduction mechanism is given in the section 
5.7.13). The drop in the measured resistance plotted as a function of CNT volume 
fraction is shown in Figure 5.8, where, to be explicit, the resistance drop due to 
compression molding (RSC, REXT) is calculated for both the SC-based (SC and SC-
CM) and EXT-based (EXT and EXT-CM) samples, respectively, as: 

1
𝑅SC

= 1
ΩSC−CM

− 1
ΩSC

; 1
𝑅EXT

= 1
ΩEXT−CM

− 1
ΩEXT

      (5. 2) 

Almost the same pattern of resistance drop with increasing CNT concentration is 
observed for both type of samples, but the resistance drop is larger for EXT 
samples than for the SC samples, which represents the inherent difference in the 
mesoscale conductive network for the SC and EXT samples. For the SC samples at 
the percolation volume fraction (𝜑c ≈ 0.001) the absolute resistance value is ≈
9.5 × 104 ohm, while for the EXT samples at the percolation threshold (𝜑c ≈ 0.01), 
it is ≈ 1.5 × 104 ohm. This same order of magnitude clearly indicates that the 
resistance drop is induced just by the enhanced CNT contacts. Yet, the difference 
in the resistance drop for the EXT samples is about a factor of 6 larger than for 
the SC samples, but this can be related to the presence of 3 times more clusters 
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(Table 5.1) as well as 10 times more CNTs. In addition, the local aggregation 
process during the solvent casting itself results in CNT contacts close to the 
optimization point, which leaves less improvement by compression molding process. 
Although the exact influence of the clusters on the resistance drop cannot be 
assessed, the analysis reveals the trend for both improved contacts and the 
presence of clusters. 

 

Figure 5.8. Resistance drop due to compression molding plotted as a function of CNT volume fraction for 
SC- and EXT-based samples (line drawn as a guide to the eye). 

5.6. Conclusions 

From conductivity measurements, observed network topology and quantitative 
image analysis, a detailed understanding of the translation of CNT volume fraction 
to electrical conductivity can be obtained. The broader distribution of the local 
area fraction of CNTs (Figure 5.4) and the increase in the maximum free distance 
distribution of CNT-free space (Figure 5.6) is consistent with an inhomogeneous 
CNT distribution and shifts the percolation threshold to a lower real volume 
fraction. This leads to an effective increase in volume fraction (Table 5.1) for the 
SC samples as compared to a random network, and therefore to higher 
conductivity in SC-based samples. Local optimization of nanoscale CNT contacts is 
induced during compression molding (CM samples), which further decreases the 
percolation threshold and leads to a significantly improved electrical conductivity. 
In the case of EXT samples, the highly conductive inhomogeneous CNT network 
formed by the SC process is destroyed due to the massive shearing of the melt 
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during extrusion and, since rearrangement of network is limited, results in a new 
network topology resembling closely that of a random network. At low volume 
fraction of CNTs, the CNTs in the EXT samples are separated by large distances, 
and hence the CNT contacts experience a large resistance. Although by increasing 
the volume fraction of CNTs, the distance between CNTs can be made smaller, no 
strong contacts are formed due to the shear involved during extrusion, which 
results in a low electrical conductivity. Upon compression molding the EXT 
samples, local optimization occurs resulting in an increase in effective CNT-CNT 
contact area, thereby decreasing the contact resistance. Nevertheless, a resistance 
as low as observed for solvent casting (SC) followed by compression molding (CM), 
cannot be achieved as the global network topology is totally different. 

The overall analysis shows that the electrical conductivity can be increased by the 
solvent casting process that forms the inhomogeneous distribution of CNTs (as 
evidenced by the presence of CNT-free regions). Further improvements in 
conductivity could be achieved by increasing the size of the CNT-free regions (thus 
introducing more inhomogeneity) while at the same time densifying the CNT 
network (thereby potentially increasing the CNT-CNT contacts). Such an 
optimization might be possible by varying the evaporation rate during solvent 
casting or by using a different solvent. Compression molding (CM) will probably 
always be needed, except if the polymer will creep into contacts by heating (in case 
of a strong affinity between polymer and CNTs). 

We have shown that the processing methods of PNCs alters the network topology 
significantly and that the resulting conductivity can be altered over 9 orders of 
magnitude. Moreover, it is shown that interactions during materials assembly can 
be exploited leading to hierarchical structures with improved functionalities. 
Additional analysis, like quantitative electron tomography of nanoscale contacts 
after each processing step, would push our understanding even further.  Already 
the present study illustrates how multiscale information can be used to understand 
and tailor the macroscopic functional properties of many scientifically and 
technologically relevant functional materials. 
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5.7. Appendix 

5.7.1. Preparation of PS/PPO/CNT polymer nanocomposites 

The CNTs were supplied by Nanocyl, Belgium (Product No. C7000). PS/PPO 
pellets were provided by Sabic Innovative Plastics, The Netherlands, containing 50 
wt. % of PPO (PPO-803, with an Mw ≈ 30 kg/mol and a PDI ≈ 2.3) blended with 
PS (Lacqrene 1450N manufactured by Arkema, with an Mw of 220 kg/mol and a 
PDI of 2.4) without any stabilizer. 

CNT dispersions were prepared by adding 50 mg of CNT in 100 ml of chloroform 
and sonicating for 5 hours in an ice bath (Bransonic 1510) to prevent any rise in 
temperature. PS/PPO polymer solutions were prepared by mixing 5 gm of 
PS/PPO pellets in 50 ml of chloroform. PS/PPO/CNT nanocomposites with 
varying volume fraction of CNT were prepared by mixing the appropriate amount 
of CNT dispersion in the polymer solution and drop casting in a petri dish to 
remove the solvent. During the solvent evaporation process, the mixed PS/PPO 
and CNT dispersions were stirred to avoid macroscale inhomogeneity and phase 
separation. However, to some degree of inhomogeneity could not be avoided, 
especially in the last stages of drying due to the higher viscosity of the mixture. 
Nevertheless, this method is proven to achieve low percolation thresholds.17 The 
electrical conductivity of some of the dried films (SC) was measured.  The dried 
films were ground into small flakes in a coffee mill and vacuum dried in an oven at 
150 °C to remove any residual chloroform. These composite flakes were then 
compression molded (SC-CM) as well as extruded (EXT). 

Compression molding: The composites were fabricated by compression molding 

(Collin press 300G) the composite grains in a circular mold, sandwiched between 
Teflon sheets. The temperature was increased slowly to 220 °C. After that, the 
composite was molded by applying 50 bar for 20 seconds and thereafter 100 bar for 
4 minutes. 

Extrusion: The composite grains were fed into a DSM Xplore 15 ml mini 

extruder. The temperature of the mini extruder was set to 220 °C and allowed to 
mix for 4 minutes at 50 rpm. Thereafter the melt mixed composite was extruded 
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via a die with a diameter of 3 mm. Some of the extruded samples were also 
compression molded (EXT-CM) using the same conditions described above. 

5.7.2. Electrical conductivity measurements 

DC electrical conductivity measurements were carried out using a four-point setup 
with parallel electrodes separated by 5 mm. The current was applied through the 
outer electrodes by a Keithley 237 source measure unit and the potential difference 
was measured between the inner electrodes by a Keithley 6517A electrometer. The 
compression molded samples were cut into strips of 20 mm  5 mm. The 
conductivity was calculated based on Smits’ method using:38 

𝜎 = 1
𝜌 ± Δ𝜌

;  𝜌 = 𝑅ℎ𝐶lb𝐶t;  Δ𝜌 =  𝜌𝐶lb𝐶t√(Δ𝑅
𝑅

)
2

+ (Δℎ
ℎ

)
2
(5. 3) 

where 𝜎 is conductivity in Sm1, 𝜌 is resistivity in Ω.m, Δ𝜌 is the calculated 
propagation due to errors in resistance R with standard deviation ΔR and 
thickness h with standard deviation Δh. The resistance is calculated as the slope of 
the linear region of the I-V curve (Ohmic region). The factors Clb and Ct are the 
geometrical correction factors applied for length, width and thickness of the strip. 
In case of extruded samples, the long strands were cut into pieces of about 3 cm 
length and the resistance measurement was carried by placing the 4 probes along to 
the strand direction. 

