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ABSTRACT 

     This work is aimed to explore process-structure-property relationships of carbon nanotube (CNT) forests. 

CNTs have superior mechanical, electrical and thermal properties that make them suitable for many 

applications. Yet, due to lack of manufacturing control, there is a huge performance gap between promising 

properties of individual CNTs and CNT forest properties that hinders their adoption into potential industrial 

applications. In this research, computational modelling, in-situ electron microscopy for CNT synthesis, and 

data-driven and high-throughput deep convolutional neural networks are employed to not only accelerate 

implementing CNTs in various applications but also to establish a framework to make validated predictive 

models that can be easily extended to achieve application-tailored synthesis of any materials.  

     A time-resolved and physics-based finite-element simulation tool is modelled in MATLAB to investigate 

synthesis of CNT forests, specially to study the CNT-CNT interactions and generated mechanical forces and 

their role in ensemble structure and properties. A companion numerical model with similar construct is then 

employed to examine forest mechanical properties in compression.  In addition, in-situ experiments are 

carried out inside Environmental Scanning Electron Microscope (ESEM) to nucleate and synthesize CNTs. 

Findings may primarily be used to expand the forest growth and self-assembly knowledge and to validate the 

assumptions of simulation package. Also, SEM images can be used as feed database to construct a deep 

learning model to grow CNTs by design.  

     The chemical vapor deposition parameter space of CNT synthesis is so vast that it is not possible to 

investigate all conceivable combinations in terms of time and costs. Hence, simulated CNT forest 

morphology images are used to train machine learning and learning algorithms that are able to predict CNT 

synthesis conditions based on desired properties. Exceptionally high prediction accuracies of R2 > 0.94 is 

achieved for buckling load and stiffness, as well as accuracies of > 0.91 for the classification task. This high 

classification accuracy promotes discovering the CNT forest synthesis-structure relationships so that their 

promising performance can be adopted in real world applications. We foresee this work as a meaningful step 

towards creating an unsupervised simulation using machine learning techniques that can seek out the desired 

CNT forest synthesis parameters to achieve desired property sets for diverse applications.  
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CHAPTER 1 

 

CARBON NANOTUBES, SYNTHESIS, PROPERTIES AND 

APPLICATIONS  

 

1.1 Introduction 

     Carbon nanotubes (CNTs), seamless cylinders of graphene, have been widely studied since their discovery 

in 1991 by Iijima [1]. CNTs have superior mechanical, thermal, electrical and optical properties [2] that make 

them a great candidate for many applications. They are self-assembled hollow tubes featuring a nanometer 

scale diameter and lengths that vary from micrometers to millimeters, offering a high aspect ratio. For 

example, their Young’s Modulus is on the order of 1 TPa [3] while it is sufficiently flexible to be tied into a 

knot [4, 5]. Also, they have outstandingly higher thermal conductivity compared to other conventional 

conductive engineering materials like copper, i.e. 10,000 W/m-K  [6] for CNT (compared to nearly 400 W/m-

K for copper). CNTs have comparable electrical conductivity to metals [7], while offering resistance to 

electromigration at high current [8].  

     Populations of CNTs that self-assemble into vertically oriented films during their synthesis, usually 

normal to the surface of a substrate, are called carbon nanotube (CNT) forests, CNT arrays or CNT turfs. 

However, the engineering properties of CNT forests are often significantly diminished relative to properties 

of isolated CNTs. An SEM image of internal morphology of CNT forests is shown in Figure 1. Although 

there is no comprehensive understanding governing the kinetics of growing and interacting CNTs, there are 

numerous studies and approaches that are conducted to achieve a manufacturing-level control over the 

synthesis, integration and assembly of CNT forests (discussed in more details in the proceeding chapters). 

Nevertheless, scientists believe that the major possible reason for property degradation of CNT forests is the 

structural disorder (as shown in Figure 1a-b) resulting from poor processing control which also leads to 

highly variable properties. Figure 2 represents a typical comparison of individual CNT and CNT forest 
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modulus, stiffness and thermal conductivity with conventional engineering materials. Some orders of 

magnitude of property degradation is obvious by comparing for instance modulus of isolated CNTs with 

diamond, gold and rubber. It is shown that individual CNTs are approximately as stiff as diamond while CNT 

forests are as soft as rubber, a 4-5 orders of magnitude degradation. 

 

Figure 1. SEM image of internal morphology of (a) a relatively straight CNT forest (b) a tortuous and wavy CNT forest 

(c) microscale MEMS architectures consisting of patterned CNT forests [9] (d) a centimeter-scale super tall CNT forest 

[10].  
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Figure 2. A comparison of individual CNT and CNT forest modulus, stiffness and thermal conductivity with 

conventional engineering materials. 

 

1.2 Properties of Carbon Nanotubes 

1.2.1 Mechanical Properties 

    In general, CNTs can sustain large elastic strain [11], high fracture strength [12], and high elastic modulus 

[13], high bending stiffness [14], among others. Iijima et al. [15] showed the excellent flexible properties of 

carbon nanotubes and remarkable resistance to large strains. Chirality (crystal structure) has little influence 

on tensile modulus of SWNT’s [16]. The axis of the nanotube can form along many different directions [i.e., 

chiral vectors (n, m)] in the carbon layer, yielding CNTs with different chirality and diameters. Under large 

deformation CNTs change to different morphological patterns where each shape signifies an instantaneous 

release of energy in the stress/strain curve. The maximum moment that the tube can withhold, or the critical 

kinking moment is calculated by [17, 18]: 

𝑀𝑘𝑖𝑛𝑘 = 0.4683
𝐸𝐷𝑡2

√1 − 𝜈2
 

(1) 

where t is the thickness of the tube and 𝜈 is the Poisson ratio of the tubes’s material (𝜈 = 0.17 for graphite 

[19]). Further, the yield strength of carbon nanotubes depends on its symmetry [20]. 
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     CNTs are among the strongest and stiffest materials yet discovered. Their tensile strength is up to 100 

GPa and elastic modulus is over 1 TPa, for ideal defect-free SWCNTs. Although their radial elasticity is 

relatively low, they are extremely flexible because of their ability to flatten and form a non-circular cross-

sectional shape. Under some conditions (see Eq. (1)), CNTs will spontaneously collapse to a flattened 

structure, for energy minimization, a balance between attractive van der Waals potential and high-curvature 

strain energy. They tend to buckle when placed under compressive, torsional, or bending stress, because of 

their hollow structure and high aspect ratio [21].  

1.2.2 Electrical, Thermal and Optical Properties 

     CNTs offer outstanding electrical conductivity which depends on how the hexagons are oriented along 

the axis of the tube (chirality). For instance, adding only a little amount of CNTs  (~2 wt%) into polymers, 

turn them into conductive composites [22]. Depending on their chirality (see Figure 3), CNTs can be either 

metallic or semiconducting along the axis; armchair (n,n) nanotubes are always metallic, while zigzag (n,0) 

and other (n,m) chiralities are semiconducting [23]. In theory, metallic nanotubes can carry an electric current 

density of 4×109 A/cm2 (3 orders of magnitude more than copper) [24]. Electrons propagate only along the 

CNT axis, so they are commonly called one-dimensional conductors.  

 

Figure 3. Representation of CNT chirality and of carbon nanotubes (a) arm-chair (b) chiral (c) zig-zag [25]. 
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     Furthermore, carbon nanotubes offer interesting optical properties like absorption, photoluminescence. 

Spectroscopic methods offer quick and non-destructive characterization; a quantifiable way of assessing CNT 

quality, assigning chirality and measuring defect density. 

     CNTs have excellent thermal transport properties that arises from strong carbon-carbon chemical bonding 

[26]. Transport of thermal energy through a CNT is dominated by the phonon conduction mechanism 

(principally based on collective vibration of carbon atoms) [6]. High expectations for the thermal 

conductivity of CNTs were originally based on the high in-plane thermal conductivity of graphite and the 

high thermal conductivity of bulk and thin film diamond [27]. The long range crystallinity, long phonon 

mean free path and larger speed of sound of the CNTs lead to the large thermal conductivity [23]. In principle, 

with temperatures increasing from relatively low to around room temperature, phonon conduction varies 

correspondingly from ballistic/ quasiballistic to diffusive behavior.  

1.3 CNT Forest Applications 

     As discussed earlier in the previous section, CNTs have numerous beneficial mechanical, thermal and 

electronic properties that make them desirable robust physical sensors [28-32], thermal interfaces [33-35], 

lithium ion batteries [36-39], electrochemical energy storage [40], space composite structures [41-44], high 

performance composites [45-49], and electrical interfaces and Vertical Interconnect Access (VIAS) [50-52]. 

In addition, CNTs are widely employed in novel applications such as advanced sensors for defect monitoring 

in fiber-reinforced polymer composites [53-56], electrochemical capacitors [57, 58], photodetectors [59], 

thin-film flexible electronics [60-62], transparent conductive membranes [63], bioelectronics [64] and dry 

adhesives [65-68]. In addition, CNTs are employed to reinforce composites [69-73] 

     Rao et. al. [74] presented the recent advances in CNT application as shown in Figure 4a with a focus on 

single-walled CNTs integrated in fibers, membranes, electronics, thermal interfaces and energy storage 

applications. In Figure 4b, the horizontal axis shows the organization of the SWCNTs from a random 

network to highly aligned architectures (vertically aligned, fibers, etc.), while the vertical axis shows the 

degree of diameter/helicity control from mixed to single helicity. Existing and emerging SWCNT 

applications are shown in the square and oval boxes, respectively. 
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Figure 4. (a) Different application of CNTs (b) Structure–property relationship diagram showing the application space 

of SWCNTs with respect to tube diameter/helicity and architecture [74]. 

 

1.4 CNT Forest Synthesis 

     In order to achieve high-performance and application-specific CNT materials, various synthesis 

techniques should be applied to control geometrical structure, chirality, orientation, alignment, density, and 

morphology of CNTs. However, there are three common CNT growth methods including arc-discharge, laser 

ablation, and thermal chemical vapor deposition (CVD). 

1.4.1 Arc-discharge  

     Arc-discharge consists of an apparatus with two graphitic rods under vacuum. First, an ambient gas 

(usually methane that is more effective than inert gases like helium and argon) is introduced to the system 

followed by applying an arc voltage between each graphite rod [75]. When the evaporated anode is absorbed 

onto the cathode, high quality multi-walled CNT (MWCNT) are generated. In order to synthesize single-

walled CNT (SWCNT), graphitic rods that contain metal catalysts such as iron and cobalt can be employed 

as the anode with a graphite cathode. A schematic of arc-discharge method for CNT growth is shown in 

Figure 5a. 
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Figure 5. Schematic of (a) arc-discharge [75] (b) laser-furnace apparatus for CNT growth [76].  

1.4.2 Laser Ablation 

     Laser-furnace vaporization provides a suitable method for CNT synthesis and other fullerenes where a 

laser outside of the furnace, typically introduced from a yttrium aluminum garnet (YAG) crystal, focuses 

onto a target through a window into a quartz tube and onto a target in the center of the furnace. The target 

consisting of a carbon composite doped with catalyst metals is vaporized under argon gas flow forming 

SWCNT [75]. There are numerous advantages of this method like the production of high quality SWCNT 

and CNT diameter control through tuning the catalyst materials, flow rate, and furnace temperature. The 

laser-furnace method is not only important for CNT production but the advancement for other nanomaterials. 

A schematic of laser-furnace apparatus for CNT growth is shown in Figure 5b. 

1.4.3 Chemical Vapor Deposition (CVD) 

     CNT forests are typically synthesized using chemical vapor deposition (CVD) in which transition metal 

catalyst nanoparticles (mainly Fe or Ni) facilitate the catalytic conversion of gas-phase hydrocarbon species 

(such as acetylene or ethylene) into solid CNTs on a metal catalyst that is either already fixed on a substrate 

or simultaneously flowing into the system with the carbon feedstock. The catalyst particle may reside on the 

growth substrate during CNT growth (base growth) [77], or it may reside at the tip of a growing CNT (tip 

growth) [78]. Using conventional CVD processes, CNT forest synthesis is generally observed to follow a 

base-growth mechanism, placing significance on catalyst-substrate interactions throughout the duration of 
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CNT synthesis. Catalyst is usually deposited as a thin film that is later transformed to catalyst nanoparticles 

by an annealing step at high temperatures (600 °C- 950 °C) [79, 80]. 

     CVD provides a better control over various synthesis parameters including hydrocarbon precursor type 

and flow rates, catalyst type and required thicknesses, substrate type, temperature, and pressure. In addition, 

there is a good flexibility choosing the carbon precursor and the catalyst source which can be either solid, 

liquid, or gas, providing versatility in the CNT synthesis. Other underlayers such as alumina or other oxide 

layers are used for thermal CVD to make use of their strong metal-support interaction that allows a high 

density of active catalyst sites and discourages sub-surface catalyst diffusion [81]. Larger clusters of catalyst 

would result in an undesirable graphitic carbon. A schematic of catalyst thin film layer conversion to 

nanoparticles by an annealing step followed by CNT nucleation is shown in  Figure 6a. Catalyst thin film 

deposition is performed by various methods but an Ion Beam Sputtering (IBS) method with a South Bay 

Technology, Inc. system is used in our experimental works as shown in Figure 6b. Also, a CVD furnace 

facilitating fixed- and floating-catalyst CVD growth is displayed in Figure 6c.   

 

Figure 6. Chemical Vapor Deposition (CVD) method to grow CNTs (a) how a thin film of catalyst converted to 

nanoparticles by an annealing step followed by CNT nucleation (b) Ion Beam Sputtering (IBS) performed with a South 

Bay Technology, Inc. (b) a CVD furnace facilitating fixed- and floating-catalyst CVD growth. 

 

1.5 CNT Forest Mechanics 

    The most common CNT synthesis method is chemical vapor deposition (CVD) where a thin film of catalyst 

(for the film-catalyst growth) is converted to nanoparticles through an annealing step. Then, the catalyst 

nanoparticles enable CNTs precipitation from the gas phase precursors. CVD method is already discussed in 
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the previous section. CNT populations grow concurrently from these catalyst nanoparticles at different rates 

angles of orientations and growth rates. Their interaction caused by van der Waals forces drives the vertical 

growth and self-assembly. The inhomogeneous and anisotropic structural morphology of CNT forests is 

shown in Figure 1b. Although several studies investigated the mechanics of CNT synthesis and self-

assembly along with examining the resulting properties, the origin of the structural disorder is not fully 

discovered [82, 83]. However, most researchers rely on post-synthesis characterization or focused on growth 

rate measurements. So, it is essential to conduct emerging and advanced experiments to observe CNT-CNT 

interactions to observe structural morphology evolution in real time and high resolution. Understanding CNT 

forest collective growth mechanism enables adoption of CNTs into their various real-life applications.  

     Accordingly, some researchers carried out in-situ experiments to explore actively growing CNTs and 

forests using different approaches. Bedewy and Hart performed in-situ small angle x-ray scattering (SAXS) 

[83, 84] characterization of the spatially and temporally-varying internal morphology of CNT forests to 

explain the evolution and termination of CNT forests by a collective mechanism. They concluded that forest 

growth consists of four stages: (I) self-organization; (II) steady growth with a constant CNT number density; 

(III) decay with a decreasing number density; and (IV) abrupt self-termination, which is coincident with a 

loss of alignment at the base of the forest. This means that the forest density and growth rates are time-

dependent and changing during the course of growth. They found out that the abrupt termination happens 

due to the loss of self-supporting structure (individual CNTs stop growing due to catalyst deactivation). In-

situ SAXS measurements provided real-time height kinetics, alignment, diameter and density of CNT 

population as a function of time. The mass-based kinetics of a CNT population suggests that growth can be 

defined by the S-shaped Gompertz model, while the forest height and CNT length kinetics are essentially 

linear. Most importantly [82], they point out that the density and alignment of self-organized CNT growth is 

limited by mechanical coupling among CNTs in contact, in combination with their diameter-dependent 

growth rates. This reveals that the mismatch between concurrently growing CNTs,proportional to the 

diameter of individual CNTs (a quadratic function of CNT outer diameter), is the main reason behind 

generated mechanical forces that are exerted on the catalyst nanoparticles. These forces are also time-

dependent (proportional to growth rate mismatch) and not also contribute to self-organization of CNT forests 

but also cause the tortuous and entangled forest morphology. It is proposed that these forces are also diameter 
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dependent. Furthermore, [85, 86] found that structural disorder is a distinct chemical and/or mechanical 

signature of self-terminated CNT forest growth. 

     Findings from discussed studies motivate the attempts to model CNT forest growth based on finite-

element analysis. The experimental observations of CNT forest mechanics during synthesis are implemented 

into a time-resolved and physics-based simulation tool (discussed thoroughly in the proceeding chapter) that 

represents behavior of any individual CNT and resulting CNT-CNT interactions. The main outputs of the 

simulation are the structural morphology image (can be stored at all steps of growth from nucleation to 

termination) and diameter-dependent mechanical forces generated by the interaction of concurrently growing 

CNTs that are imparted to the substrate base. The computational model takes advantage of experimental 

discoveries and is also validated by a commercial finite-element analysis software  

(COMSOL). The same concepts are used to model CNT forest post-synthesis experiments like 

nanoindentation to obtain ensemble properties.  

     Other advanced experimental tools are applied to examine forest kinetics during growth like in-situ optical 

reflectance [86-89] and absorption [90] experiments. However, such experiments can only measure the 

ensemble CNT forest growth rate, while fail to investigate CNT-CNT interactions within growing forests 

due to insufficient resolution. In addition, since CNT measurements are performed by a 10 µm diameter x-

ray beam for SAXS experiments, only collective average measurements (consisting of thousands of CNTs) 

are feasible. Also, it is unable to capture early stages of growth like nanoparticle formation, CNT nucleation 

and early CNT interactions. Moreover, in-situ Transmission Electron Microscopy (TEM) synthesis is 

conducted to provide real-time imagining of the nucleation and growth of individual CNTs [91-97]. Most 

recently, CNT populations are also observed at up to atomic-level resolution [98, 99]. They provide 

interesting results that determines limited CNT interactions (like 2 CNTs mechanical coupling) which is also 

used in our simulation package. While TEM is a powerful analytical and visual technique, previous in-situ 

TEM studies have emphasized CNT catalyst kinetics, with little or no emphasis on CNT interactions within 

a growing forest. So, cutting-edge in-situ SEM experiments are conducted to observe collective growth 

mechanics of concurrently growing CNTs to yield a broader understand of CNT-CNT interactions.  
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1.6 Data- & Artificial Intelligence-Driven Material Research 

     Advanced materials are essential to economic security and human well-being, with applications in many 

industries, yet it can take 20 or more years to move a material after initial discovery to the market. 

Accelerating the pace of discovery and deployment of advanced material systems will therefore be crucial to 

achieving global competitiveness in the 21st century. Rapid advances in computational modeling and data 

exchange and more advanced algorithms for modeling materials behavior facilitates combing innovative 

synthetic, experimental, and computational tools with digital data in an iterative fashion leading to validated 

predicative models that can reliably design next generation of new materials aimed to a wide market adoption 

and use. Data — whether derived from computation or experiment — are the basis of the information that 

drives the materials development continuum. Data inform and verify the computational models that will 

streamline the development process. machine learning is any approach that achieves artificial intelligence 

through systems that can learn from experience to find patterns in a set of data. In other words, ML involves 

the computer learning to recognize patterns (by supervised or unsupervised methods), rather than 

programming the computer with specific rules. In materials research, the goal is to have the computer help 

the researcher work usefully with data, and to do so either more quickly or more effectively, complementing 

more traditional approaches.  

     Machine learning methods, especially using deep learning architectures, require large amount of labeled 

training data. Unfortunately, the amount of available experimental data of emerging materials’ growth is not 

sufficient to be used as labeled data for training the machine learning model due to the vast range of synthesis 

conditions, growth recipes and resultant morphologies reported in literature. Experimental results are usually 

noisy, expensive and time consuming, while the advanced material attributes are poorly characterized and 

time variant. Also, it is difficult and expensive to acquire enough data through the physical in-situ approaches. 

Therefore, the physics-based simulation of advanced materials (CNT forests in our research) may present a 

reliable and powerful tool for training ML models in the absence of suitable experimental data. 

     Hence in the current work, we propose using finite element simulation data for the initial boot strapping 

of the deep architecture weights along with generative adversarial networks. Traditional machine learning 

and advanced deep neural networks are employed to develop a model that contained physics-based 
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parameters, with which we are able to predict CNT forests mechanical, thermal and electrical properties with 

a remarkable precisions and accuracies. Predicting the combination of processing parameters required to 

grow application-tailored CNT forests would represent a significant advance that could enable new CNT 

forest-based applications that fully exploit the beneficial properties of individual CNTs. 

     This model is intended to become part of an active learning, closed-loop system that employs multiple 

sources of information including SEM CNT imagery, finite element simulation predictions, physical 

measurements and a knowledgebase of previous experimental results or mined from the literature. Such a 

system will broaden our theoretical understanding of CNT materials and provide a robust, deterministic 

methodology for discover materials with prescribed property sets for specific engineering applications. This 

work represents a substantial step towards fabricating materials by design. 
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CHAPTER 2 

 

PHYSICS BASED AND TIME-RESOLVED SIMULATION OF 

CARBON NANOTUBE FORESTS: SYNTHESIS AND 

CHARACTERIZATION 

 

2.1 Introduction 

While the mechanical, thermal, and electrical properties of CNT forests may exceed traditional 

engineering materials, their properties are significantly degraded based on a volumetric scaling of individual 

CNT properties [9, 29, 33, 100-104]. The attributes of individual CNTs within a forest, such as diameter, 

growth rate, stiffness, and areal density, are distributed, and functional relationships between these attributes 

and CNT forest morphology are not fully understood. The distributed nature of these attributes creates strong 

heterogeneity within the forest, the physical effects of which remain poorly understood. Nevertheless, it is 

generally accepted that the wavy structural morphology of CNTs within forests formed during the self-

assembly process [84] have deleterious effects on ensemble properties [82-86, 104], and efforts to understand 

and control forest morphology could lead to increased forest performance relative to mechanical, thermal, 

and electrical properties. The chemical vapor deposition (CVD) synthesis of CNT forests typically proceeds 

from the base-growth mechanism in which catalyst nanoparticles support CNT formation while residing on 

a rigid substrate throughout the duration of growth. As a result, the forces generated by CNT forest self-

assembly are transmitted directly to the catalyst particles. The magnitude of these forces as a function of 

CNT population attributes and their impact to the self-assembly process has yet to be thoroughly examined. 

Mechanical interactions between growing CNTs in contact lead to crowding and a general vertical 

orientation of CNTs, normal to the growth substrate. When in close proximity, neighboring CNTs are 

attracted to each other and are held in contact by short-range van der Waals forces. The contacts provide 

mechanical resistance to free motion of CNTs. Because CNTs in contact may be growing at drastically 

different rates and may provide different effective stiffness in response to deformation, force is generated 
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between contacting CNT pairs. The forces are transmitted through the CNT and are of sufficient magnitude 

to deform CNTs, leading to the typical tortuous CNT morphological appearance observed in experiments. 

The tortuous CNTs are intermixed with vertically oriented CNTs, suggesting mechanical competition during 

the growth process. Differences in interaction during growth can lead to drastically different CNT alignment 

and tortuosity, even within the height of a single CNT forest. An example of relatively straight CNT 

morphology is compared to a more tortuous morphology in Figure 7.  

 

Figure 7. SEM micrographs of two different CNT forests that feature (a) a morphology that is well aligned 

and (b) a morphology that is highly tortuous and wavy in nature [105].  

A lack of a detailed understanding governing the kinetics of growing and interacting CNTs hinders the 

ability of researchers to control the ensemble properties of CNT forests. The mechanical coupling among 

CNTs during forest growth undoubtedly plays an important role on CNT forest collective growth and self-

assembly [82]. The complexity of the coupling is made more difficult by the distributed nature of CNT 

physical attributes. Fundamental kinetics studies using small angle x-ray scattering (SAXS) have revealed 

that the areal density, alignment, and diameter distribution of CNT forests evolve with time and that CNT 

forest growth termination is often abrupt [84-86, 106].  Recently, an external compressive force applied to 

the top surface of CNT forests was shown to decrease the ensemble forest growth rate, indicating that CNT 

growth kinetics are directly influenced by even relatively small external forces [107]. The forces generated 

by forest self-assembly and transmitted to CNT catalyst particles are expected to exceed those applied in the 

experiment while also manifesting as both tensile and compressive orientations. By extension, it may be 

assumed that the mechanical forces generated during self-assembly similarly modulate the growth rate of 
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individual CNTs during their growth and may contribute to the abrupt growth termination of CNT forests 

[82, 83, 85, 107]. Measuring the evolution of forces within a forest at the level of individual CNTs is currently 

inaccessible by experimental techniques and requires a simulation capable of modeling both the self-

assembly process of interacting CNTs and the mechanical response resulting from these interactions. 

According to Puretzky et al. [88], CNT growth rates are non-linearly correlated to CNT diameter due the 

catalyst kinetics. Bedewy and Hart [82] utilized a two-CNT micro-mechanical unit cell to show that 

mechanical coupling among CNTs growing in contact may also present a significant limitation to the density 

and quality of CNTs in a forest. As numerous CNTs grow to form an increasingly more complicated and 

interactive network, the mechanical interactions within CNT forests become significantly more complex, and 

more resolved simulation techniques are required. 

The mechanical modeling of CNT forests is challenging because of the complex structural morphology 

and the interconnectivity of CNTs within a forest. Previous studies investigating the mechanics of CNT 

forests have employed simplified forest geometries such as an isotropic continuum [108], array of interacting 

beam segments [82], distinct unit cells of oriented beams [100, 109], perfectly vertical and non-contacting 

beams [101, 110], or energy relaxation-based methods that populate CNTs in a volume and allow them to 

interact freely via van der Waals forces [111]. These modeling approaches are sufficient for approximating 

the mechanical response of CNT forests. However, they cannot capture the complex mechanics of forest self-

assembly or the resultant forces transmitted to catalyst nanoparticles. A typical 2D and 3D simulated CNT 

forest morphology is shown in Figure 8. 
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Figure 8. A typical simulated morphology of CNT forest obtained from the finite element simulation in (a) 2D (b) 3D 

Here, we report a time-resolved mechanical finite element simulation of growing and interacting CNTs 

that readily facilitates the computation of distributed CNT forces as a function of CNT attributes [10]. The 

length of individual CNTs is sub-divided into discrete and interconnected “frame” elements, with nodes 

positioned on the end points of the element. Each nodal point supports bending, axial load, and transverse 

load (3 mechanical degrees of freedom per node). CNT-CNT van der Waals interactions are simulated as 

truss elements that resist relative motion between CNTs in contact. The growth of CNTs is accomplished by 

adding new elements to the base of each CNT at discrete time steps, approximating the base-growth 

mechanism that is frequently observed for CNT forests. First, the simulation construct is described for the 

growth and synthesis of CNT forests, followed by post-synthesis simulation models, namely compression 

and tension that resembles mechanical material characterization methods like nanoindentation [10, 112, 113]. 

Such simulations can yield mechanical, electrical and thermal properties of CNT forests.   

     Achieving a desired property set from CNT forests is currently an unfulfilled challenge. Most CNT 

synthesis recipes rely on previously successful results rather than a fundamental understanding of CNT forest 

kinetics and the assembly process. The CNT forest processing parameter space includes numerous variables. 

An experimental exploration of the full synthesis parameter space is both cost and time prohibitive. 

Numerical simulation of CNT forests synthesis and self-assembly is an alternative approach that may increase 

the speed and diversity of synthesis parameters examined. Such simulations can predict both the CNT forest 
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structural morphology and the resulting CNT forest properties. By systematically varying CNT synthesis 

parameters, one may arrive at a set of conditions that product the desired CNT forest performance metrics 

such as mechanical stiffness and thermal conductivity. These desired performance metrics are intricately 

related to the structural morphology of the CNT forest itself, although the functional relationships between 

CNT forest structural morphology and CNT forest properties are currently not well understood. 