5.7.3. Percolation from various models 

It should be noted upfront that percolation theory use statistical models, in which 
important factors such as particle shape, size and size distribution, polymer-filler 
interactions, filler-filler contact phenomena, and more importantly, the dynamics of 
the filler network formation induced during the processing are generally only 
partially considered.6,39-40 

For randomly oriented rods of uncorrelated contacts, Philipse41 analytically 
estimated that the percolating volume fraction 𝜑c can be related to the aspect ratio 
a as 𝜑c ≈ 0.7/𝑎. As our CNTs are polydisperse both in length and diameter, we 
used the weight average length L and diameter D and determined 𝜑c to be 



Chapter 5 

154 

 

about 0.0075, which is close to the value observed for extruded PNCs (EXT). 
Packing of particles plays an important role in electrical percolation. The 
parameter that characterize the spatial distribution and shape of the filler particles 
is the packing factor F given by: 

𝐹 = 𝑉f
𝑉f + 𝑉p

     (5. 4) 

where Vf is the volume occupied by filler particles at the highest possible filler 
fraction and Vp is the volume occupied by the polymer matrix. For instance, for 
statistically packed monodispersed spherical particles of any size, 𝐹 ≈ 0.64. Upon 
deviating from spherical shape (i.e., L/D >> 1), F decreases as the excluded 
volume effects dominate the packing phenomena; however, the use of polydisperse 
particles results in the increase of F. So, in general, for realistic filler particles, F < 
0.64. Scher and Zallen associated the value of F with the percolation volume 
fraction 𝜑c of conductive sites for lattice structures as:42 

𝜑c = 𝑋c × 𝐹     (5. 5) 

where Xc is a critical parameter representing the probability for a site to be 
occupied. For any lattice type, Xc and F have values such that their product 𝜑c 
equals about 0.16. This is also valid in the case of randomly distributed conductive 
sites in a non-conductive medium (𝜑c = 0.16, F = 0.64, 𝑋c = 0.25). It should be 
noted that the above equation (Eq. 5.5) becomes invalid when there exists 
interaction between polymer matrix and filler particles. Wessling’s thermodynamic 
model defines the relationship between 𝜑c and F not by a constant, but with 
parameters, which reflects the interaction of these phases (polymer matrix and 
filler).43 The packing factor F can be related to the aspect ratio (a = L/D) of 
elongated rods by an empirical equation:44 

𝐹 = 5
[( 75

10 + 𝑎) + 𝑎]
     (5. 6) 

In our case this resulted as 𝐹 ≈ 0.0532 using the average aspect ratio. Considering 
an empirical value of 𝑋c ≈ 0.2,44 we obtained the critical volume fraction 𝜑c  ≈
 0.01, which is again close to the 𝜑c observed for extruded PNCs (EXT) as 
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obtained by power law fitting, suggesting that these samples behave like random 
systems. 

For completeness in the above discussion, the use of one specific value of critical 
parameter Xc, limiting volume fraction F and averaged aspect ratio a, gives us a 
specific value of the critical volume fraction 𝜑c, where the system turns from an 
insulator to a conductor. But in a real two-phase systems, like polymer 
nanocomposites, the steep conductivity increase occurs within the concentration 
region 𝜑c1 < 𝜑c < 𝜑c2, called the smearing region,45 and 𝜑c is usually determined 
by least-squares fitting of the data. In addition to that, the correlation is further 
influenced by the fact that CNTs are not straight and have a distribution in aspect 
ratio. This non-straightness of CNTs is also known to decrease the packing factor 
F,33,46 which will shift the predicted value (𝜑c  ≈  0.01) closer to the measured value 
(𝜑c  ≈  0.00945). 

5.7.4. CNT length distribution 

 

Figure 5.9. Length distribution of CNTs before and after extrusion process.  

Extrusion process is known to cut the CNTs during the shearing of the melt mixing 
process, which will increase 𝜑c. Hence, we measured the change in CNT length 
distribution before and after extrusion. The polymer matrix (PS/PPO) of the 
extruded sample was dissolved using CHCl3 and the resulting dispersion was drop 
casted on to a 200 mesh continuous TEM grid and BF-TEM images were acquired 
using a Tecnai electron microscope (FEI Company) operated at 200 keV. The 
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length of the CNTs were determined by measuring the size of at least 325 
individual CNTs in TEM images. Length measurement was carried out in images 
with pixel size ≈ 3 nm. The CNT length distribution is observed to be almost same 
before and after extrusion (Figure 5.9) with a weight average length L of 1229 nm 
with sample standard deviation of 380 nm (before extrusion) and 1212 nm with 
sample standard deviation of 414 nm (after extrusion). 

5.7.5. X-ray scattering analysis of extruded samples 

Depending on the shear rate as applied in the mixing chamber of the extruder, the 
CNTs could be oriented preferentially. Such a characteristic ordering of hierarchical 
structures requires an analysis at different length scales. Both wide-angle X-ray 
scattering (WAXS) and small-angle X-ray scattering (SAXS) reveals such 
structural ordering. But, because of the relatively low volume fraction of CNTs 
(𝜑 ≈ 0.001 to 𝜑 ≈ 0.03) in our composite, the intensity is dominated by the 
scattering from the PS/PPO matrix in the WA region (0.3 Å1 < q < 2 Å1), where 
q = 4sin/. However, in the SA region (0.01 Å1 < q < 0.1 Å1), the amorphous 
polymer matrix shows no large-scale features, and so the scattering intensity 
mainly results from the scattering of the CNTs and CNT aggregates.47 Figure 
5.10a, b and c show the 2D SAXS patterns of PNCs with CNT 𝜑 ≈ 0.01 to 𝜑 ≈
0.03 as well as the pure PS/PPO matrix, respectively. Radial averaging of the 
intensity as a function of q (0.02 Å1 < q < 0.05 Å1) was done and the resulting 
intensity was plotted as a function of the azimuthal angle, as shown in Figure 
5.10d. At percolating volume fraction (𝜑 ≈ 0.01), the CNT alignment is observed 
to be rather limited (red curve in the Figure 5.10d) with a full width at half 
maximum (FWHM) of 88, comparable to values reported before.48 At higher 
volume fraction of the CNTs (𝜑 ≈ 0.03), we observed a small increase in CNT 
alignment (blue curve in the Figure 5.10d), also with a FWHM of 88. 

In addition to this, the alignment of the CNTs can be quantified by the Herman’s 
orientation factor f, calculated from the azimuthal intensity distribution as 
expressed below:49 
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𝑓 = 3〈cos2𝜙〉 − 1
2

;  where 〈cos2𝜙〉 = 
∫ 𝐼(𝜙)cos2𝜙 sin𝜙

π
2

0
d𝜙

∫ 𝐼(𝜙)sin𝜙 d𝜙
π
2

0

     (5. 7) 

The orientation factor f = 1 when the CNTs are aligned perpendicular to the 
extrusion direction, f = – 0.5 when CNTs are aligned parallel to the flow direction 
and f = 0 for random orientation. We observed f = – 0.032 ± 0.008, – 0.040 ± 
0.003 and – 0.010 ± 0.005 for 𝜑 ≈ 0.01, 𝜑 ≈ 0.03, and PS/PPO, respectively. This 
clearly illustrates that the distribution of CNTs is almost isotropic in all our 
samples. 

 

Figure 5.10. a, b, c) 2D SAXS pattern of extruded PNCs with 𝜑 ≈ 0.001, 𝜑 ≈ 0.03, and PS/PPO, 
respectively; d) Intensity plotted as a function of azimuthal angle for the corresponding 2D pattern. 

The morphology of the scattered objects can be identified from the scattering 
pattern as the intensity follows a power law 𝐼(𝑞) ~ 𝑞−𝑎, where a is the fractal 
dimension varying from 1 to 3. The fractal dimension, a is characteristic for the 
structure and varies, e.g., 1 for individual rods, 5/3 for self-avoiding chains, and 2 
for Gaussian chains and flat disks.50,51 A slope between 2 and 3 for a chain-like 
structure, such as CNTs, strongly suggest aggregation, as disk-like structures for 
these materials are highly unlikely. We fitted the scattered intensity of the SAXS 
experiments (0.005 Å1 < q < 0.02 Å1), resulting in a = 2.39 ± 0.03 for the PNC 
with CNT 𝜑 ≈ 0.01 and a = 2.40 ± 0.03 for 𝜑 ≈ 0.03 (and a = 2.92 ± 0.05 for the 
pure PS/PPO matrix). Hence, in our case, the fractal dimension for the PNCs is 
about 2.4, indicating that the structure consists mostly of aggregates of randomly 
oriented CNTs.51 For higher q-values (0.04 Å1 < q < 0.08 Å1) a slope a = 1.25 is 
obtained, consistent with aggregates of curved rods51. In summary, scattering 
analysis of the PNCs shows that the structure of the PNCs consists largely of 
aggregates of CNTs in which only a slight alignment is present. 
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5.7.6. STEM imaging of PS/PPO/CNT polymer nanocomposites 

Electron microscopy samples were prepared by microtoming the PS/PPO/CNT 
samples with appropriate thickness using a Diatome 35° 3.0 mm diamond knife 
mounted on a Reichert-Jung Ultracut-E ultramicrotome. Electron transparent 
samples were then collected on a continuous carbon film coated 200 mesh copper 
TEM grid. All the STEM images were acquired using a Titan transmission electron 
microscope (FEI Company) operated at 300 keV with a convergence angle of 4 
mrad on a Fischione HAADF-STEM detector at camera length of 450 mm. 

5.7.7. Imaging a representative volume 

Most important for quantitative imaging on any scale is to know the representative 
volume, i.e., the volume over which measurements provide representative 
information about the sample. Thereafter the task is explain how the observed 
morphologies translate into electrical conductivity. To solve both problems we need 
to quantify the CNT network. The first step in this process is to segment the CNT 
network from the PS/PPO matrix, as shown in Figure 5.11. Detailed information 
on segmentation and quantification methodology, carried out on all large-scale 
maps, is given in the following section (section 5.7.8). As explained in section 5.3, 
the qualitative differences (such as inhomogeneity, and clusters) in SC-CM and 
EXT samples are clearly visible in the binarized image. However, the representative 
data (i.e., a representative field of view) cannot be obtained easily, especially when 
the representative volume is not known a priori. To determine the representative 
field of view (and hence the representative volume), we plotted in Figure 5.12 the 
area fraction of CNTs measured by image analysis as a function of field of view for 
SC-CM samples with various CNT volume fractions (𝜑 ≈ 0.001, 𝜑 ≈ 0.0025, 𝜑 ≈
0.01). The segmented large-scale image of (40000)2 pixels acquired from a ≈ 500 
nm thick section was divided into sub-images of known area, plotted along the x-
axis, and the measured area fraction, plotted along the y axis. At lower fields of 
view, depending on the area of analysis, the measured area fraction varies 
significantly (error bars in y-direction), leading to difficulties in distinguishing 
samples with different CNT volume fractions. However, by increasing the field of 
view from 642 pixels to 400002 pixels, the variation in the area fraction diminishes 
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and samples with different CNT volume fractions can be clearly distinguished. The 
onset, where a distinction between different samples becomes feasible based on 
randomly chosen images, is termed the representative volume. As mentioned above, 
our analysis is based on 400002 pixel images, i.e., an image area corresponding to 
about ten times the representative volume. The analysis to determine the 
representative volume clearly illustrates that quantification of conventional images 
(e.g., 2k2k or 4k4k images) could result in subjective and erroneous 
interpretations, depending on the chosen area of data acquisition.30 More specific to 
our case, the analysis reveals the existence of distributions in measured volume 
fractions within a representative volume. 

 

Figure 5.11. Segmented large-scale STEM images of various PNCs. a) SC-CM 𝜑 ≈ 0.001; b) SC-CM 𝜑 ≈
0.01; c) EXT 𝜑 ≈ 0.0025; d) EXT 𝜑 ≈ 0.01. Scale bars are 10 μm. 
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Figure 5.12. Area fraction plotted as a function of area (field of view) for SC-CM samples with various 
volume fractions of CNTs. 

Despite the knowledge that we are approaching towards the representative volume 
by using a large-scale image, to know an exact representative volume element of 
any given sample, reference data is required. To convert the measured area fraction 
of CNTs in the sample into an actual volume fraction, to be compared with the 
sample preparation amounts and the predictions of percolation theory, we need a 
calibration characterizing the projected area (area fraction) for various volume 
fractions of CNTs in PS/PPO matrix. To obtain such a calibration curve, we 
simulated randomly oriented rods (ROR) models with various volume fractions and 
measured the projected area, which can then be directly related to the area fraction 
measured by image analysis. Details on the simulation approach and models used 
can be found in section 5.7.9. The model was generated in such a way as to 
resemble the distribution and connectivity of CNTs within a polymer matrix. 

Figure 5.13a shows the projected area fraction measured as a function of volume 
fraction of the simulated ROR model. The area fraction increases linearly at low 
volume fraction. In this regime the individual rods hardly overlap in the projected 
image and their contributions just add, resulting in a linear increase. At higher 
volume fraction, a plateau is reached. In this case overlap in the projected image 
does occur, leading to a lower area fraction and therefore resulting in an 
underestimate of the volume fraction. Hence to know that the simulated volume 
would represent the imaging volume of certain thickness, we divided the simulated 
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model into boxes of various smaller volumes and measured the projected area 
fraction, as shown in Figure 5.13b. At all the volume fractions, the measured area 
fraction increases and remains almost constant after certain increase in volume 
(roughly ≈ 500 nm), which indicates the homogeneity in volume fraction. 

 

Figure 5.13 Projected area fraction measured from randomly oriented rods (ROR) model. a) Projected 
area fraction plotted as a function of volume fraction. The box size is approximately 1100 nm3; b) 

Projected area fraction of sub-volumes plotted as a function of sub-volumes for various volume fractions. 

A similar analysis was carried out on the segmented large-scale images of (40000)2 
pixels, acquired from sections of various thicknesses, as shown in Figure 5.14. The 
exact thicknesses of sections were calculated from the intensities of the BF-TEM 
images using Beer-Lambert’s law and the mean free path of electrons.52 More 
information on the estimation of the section thickness can be found in section 
5.7.10. At lower volume fractions, the measured area fraction increases linearly 
with increase in thickness and eventually attains the same plateau as shown in the 
simulations. But at high volume fractions, the area fraction reaches the plateau 
more quickly than at lower volume fraction PNCs (Figure 5.14a). This is mainly 
due to the increase in the amount of CNTs present, projected over a given section 
thicknesses at higher volume fractions. In Figure 5.14b, we plotted the area fraction 
normalized by thickness as a function of section thickness. Ideally, on a 
homogenously dispersed network (without any aggregation), the measurement 
should (in first approximation) result in a constant value for all the thicknesses. 
But we observed a significant drop in the area fraction of the PNCs with 𝜑 ≈ 0.01, 
which shows the existence of inhomogeneity in the bulk of the sample. However, 
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low CNT volume fraction samples (𝜑 ≈ 0.001 and 𝜑 ≈ 0.0025) seem to be carrying 
almost same volume fractions and to be homogenous at all thicknesses, as almost a 
constant area fraction for all the thicknesses is observed, indicating that the overall 
volume fraction in all the sections could represent the bulk of the sample. This 
analysis clearly indicates that the section thickness (or volume) has a significant 
contribution on obtaining representative data and shows that at higher thickness 
(> 500 nm), we can approach representative data. Although we can exploit the 
capability of STEM to image thick sections (even 1 or 2 μm thick), in order to 
obtain a sufficiently high SNR, which is required for effective segmentation, we 
continued our study on samples not more than ≈ 500 nm thickness. 

 

Figure 5.14. a) Area fraction plotted as a function of section thickness for various volume fractions of 
compression molded PNCs; b) Thickness normalized area fraction plotted as a function of section 

thickness for various volume fractions of compression molded PNCs. 

In Figure 5.15 we overlaid the thickness normalized projected area fractions of 
ROR, SC-CM and EXT samples. At lower volume fractions, most of the CNTs are 
individually dispersed with less contribution from clusters; hence these fractions 
match closely with those obtained from the ROR model. It should be noted that in 
such measurements on segmented data at least ± 10 % deviation should be 
considered as a segmentation error. Despite that, we can observe a significant 
difference in the projected area fractions of the ROR model and those of the CNTs 
in SC-CM and EXT samples at higher volume fraction. This is mainly influenced 
by the contribution from the CNT clusters. By increasing the concentration of 
CNTs, a larger amount of CNTs connects with each other and form clusters, which 
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eventually reduces the measured area fraction. In addition to that, the projected 
area fractions of the SC-CM samples were slightly lower than those of the EXT 
samples at higher volume fractions, representing the influence of inhomogeneities in 
the SC-CM samples (local aggregation, CNT-free regions see Figure 5.11). This 
indicates that the assumed ROR model for polymer composites is valid at low 
volume fractions, despite the non-straightness and polydispersity of CNTs, and 
clusters; but after certain increase in volume fraction (in our case, 𝜑 > 0.0025), the 
interaction of CNTs and the polymer matrix control the packing phenomena and 
they no longer subjected to random orientation, even for melt mixed extruded 
PNCs. 

 

Figure 5.15. Thickness normalized area fraction plotted as a function of the CNT volume fraction for the 
SC-CM and EXT samples as well as ROR model. 