In the results section, after validating the simulation with two-CNT mechanics, a series of CNT forest 

growth simulations were examined using increasingly complex kinetics and parametric assumptions, with 

emphasis placed on the force and stress transmitted to the base of each CNT, corresponding to the location 

of active catalyst nanoparticles [105, 114]. CNT forests with homogeneous diameters were simulated to 

determine the scaling relationship between transmitted forces and CNT diameter. Next, forests with 

heterogeneous CNT diameters were examined using diameter-independent growth rates compared to a 

diameter-dependent growth rate [88]. Mechanical strain imparted to the CNT catalysts was allowed to alter 

the growth rate of CNTs using an Arrhenius-type relationship in which compressive forces decrease CNT 

growth rate and tensile forces increase CNT growth rates. The observed scaling laws and mechanochemical 

coupling observations may be used to understand and control CNT morphology for improved CNT forest 

properties. Also, the mechanical behavior of single and multiple-generation CNT forests as well as the 

delamination mechanics of carbon nanotube micropillars is investigated using the compression and tension 

simulation package.  

 

2.2 Simulation Modeling Procedure  

2.2.1 Growth 

    The simulation considers the concurrent growth and self-assembly of CNT populations by evaluated 

mechanical equilibrium of finite frame elements at discrete time increments [10].  Each simulated CNT, 

comprised of numerous elements connected end-to-end, underwent base growth at discrete time increments. 

Interactions and bonding between neighboring CNTs were approximated by a linearized van der Waals 

potential. Each element node supported three mechanical degrees of freedom representing axial, transverse, 

and angular deformation. The CNT attributes of inner and outer diameter, modulus, orientation angle, and 
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initial growth rate were assigned to each CNT stochastically at the beginning of the simulation based on user-

defined distributions. The simulation does not consider structural imperfections of CNT walls or transient 

catalyst mass loss via Ostwald ripening or subsurface diffusion during growth [81, 115].  

     The CNT population growth sequence began with the nucleation of CNTs on a planar substrate. The global 

stiffness matrix of the CNT population, relating CNT deformation to nodal forces, was determined by 

assembling and rotating the local stiffness matrix of each constituent element into a global coordinate system. 

A representative stiffness matrix of a typical plane frame element is shown in Figure 9. Each CNT within a 

growing CNT forest was modeled as a finite frame element. Because each node contributed three mechanical 

degrees of freedom, each element represented a 6×6 matrix, k, within the global stiffness matrix.  

 

Figure 9. Stiffness matrix of a plane frame element [105]. 

where, E is the elastic modulus of the element, A is the cross-sectional area of the element, L is the length of 

the element, and I is the second moment of inertial of the element. The stiffness matrix of each element is 

rotated to a global coordinate system and compiled into a global stiffness matrix that represents each element 

of the CNT forest. Additional details may be found in [10]. 

     A schematic of a typical frame element assembly used to model CNT forest growth over different growth 

time steps is shown in Figure 10, showing the base growth mechanism. The growth of each CNT is achieved 

at the beginning of each discrete time step, as depicted in Figure 10. Mechanical equilibrium is computed 

at each node for each time step, based upon interactions of adjacent CNTs and the global stiffness matrix of 

the system. As CNTs lengthen with time, they encounter neighboring CNTs and form van der Waals bonds, 

represented as linear spring elements. The van der Waals bonds persist, causing contacting CNTs to deform 

in response to disparate CNT growth rates.  
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Figure 10. The schematic of a typical frame element employed to model carbon nanotube forest growth. (a) The 

nucleation of CNT forest with five nanotubes where each nanotube is assigned user-defined growth rates, angle of 

orientation, inner and outer diameter, etc. (b) The lengthening of bottom most elements representing a bottom growth 

mechanism. Each nanotube is stretched twice the length of bottom-most element along the same angle of orientation 

[105]. 

Van der Waals interactions between adjacent nodes were found by evaluating the relative pair-wise 

distance between all nodes in the system. Nodes within a predefined gap of 50 nm or less (measured between 

the central axis of two CNTs), were assumed to experience a van der Waals attraction. To model van der 

Waals potential, a linear-elastic bar element was introduced between the nodes in contact. The van der Waals 

stiffness elements between contacting nodes were then added to the global stiffness matrix. 

To facilitate the growth of each CNT in the population, the bottom-most node of each CNT was displaced 

by a magnitude representing the growth rate and orientation angle of the CNT. The displacements of all other 

nodes in the system due to the stretching of the bottom-most elements was computed using the updated 

Lagrangian modeling approach whereby 

{𝑅}𝑡 − {𝐹}𝑡−1 = [𝐾]𝑡{𝑈}𝑡 (2) 

where F is a vector of internal forces, R is a vector of external forces, K is the global stiffness matrix, U is 

the nodal displacement matrix, and the subscript t represents the current time step. After determining nodal 

displacements for a given time step, the nodal positions were then updated by adding the computed 

displacements to the previous position of each node. A new time step began by updating the global stiffness 
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matrix based on the updated nodal positions and CNT-CNT contacts, and the process repeated for a user-

defined number of time steps.   

Because contacting CNTs were growing at mismatched rates and angles, reaction forces were generated 

by CNTs in contact. The forces were presumed to be insufficient for CNT contacts to slide or break [9, 82]. 

The reaction forces may be evaluated for each node in the simulated CNT forest by multiplying the local 

stiffness matrix and the appropriate nodal deformation, given by: 

{𝐹} = [𝑘][𝑟]{𝑈} (3) 

where F denotes a force vector, k is the local stiffness matrix of the element, r is a rotation matrix to transform 

global coordinates into local coordinates, and U is the displacement vector expressed in global coordinates. 

If desired, the local forces may also be translated into the global coordinate system using the appropriate 

rotation matrix. 

2.2.2 Compression 

CNT forests are compressed using another simulation model to obtain the force necessary to buckle CNT 

forests. Compression of forests was simulated by a vertically translating and rigid platen that contacts the top 

surface of the forests. After the compressive load was applied to the top surface of forest, similar finite-

element analysis concepts are used to solve for displacement and forces.  The compression is applied by a 

constant platen translation per compression step and normal to the forest while the substrate is conceived as 

a rigid body. The reaction forces are calculated at each node in contact with the moving platen and summed 

up to obtain the compression force. The force applied to the top surface was identical to the force transmitted 

to the growth surface. The compression simulation is discussed in detail in [10]. The compression simulation 

resembles a nanoindentation experimentation where the compressive behavior of the CNT forests was 

examined using an Agilent G200 nanoindenter. The indentation technique employed multiple loading and 

unloading cycles, each at progressively increasing loads. A maximum load is selected to ensure that 

compression of the forests exceeded the linear elastic and plateau regions of the force-displacement response. 

The compression simulation may be employed to obtain CNT forest mechanical properties like stiffness and 

buckling load, thermal and electrical conductivity (electrical resistance).  
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2.2.3 Tension  

     To better understand how the non-uniform load sharing and complex CNT forest morphology influence 

the experimentally measured delamination force of a CNT forest pillar, a similar construct to growth and 

compression finite element simulation is used representing a tension experiment. Here, CNT forest 

delamination stress is defined as the force required to remove a monolithic forest structure from the growth 

substrate divided by its apparent cross-sectional area, while CNT adhesion strength is defined as the stress 

required to remove a single CNT from the growth substrate. Uniaxial tension tests were conducted by 

attaching a micro-scale probe to CNT forest micropillars using an epoxy interface as discussed in details in 

[112]. Briefly, uniaxial tensile displacement was applied to the top surface of CNT forests pillars by moving 

the sample stage away from the sapphire tip using the piezoelectric stage motor (see Figure 27).  

 

2.3 Results and discussions 

The time-resolved simulation enables the evaluation of a wide range of CNT attributes and their influence 

on the forces exerted during forest assembly. The development of the model framework has been reported 

elsewhere [10, 105, 112, 114]. Prior to using the simulation to model large CNT populations, the forces 

generated by the finite element model were investigated using a simplified system comprised of two CNTs. 

Two continuously growing and interacting CNTs were next simulated to investigate the behavior and 

magnitude of forces transmitted to the base of the CNT, where the catalyst particle is assumed to reside.  

2.3.1 Model validation for a two-CNT growth 

Model validation utilized a cantilever beam subjected to prescribed loads such that all degrees of freedom 

were interrogated. In all cases, a 1 µm long cylindrical beam with a Young’s Modulus of 1 TPa, outer 

diameter of 20 nm, and inner diameter of 14 nm served as the physical CNT parameters. The simulated loads 

and deflections agreed with analytical results, suggesting that the foundational stiffness matrix and solver of 

the CNT forest simulation is valid.  

The time-resolved interactions between two concurrently growing CNTs (20 nm O.D. and 14 nm I.D.) 

were then simulated to establish baseline reaction forces generated by isolated two-CNT interactions. A 
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vertically oriented CNT grew at a rate of 50 nm per time step while an angled CNT originating 100 nm away 

from the vertical CNT grew at 60 nm per time step, resulting in a growth rate mismatch of 10 nm per time 

step between the pair. The angled CNT was oriented such that CNT-CNT contact occurred at a height of 1.25 

µm from the growth substrate. Emphasis was placed on evaluating the axial force transmitted to the base of 

each CNT, as this force represented the mechanical load transmitted to catalyst particles, as examined in 

greater detail later. Each CNT initially grew unconstrained in a straight line at a prescribed angle and rate. 

Upon contact with a neighboring CNT, the CNTs were locally bonded by van der Waals interactions. The 

CNT pair then bent away from the faster growing CNT with increased interaction time. The axial force 

imparted to the base of each CNT spiked upon the establishment of the CNT-CNT contact. The time-resolved 

CNT morphology and axial force measured at the base of each CNT are shown in Figure 11.  

This simulation setup is similar to experimental findings from recent E-TEM results [116] in which 

mechanically coupling between CNTs growing at different rates is observed. The magnitude of the axial 

force generally diminished as the CNTs lengthened with time. For the simulated conditions, the maximum 

magnitude of force was approximately 3-4 nN, corresponding to an axial stress of 19-25 MPa. The slower-

growing CNT was pulled upward by the faster growing CNT, imparting tensile loading, denoted by a positive 

force magnitude. Conversely, the faster growing CNT was impeded by the slower growing CNT, imparting 

compressive (negative magnitude) loading at its base. The magnitude of axial force reduced as the CNTs 

continued to lengthen. Such behavior is analogous to the force required to deflect a lengthening cantilever 

beam, whereby force is inversely proportional to the third power of beam length. Note that the magnitude of 

axial force expressed in Figure 11 are not equal in magnitude and opposite in sign because the force vectors 

are aligned with the local growth axis of each individual CNT. In global coordinates, the forces are balanced 

at all times.  
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Figure 11. Time-resolved axial forces transmitted to the base of CNTs. (a) A schematic depicting the direction of forces 

transmitted to the catalyst particle residing on a rigid substrate. (b) Time-resolved force evolution for two CNTs growing 

at 50 and 60 nm/step. (c)The morphology of 2 interacting CNTs shown at 24 (first contact), 75 and 108 time steps [114]. 

     Note that the forces observed between the 2-CNT interactions are validated using a static simulation with 

both COMSOL Multiphysics finite element software and the current CNT simulation solver, as shown in 

Figure 12 and Table 1 [114, 117]. The validation consisted of two simulated CNTs in contact. The two 

CNTs include the segment consisting of nodes 1 and 2 and the segment formed by nodes 2 and 3 shown in 

Fig. S3. The two CNTs were connected at node 2.  Node 3 was displaced 10 nm upward, in the direction of 

node 2.  Each element has an O.D. of the element of 20 nm, with an I.D. of 14 nm. The COMSOL simulations 

results were then compared to those produced from a similar simulation run using the CNT finite element 

code used to investigate the time-resolved CNT forest forces. The COMSOL simulation setup and results 

may be seen in Figure 12. The resulting reaction forces at node 1 and 3 may be found in Table 1. All forces 

at node 2 were zero. Note that the COMSOL simulation agrees with the CNT finite element simulation with 

significantly less than 1% error. 
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Figure 12. The 2-CNT simulation model in COMSOL. (a) Element nodes, including nodes of interest: 1, 2, and 3. (b) 

The axial force, F_y, (c) shear force, F_x, and (d)  moment, M resulting from 10 nm displacement applied at node 3 

[114]. 

 

Table 1. Results of Model Validation with COMSOL [114]. 

 

 

2.3.2 Time-resolved forces within a growing CNT forest 

Larger CNT populations were next examined, with emphasis again placed on axial forces transmitted to 

the catalyst particles. Populations of 100 CNTs were grown on a 10 µm simulation domain (10 CNT/µm) for 

a duration of 200 time steps. CNT growth rates were assigned stochastically based on a Gaussian probability 

density function. The average CNT growth rate was 50 nm/step with a standard deviation of 5 nm/step. For 

initial simulations, CNT populations were assigned a uniform outer diameter, with inner diameters equal to 

70% of the outer diameters. The growth angles of the CNTs were distributed with a 5o standard deviation 

COMSOL CNT Model Difference (%)

Point 1: Fx (nN) 0.492 0.491 -0.3356

Point 3: Fx (nN) -0.49 -0.491 -0.3356

Point 1: Fy (nN) -4.509 -4.509 0.0000

Point 3: Fy (nN) 4.503 4.509 0.1300

Point 1: Moment (nN-mm) -0.592 -0.591 -0.1118

Point 3: Moment (nN-mm) -0.534 -0.536 0.3979
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from the substrate normal. The mechanical force transmitted to the base of each CNT was recorded at each 

time step.  

Figure 13 displays the final morphology and the time-resolved axial forces transmitted to the substrate 

by the slowest and fastest-growing CNT within a forest consisting of 10 nm outer diameter CNTs. Note that 

the blue CNT in Figure 13a represents the slowest growing CNT in the forest, while the red CNT represents 

the fastest growing CNT. As anticipated, the slowest-growing CNT in the forest is oriented vertically in 

tension, while the fastest-growing CNT demonstrates significant waviness and is bound between its two 

neighboring CNTs. The slowest-growing CNT does not have the back-and-forth waviness of the fastest 

growing CNT, but it is laterally deflected by contact with neighboring CNTs. The forces transmitted to the 

base of the slowest and fastest CNT within a growing population are displayed in Figure 13b. Note that the 

force magnitude range experienced by the two CNTs is similar, though each have an opposite sign 

convention. The slowest-growing CNT is in tension at its base, while the fastest growing CNT transmits a 

force in compression. Each spike in force represents establishment of a new CNT-CNT connection. Note that 

the fastest-growing CNT experienced a greater quantity of force spikes than the slowest-growing CNT, as it 

more frequently contacts its neighboring CNTs. Furthermore, the slowest-growing CNT was in a constant 

state of non-zero tension after the initiation of contact while the fastest-growing CNT relaxes to a nearly 

neutral axial force between establishment of new contacts. 
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Figure 13. (a) The final CNT morphology and (b) time-resolved axial force of the fastest- and slowest-growing CNTs 

exerted to the substrate in a 100 CNT forest. The morphology of fastest-growing (red) CNT in the forest undergoes a 

highly tortuous path, while the slowest-growing (blue) CNT is pulled in tension. All CNTs in the forest were assigned 

10 nm outer diameter. The standard deviation of population growth rate was 5 nm per time step with a mean growth rate 

of 50 nm per time step [114]. 