5.7.8. Segmentation and quantification of CNTs in PS/PPO matrix 

Loading and image processing of large-scale data, say larger than 4 GB, is always 
cumbersome. In addition, the intermediate processes cannot be visualized, as most 
of the file saving formats are limited to 4 GB. Hence, the entire quantification was 
carried out in blocks of 447202 pixels (≈ 4 GB) and then stitched together once 
again. In addition to that, segmentation of low contrast materials, like CNTs in 
PS/PPO matrix, is very difficult, which results either in high noise or loss of 
information. However, we managed to get an optimum balance between the noise 
and the information and then quantified the CNTs in the PS/PPO matrix. Firstly, 
the gold markers were removed from the image by thresholding the high intensity 
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pixels and dilating the stitched data, followed by smoothing (Figure 5.16b). To 
enhance the contrast of CNTs from the non-uniform background with similar grey 
scale, we carried out morphological operations, such as morphology closing (Figure 
5.16c) and tophat filtering (Figure 5.16d). The tophatted image was then Otsu 
thresholded (Figure 5.16e), locally in small blocks of known size. The block size was 
chosen arbitrarily such that the Otsu threshold value is almost the same in all the 
blocks. In our case, the block size was varied between 20002 to 50002 pixels. We 
removed the small noise on the Otsu thresholded data by removing all the objects 
smaller than a size that cannot be a CNT. The process was then followed by 
segmenting the connected segments as removing pixels having intensities lower 
than the expected intensity of a CNT (Figure 5.16f). In some large-scale images we 
removed the STEM scanning noise (vertical lines) by removing the vertically 
connected segments that were higher than expected from CNTs. Finally, the 
remaining connected data, representing the CNTs, were counted to determine the 
area fraction. 

 

Figure 5.16. Schematic illustration of segmentation process. a) Stitched STEM image; b) Gold beads 
removed image; c) Morphology closed image; d) Top-hat filtered image; e) Otsu thresholded image; f) 

Final segmented image after removal of noise. Scale bar is 500 nm. 
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5.7.9. Simulations on random orientation of rods 

The model generated by the simulations contains randomly oriented rods of given 
length, diameter and volume fraction inside a box of specific size (in this case, its 
10003 pixels), and is analogous to the distribution and connectivity of randomly 
oriented CNTs in polymer matrix. Hence, the background of the model resembles 
the polymer matrix and the rods resemble the CNTs. The rods in the model were 
approximated by cylinders with spherical caps, having the average length and 
average diameter of the real CNTs used in the experiments with 1 nm/pixel 
resolution, as shown in Figure 5.17. 

 

Figure 5.17. Model system illustrating randomly oriented rods with a)   0.01 and b)   0.1. 

5.7.10. Section thickness measurements 

The sections cut by a microtome are not always consistent in thickness and equal 
to the set during the cutting process, due to the instability in the mechanical 
motion of the sample holder in microtome. The actual thickness varies even up to 
± 100 nm while cutting thick sections (> 500 nm). Hence, we measured the actual 
thickness of the sections in the imaging area based on the mean free path of the 
electrons transmitting through the section.52 The elastic (𝜎el) and inelastic (𝜎in) 
cross-section of the electrons transmitting through a sample is given by: 

𝜎el = 1.5 × 10−6𝑍3/2

𝛽2 [1 − 0.23𝑍
137𝛽

] ; 𝜎in = 1.5 × 10−6𝑍
1
2

𝛽2 ln 𝛽2(𝑈0 + 𝑚𝑐2)
10

     (5. 8) 
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where 𝛽 is the ratio between the velocity of the electron and light (𝛽2 = 1 −
[𝑚𝑐2/(𝑈0 + 𝑚𝑐2)]2), Z is the atomic number, U0 is the incident electron energy (U0 
= 300 keV) and mc2 is the rest energy of an electron (0.511 MeV). Hence, the total 
elastic and inelastic scattering cross-sections of PS/PPO (C16H16O) are 6.72104 
nm2 and 15.58104 nm2, respectively. The mean free path of the electron (𝛬el and 
𝛬in) is related to the molar mass (Mw), density (ρPSPPO = 1.04 g/cm3), and the total 
elastic and inelastic cross-section as follows: 

𝛬el = 𝑀w
𝜌𝑁A𝜎el

= 532.62 nm; 𝛬in = 𝑀w
𝜌𝑁A𝜎in

= 229.80 nm      (5. 9) 

where NA is Avogadro’s number. The section thickness is related to the mean free 
path of the electron and the intensity of the electron beam as: 

𝐼 = 𝐼0e−𝑥 𝛬⁄      (5. 10) 

where I is the intensity of the transmitted beam, I0 is the intensity of the incident 
beam, x is the section thickness, and Λ is the mean free path of the electron 
expressed as: 

1
𝛬

= 1
𝛬el

+ 1
𝛬in

     (5. 11) 

In our case, in order to subtract the thickness contribution from the underlying 
carbon film, BF-TEM images of a blank beam (without section and continuous 
carbon film), a beam transmitted only through the continuous carbon film, and a 
beam transmitted through the section along with the underlying carbon film were 
acquired. The section thickness was calculated from the relative mean intensity 
variations between these three measurements acquired under same conditions. 

5.7.11. Size and size distribution of the CNT-free regions 

One way to characterize the morphology is measuring the maximum free distance 
distribution (lmax) of the CNT-free regions. A schematic illustration of the image 
analysis process to obtain such a distance distribution is shown in Figure 5.18. 
First, for the binary image (Figure 5.18a), representing CNTs as 1s and polymer 
matrix as 0s, for each of the matrix pixels the shortest distance to any CNT is 
determined. In the resulting map we represent the pixels of the CNTs by 0s, while 
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the pixels of the polymer matrix carry a value equal to the distance to the nearest 
CNT. In this way, a map of the shortest distance for any polymer matrix pixel to 
any CNT is formed, as shown in Figure 5.18b. The image is ‘watershed-ed’, that is, 
the maxima in this map are determined (Figure 5.18c), and we represent the 
maxima by 0s. Another binary image is created by setting these 0s as 1s, while the 
rest is set to 0, as shown in Figure 5.18d. The 1s in this binary image represent the 
position of the maxima of the shortest distance to CNTs from any polymer matrix 
pixel. For each of these pixels in Figure 5.18d with value 1, we take the value from 
the corresponding pixels from Figure 5.18b, which together constitutes the set of 
distances the farthest away from any CNT. The ordered set of these vales, that is, 
their distribution, can be related to the local aggregation and cluster formation. 

 

Figure 5.18. Schematic illustration of the lmax measurement. a) Segmented image; b) Distance transformed 
image where CNTs are filled with 0 and polymer matrix are filled with values representing the distance 

from nearest CNTs; c) Watershed image of distance transformed image to identify the local maxima 
(ridge) representing the farthest distance from CNTs; d) Segmented image illustrating the ridge as 1 and 

rest as 0. Scale bar is 500 nm. 

5.7.12. Effective CNT-free volume increase vs. section thickness 

The effective CNT-free volume increase Δ𝜑 (for SC-CM, 𝜑 ≈ 0.001) was estimated 
for section thicknesses t of 121, 219, 536 and 926 nm, leading Δ𝜑 = 81.2, 65.5, 46.9 
and 30.2 %, respectively, as shown in Figure 5.19. While the thinnest section lead 
to an effective CNT-free volume increase of 81.2 %, exponential extrapolation to 
zero thickness leads to 89.2 %. This corresponds to an effective increase CNT 
volume fraction 𝜑inc in other regions of the composite by a factor of 5.3 and 9.1, 
respectively. 
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Figure 5.19. Effective CNT-free volume increase Δ𝜑 plotted as a function of section thickness t. The line 
represents the (exponential) fit given by Δ𝜑 = 89.2 × exp (−1.18 × 10−3𝑡) having R2 = 0.991. 

5.7.13. Electrical conduction mechanism 

The electron flow in CNTs at the quantum level is a very complex process. 
Depending on the chirality, CNTs can be metallic or semi-conducting. Besides that, 
the presence of defects in the walls of CNTs and the number of walls in CNTs also 
strongly influences the electron conduction. Earlier studies show that at room 
temperature electronic conduction in CNTs can be ballistic (i.e., the electronic 
mean free path is longer than the length of CNTs) over distances in the order of 
micrometers, current flows only in the outermost wall of the CNT and an increase 
in diameter increases the electron mean free path.53-54 Recently it has been shown 
that the current flows on all the walls of the CNTs and that the conductivity not 
only depends on the CNT diameter (i.e., number of conduction channels), but also 
on the critical length of CNTs.55 Such complex electrical conduction in PNCs can 
be approximated to some extent. Electron conduction in PNCs takes place along 
the least resistant CNT conductive pathway. The overall resistance in such 
conductive pathway measured across the probes can be expressed as (in first 
approximation): 

𝑅m = 𝜌CNT
𝐴

∑ 𝐿𝑖 + 𝑅c

𝑁

𝑖=0
     (5. 12) 

where Rm is the measured resistance between the probes, ρCNT the intrinsic 
resistivity and A the cross section area of CNTs, N the number of contact points 
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contributing the conduction pathway, Li the segment length (length between 2 
contact points) and Rc the contact resistance. As we use same batch of CNTs for 
all the PNCs, we can assume that same fraction of CNTs with certain specific 
properties (such as defects, chirality, metallic or semi-conducting) exist in the 
conducting pathway of all the PNCs, and thus results in the same intrinsic 
resistance of CNTs in the conducting pathway of all the PNCs. In addition, the 
effective length connecting the measuring probes in a plane are approximately same 
for all the PNCs, which renders the first term of the above expression the same for 
all PNCs. Hence, the conductivity difference measured is the result of overall 
contact resistance Rc in the conducting pathway, which arises from the difference 
in number of CNT-CNT contact points and their contact area. 

The contact resistance between CNTs is a combination of tunneling resistance and 
direct contact resistance. Tunneling resistance is strongly influenced by the 
thickness of the insulating polymer between the contact points of CNTs, such that 
an increase in thickness increases the tunneling resistance56. The tunneling 
resistance is also influenced by the diameter of CNTs, such that an increase in 
diameter decreases the tunneling resistance. Hence, the number of walls in a CNT 
directly dictates the number of conduction channels available for the electron 
transport.55-57 Hence, any variation in CNT diameters at the contact point 
contributes strongly to the tunneling resistance. Direct contact resistance does not 
play any role before the CNT-CNT distance has reached at least the tunneling 
distance that facilitates the electron hopping mechanism. The direct contact 
resistance strongly depends on the effective CNT-CNT contacts (i.e., CNT-CNT 
contact area per unit area) in the conduction pathway.58 The increase in effective 
contact area by the formation of secondary agglomerates,32,59 induced attractive 
interactions35,60 or physical compression31 leads to decrease in direct contact 
resistance. Hence, measuring the effective contact area at each and every individual 
contact point in the conducting pathway ultimately solves the different electrical 
percolations observed in various processing techniques. Yet, precise experimental 
measurements of such nanoscale contact and their contact area remains an open 
challenge. 
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6  
Towards quantification of packing in 
nanoscale rod systems 
Random packing of nanoscale rod systems is studied by quantifying the observed 3D 
spatial distribution in polydisperse multi-walled carbon nanotubes (CNT) model 
systems by image analysis. The segmentation of CNTs from the background is 
hindered by their inherent low contrast and low signal-to-noise ratio (SNR) especially 
for thick samples. Despite these difficulties, we propose a methodology to quantify 
packing including local volume fraction, number of CNTs and their size distribution, 
number of contact points and contact area between the CNTs in the observed 
network, based on template matching by normalized cross-correlation. The measured 
nanoscale volume fraction of densely packed CNT networks matches closely that of 
the packing model for randomly oriented monodisperse rods with uncorrelated 
contacts and having the same aspect ratio. This suggests that the nanoscale packing 
density is only influenced by the average aspect ratio of the polydisperse rod system. 
Although the methodology results in better segmentation compared to the commonly 
used thresholding methods, the presence of shot noise, debris in the segmented 
morphology cannot be completely avoided. This results in a quantification of number 
of CNTs and their length distribution with significant error margins upon 
skeletonization. Hence, the developed method is further improved by modelling the 
CNT network with templates of CNT dimensions that could result in quantification 
with significantly reduced contributions from noise. 
 
This chapter is in preparation for the publication – Gnanasekaran, K.; de With, G.; Friedrich, H. 
Quantification of Packing in Nanoscale Rod Systems. 2016 
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6.1. Introduction 

Gaining insight into the fundamental packing rules of particles in hierarchical 
systems, like particulate composites, polymer blends, granular materials, and 
packing of DNA molecules, is critical for understanding the functional behavior of 
such systems. Here each and every individual particle arranges with others and 
thus builds up the morphology of the system. Characteristic parameters of particles 
such as particle size, size distribution, shape, and aspect ratio strongly affect the 
packing properties, such as packing density and its distribution, and number of 
contact points, which determines particular functional behavior, such as electrical, 
mechanical, and transport properties via the open volume between particles. 
Packing of particles of various shapes and sizes is being studied extensively, both 
by numerical simulations as well as experiments.1-3 For instance, in randomly 
packed rod systems, a maximum packing density of 𝜑m ≈ 0.7 is obtained for 
particles with an aspect ratio just deviating slightly from a sphere, (i.e., L/D ≈ 
1.5).4 When increasing the aspect ratio further, the excluded volume effects start to 
dominate the random packing and 𝜑m decreases significantly. A similar 
phenomenon was also observed in packing of polydisperse carbon nanotubes in a 
certain range of aspect ratios (chapter 4).5 Among the packing parameters, contact 
parameters play an important role in controlling the electrical performance of the 
formed network. In chapters 4 and 5, it was explained how the effective contact 
number and the contact area between CNT particles could affect the electrical 
conductivity.5 Until now, analysis of contacts was limited only to numerical 
simulations6-7 and macroscopic systems using X-ray tomography.8-9 Accurate 
quantification of these parameters on the nanoscale is not straight-forward as the 
analysis is limited by significant contributions from noise, reconstruction artefacts 
(like missing wedge problem in tomography)10 and segmentation artefacts. 
Nevertheless, to deepen our understanding of nanoscale network properties in 
random rod systems, the quantification of volume fraction, number of contact 
points and effective contact area in CNT model systems is attempted. 
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6.2. Materials and sample preparation 

Materials: Multi-walled carbon nanotubes (CNTs) were supplied by Nanocyl, 

Belgium (Product No. C7000). The CNTs were polydisperse both in length and 
diameter as shown in Figure 6.1. The weight average length L and diameter D 
of CNT population are 1229 nm and 9 nm, respectively. This gives an average 
aspect ratio L/D of 137. 

 

Figure 6.1. a) CNT length distribution; b) CNT outer diameter distribution 

Sample preparation: The CNTs were dispersed in CHCl3 at a concentration of 

0.1 mg/ml by ultrasonication for 2 hours in an ice bath using a Bransonic 1510 
sonication bath. After sonication the dispersion was immediately vacuum filtered 
(jammed) over a 0.2 μm porous cellulose-mixed ester membrane filter (Whatman®) 
and allowing it to form a random CNT network on the filter substrate. The 
prepared sample was dried at room temperature for 24 hours. For STEM imaging, 
cross-sections of the CNT network need to be cut by ultamicrotomy. To maintain 
the CNT network intact, the CNT networks were rigidized (by polymer 
impregnation) before the cutting process. To this end, the CNT network was 
infiltrated by liquid sulfur which polymerizes upon cooling. In brief, elemental 
sulfur was heated in a glass vial to 150 °C where the molten sulfur undergoes a 
phase transition and begins to polymerize. This can be inferred by the increase in 
viscosity and darkening of the color. A small piece of the sample (CNT network) 
was introduced to the metastable molten sulfur, where the molten sulfur infiltrates 
by the capillary forces and polymerizes immediately as the sample touches the 
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sulfur. Thereafter, cross-sections of sulfur embedded CNT network were prepared 
using a Diatome 35° 3.0 mm diamond knife mounted on a Reichert-Jung Ultracut-
E ultramicrotome and collected on a continuous carbon film coated 100 mesh 
hexagonal TEM grid. Prior to deposition of the microtome section, 20 nm colloidal 
gold markers (PAG conjugated) were applied to the carbon support film on the 
TEM grid. After deposition of the sulfur embedded section the TEM grid was 
placed in high-vacuum at room temperature for at least 4 days to sublimate the 
embedded sulfur and then loaded in the microscope for imaging. 

6.3. Analysis methodology 

To include polydisperse properties to the analysis, we analyzed a densely packed 
network of polydisperse CNTs with relatively high average aspect ratio (137). The 
formed porous network aids segmentation due to a decreased packing density. In 
order to obtain, representative information, we carried-out the analysis in as large 
as possible datasets using electron tomography of thick sections. To extract 
information on the CNT network, the reconstruction needs to be segmented. The 
segmentation methodology strongly affects the quantitative analysis, which make 
its challenging to obtain representative results; particularly, in our case (low 
contrast of CNTs) segmentation is difficult to carry out and may lead to very 
subjective interpretations. One of the commonly practiced ways to segment the 
morphology is to binarize the image by choosing a threshold It. However, in our 
case, due to significant intensity variations across the imaged cross-sections 
(depend on local density variation – composition, and microscope alignment), this 
method results in segmentation with huge error. As an example, Figure 6.2 shows 
the segmentation of a CNT network with various global threshold values. We 
observe that at a lower threshold value (It = 100), the segmented image is filled 
with noise and at higher threshold (It = 120), most of the CNTs are not 
segmented. Also we observe that, the diameter of the CNT is thinned upon 
increasing the threshold and irrespective of the threshold, some noise cannot be 
removed. Any quantification on these segmented structure leads to significant error 
and unrealistic results. Hence, we implemented a dedicated method, particularly 
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suited for the segmentation of CNTs (or any rod-shaped particle) and carried-out 
the quantification based upon the segmented images. 