2.3.3 The effect of CNT diameter  

The force transmitted to the substrate was recorded for all CNTs within the population for all time steps, 

facilitating an evaluation of axial force as a function of each individual CNT’s growth rate. A total of 10 

distinct CNT forests were simulated using the same probability distribution functions for growth rate and 

orientation angle, and the same physical CNT parameters. CNT forests consisting of uniform CNT outer 

diameters of 5, 10, 20 and 40 nm were simulated for direct comparison of axial forces as a function of CNT 

diameter. The inner diameters were 70% of the outer diameter for all cases. Note that the 10 simulations 

performed for 5, 10, 20, and 40 nm diameter CNTs shared otherwise identical parameters, including growth 

rate and orientation assignments. 

As observed in Figure 13, the force transmitted to the base of each CNT varied greatly with time as the 

self-assembly of CNT forests proceeded and new CNT-CNT contacts were established. To examine the effect 

of diameter to the magnitude of forces transmitted to the catalyst particles, the time-averaged axial force for 

each CNT was computed after the first 50 simulation time steps. Within this sampling period, all CNTs have 

established contact with neighboring CNTs, ensuring that zero-force entries prior to CNT-CNT contact were 

not considered within the force average. The time-averaged axial force for each CNT and for all 10 

simulations was plotted as a function of CNT growth rate in Figure 14a-d. The minimum and maximum 
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growth rate ranged from 23 to 79 nm/step. A strong negative correlation between CNT growth rate and time-

averaged axial force was observed, with approximately zero average load observed at the population average 

growth rate of 50 nm per time step. Note that the time-averaged forces were examined for simulation 

durations of up to 500 steps (see Figure 16), with little change in the average force values; therefore, the 

results presented in Figure 14 are independent of the time window over which the forces were averaged. 

This is discussed in more detail in the next section. 

 

Figure 14. The time-averaged axial force transmitted to the base of growing CNTs as a function of the CNT growth rate 

and diameter. The average axial force transmitted to the CNT base as a function of CNT growth rate for populations with 

a homogeneous outer diameter of (a) 5 nm, (b) 10 nm, (c) 20 nm, and (d) 40 nm. (e) The average axial force magnitude 

scales approximately as CNT outer diameter to the forth power [114]. 

The magnitude of force generated within the CNT forests varied strongly with CNT diameter. The time-

averaged force magnitude of data plotted in Figure 14a-d was obtained for all forests of uniform diameter 

ranging from 5 – 40 nm. The resulting time-averaged force magnitude (absolute value) resulting from all 

simulations of like diameter is shown in Figure 14e. CNT forests consisting of 5 nm OD CNTs produced 

an average force magnitude of approximately 0.25 nN, while 40 nm OD CNT forests generated average force 

magnitude of approximately 245 nN. The average force magnitude scales approximately as the CNT forth 

power of diameter, as shown by the log-plot in Figure 14e. This scaling trend suggests that the tensile force 

experienced by slower-growing CNTs is generated by the bending stiffness of the faster-growing CNT 

population. In particular, the bending stiffness may be represented as: 
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𝐸𝐼 =
𝜋𝐸

64
(𝑑𝑜

4 − 𝑑𝑖
4) 

(4) 

where E is the Young’s modulus, I is the second area moment of inertia, and do and di represent the outer and 

inner CNT diameter, respectively. 

2.3.4 Grid Independence 

The grid size of the simulation, represented as growth rate in the current model, was varied from a 

population average of 30 nm/step to 80 nm/step to test for independence of results. The growth rate standard 

deviation is scaled relative to the population average growth rate, and is equal to 5% of the average growth 

rate for all simulations. Results shown in Error! Reference source not found. demonstrate that the 

magnitude of forces and the relationship between growth rate and average force are retained for all tested 

values of average growth rate. A value of 50 nm/step was selected as a default value for simulations, as it is 

slightly larger than the nodal distance at which van der Waals forces are active. 

 

Figure 15. The mesh-size independence tests of time-averaged axial force transmitted to catalyst particles versus average 

growth rates of 30-80 nm/step shown as (a) jitter plot (b) box plot (c) versus growth rates [114].  
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2.3.5 Time Independence of Average Axial Force 

     The reaction forces generated within a growing CNT forest are transient in response to the formation and 

evolution of CNT-CNT van der Waals bonds. The time-averaged forces were examined at 200, 300, 400, and 

500 time steps for a given forest to examine the magnitude of variability with time. The average axial force 

vs. growth rate is shown in Figure 16a and shows that minimal variation exists within these sampling 

intervals. As further evidence, the cumulative probability for these same sampling intervals is shown in 

Figure 16b. Again, negligible variation between the sampling intervals is observed. 

 
Figure 16. The time-averaged axial force transmitted to catalyst particles as a function of CNT outer diameter versus (a) 

growth rate (b) cumulative probability, at time steps 200, 300, 400 and 500 [114]. 

2.3.6 Heterogeneous CNT diameter  

    While CNT diameter greatly influences the magnitude of forces generated in CNT forests comprised of 

uniform diameter CNTs, the CNT diameters in actual CNT forests are heterogeneous rather than single-

valued [83, 84]. To incorporate this natural diameter variation, a Gaussian distribution of CNT outer 

diameters in the range of 4-16 nm [84] were introduced into simulations, with a mean value of 10 nm. The 

relationship between CNT diameter and CNT growth rate is uncertain for CNT forests. Puretzky et al. [88] 

suggested that the reaction kinetics of CNT catalyst particles is diameter dependent, whereby larger-diameter 

CNTs grow more quickly than smaller-diameter CNTs. This kinetic model is incorporated into the current 

simulations using a quadratic function, similar to recent work [82]  

Growth Rate = 𝑓(0.11𝑑2 − 0.02𝑑 + 0.36) (5) 

where d is outer diameter of each CNT and f is a scaling function. Note that the growth rate increases 

nonlinearly with diameter in this model. On the other hand, in-situ CNT synthesis observations of Yoshida 
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et al. [92] indicate that growth rate is diameter-independent. Because of the uncertainty between CNT 

diameter and growth rate, two distinct CNT forests were simulated with exactly same inputs except for the 

relationship between CNT outer diameter and growth rate, i.e. diameter-dependent and diameter-independent 

growth rates. 

 

Figure 17. Final CNT morphology of a typical 500-CNT forest featuring (a) diameter-dependent growth rates, and (b) 

randomly distributed, diameter-independent, growth rates after 2,000 time steps [114]. 

      Introducing heterogeneous CNT diameters into a simulation is expected to alter the magnitude and 

distribution of forces transmitted to the base of the CNTs. Two sets of simulations were executed using two 

different assumptions about how CNT growth rate was influenced by CNT diameter. Diameter-dependent 

growth rates were directly calculated using Eq. (5). Diameter-independent growth rates used the same set of 

growth rates as the diameter-dependent growth; however, the diameters and growth rates were randomly 

paired with no correlation. The typical growth rates for CNT outer diameters between 4-16 ranged from 

approximately 10-90 nm/step, with an average growth rate of approximately 37 nm/step. The resulting CNT 

morphologies were similar after 2,000 growth steps, as shown in Figure 17. Histograms of the diameter 

distribution and growth rate and a plot showing the growth rate as a function of CNT outer diameter may be 

found in Figure 18. Similar simulations were then executed in which all parameters were identical except 

for the assignment of growth rate. In these diameter-independent growth rate simulations, the same growth 

rates used in the diameter-dependent growth rates were then randomly assigned to the CNTs in the forest, 
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regardless of their diameter. In this way the simulations were identical in all ways except for the relationship 

in which growth rates were assigned to CNT diameters. The simulations were run for 250 time steps on a 50 

μm wide domain using 500 CNTs. 100 simulation of each type were performed, with the axial forces 

transmitted to the catalyst particles recorded and averages from time steps 50-250. The axial forces were also 

converted to stress to more readily account for the variations in diameter. 

 

Figure 18. (a) Histogram of the diameter distribution and (b) growth rate as a function of CNT outer diameter 

corresponding to Eq. (5) [114]. 

Figure 19 displays the average axial force and axial stress as a function of both outer diameter and 

growth rate. Figure 19a shows that the average forces ranged from almost 120 nN to -235 nN for the 

diameter-dependent growth rate and from approximately 320 nN to -160 nN for diameter-independent growth 

rate forest. Forces as a function of diameter followed a nonlinear trend for the diameter-dependent rates with 

a sign change from positive (tensile) to negative (compressive) forces near the average diameter of 10 nm. 

CNTs with diameters smaller than ensemble average diameter represent CNTs growing at a rate less than the 

average growth rate. These small-diameter CNTs experienced tensile forces generated by interactions with 

faster-growing and larger-diameter CNTs. The larger-diameter (faster-growing) CNTs experienced 

compressive forces at their base for the same reason. Conversely, in simulations where CNT growth rate and 

diameter were uncoupled, seemingly no correlation between diameter and the directionality of force was 
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exhibited. Rather, the envelope representing the time-averaged force magnitude increased, both in 

compression and tension, as a function of increasing diameter.  

 

Figure 19. The time-averaged axial forces transmitted to the base of CNTs for CNT forests grown using diameter-

dependent and diameter-independent growth rates as a function of (a) CNT outer diameter (b) CNT growth rates. The 

time-averaged axial stress transmitted to the base of CNT forest for diameter-dependent and diameter-independent growth 

rates plotted as a function of (c) CNT outer diameter and (d) CNT growth rates. The data was obtained from 100 distinct 

simulations of each type [114]. 

 When these same average forces were examined versus CNT growth rate, as displayed in Figure 19b, 

a negative correlation between force and growth rate was observed for both sets of data. Neutral loading was 

observed for both sets of data near the population averaged growth rate of 37 nm/step. Recall that the 

diameter-dependent model correlates a high growth rate with large-diameter CNTs. As a result, the fastest-

growing CNTs also exhibit the greatest bending stiffness (Eq. (4)) and generate the largest (compressive) 

loads in the diameter-dependent growth rate model. This trend is collaborated in both Figure 19a and 

Figure 19b. With a diameter-independent growth rate, small-diameter CNTs may grow rapidly, generating 

smaller compressive loads because of a much-decreased bending stiffness. In addition, the diameter-

dependent growth rate model dictates that the slowest-growing CNTs in a population have the smallest 
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diameter. The diameter-independent growth rate permits large-diameter CNTs to grow slowly. The increased 

tensile stiffness offered by an increased cross-sectional area decreases the tensile deformation of slow-

growing CNTs while simultaneously increasing the bending deformation of contacting CNTs. The net result 

of such an interaction is an increased tensile loading of slow-growing CNTs for the diameter-independent 

growth rate when compared to the diameter-dependent growth rate. This trend is confirmed in Figure 19b, 

where the slowest-growing CNTs exhibit a load of up to 300 nN in tension. 

Normalizing the axial load by the cross-sectional area of the CNT converts force to axial stress, which 

is a more direct representation of energy density transmitted to a catalyst particle. The time-averaged axial 

stress for the diameter-intendent and diameter-dependent growth rate distributions as a function of CNT outer 

diameter is shown in Figure 19c. For the parameters used in these simulations, the time-averaged stress 

transmitted to the catalysts ranged from -3.2 GPa to 9.5 GPa, with a majority of data residing closer to neutral 

stress. Interestingly, these stress values are greater than the yield strength for iron and high-strength steels, 

indicating that the observed stress may be sufficient to plastically deform a catalyst particle and modulate the 

catalytic activity. The highest tensile stress was generated in the smallest-diameter CNTs in the diameter-

dependent growth rate model, as these CNTs represent the slowest-growing CNTs in the population. 

Interestingly, the largest magnitude of tensile and compressive stress in the diameter-independent growth 

rate model was near the mean diameter of 10 nm. We believe that this trend arises because of the Gaussian 

distribution of CNT diameters in which a large fraction of CNTs in the population resided near the average 

diameter. This trend was confirmed when the average stress is plotted as a function of CNT growth rate, as 

shown in Figure 19d. Remarkably, the average axial stress as a function of CNT growth rate overlap for 

the diameter-dependent and independent growths. The overlap in results indicates that the mechanical stress 

transmitted from the assembling CNT forest to the catalyst particles is most strongly related to the growth 

rate of the individual CNT and is insensitive to the relationship between CNT diameter and growth rate. This 

overlap may be an artifact resulting from the quadratic nature of the diameter-dependent growth rates shown 

by Eq. (5). The time-averaged axial forces are divided by cross-sectional area to obtain time-averaged axial 

stresses. Division by the area, which also scales with the second power of diameter, may be responsible for 

the overlap in data. Recall that the same CNT diameters and growth rates were used for each simulation type 

- only the method of assigning growth rates to CNTs of different diameters differed. After many stochastic 
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growth runs, the mechanical strain energy produced by the two growth rate models generated, on average, 

similar values. The results in Figure 19d indicate that CNT growth rate is on average the dominant predictor 

of force transmitted to the catalyst particle, regardless of which growth rate model is used. 