 

Figure 6.2. Segmentation of CNT network based on a global threshold. a) It = 100; b) It = 110; c) It = 
120. All intensities are scaled between 0 and 255. 

One of the common ways to segment biological samples is template matching.11-13 
To our knowledge, template matching has not been employed to synthetic 
nanoscale rod systems with varying dimensions (polydispersity). For the 
segmentation of synthetic materials, like our polydisperse CNT network, certain 
adaptations are required.14 Hence, we implemented a methodology where the 
features (in our case, CNT) are matched with appropriate templates and their 
position and structural dimension are identified. The main drawback of such brute-
force processes is that the template needs to be matched pixel-by-pixel and often 
thousands of templates needs to be matched, which increases the processing time 
significantly. Nevertheless, in our view it is the best way to use a model-based 
approach to minimize segmentation errors and obtain accurate quantitative result. 
A schematic illustration of the approach is shown in Figure 6.3. 

 

Figure 6.3. Schematic illustration of the image analysis process. 
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Acquisition, reconstruction and filtering: Firstly, the STEM projection tilt-

series (electron tomography data) are acquired with a Titan electron microscope 
(FEI Company) operated at 300 keV with a probe convergence angle of 4 mrad on 
a Fischione HAADF-STEM detector at a camera length of 450 mm. The tilt series 
data were acquired over a tilt range of at least – 65° to + 65° at 1° tilt increments. 
The tilt series were reconstructed using the SIRT (simultaneous iterative 
reconstruction technique) algorithm with 20 iterations in the IMOD tomography 
package.15 As mentioned before, segmentation of low contrast materials is hindered 
by extremely low SNR; hence, prior filtering was necessary to reduce the noise. 
Depending on the reconstruction, an edge preserving median filter or non-linear 
anisotropic diffusion filter (10 iterations of NAD filter with k = 79114) has been 
applied. 

Template creation, template matching and normalized cross-correlation: 

To segment the CNTs, we determined the position and the dimensions of CNTs 
represented by their correlation with a predefined template of specific dimension. In 
our case, CNTs are randomly oriented, spans across the spatial dimensions, and are 
polydisperse in nature (Figure 6.1). Hence, to identify the exact position and 
dimensions of a randomly oriented particle, templates of various sizes and oriented 
all 360° needs to be used. This makes the entire process computationally very 
expensive. We created cylindrical templates with a CNT pattern with outer 
diameter between 7 nm and 19 nm with 2 nm increment, where the inner diameter 
is fixed to 5 nm and the length is two times the diameter. The created templates 
are rotated over 360° with 2° angular increments, which sums to 56700 templates. 
Example of a typical template (volume rendered) is shown in Figure 6.4. 

To determine the position and orientation of CNTs, a normalized cross correlation 
was implemented in the following way. We denote f(x,y,z) the intensity value of the 
image f of the size 𝑀𝑥 × 𝑀𝑦 × 𝑀𝑧 at the point (x,y,z), 𝑥 ∈ {1,… ,𝑀𝑥}, 𝑦 ∈

{1,… ,𝑀𝑦}, 𝑧 ∈ {1,… ,𝑀𝑧}. The dimensions of the CNT are given by a template t 

of the size 𝑁𝑥 × 𝑁𝑦 × 𝑁𝑧. The position of the CNT (ucnt,vcnt,wcnt) is determined by 

evaluating the normalized cross-correlation co-efficient 𝛾 that varies between – 1 
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and + 1 at each point (u,v,w) for f and t, which has been shifted by u, v, w steps in 
x, y, z direction, respectively, as shown below:16 

𝛾(𝑢, 𝑣, 𝑤) = 
∑ (𝑓(𝑥, 𝑦, 𝑧) − 𝑓𝑢,𝑣,𝑤

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅)(𝑡(𝑥 − 𝑢, 𝑦 − 𝑣, 𝑧 − 𝑤) − 𝑡)̅𝑥,𝑦,𝑧

(∑ (𝑓(𝑥, 𝑦, 𝑧) − 𝑓𝑢,𝑣,𝑤
̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅)2 ∑ (𝑡(𝑥 − 𝑢, 𝑦 − 𝑣, 𝑧 − 𝑤) − 𝑡)̅2

𝑥,𝑦,𝑧𝑥,𝑦,𝑧 )0.5
(6. 1)  

Here 𝑓𝑢,𝑣,𝑤
̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅ denotes the mean value of f(x,y,z) within the area of the template t 

shifted to (u,v,w), which is calculated by: 

𝑓𝑢,𝑣,𝑤
̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅ =  1

𝑁𝑥𝑁𝑦𝑁𝑧
∑ ∑ ∑ 𝑓(𝑥, 𝑦, 𝑧)

𝑤+𝑁𝑧−1

𝑧=𝑤

𝑣+𝑁𝑦−1

𝑦=𝑣

𝑢+𝑁𝑥−1

𝑥=𝑢
     (6. 2) 

Similarly, 𝑡 ̅is the mean value of the template t. The denominator in Eq. 6.1 is the 
variance of the zero mean image function f(x,y,z) – 𝑓𝑢,𝑣,𝑤

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅ and the shifted zero mean 

template function 𝑡(𝑥 − 𝑢, 𝑦 − 𝑣, 𝑧 − 𝑤) − 𝑡.̅ Due to this normalization, 𝛾(𝑢, 𝑣, 𝑤) is 
independent of changes in brightness and contrast of the image, which are related 
to the mean or the standard deviation. 

 

Figure 6.4. Typical volume rendered template used for cross-correlation with the image. The cylindrical 
template is enveloped by a complete sphere with negative values such that the overall intensity of the 

template equals to zero, which normalizes the template intensity and prevents anisotropy upon subtraction 
with the average template 𝑡 ̅

At each and every position (𝑢, 𝑣, 𝑤) of the image f, the template giving the highest 
𝛾 (i.e., 𝛾𝑚𝑎𝑥) represents the best matching template. Among these highest values 
at all the positions, the position of the CNT was differentiated from the 
background by 𝛾𝑚𝑎𝑥 > 0.5. After template matching, the image was reconstructed 
by placing 𝛾𝑚𝑎𝑥 at all the points of the image f. Along with 𝛾𝑚𝑎𝑥, we also saved a 
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matrix 𝛾𝑡𝑒𝑚𝑝 containing template information (such a diameter and rotation), 

which will be used for quantification at the later stage. 

Filtering, segmentation and skeletonization: To trace the CNTs along their 

length and remove some noise in the calculated 𝛾max, a majority filter is applied. 
This process returns the highly frequent values of 𝛾max to all the pixels in the 
structural element. At the end, the intensities of the CNTs were levelled as shown 
in Figure 6.5d. Now a global threshold is applied (only pixels with 𝛾max > 0.5 in 
the 3d matrix), which gives the position of the CNTs with higher accuracy (Figure 
6.6a) than direct segmentation of CNTs in the reconstructed volume (Figure 6.2). 
Nevertheless, some reconstruction artefacts on account of the missing wedge 
(during data collection) with an intensity and dimensions similar to a CNT (like a 
tube/rod) are still present. 

 

Figure 6.5. a) A slice from the reconstructed volume; b) Corresponding slice after median filtering; c) 
Corresponding slice reconstructed with 𝛾𝑚𝑎𝑥 and majority-filtered; d) Typical line profile illustrating the 

intensity distribution after each step. All the intensities are scaled from 0 to 255 for the reconstructed and 
median filter volume (a, b – left y-axis), and 0 to 128 for 𝛾𝑚𝑎𝑥 (c – right y-axis). Scale bars are 500 nm. 
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To determine the connectivity and the contact properties of the CNT network, the 
segmented image is thinned by a skeletonization process (Figure 6.6b). Through 
this process the centerline of the CNT network, which is characterized by links (or 
edges - white thread in Figure 6.6b) and nodes (or vertices - red balls in Figure 
6.6b) is obtained. The links represents the CNT’s centerline between the nodes 
which carries the CNT contact points and the dangling ends of the CNTs. In other 
words, the CNT is divided into 2 links when there exists a contact point (with 
another CNT) represented by a node. For each node with more than one link, the 
corresponding angle between the links is measured (from 𝛾𝑡𝑒𝑚𝑝) and the best 

matching link in terms of orientation are connected to form a CNT. The remaining 
links are checked for best matching before being considered as individual CNTs. 
This allows us to quantify the total number of CNTs (Nt), CNT length 
distribution, and contact properties in the volume. 