2.3.7 The Effect of van der Waals Bonds 

     As discussed earlier, when CNTs establish contact with neighbors, van der Waals forces act to hold 

contacting CNTs together. Collectively growing CNT pairs are subject to deformation and mechanical 

loading. Although the van der Waals bonds have been observed to persist in compressed CNT forests [106], 

they are not permanent and may break if tensile forces exceed a maximum value. If two CNTs in contact may 

be treated as parallel hollow cylinders, the force per unit length of contact is calculated as [84]: 

−𝐴

8√2𝐷
5
2

(
𝑅1𝑅2

𝑅1 + 𝑅2

)1/2 
(6) 

where A is Hamaker constant, D is distance between outer diameters of two adjacent CNTs, and 𝑅1 and 𝑅2 

are outer radii of neighboring nanotubes. To obtain an order of magnitude for this value, average values of 

CNT radius and length were analyzed, and the separation distance between contacting CNTs was assumed 

to be the interatomic layer spacing of graphite sheets, 0.34 nm. Also note that the value of the Hamaker 

constant was assumed to be 5 × 10−20J [84]. For such a scenario, the average force required to break the van 

der Waals bond is 5 nN. Based on this representative value, van der Waals bonds experiencing a tensile force 

that exceeded this value were removed from the simulation, and liberated nodes were free to interact in the 

absence of the bond. 

     Introducing this condition to van der Waals contacts had minimal influence on the CNT morphology, as 

shown in Figure 20a. The CNT forest displayed represents the identical simulation conditions used to 

generate the CNT forest shown in Figure 20b with the addition of the conditional van der Waals bond. Only 

subtle differences between the two CNT morphologies may be observed. Obviously, the morphology 

dissimilarity and achieved heights would be more diverse if the simulation had been run for more time steps. 
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Figure 20. CNT morphology of a 200 CNT forest allowing vdW bond breakage [105]. 

      To better understand the subtle changes of the CNT morphology, the quantity of broken van der Waals 

contacts was evaluated at the end of each time step. Note that the number of nodes introduced during each 

time step is 200 corresponding to one additional node per CNT. One would also anticipate that the number 

of CNT-CNT bonds would also increase as a function of time as new nodes are introduced the system and 

deformation within the forest increases. As shown in Figure 21, no bonds were broken during the first 20 

time steps. During this time the CNTs had not yet established neighboring contacts. As the length of CNTs 

and the number of CNT-CNT contacts increases. The number of broken CNT-CNT bonds also increases. In 

fact, the number of broken bonds increases nearly linearly until approximately 80 time steps, when the 

number of broken CNT-CNT bonds plateaus at about 2,000 time steps. The nature of this trend is under 

investigation; however, we believe that the distribution of CNT-CNT forces is greatest near the substrate. It 

is here that CNTs exhibit the greatest force to resist bending (proportional to 1/L3). These forces relax as 

CNTs grow longer, such that CNT-CNT bonds located sufficiently far from the growth substrate have less 

force acting on them and a lower probability of breaking. 
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Figure 21. The number of broken bonds per time step due to excessive tensile forces [105]. 

2.3.8 The effect of CNT forest areal density  

     The areal density of CNTs is also expected to influence the magnitude of forces generated in assembling 

CNT forests, as the areal density will impact the frequency of CNT-CNT contacts. A set of 100 simulations 

each was examined in which the diameter-dependent growth rate model was implemented for cases of 250, 

500 and 750 CNTs within a 50 μm simulation domain. A similar inter-CNT spacing in a 3D CNT forest 

would correspond to 2.5×109, 1010, and 2.25×1010 CNTs/cm2, respectively. By comparison, the density of a 

typical CNT forest is 109–1010 CNTs per square centimeter [82-84]. The time-averaged forces transmitted to 

the catalyst particles were computed and displayed as cumulative probability density in Figure 22. The total 

simulation time was 250 time steps for each simulation, and forces were averaged between time steps 50-

250.  
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Figure 22. The cumulative probability of axial forces generated for forests consisting of 250, 500 and 750 CNTs forests 

residing on a 50 μm substrate shown for (a) the entire distribution, and (b) between -100 nN to 100 nN [105]. 

 

The magnitude of force increased significantly with increased CNT density. The increase is related to 

an increased frequency of CNT-CNT interactions. Because the force generated by CNT-CNT interactions 

decays with time after the establishment of new CNT-CNT contact (see Figure 13), an increased frequency 

of CNT interaction leads to increased average force. We found that the average force scaled approximately 

with the third power of number density. A reduced-area plot of Figure 22a is shown in Figure 22b. This plot 

demonstrates that the time averaged force axial force distribution is not symmetric, and that approximately 

55-57% of CNTs are in compression, while the remainder are in tension.  

2.3.9 CNT forest edge effect  

Whereas CNTs in the interior of a forest incur CNT-CNT interactions from all directions, CNTs at the 

edges of the simulation domain may only interact with CNTs from within the interior of the forest.  To 

investigate how this edge effect relates to the magnitude of forces transmitted to the catalyst particles, CNT 

densities of 250, 500, 750 CNTs over a 50 μm substrate were simulated. Time-averaged force magnitudes 

were recorded over 100 simulations for each configuration and were normalized based on the maximum load 

magnitude for each configuration. As seen in Figure 23, the magnitude of force at the edges of the simulation 

are significantly less than those experienced within the interior. The transition between the edge and interior 

occurs over a span of 1-2 µm, indicating that a limited “skin-effect” is present in which exterior CNTs 

experience reduced loading.  
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Figure 23. Normalized magnitude of time-averaged axial force vs. normalized span for CNT forests consisting of 250, 

500, and 750 CNTs within a 50 µm simulation domain. The results are based on 100 simulations for each CNT density 

[105]. 

2.3.10 Force-modulated growth rates 

     The time-varying forces transmitted to CNT catalyst nanoparticles is expected to modulate the growth 

rate, and perhaps quality, of CNTs within a growing forest.  The role of a catalyst particle is to selectively 

facilitate a specific reaction pathway. Often chemical reactants are adsorbed to the surface of the catalyst 

particle, during which time chemical interactions between reactants and the catalyst particle act to alter the 

energy level of adsorbed species [118-121]. Mechanical strain modulates the interatomic displacement in a 

catalyst particle, thereby altering the chemical pathway of the catalytic interactions in a process known as 

mechanochemistry. Kinetically, mechanical strain manifests as a modification to the activation energy of a 

given process. Han et. al. pointed out that a mechanical coupling between growing CNTs transmits forces 

that can create an energy barrier that ultimately exceeds energy available from chemical reaction at 

underlying catalyst particles [122], stunting CNT growth. Another recent report showed that CNT forests 

growing under a compressive mechanical decreased the observed CNT population growth rate [107]. These 

studies suggest that mechanical stress acting on catalyst nanoparticles alter the activation energy of CNT 

growth. In these studies, the collective CNT forest grew at a decreased rate with Arrhenius-like dependence 

[107]: 

Growth Rate = 𝐴𝑒−(𝐸𝑎−∆𝐸𝑎)/𝑘𝑇 (7) 

where A is a constant derived when no force is applied to the substrate, Ea is the effective activation energy 

of CNT growth under no mechanical load which is assumed to be constant for our simulations, k is the 
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Boltzmann constant, and T is temperature. The ΔEa  represents a change in the activation energy resulting 

from mechanical energy acting on the catalyst in which tensile force is positive in sign, and compressive 

force is negative. The change in activation energy is linearly related to real-time applied force per CNT by a 

constant, 𝛼. 

∆𝐸𝑎 = 𝛼𝐹 (8) 

       A constant value of α = 0.15 nm was found to match population-based data. Note that Eq. (8) does not 

account for variable CNT diameter, although the change in activation energy would likely vary as a function 

of strain energy, which is area-dependent. The effective activation energy for CNT growth in thermal CVD 

processes is in the range of 1.02−2.0 eV [84, 123-125]. ΔEa was calculated for each CNT in every time step 

to account for real-time forces exerted on catalyst particles. A stress-induced energy change of 0.02−0.16 eV 

was measured based on a compressive force application ranging from 10 pN to 1nN per CNT [107]. The 

study was conducted on CNT forests having diameters ranging from 6-10 nm and an areal density range of 

7 × 108 to 2 × 1010 CNTs/cm2. Because the external load was applied to the entire CNT forest population, it 

is unclear how the loading condition of individual CNTs within the forest were affected.  

This mechanochemical coupling was incorporated into the finite element model based on these 

experimental findings. An activation energy of 1.5 eV was selected for all simulations. If the relationship 

provided by Eq. (8) is to be enforced with a value of α = 0.15 nm, then the stability of the simulation can 

only be ensured by real-time CNT forces on the order of 1 nN or less. To accommodate this limited force 

range, CNT forests having a homogenous outer diameter of 1 nm were selected for simulation. Furthermore, 

Eq. (7) was strictly enforced with both compressive and tensile forces. As a result, compressive forces 

decreased the growth rate of CNTs, while tensile forces increased the growth rate of CNTs. Two CNT forests 

were simulated up to 250 time steps employing a constant outer diameter of 1 nm to explore the effect of 

force-modulated growth rates during active growth. One simulation utilized force-independent CNT growth 

rates, while the other simulation used force-modulated growth rates based on Eq. (7-8). The simulations were 

otherwise identical.  
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Figure 24. A comparison of CNT forest morphology grown using (a) constant and (b) force-modulated growth rates. The 

time-averaged axial forces transmitted to the base of CNT forests for (c) force-independent growth rates and (d) force-

modulated growth rates indicate that a force-modulated kinetic model drastically decrease the magnitude of reaction 

forces generated within a growing CNT forest. (e) The time-resolved CNT growth rate based on force-modulated growth 

rates for the slowest-growing, fastest-growing, and population average CNTs indicate that the slow-growing CNT growth 

rate increased with tensile forces, while fast-growing CNT growth rate decreased with compressive forces. The 

simulations considered a CNT forest comprised of 1 nm outer diameter CNTs simulated for 250 time steps [105]. 

Figure 24 shows the CNT forest morphology and time-averaged axial force behavior using both force-

independent and force-modulated growth rates. As displayed in Figure 24a-b, the CNT forests grown with 

and without force-modulated growth rates have a similar morphology. Because the change in activation 
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energy tends to decrease the growth rate of faster-growing CNTs (those in compression) and increase the 

growth rate of slower-growing CNTs (those in tension), the force modulation model tends to alter growth 

rates towards a population average growth rate and reduce the magnitude of forces generated within the 

forest. In fact, the time-averaged force transmitted to catalyst particles decreased by approximately one order 

of magnitude when force-modulated growth rates are considered, as shown in Figure 24c-d. To further 

illustrate the modulation of CNT growth rate with time, the CNTs having the slowest and fastest initial rate 

as well as a CNT having a population average initial growth rate of 50 nm/step, are plotted in Figure 24e as 

a function of simulation time. The forces generated by the CNT interactions are sufficient to vary the growth 

rate of CNTs by approximately 1 nm/step for the slowest and fastest growing CNTs. Note that the fastest-

growing CNT decreases growth rate with interactions, and the slowest-growing CNT increases growth rate 

with interactions, as expected. By contrast, the CNT having the population-average initial growth rate 

experiences both increases and decreases in growth rate, as interactions are both tensile and compressive in 

nature. The self-modulating behavior of growth rate over time shown in Figure 24e is in agreement with 

findings from [122]. We note that the force-modulated growth rate model used here, represented by Eq. (7-

8), was derived from the application of relatively small compressive force to the top surface of growing CNT 

forests, and further research is required to predict a more suitable mechanochemical kinetics model. 

Nevertheless, the force-modulation of CNT growth rate is shown to greatly impact the forces generated 

during the CNT forest growth assembly process and may present an opportunity for enhanced control of CNT 

forest properties. 

2.3.11 The Mechanical behavior of single and multiple-generation CNT forests 

In an experimental study [113], three-dimensional carbon nanotube (CNT) forest microstructures are 

synthesized using sequenced, site-specific synthesis techniques. Thin film layers of Al2O3 and Al2O3/Fe are 

patterned to support film-catalyst and floating-catalyst chemical vapor deposition (CVD) in specific areas. 

Sequenced application of the two CVD methods produced heterogeneous 3D CNT forest microstructures, 

including regions of only film-catalyst CNTs, only floating-catalyst CNTs, and vertically stacked layers of 

each. We believe that similar structures may be beneficial for electronic switches, tactile sensors, prescribed 

energy absorption surfaces, and as scaffolds for complex 3D microstructures. Here, the compressive 



42 
 

mechanical behavior of the heterogeneous CNT forests was evaluated, with the stacked layers exhibiting two 

distinct buckling plateaus. 

The mechanical behavior of single and multiple-generation CNT forests was examined using the finite-

element mechanical model. Each simulated CNT forest was first synthesized numerically using growth 

parameters consistent with experimentally obtained parameters, described in details in [113]. The simulation 

span for both CNT forests was 25 µm, with periodic boundary conditions in the horizontal direction. A total 

of 250 CNTs were simulated for film-catalyst CNT forests (100 nm CNT-CNT spacing), and 125 CNTs were 

simulated for floating-catalyst growth (200 nm CNT-CNT spacing). If extrapolated to 3D, the CNT-CNT 

spacing correspond to an areal density of 1.0×1010 CNT/cm2 for film-catalyst CNT forests and 2.5×109 

CNT/cm2 for floating-catalyst CNT forests, comparable to the density of a typical CNT forest [82-84, 126-

128]. The outer diameter was 10 nm for film-catalyst CNTs, and 40 nm for floating-catalyst CNTs. The inner 

diameter of all CNTs was 70% that of the outer diameter, consistent with experimental results shown in 

[113]. The population growth rate was based on a Gaussian population distribution with a mean of 60 nm per 

simulation step and a standard deviation of 5 nm/step. Each CNT forest was synthesized to a nominal height 

of 75 µm.  

 Following the simulated CNT forest syntheses, compressive loading was applied to the top surface of 

the forests [10]. The compressive displacement was applied at a constant rate of 30 nm per time step, while 

the synthesis substrate was treated as a fixed rigid boundary. Periodic boundary conditions were applied to 

the horizontal boundaries at 0 and 25 µm. The vertical reaction force contributed by each CNT contacting 

the compression surface was summed to obtain the cumulative compressive force. The force applied to the 

top surface was identical to the force transmitted to the growth surface.  

When compressed in isolation, both the film-catalyst and the floating-catalyst CNT forest exhibited 

force-displacement characteristics of foam materials, similar to the nanoindentation data shown in [113]. The 

initiation of the extended force plateau for each forest corresponds to the onset of coordinated buckling. The 

coordinated buckling initiated at the top compression surface and propagated downward towards the growth 

substrate until cellular densification occurred, denoted by a marked increase in load. The buckling load was 

approximately 3.8 µN for the film-catalyst CNT forest and 35 µN for the floating-catalyst forest. We note 

that the buckling load of a CNT scales approximately with its moment of inertia  
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𝐼 =
𝜋

4
(𝑟𝑜

4 − 𝑟𝑖
4) (9) 

where I represents the area moment of inertia, ro is the outer radius, and ri is the inner radius of the CNT. 

Therefore, even though the floating-catalyst forest has lower CNT areal density, its resultant buckling load 

is significantly greater than that of the film-catalyst forest. The corresponding buckling engineering strain, 

defined as the compressive displacement divided by the forest height, is between 3-5% for both forests, 

consistent with nanoindentation data. 

To simulate a double-layer CNT forest, the film-catalyst forest was placed atop the floating-catalyst 

forest. Interactions between the two forests at the interface were governed by van der Waals forces, modelled 

as linear elastic potentials. Compression was applied to the top surface of the film-catalyst forest at a rate of 

30 nm / step. In response, the top-most film-catalyst forest buckled in a manner similar to its buckling in 

isolation. The resulting buckling load was approximately 3.8 µN (Figure 25a), similar to that obtained when 

compressed in isolation (see Figure 26). Buckling of the top CNT forest layer progressed from the top to the 

bottom of the layer. The floating-catalyst layer exhibited significant deformation only after the densification 

front reached the interface between the CNT forest layers. As the bottom CNT forest layer buckled, a second 

buckling plateau profile was observed as a reduced slope in the loading curve. The second plateau is observed 

as a localized decrease in the loading stiffness profile (Figure 25b), obtained by dividing the incremental 

load by the incremental displacement step. Much like the experimental data, the buckling force plateau of the 

bottom layer is superimposed upon the densification of the top CNT forest layer. Significant compression of 

the bottom CNT forest layer occurred at the onset of densification of the top CNT layer. A deformation 

sequence is displayed in Figure 25c. 



44 
 

 

Figure 25. The simulated compression of double-layer CNT forest. (a) The total load vs. displacement and (b) 

incremental load vs. displacement showing the increase in load per 30 nm compression increment. Note that the plots 

demonstrate an extended plateau from approximately 5 – 40 µm, followed by a rapidly increasing load, a slowly 

decreasing load slope between 50 – 75 µm, and an increased loading slope. (c) The CNT forest morphology during 

compression shows that the top (film-catalyst) forest buckles and densifies prior to the large-scale deformation of the 

bottom (floating-catalyst) CNT forest [113]. 

The loading profile of the stacked CNT forests is expected to behave similarly to two non-linear springs 

connected in series, whereby each CNT forest layer acts as a spring element. The spring element with the 

lowest stiffness will exhibit the greatest deformation at low loads, as demonstrated by the buckling of the 

top-most film-catalyst CNT forest. Note that the deformation of the bottom-most layer is small, but non-zero, 

as load from the top CNT forest layer is transmitted to the bottom layer. Because the critical buckling load 

of the top CNT forest layer is significantly less than the bottom layer, the top layer progresses though 

significant deformation and buckling with little deformation observed in the bottom layer. 
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The fixed-catalyst and floating-catalyst CNT forest layers used to construct the composite CNT forest 

layers were compressed in isolation. The load vs. displacement plots are shown in Figure 26. Note that the 

buckling load for the film catalyst is approximately 3.8 µN, similar to the initial buckling load observed in 

the double-layer CNT forest shown in Figure 25. The buckling load of the floating-catalyst CNT forest in 

isolation was approximately 75µN, compared to approximately 50 µN for the second plateau of the double-

layer CNT forest (Figure 25). We note that the isolated fixed-catalyst CNT forest was compressed by a 

horizontal compression front moving strictly in the vertical direction. The interface between layers in the 

double-layer CNT forest was non-uniform in geometry, and the transmitted load was not strictly uniaxial.   

 

Figure 26. The simulated load-displacement curve for (a) fixed-catalyst and (b) floating-catalyst CNT forests. Note that 

these forests were the exact forests that were stacked to form the double-layer forest, whose response is shown in Figure 

25 [113]. 

2.3.12 Delamination Mechanics of Carbon Nanotube Micropillars  

To better understand how the non-uniform load sharing and complex CNT forest morphology influence 

the experimentally measured delamination force of a CNT forest pillar, the finite element mechanical 

simulation was employed. Briefly, nominally 100 μm tall CNT forests were synthesized in silico using the 

2D finite element simulation. The simulation span was 30 μm, to replicate the width of a representative  
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Figure 27. Adhesion of a CNT forest micropillar to an epoxy-coated test tip. (a) Schematic of epoxy application, pillar 

alignment, pillar insertion into epoxy, and epoxy curing. (b) SEM image showing the application of epoxy to the top 

surface of a cylindrical CNT forest micropillar [112]. 

CNT forest pillar shown in Figure 27. A total of 670 CNTs were contained within the simulation 

domain, corresponding to an average CNT-CNT spacing of 44.8 nm (5×1010 CNT/cm2). The outer diameters 

of the CNTs were assigned based on a log-normal cumulative density function in which the mode was 10 

nm. A plot of the log-normal probability density function may be found in Figure 28. The simulated growth 

of CNT forests assumed a Gaussian population growth rate distribution characterized by a mean of 60 

nm/step and a standard deviation of 3 nm/step. A total of 1500 simulated growth steps were employed to 

achieve a CNT forest height on the order of 100 μm.   

 

Figure 28. The log-normal CNT diameter distribution used for analysis and simulation [112]. 
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After the simulated CNT synthesis, tensile loading was applied to the top surface of the simulated forest. 

To replicate the encapsulation of the top surface in a rigid epoxy, all CNT nodes within 2 μm of the top 

surface were assumed to be rigidly affixed to a surface that translated vertically at 1-2 nm per time step. The 

cumulative load was computed at each time step by summing the vertical component of force acting on each 

node within the simulated epoxy. Each CNT node residing at the growth substrate was assigned an identical 

adhesion strength, with separate simulations considering strengths of 200, 300, and 400 MPa. If the stress at 

the interface exceeded the adhesion strength, the CNT was removed from the substrate.  

 

Figure 29. (a) The tensile load and percentage of adhered CNTs as a function of vertical displacement. (b) The simulated 

CNT forest delamination force for 5 representative CNT forests versus CNT adhesion strength. An average delamination 

force 12.2 nN per CNT was observed experimentally, corresponding to a delamination force of 8.17 µN in the simulations 

(with 670 CNTs), denoted by the dashed horizontal line. (c) The length of each delaminated CNT was plotted as a function 

of the tensile displacement at which the CNT detached. A linear trend line indicates that shorter CNTs delaminate at early 

stages of delamination. All simulations used a CNT-CNT spacing of 44.8 nm, corresponding to a CNT density of 5 x 

1010 CNT/cm2 [112]. 

A representative curve of the simulated tensile force vs displacement is shown in Figure 29a for a CNT 

forest having a substrate adhesion strength of 400 MPa. The loading slope initially increases linearly with 

displacement before reaching a maximum and rapidly decreasing. The decrease in slope can be directly 

correlated to a decrease in the number of adhered CNTs, also shown in Figure 29a.  The peak load of 

approximately 8.7 µN, denoted as the CNT forest delamination force, is achieved at approximately 65 nm 

displacement, followed by a decrease in force and quantity of adhered CNTs. The CNT forest completely 

delaminated at 200 nm displacement, denoted by both zero force and zero adhered CNTs.  

Simulations were conducted using 5 distinct CNT forests grown from different simulations. The 

delamination simulations examined uniform CNT adhesion strengths of 200, 300, and 400 MPa, with 

resulting CNT forest delamination forces shown in Figure 29b.  Note that horizontal line at 8.17 µN in 

Figure 29b represents the experimentally-obtained average delamination force of 12.2 nN/CNT. Based on 
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simulations, the experimental CNT delamination force corresponds with a CNT adhesion strength of 

approximately 350 MPa (Figure 29b). This CNT adhesion strength exceeds the Monte Carlo-based 

estimation of 269 MPa, likely because the finite element simulation explicitly considers non-uniform load 

distribution and progressive loss of CNT adhesion. Note that the adhesion strength is significantly less than 

the yield strength of multi-walled CNTs (11 – 63 GPa) indicating that CNTs observed on the catalyst pad 

after delamination experiments were likely short CNTs rather than fractured CNT segments.  

The tensile displacement at which each CNT delaminated was examined relative to the individual CNT 

length and cross-sectional area. Because each CNT was assigned an identical adhesion strength, it may be 

anticipated that small-diameter CNTs would experience higher strain, and thus lose adhesion first. 

Surprisingly, no correlation between delamination initiation and CNT diameter was found. Rather, a positive 

trend between CNT length and the delamination was found. A plot of CNT delamination as a function of 

CNT length and tensile displacement is shown in Figure 29c. The linear trend line shows that CNT 

delamination progresses from the shortest to longest CNTs within the population. The shortest CNTs in the 

forest are typically vertically oriented, with little excess waviness to accommodate tensile loading. Longer 

CNTs can accommodate tensile strain by straightening, whereas shorter CNTs cannot and the load is directly 

transmitted to the substrate. These results indicate that short CNTs disproportionately carry tensile force to 

the substrate during initial displacement and serve as initiation sites for delamination. The trend of relatively 

straight CNTs delaminating before wavy CNTs may be seen qualitatively in Figure 30. 
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Figure 30. Simulated delamination of CNT forest (670 CNTs on 30 µm substrate) shown at maximum tensile load (60 

nm). (a) CNT morphology, with black CNTs depicting adhered CNTs and red CNTs depicting delaminated CNTs. (b) 

Bar chart of CNT stress per CNT. The horizontal red line depicts the CNT adhesion strength of 350 MPa. (c) Tensile 

force vs. tensile displacement. (d) Percentage of adhered CNTs vs. tensile displacement [112].  

  The stress distribution at the base of the CNT forest was highly non-uniform throughout the tensile 

loading because of natural variations in CNT tortuosity, length, and diameter. A representative progression 

of CNT morphology and interfacial stress generated by each CNT during a delamination simulation is shown 

in Figure 30a-b. The CNT adhesion strength was 350 MPa in the simulation depicted in the figure, indicated 

by a horizontal line in the bottom panel of each image panel. CNTs with tensile stress that exceeded the 

adhesion strength were removed from the substrate in the subsequent time step. A fraction of the CNT 

population experienced a compressive (negative) stress at the substrate during the initial stages of tensile 

testing. These CNTs were generally wavy and were acted upon by constriction of neighboring CNTs via the 

Poisson effect. On average, the tensile stress increases with increasing tensile displacement. Figure 30b 

represents a tensile displacement of 64 nm, just past peak loading of 8.7 µN for this simulation. Note that 

delamination occurred within the center of the forest rather than at the edges (Figure 30a).    

Initiation sites are stochastic in nature based on the morphology and parameter distributions within a 

given forest. By identifying the catalyst-substrate interface as the location of interfacial de-bonding for our 

catalyst and synthesis parameters, potential avenues to engineer interfacial adhesion strength may be 
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explored. Qualitatively, we suggest that methods to increase the bonding and interaction between catalyst 

particles and a substrate or buffer layer is a direct route for increasing the CNT forest delamination strength. 

Previous reports that utilized annealing steps [129, 130] to promote subsurface diffusion of catalyst particles 

appear to validate this suggestion. Further exploration of bond energies between catalyst particles and 

substrate materials using atomistic simulation may also identify new buffer layers to promote superior 

adhesion. 

 

2.4 Conclusions  

The time-resolved mechanical forces generated by the self-assembly of CNT forests were simulated with 

a finite element code, with an emphasis placed on the axial force transmitted to catalyst nanoparticles residing 

at the base of CNTs. We found that these axial forces were strongly correlated to CNT forest parameters 

including CNT diameter, areal density, and growth rate. CNTs with growth rates less than average growth 

rate experienced tensile loads while those with faster growth rates exerted compressive forces to catalyst 

particles residing on the substrate. Surprisingly, the existence of persistence van der Waals contact had little 

influence over CNT forest morphology when compared to van der Waals contacts that break at a tensile load 

exceeding 5 nN. The magnitude of forces scaled with the forth power of CNT outer diameter and the third 

power of areal density. Further, we found that CNTs at the physical boundary of CNT forests experience a 

reduction in force magnitude relative to CNTs located within the interior of a forest, as fewer CNTs are 

available to generate CNT-CNT reaction forces. Two distinct models were used to investigate CNT forests 

comprised of heterogeneous CNT diameters. One model considered a positive correlation between CNT 

diameter and growth rate, while the other assumed that growth rate and diameter were decoupled. Both 

methods produced similar CNT morphologies, and the time-averaged axial stresses between the two models 

followed a similar trend when plotted as a function of CNT growth rate. Finally, a mechanochemical kinetic 

coupling was introduced in which force transmitted to a catalyst particle altered its activation energy and 

subsequent CNT growth rate. The rate modulation decreased the magnitude of forces within the forest, as it 

decreased the growth rate of relatively fast growing CNTs and increased the growth rate of relatively slowly 

growing CNTs within the forest. Future studies may investigate the role of mechanochemistry in the abrupt 

termination of CNT forest growth.  Understanding and controlling the forces generated during CNT forest 
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self-assembly could lead to application-specific CNT forest property sets to broaden the adoption of CNT 

forests in engineering applications. 

Furthermore, the delamination simulations show that the entangled and wavy morphology of the CNT 

forests generated non-uniform load sharing. Consequently, the simulation suggests that the actual adhesion 

strength of individual CNTs to the growth substrate was approximately 350 MPa. These findings provide 

new insights into the magnitude of CNT-substrate adhesion, the non-uniformity of substrate loading during 

uniaxial delamination experiments, and identification of the catalyst-substrate interface as the site for CNT 

forest debonding. Increasing the strength of the catalyst-substrate interaction is expected to enhance the 

bonding of CNT forests for applications.  