 

Figure 6.6. a) Segmented volume illustrating the CNT; b) Skeletonized CNT network. Volume: 2.5 μm ×
2.5 μm × 0.75 μm 

6.4. Quantitative analysis 

We observe that the centerline of the CNTs are not uniformly distributed where 
the nodes are aggregated locally within the volume. This suggests the existence of a 
packing distribution in the CNT network, which is caused by the polydispersity of 
the system such that relatively short CNTs pack more densely than longer CNTs. 
From the skeletonized data (centerline), the volume fraction 𝜑 can be 
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approximately quantified by assuming a constant CNT diameter over the entire 
volume in such a way that the total volume of CNTs is equal to the total length of 
the centerlines times the average cross-sectional area of the CNTs. Such 
quantification results in 𝜑 ≈ 0.03, which matches closely and slightly lower than 
the packing of randomly oriented macroscopic monodisperse rods of same aspect 
ratio of uncorrelated contacts.1 This shows that the packing density model can be 
extended to the nanoscale and that it is not significantly affected by the 
polydispersity of the CNTs; but mainly by the CNTs with average aspect ratio. 

However, the number of CNTs (Nt) and CNT contact points could vary locally, 
depending on the local packing of the particles. Hence exact measurement number 
of number of CNTs present in the volume is critical for the quantification of the 
CNT contacts. Differentiating the individual CNT and measuring locally in the 
given volume is difficult as most of the CNTs are densely connected with other 
CNTs with a subtle interface. In addition to this, we cannot correlate the 
quantified result with any reference data, since the estimation is hindered by the 
section thickness limitation. The sample thickness cannot be increased significantly 
beyond 1 μm, in order to maintain the contrast between the phases and proper 
segmentation. Hence, during the ultramicrotoming, there is a higher probability 
that long CNTs were cut into short ones. This limits us from estimating the length 
distribution and number of CNTs in the volume. Hence, the only way to obtain 
accurate quantification is to segment the CNTs accurately without any noise or 
debris. As mentioned above, depending on the segmentation process, 
skeletonization processes and further processing (such as removing shot noise, and 
filtering centerline below a threshold that cannot be a CNT), the quantification 
results may vary significantly. Though our segmentation method is better than the 
commonly used global thresholding, the noise and small debris having a 𝛾 value 
close to the actual CNTs cannot be removed. Upon skeletonization, this results in 
the formation of secondary skeletons, so that, noise is considered as another CNT 
and/or contact point. Even a slight roughness in the CNT walls results in the 
formation of another skeleton, as shown in Figure 6.7a. From such data, any 
quantification that cannot be verified or correlated, results in speculative 
discussions. However, just to demonstrate the extent of these limitations, we 
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quantified the number of CNTs (𝑁t  ≈ 2833 ± 432) and length distribution in the 
measurement volume, as shown in Figure 6.7b. From the initial length distribution 
of the CNT population (Figure 6.1) and the quantified volume fraction (𝜑 ≈ 0.03), 
we also estimated the ideal length distribution of CNTs (Figure 6.7c) and the 
number of tubes (𝑁te ≈ 2867) in the densely packed volume without considering 
the cutting of CNTs during the ultramicrotoming process. The length distribution 
is significantly different from the ideal distribution. We observe that over 50 % of 
the CNTs have L < 100 nm and CNTs with length L > 1500 are not observed in 
our measurements, whereas in ideal situation, the short CNTs (L < 100 nm) and 
long CNTs (L > 1500 nm) contribute ≈ 0.8 % and ≈ 10 %, respectively, in the 
measured volume. This clearly indicates the contribution from noise and debris in 
the segmented data and also the cutting of CNTs during the ultramicrotoming 
process. Moreover, it shows that, although the presented segmentation method is 
better for the quantification of packing density, for which, the contribution from 
the noise and debris are largely insignificant, the quantification of other local 
parameters, like the number of CNTs, the length distribution, number of contact 
points and the contact volume/area requires better further segmentation. 

 

Figure 6.7. a) Surface rendered cut-out illustrating the noise attached to the CNTs and their 
corresponding skeletons (centerline); b) Length distribution of CNTs in the measurement volume; c) 

Estimated length distribution in the measurement volume. 

Based on above methodology any further quantitative analysis on the presented 
segmentation would lead to results with significant errors. Hence, a new method for 
analysis is proposed. The main drawback of the above method is the presence of 
noise and surfaces of some CNTs that are not uniform (due to fracture in the walls 
of the CNTs, contamination in the walls, or the presence of metal particles from 
synthesis), which results in skeletonization errors (formation of secondary skeleton). 
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Instead of removing the noise and debris from the segmented image, with the 
correlation coefficient and the template information at every position of the image, 
we can create a model replicating the CNT network, which is free from noise and 
debris. Hence, after template matching, a new 3d image is created by placing 
templates (without hollow core and the encapsulating sphere) with specific 
dimension (taken from 𝛾temp) at pixels with  𝛾max > 0.5. Here the neighboring 

pixels are checked for the consistency in 𝛾 along the center axis of the template 
such that templates are placed only on the CNTs and not on the noise. This 
replicates the complete structure of the CNTs in the network with smooth walls 
such that the skeletonization results only in the centerlines of the CNTs; and 
hence, an accurate number of CNTs in the volume is obtained. From there, the 
analysis can be extended to determine the number of contact properties. For each 
and every CNT with a specific diameter D1, the distance to neighboring CNTs with 
diameter D2 can be measured. The contact of CNTs can be identified by measuring 
the distance L orthogonal to the centerline of both CNTs and equating as shown 
below, where the overlapping pixels represents the contact region. 

𝐿 ≤ 𝐷1
2

+ 𝐷2
2
					(6. 3) 

6.5. Conclusions and outlook 

In this chapter a methodology that shows promise to quantify the nanoscale 
packing information in networks containing tubular particles is presented. The 
developed method is based on template matching by normalized cross-correlation, 
which segments the tubes to quantify nanoscale packing parameters like volume 
fraction, number of tubes and their size distribution, number of contact points, and 
contact area between the tubes. The developed segmentation technique results in a 
better segmentation compared to the commonly used global thresholding method. 
The packing density in the CNT network matches closely that of a macroscopic 
packing model of randomly oriented monodisperse rods with uncorrelated contacts 
having the same aspect ratio. This suggests that the macroscopic model can be 
extended to the nanoscale and that the nanoscale packing density is only influenced 
by the average aspect ratio of the system. For the quantification of other 
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parameters, like the number of tubes and their length distribution in the measured 
volume, the segmented tube network needs to be skeletonized. Though the 
segmentation method is better than just global thresholding, noise and debris 
cannot be removed completely. Hence, skeletonization of the segmented image 
results in the formation of other secondary skeletons caused by the noise. This 
results in inconsistent quantification of local parameters (like number of tubes and 
their length distribution in the measured volume) with significant errors. Hence, for 
the effective skeletonization, we propose a method where the entire CNT 
morphology is modeled by the templates with the highest correlation coefficient 
representing the CNTs. This reconstructed model contains only the templates (i.e., 
the dimensions of the CNT) and is free from any noise or debris. The 
skeletonization and quantification of this model-based analysis results in values 
closer to the real values. The presented quantitative analysis aims to obtain 
fundamental insight into nanoscale packing phenomena and in future may allow us 
to tune the synthesis/fabrication of materials by designing the assembly behavior 
into the initial polydispersity of the building blocks to achieve improved functional 
properties. 
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7.1. Conclusions 

The overall objective of this thesis is to utilize and extend the unique capabilities of 
TEM, more in particular STEM, for the analysis of multiscale morphologies, and to 
employ the developed methodology to understand the fabrication – structure – 
functional properties relations in polymeric hierarchical materials, thereby pushing 
the electron microscopy towards a bulk characterization tool. To achieve the 
objective, many commonly observed TEM and STEM limitations, particularly for 
the analysis of hierarchical polymeric materials have been tackled. Furthermore, 
the importance of quantitative interpretation of STEM micrographs in terms of 
intensity and structure, employing image analysis tools, illustrates the capabilities 
of the method for understanding the hierarchical structure – property relationships, 
are discussed in this thesis. 