Finally, simulation confirms that the top CNT forest layer deforms and buckles in a manner similar to 

the layer in isolation. Deformation of the relatively stiff bottom layer is activated as the top layer begins to 

densify. In general, finite element simulation of the stacked layers demonstrated that the relatively soft film-

catalyst CNT forests were nearly fully buckled prior to large-scale deformation of the bottom floating-catalyst 

CNT forests.    
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CHAPTER 3 

 

IN-SITU GROWTH OF CARBON NANOTUBE FORESTS INSIDE 

ENVIRONMENTAL SCANNING ELECTRON MICROSCOPE 

(ESEM)  

 

3.1 Introduction 

      It is clear that the pace of development of new materials has fallen far behind the speed at which product 

development is conducted. The lengthy time frame for materials to move from discovery to market is due in 

part to the continued reliance of materials research and development programs based on scientific intuition 

and trial and error experimentation. Much of the design and testing of materials is currently performed 

through time-consuming and repetitive experiment and characterization loops. Some of these experiments 

could potentially be performed virtually with powerful and accurate computational tools, but that level of 

accuracy in such simulations does not yet exist. Effective models of materials behavior can only be developed 

from accurate and extensive sets of data on materials properties. Experimental data is required to create 

models as well as to validate their key results. Where computations based on theoretical frameworks fall 

short, empirical testing will fill in the gaps. In order to study the nanoscale behavior of any advanced material 

including CNT forests at real time and high resolution, in situ synthesis and characterization techniques offer 

promising benefits. Determining the materials properties during processing will be paired with computational 

tools to enable rapid screening of materials, reactions, and processes over a wide range of length and time 

scales. Experimental outputs will additionally be used to provide model parameters, validate key predictions, 

and supplement and extend the range of validity and reliability of the models. 

      CNTs are grown inside an environmental scanning electron microscope (ESEM) on thermal E-chips to 

determine the relationships between diverse synthesis parameters and the resultant CNT forest morphology 

and ensemble property sets. The main novelty of this approach is that a growth furnace with the size of about 
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1 m3 is converted into a chip of the size of a mobile sim card so that the CNT growth can be observed in real 

time using an SEM. The stage can be quickly heated/cooled at a ramp of 1000 °C/ms up to 1200 °C, powered 

by an external adapter. The experimental setup can simultaneously or separately investigate the thermal and 

electrical behavior of CNT forests. In addition to validate our simulation model and to better understand the 

synthesis and self-assembly of CNT forests, there is a high demand for image-based analysis of CNT forest 

synthesis at various stages of the growth and assembly process. For example, it is instructive to carry out 

image analysis after annealing to observe how thin film of catalysts are converted into nanoparticles.  This 

imaging yields diameter and distribution of catalyst particles that is used to refine CNT forest growth 

simulation assumptions.  Hence, the in-situ CNT synthesis experiments are developed to examine how my 

simulation model assumptions agree with experimental results by addressing fundamental characteristics of 

CNT nucleation, self-assembly, growth termination, and ensemble forest behavior.  

     These experiments can measure the CNT growth parameter distributions (diameter, growth rate, 

orientation, areal density, etc.) while observing evolving CNT-CNT interactions from initial CNT-CNT 

contact until growth termination employed. Also, it is intended to make a database of the SEM morphology 

images for training an active-learning deep neural network that predicts material properties of a CNT forest 

in real time. The data-driven prediction model and results are further explained in detail in the next chapter. 

Briefly, in-situ SEM growth of CNT forests will provide data that is inaccessible to other techniques and is 

essential for understanding the fundamental mechanisms of CNT forest kinetics and self-assembly.  It is 

important to note that it is a novel approach to perform the in-situ SEM CNT synthesis that represents a new 

capability for in-situ nanomaterial synthesis. In addition, in the future, it seems necessary to characterize 

CNT forests to obtain electrical, thermal and mechanical properties to complete the AI-driven model dataset; 

hence the same synthesized CNT forests will be subjected to in-situ SEM electro-mechanical compression to 

complete the synthesis-structure-property analysis. This setup can readily be used to study the chemical, 

thermal and structural behavior of any materials subject to heating and electrical testing at high vacuum or 

exposed to water vapor at low vacuum to characterize materials oxidation behavior. In-situ electron 

microscopy will significantly accelerate the pace of building fundamental understanding and developing new 

materials. 
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3.2 CNT Forest Synthesis on Thermal E-Chips 

      In this study, actively growing CNT forests will be directly observed and measured using in-situ scanning 

electron microscope (SEM) syntheses. This research focuses on obtaining time-resolved behavior of CNT 

forest self-assembly, growth, and termination using in-situ SEM synthesis. This capability has not previously 

been reported and will greatly expand the observation capability of in-situ nanomaterials synthesis. 

Accordingly, in-situ SEM observations are used as inputs to validate the finite element simulation tool 

already discussed in the previous chapter.    

      We will use our simulation model to understand CNT forest process-structure-property interactions to 

predict the synthesis parameters required to yield desired CNT forest properties with statistical certainty. 

Accomplishing this goal could unlock the full potential of CNTs originally envisioned shortly after their 

discovery and would propel industrial adoption of CNT-based technologies. The governing kinetics of 

individual CNTs will first be examined and then placed within the context of a large and interactive CNT 

population. Understanding and abating the sources of morphological variation will lead to unprecedented 

synthesis control and access to the full property range of CNT forests. Investigating, predicting, and 

ultimately controlling the ensemble CNT forest properties will be addressed using advanced in-situ SEM 

synthesis and dynamic numerical simulations techniques. 

      The in-situ experimentation is conducted at MU Electron Microscopy Core Facility (EMC) where FEI 

Quanta 600F Environmental Scanning Electron Microscopy (ESEM) equipped with Protochips Fusion 

Heating/Electrical Biasing Stage is transformed into an in-situ laboratory (see Figure 31). The proposed 

research plan is integrated across multiple length scales, and across experimental and numerical platforms. 

The experimental objectives, address fundamental characteristics of CNT nucleation, self-assembly, growth 

termination, and ensemble forest behavior. Addressing these objectives and hypotheses will be instructive 

towards the goal of understanding the process-structure-property relationships governing CNT forests. 

      SEM-based capability builds from in-situ TEM techniques and significantly expands the observational 

envelope of in-situ synthesis techniques from hundreds of nanometers to hundreds of microns. The synthesis 

platforms will use the Protochips Fusion E-chips (see Figure 32) designed specifically for high-temperature 

in-situ electron microcopy. In-situ experimental data will serve as input to a complementary simulation tool 
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used to model and predict CNT forest process-structure-property relationships and unite experimental 

findings. 

 

Figure 31. FEI Quanta 600F Environmental Scanning Electron Microscope (ESEM).  

 

 

Figure 32. Schematic showing the in-situ synthesis experiments planned using the thermal E-Chip platform. 

      In-situ synthesis conditions for SEM will be varied about established TEM protocols for few-walled CNT 

forests, including a synthesis temperature of 600 ℃- 900 ℃, catalyst films of 10-30 nm Al2O3 and 1-3 nm 

Fe, and partial pressures of H2 and C2H2 of 40 and 10 mTorr, respectively [98]. Variations in these conditions 

will be utilized to suit the needs of individual experiments. A 5 kV acceleration will be used for SEM imaging. 

The Quanta SEM provides a capture rate of up to 40 frames/sec. 
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      At the onset of acetylene gas introduction, CNTs are expected to nucleate in a nonuniform and staggered 

manner with time. The latency time between the introduction of acetylene gas and CNT nucleation to initiate 

CNT forest growth may contribute to structural disorder, but the relationship between latency time and 

catalyst diameter due to variable diffusion lengths or diameter-dependent carbon saturation is unknown. 

Varying the annealing time, temperature, and gas environment will alter the particle size distribution to force 

variable catalyst distributions prior to growth. Upon nucleation, chemical kinetics suggests that the carbon 

diffusion rate (growth rate) of CNTs should increase with catalyst diameter due to increased particle surface 

area [87, 88]. As discussed in chapter 2, the mechanical properties of CNTs are also diameter-dependent, 

with bending stiffness ∝ 𝐷4 and tensile stiffness ∝ 𝐷2. These phenomena suggest that larger-diameter CNTs 

grow faster and have greater stiffness than smaller-diameter CNTs in a forest. Finally, time-staggered 

deactivation of catalyst particles due to amorphous carbon buildup (or ‘poisoning’) will lead to an 

accumulation of “dead” CNTs that may tether to actively growing CNTs, causing them to deform, and 

interrupting structural order. Chemical kinetics suggests that catalyst lifetime increases with diameter and 

catalyst surface area. Analysis of forests after synthesis cannot resolve these functional relationships, 

necessitating in-situ techniques. In-situ experiments facilitate observing dynamic interactions and fast 

reactions that results in obtaining new insights to achieve accelerated research discovery. 

      Based on outcomes of growth kinetics of individual CNTs, synthesis conditions can be set to encourage 

large growth rate variation within the CNT population to generate large reaction forces [10, 114]. 

Unfortunately, this objective is not achieved yet, but it exhibits a great potential towards understanding CNT 

kinetics. While TEM offers superior resolution to SEM and will readily capture internal CNT wall structure 

in response to strain, SEM-based synthesis offers a larger focal plane for readily viewing both CNT and 

catalyst response to loading. Thermal E-chips featuring through holes will be examined to facilitate cross 

sectional analysis of CNTs growing from the side walls of the holes. Growth rate, catalyst size, and catalyst 

motion may be measured using ImageJ. Based on observed CNT-CNT kinematics, finite element mechanical 

simulations will estimate the spatiotemporal force distributions between interacting CNTs using our finite 

element mechanical model. Here, experimental CNT deformation sequences will be converted into nodal 

points interconnected by discrete elements. Changes in nodal locations with time will be used to estimate 

forces based on assumed elastic properties. Deformation in the out of plane direction will be estimated as 
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best as possible. CNT delamination, buckling, kinking, and CNT-CNT bond breaking will be similarly 

simulated to estimate the critical forces and energies of these respective events. These parameters and 

behaviors will be integrated into our CNT forest synthesis-structure-property simulation such that these 

events may be reliably simulated. 

 

3.3 Experimental Set-up Description and Steps 

      A Protochips Fusion Thermal E-Chips setup is used to grow CNT forests. The fusion stage can be used 

to manipulate and explore a wide variety of material properties. SEM can be used to simultaneously study 

the structure, processing, properties, and performance of material systems in real-time. Another capability is 

while characterizing the size, morphology, reactivity, and evolution of 1D, 2D, and 3D nanomaterials often 

only provides “snapshots” of the underlying process of interest, with in situ electron microscopy, one can 

directly observe nucleation and growth, oxidation/reduction reactions, morphology evolution, sample 

mobility, chemical gradients, and other dynamic changes in real-time. It can also be used to examine 

catalysis, electronic devices, and energy materials.  

      The main components of the experimental setup are shown in Figure 33. In this work, we have only used 

the thermal experiments while the setup has dual electrical and thermal characterization capabilities. Some 

important features of the fusion platform are: 

• Transforms SEM or TEM into an in-situ laboratory 

• MEMS-based E-chips with imbedded electrical leads and silicon carbide heaters 

• Dual-channel thermal and electrical analysis capability 

• Swift temperature changes up to 1200 °C (thermal ramp rate of 1000 °C per millisecond)  

• Real time adjustment of thermal and electrical conditions   

• Characterize samples using EBSD, EDS and Raman capabilities 

• Open and closed loop temperature control options 
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Figure 33. Schematic of a Protochips Fusion Thermal E-Chips setup connected to Scanning Electron Microscope (SEM) 

consisting of Laptop with Clarity workflow-driven software, Keithly power supply, fusion stage, E-chips, port plates 

installed on SEM, stainless steel gas piping line, and C2H2/H2 cylinders.  

      As seen in Figure 33, gas cylinders (hydrogen and acetylene) are connected to bottom inlets of SEM 

(from behind) through a T-junction that mixes gases with user-defined mass flow rates before entering the 

chamber. Two port plates are installed permanently on both inside and outside of SEM that lets the fusion 

staged be connected to the Keithley power supply. When performing a new experiment, first a thin film of 

catalyst consisting of Fe and Al2O3 underlayer is deposited using ion beam sputtering system (South Bay 

Technologies). Then, the E-chip is placed on the fusion stage and later mounted inside the SEM. It should be 

noted that the stage should be connected to the inner port plate. The power supply should be also connected 

to the outer port plate to be able to provide necessary power to the stage for further heating experiments. An 

Ethernet cable connects the laptop to the Keithley, and an AMP dongle is connected to Keithley.  

      After launching the Clarify software, parameters for each specific E-chip should be set up. After selecting 

the intended type of experiment (electrical, thermal or both), a locally stored calibrated file (on a sperate CD 

provided for each E-chip gel pack) should be loaded. In this work, we only use environmental thermal 

experiments. There are two types of thermal configurations available for performing experiments, namely 

Vacuum and Environmental. In order to use the Environmental Heating Mode, a closed loop chip with a 
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closed loop calibration file has to be used. Once all chip setup is adjusted a “Device Check” has to be 

performed. The check will be passed when the E-chip has been loaded correctly and that the sample 

preparation will not affect the heating profile. A screenshot of software for device check is shown in Figure 

34a. The heating/cooling mode should be selected that can be either manual or to follow a specific pattern 

like waveform. The manual mode of the Fusion software executes individual temperature changes to the 

heating membrane on a thermal E-chip. The target temperature and ramp rate should be also selected. It 

should be noted that in closed-loop control case, there is a limitation of 30 °C/s rate of change. Although, it 

is slower to get to the target temperature with closed-loop control, the prescribed temperature setpoint is 

assured, regardless of the operating pressure. Once the desired settings are appointed the stimuli can be started 

by clicking the Apply button. During the experiment a stimulus can be held at a certain level by pressing 

Hold. The experiment will be continued by pressing Resume at any time. The Stop button will end stimuli to 

the chip and the data logging of the experiment. The System Status informs you of the current state of a 

session. A screenshot of this step is depicted in Figure 34b.  

 

Figure 34. A screenshot of software (a) device check step where a calibration file is loaded and checked if E-chip passes 

the test for the selected experiment type (b) 1- setting experiment target temperature and rate change, 2- applying settings 

and 3- monitoring system status (temperature profile). 
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      Although there are different types and shapes of E-chips, only thermal E-chips coated by SiN are used 

for our experiments. A schematic of thermal E-chip with the zoomed heated area and chip holder is shown 

in Figure 35.  

 

Figure 35. Fusion heating E-chips (a) isometric view showing gold contacts and the central heated area (150×150 𝜇𝑚) 

(b) zoomed view of heated area showing 9 holes (7 µm diameter) transparent to electron beam (c) a typical chip holder 

(d) a gel pack of thermal E-chips coated by SiN used for our experiments. 