TEM and STEM imaging of polymer-based hierarchical materials has several 
limitations. Polymers are mainly composed of elements of light and similar atomic 
numbers (viz. carbon, oxygen, hydrogen), which results in low contrast between the 
phases. Moreover, they are beam sensitive. In addition to that, their hierarchical 
morphology extends across several length scales, and hence, depending on the area 
of imaging, interpretations could vary, questioning the credibility of the analysis 
most of the time. New methods to optimize the contrast between the phases of the 
material and limiting electron dose by controlling the STEM detector geometry and 
convergence of the electron beam have been developed by combining experiments 
and simulations (chapter 2). Furthermore, a toolbox to acquire STEM and TEM 
images of representative volumes has been developed (chapter 3), which brings EM 
imaging closer to a bulk characterization technique. For the materials problems 
presented in chapter 3, 4, 5 and 6, new image analysis methods are implemented to 
segment and quantify the relevant features in the hierarchical morphology of the 
materials. With these new analysis approaches, the electrical conductivity and 
packing of multi-walled carbon nanotubes (CNTs) based polymer nanocomposites 
(PNCs) is studied in detail on a scale that was previously impossible. 

Many studies show that the electrical conductivity of CNT based polymer 
nanocomposites can be improved by the presence of long CNTs and also by having 
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agglomerates of CNTs with higher effective CNT-CNT contacts. In other words, to 
obtain higher electrical conductivity, the contact resistance needs to be reduced. 
We studied the electrical conductivity of two different systems of PNCs. 1) Dense 
system (High CNT volume fractions – from 	5 vol. % to 	20 vol. (chapter 4) and 
2) Dilute system (Low CNT volume fractions – from 	0.1 vol. % to 	2 vol. 
(chapter 5). For both cases quantitative STEM analysis is employed to study the 
structure-property relationship. We observed that, slightly tuning the morphology, 
either by changing the length distribution of the CNTs, the processing conditions, 
or the processing method, the electrical conductivity can be altered significantly. 

Dense CNT systems have been fabricated by vacuum filtration using mixtures of 
two CNT populations (long CNTs and short CNTs). The electrical conductivity at 
a certain specific polydispersity is observed to be twice that of long CNTs. Most 
interestingly, the global packing characteristics of CNTs are observed to match 
with those of random packing of macroscopic rods of the same aspect ratio. This 
shows that macroscopic packing models of non-interacting rods can be extended to 
the nanoscale under the applied conditions. The morphological analysis revealed 
local variations in the packing of CNTs, such that longer CNTs create a jammed 
porous compact in which shorter CNTs forms a densely packed structure 
(agglomerates). Depending on the relative fraction of long CNTs and short CNTs, 
the morphology is altered. Quantitative STEM analysis on the highly conductive 
CNT network revealed that the densely packed structures are distributed uniformly 
with nearest-neighbor distance close to the average length of the long CNTs. This 
illustrates that the formation of conduction knots at particular distances, where the 
total electrical contact resistance in the conduction path is effectively minimized by 
the synergistic behavior of high volume fraction regions of shorter CNTs and 
connecting longer CNTs, is key for high performance. This study can be further 
extended by controlling the fabrication conditions, size, size distribution and 
straightness of CNTs, which can influence the observed morphologies and hence 
their electrical conductivity. To derive a definitive understanding of this multi-scale 
behavior, all these factors have to be studied in parallel, allowing us to realize 
controlled functional properties. 
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For dilute PNCs systems, electrical conductivity and the associated electrical 
percolation behavior in dependence of filler content and processing method was 
studied. PNCs were fabricated by the solvent casting (SC) process. Subsequently, 
the PNCs are compression molded (SC-CM) or extruded (EXT). In addition, 
extruded PNCs are compression molded (EXT-CM) for additional examination. 
While SC gives the lower percolation threshold and the highest conductivity, upon 
extruding the electrical conductivity of the PNCs decreases significantly, 
concomitant with an increase in electrical percolation threshold by an order of 
magnitude. Quantitative STEM analysis on SC-CM PNCs revealed mesoscale 
aggregation due to interactions of CNTs during the solvent casting process, which 
increases the effective CNT volume fraction. On the other hand, EXT samples 
exhibit a network topology close to a random network with some small-sized 
clusters of CNTs. Overall, the highly conductive inhomogeneous CNT network 
formed by the SC process is destroyed due to the massive shearing during the melt 
during extrusion. Local optimization of the CNT contacts are induced by the 
compression molding process, which increases the effective CNT-CNT contact area 
between the contacts and reduces the contact resistance significantly. Irrespective 
of the additional local optimization, the global network topology of extruded PNCs 
is significantly different from SC-based PNCs; hence, the electrical conductivity is 
far lower for EXT-based samples as compared to SC-based samples. This study 
illustrates how interactions during materials assembly can be exploited, leading to 
hierarchical structures with improved functionalities. As mentioned above, this 
study should be extended by controlling the fabrication conditions, such as 
extrusion rate that may lead to preferentially oriented CNTs and change the size of 
clusters, the rate of solvent evaporation during the solvent casting process altering 
the local aggregation, and time, temperature, pressure of the compression molding 
process. With the developed methodology, these variations in morphology can now 
be observed and may lead in the future to a rational design of particular 
conductive properties. 

In both dense and dilute systems, besides the mesoscale morphology, the nanoscale 
contacts between CNTs and their effective contacts and contact number play an 
important role in the formation of a minimum electrical resistance pathway. 
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Additional analysis, like quantitative electron tomography of spatially distributed 
nanoscale contacts and quantification of the number of CNT contacts and the 
contact area between CNTs, would push our understanding even further. For 
instance, the measurement of the effective contact area before and after 
compression molding and the corresponding drop in resistance would provide us the 
precise information on the structure – property relationship. However, 
quantification of such nanoscale contacts is not straight-forward, particularly in 
PNCs, as segmentation and quantification is hindered by factors like low-contrast, 
large representative volumes and image resolution. Segmentation and quantification 
by commonly carried-out methods, like global thresholding, always results in 
significant segmentation errors and incomprehensible results. Hence, a brute-force 
method (template matching by normalized cross-correlation) was implemented and 
adapted to polydisperse rod systems to segment and quantify the spatially 
distributed CNT contacts (chapter 6). The quality of the segmentation process of 
CNTs in PNCs is observed to be superior to that of the commonly applied global 
thresholding method. Though the segmentation error and noise is greatly 
suppressed by our brute-force method, the accurate quantification of the number of 
CNT contacts and contact area between CNTs remains a delicate task for which 
the associated problems are not fully resolved yet. 

7.2. Perspective of this work 

Transmission electron microscopy is an essential tool for the understanding of 
structure – property relationship in materials. It has several unique advantages 
that are usually overlooked and not utilized to the full extend. The work described 
in this thesis, can be regarded as a step towards better utilization and extend the 
capabilities of the electron microscopy. We believe that the developed methods and 
toolboxes can be utilized to advantage by many researchers worldwide in future. 
For instance, though the contrast optimization method is presented for CNTs and 
polymers, it can be easily implemented and extended to other materials. It acts as 
an expert system that can predict optimum imaging conditions for a large range of 
beam sensitive materials, either being composed of organic or inorganic phases. 
Automation of electron microscopes is expected to become a standard that 
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increases the efficiency by allowing the microscopes to acquire medium resolution 
images during the night hours without any supervision. This also reduces the 
payload of technicians. The availability of such large microscopic data also poses 
the question of deriving meaning full interpretations, which we believe is best done 
by quantitative image analysis tools, which can be used complementary with 
relevant descriptors from other measurements, such as scattering. 

Depending on the analyzing feature, quantitative image analysis may lead to 
subjective interpretations, if the feature under investigation is polluted with 
segmentation artefacts. In our case, though we successfully developed a brute-force 
segmentation method for the quantification of spatially distributed nanoscale CNT 
contacts, the method to quantify the nanoscale contacts is not yet developed fully 
and has a significant error margin, which prevents us obtaining accurate results. 
Hence, instead of speculating about the CNT contact parameters evaluated with a 
huge error margin, we prefer to keep the analysis open for further development. 

Nevertheless, the results presented on the electrical conductivity and packing of 
CNTs and PNCs have strong implications on the rational design and assembly of 
materials and for fundamental studies into electrical conduction, electrical 
percolation and colloid packing. The study reveals that the structure alone is 
capable of significantly influencing the functional performance of a material and 
opens the possibility to design novel functional materials by controlling the 
assembly behavior of randomly organized systems utilizing the polydispersity 
properties and effective packing of the starting materials. Such approaches will be a 
significant advancement towards the controlled assembly and designing of materials 
with specific functional properties in future. 
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