 

3.4 Result of Experiments  

      In-situ synthesis conditions for SEM include a synthesis temperature of 700-900 ℃, catalyst films of 10 

nm Al2O3 and 1-2 nm Fe, and partial pressures of H2 and C2H2 of 40 and 10-40 mTorr, respectively. Also, 5 

kV acceleration will be used for SEM imaging. Catalyst film deposition is performed within a “South Bay 

Technologies” Ion Sputtering Machine. Catalyst film reduction into particles, i.e. annealing, is carried out at 

700 ℃ for 5-10 minutes using only H2, followed by introducing C2H2 to start growth for approximately 15 

minutes.  
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      We had several unsuccessful growths (see Figure 36) before the last two successful growth. In such 

experiments, the catalyst layer was converted to nanoparticles but no CNTs was nucleated. However, catalyst 

particles were evident on SEM images. We believe that the reason why we could not grow CNTs in the 

central heated area was due to the hyrdrophobic characteristics of SiN layer. Generally, nanoparticles in 

organic solvents such as carbon nanotubes will not readily disperse on the silicon nitride membrane surface. 

This idea is supported by the forest grown far from SiN layer in a circular pattern as shown in Figure 37. It 

is worth mentioning that for high resolution imaging at low vacuum and high magnifications, a pressure 

limiting aperture is employed.  

 

Figure 36. (a) SEM image of central hole of heated area after growth at high vacuum (white particles are Fe nanoparticles) 

(b) zoomed image of central hole of heated area after growth at high vacuum.  
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Figure 37. (a) SEM image of a dense CNT forests grown on SiN coated E-chips around the perimeter of heated zone (b) 

a zoomed SEM image of CNT forests (bottom left corner). 

      In another successful in-situ experiment, CNTs were synthesized mainly on top side of heated area as 

shown in Figure 38. This is another instance where catalyst particles migrate from the central heated zone. 

To passivate the SiN surface and combat the particle migration, E-chips were plasma treated for 2-3 minutes 

at MU EMC using Pelco Easiglow glow discharge cleaning system.  

 

Figure 38. SEM image of (a) successful CNT forest growth on top of heated area (b) represent regions examined in 

higher magnification in (a). 

      A glow discharge treatment (see Figure 39a) with air will make the film surface negatively charged which 

stables nanoparticles. The Easiglow temporarily alters the charge on a carbon film – this charge can be 
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selected by altering the composition of the gas molecules in the chamber of the unit. This could stabilize the 

iron catalyst layer and prevent migration around heated area but did not end in any growth or only resulted 

in sparse growth. It is worth noting that the optimized vacuum level for glow discharge procedures is in the 

range of 0.45 to 1.1 mbar. 

 

Figure 39. (a) Pelco Easiglow glow discharge cleaning system used for plasma treating SiN E-chips (b) cold trap 

cooled with liquid nitrogen installed on ESEM to remove contaminants and reduce chamber pressure 

     It was determined that the chamber base pressure was not suitable to enable CNTs nucleation and 

synthesis. Other in-situ TEM synthesis of CNTs [98] report that the chamber base pressure should be <10-7 

Torr, while our SEM base pressure barely reached 10-6 Torr. Achieving such low chamber pressure is crucial 

to remove water vapor that is so harmful to CNT growth. Accordingly, many efforts were made to reduce the 

SEM base pressure, including pumping the chamber for a longer period of time, e.g. over 2-3 days or 

overnight. Unfortunately, this longer pumping time was not also helpful to achieve the appropriate pressure. 

Another solution sought was to use a cold trap that is cooled with liquid nitrogen as shown in Figure 39b. 

Unfortunately, we employed a shared Quanta ESEM at MU core facility where different types of experiments 

are performed that leaves various contaminants inside the chamber. A cold trap is a device that condenses 

vapors existing gases of SEM chamber (except the non-condensable gases) into a solid. Cold trap, however, 

not only decreases the chamber pressure quickly but also removes water vapor and other contaminants that 

are unfavored for CNT growth. 
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Figure 40. Some sparse growth of CNTs at different magnifications obtained from different CNT forest synthesis 

inside SEM 

     In addition, various catalyst thicknesses of 10-30 nm and 1-3 nm were examined systematically for 

alumina and iron, respectively. Also, different combination of hydrogen and acetylene mass flow rates were 

employed at different temperatures ranging from 650 °C to 900 °C. In Figure 40, some sparse CNTs are 

shown while implementing plasma treatment, cold trap and other modifications discussed earlier.  

 

3.5 Conclusion 

      In situ experiments are conducted inside ESEM to grow CNT forests with the goal of observing forest 

synthesis and self-assembly in real time to investigate ensemble kinetics. The successful implementation of 

this method would represent a significant step towards using advanced experimentation to gain in-depth 

understanding of CNT growth and self-assembly to accelerate their adoption into industrial applications. This 

approach also will allow making an SEM image database that serves as input of a deep neural network 
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(discussed in more details in chapter 4) to predict CNT properties and design desired property sets. Although 

about 30 experiments have been conducted to grow CNTs inside ESEM, only a few experiments were 

successful. We believe that these difficulties are due to residual water vapor in the SEM. It is expected that 

conducting more experiments with a dedicated SEM will result in successful CNT forest growth. 

Unfortunately, the desired outcomes for the in-situ CNT growth experiments inside SEM were not reached, 

but many improvements were made to these experiments, including stabilizing catalyst nanoparticles in the 

heated area using plasma treatment, improving high vacuum pressure using cold trap, improving imaging 

resolution using a pressure limiting aperture, that leads to better imaging at higher pressures (at low vacuum 

mode). The successful growths are promising evidence that  the ambitious goal of understanding CNT forest 

synthesis mechanics using in-situ SEM synthesis is achievable. Hence, I believe that the SEM experiments 

have the capabilities (spatial and time resolutions) required to be successful. 
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CHAPTER 4 

 

EXPLORATION OF CARBON NANOTUBE FOREST PROCESS-

STRUCTURE-PROPERTY RELATIONSHIPS USING PHYSICS-

BASED SIMULATION AND DATA SCIENCE 

 

4.1 Introduction 

     As already discussed in the previous chapters, carbon nanotubes (CNTs) are widely studied for their 

promising mechanical, electrical, and thermal properties [2] that make them suitable for diverse applications. 

However, a significant performance gap between individual CNTs and CNT forests is observed. To date, 

overcoming the performance gaps has not been achieved due to a lack of understanding about how the 

processing mechanisms of CNT synthesis control the CNT self-assembly process [9, 29, 100-104]. The wavy 

and entangled morphology of CNT forest caused by the mechanical competition of concurrently growing 

CNTs during self-assembly process is considered the main source of the performance degradation [82-86, 

131]. An internal morphology of a relatively straight and a wavy CNT forest is shown in Figure 7. 

Deterministically achieving a desired property set from CNT forests is currently an unfulfilled challenge. 

Most CNT synthesis recipes rely on previously successful results rather than a fundamental understanding of 

CNT forest kinetics and the assembly process. The CNT forest processing parameter space includes 

numerous variables including catalyst composition, catalyst thickness, synthesis temperature, processing gas 

composition, synthesis time, operating pressure, among others. An experimental exploration of the full 

synthesis parameter space is both cost and time prohibitive. Numerical simulation of CNT forests synthesis 

and self-assembly is an alternative approach that may increase the speed and diversity of synthesis parameters 

examined. Such simulations can predict both the CNT forest structural morphology and the resulting CNT 

forest properties. By systematically varying CNT synthesis parameters, one may arrive at a set of conditions 

that product the desired CNT forest performance metrics such as mechanical stiffness and thermal 

conductivity. 
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     These desired performance metrics are intricately related to the structural morphology of the CNT forest 

itself, although the functional relationships between CNT forest structural morphology and CNT forest 

properties are currently not well understood. The CNT forest morphology, in terms of CNT length, waviness, 

and density, may be tuned according to specific applications [132]. For instance, thin-film-type transistors 

require dense and parallel single-walled carbon nanotubes (SWCNTs) to sustain large current [133, 134], 

while their ultralong length enables easy fabrication of numerous devices out of one individual SWCNT and 

the construction of logic circuits at a single nanotube level [135, 136]. In addition, advanced and time-

consuming post-synthesis material characterization techniques like nanoindentation should be applied to 

determine the ensemble properties such as mechanical (like stiffness, strength and buckling load), thermal 

and electrical conductivity, etc. Therefore, predicting the combination of processing parameters required to 

grow application-tailored CNT forests would represent a significant advance that could enable new CNT 

forest-based applications that fully exploit the beneficial properties of individual CNTs. Here we employ a 

physics-based numerical simulation of CNT forest growth and assembly to generate images of CNT forest 

morphology using variable synthesis parameters. Following CNT forest growth, a compression simulation 

was employed to obtain bucking load (the load necessary to bend CNT forests) and stiffness of CNT forests. 

The simulated imagery is used to train a ML model to predict the growth attributes of a CNT forest. Also, 

DL models were trained to predict forest properties based on their structures.  

     Machine learning is a powerful technique to identify patterns governing the behavior of nanomaterials 

synthesis to accelerate the search for optimal materials. Recent developments in the field of machine learning 

(ML) and Deep Learning (DL) combined with the current materials data infrastructure have made the data 

driven techniques popular and increasingly popular within the materials science community. Machine 

learning algorithms excel at finding patterns in a dataset and identifying qualitative trends and outliers that 

would otherwise be extremely difficult to find. Hence, ML exhibits a great potential in assisting materials 

design and synthesis in the future with the ambitious goal of accelerated and application-tailored materials 

design and discovery [137]. Recently, ML is successfully employed to design organic light-emitting diodes 

[138], metal-organic frameworks [139], classifying steel microstructures [140], construction materials [141-

143], to accelerating post-disaster processes to mitigate natural disaster impacts [144-146] and in 

combination with computational materials to predict graphene bandgap [147]. A paradigm shift in the field 
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of material science is inevitable in the upcoming years as ML and DL becoming increasingly powerful to 

accelerate high-performance and low-cost material discovery. Unfortunately, the amount of available 

experimental data of CNT forest growth is not sufficient to be used as labeled data for training the machine 

learning model due to the vast range of CNT forest synthesis conditions, growth recipes and resultant 

morphologies reported in literature. Experimental results are usually noisy, expensive and time consuming, 

and the CNT forest attributes (CNT diameter, areal density, growth rate) are poorly characterized and time 

variant. Therefore, the physics-based simulation of CNT forests may present a reliable and powerful tool for 

training ML and DL models in the absence of suitable experimental data. When unseen patterns of material 

structures are determined by ML, the desired properties can be targeted tuning proper synthesis conditions. 

Material researchers hope that new material discovery and commercialization into various industrial 

applications become faster and more affordable by using closed-loop research systems [137]. AI-driven 

experimentation will be guided by autonomous systems that learn from the previous experiments and in real 

time to efficiently predict the next generation of experiments. This active learning model will best employ 

high-throughput modeling and simulation to improve quality and speed of future experiments [147-149]. 

This approach will hopefully help to commercialize CNTs into various industrial applications, an unfulfilled 

mission since CNTs were discovered in 1991 by Iijiama [1]. 

 

4.2 Exploration of Carbon Nanotube Forest Synthesis-Structure Relationships 

Using Physics-Based Simulation and Machine Learning (Hand-Crafted Descriptors)  

     In this study, the time-resolved mechanical simulation model is employed to nucleate and synthesize CNT 

forests. The finite element model is discussed in detail in chapter 2 and elsewhere [10, 105, 114]. Here, we 

have grown CNT forests with different user-defined synthesis inputs, namely CNT number density and CNT 

outer diameter to evaluate their effect on the forest structure. As there is a vast input parameter space that 

may result in different morphologies, investigating all process conditions is impractical. In this preliminary 

study, the resulting forest morphology is used to train a machine learning model to predict synthesis 

properties. Local feature extractors, individually and in combination, followed by random forest classifier 

were employed to create the class predictor model. We used four local descriptors that are derived from both 
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Local Binary Pattern (LBP) and Motif Cooccurrence Matrix (MCM) descriptors [150-152]. The descriptors 

are Rotation Invariance Cooccurrence among Local Binary Patterns (RICLBP), Joint Adaptive Median 

Binary Patterns (JAMBP), Joint Motif Labels (JML), and Motif Patterns (MP) encoded with RIC-LBP [152]. 

The reason behind using multiple local descriptors is to capture more texture features and to ultimately 

improve the final classification accuracy.  

4.2.1 Methods 

     In this study, we classify twelve distinct CNT forest classes using different local descriptors to extract the 

texture features from the CNT forest images. In our proposed framework, the descriptors based on LBP [153] 

and Motif Peano scan methods [154] are used. The first two descriptors are called RIC-LBP and JAMBP 

which are a very powerful variation of the original LBP descriptor. The other descriptors are called JML and 

MP and are a modification of the original MCM descriptor. The reason we choose these set of local features 

is their ability to capture image texture and the high classification performance generated using challenging 

databases. In the following, we will explain how each method is used to extract features and the number of 

features used with respect to each descriptor. 

A. LBP-Based Descriptors  

1) RIC-LBP: The Rotation Invariant Co-occurrence among LBP (RIC-LBP) proposed by Nosaka et. al [155] 

was used successfully to classify Human Epithelial type-2 HEp-2 cell images. RIC-LBP makes use of the 

relationships among the binary patterns by finding the co-occurrence patterns among the histogram features 

as shown in Figure 41a. Moreover, RICLBP histogram is represented in the form of many LBP pairs, and 

each pair will be attached with a specific label to account for rotation invariance which makes it very powerful 

to capture important image texture. As proposed in [155], 408 bins from the three schemes were extracted. 

2) JAMBP: The Joint Adaptive Median Binary Patterns (JAMBP) descriptor was introduced in [156] by 

Hafiane et. al. It builds upon the powerful AMBP [157] descriptor by joining more information extracted 

from the original image. This information represents the mean of the image and the window size used around 

each pixel to compute the threshold value. The power of AMBP descriptor is that it uses an adaptive window 

size around the center pixel as shown in Figure 41b. As a result, it has the ability to better capture texture 

features. Moreover, JAMBP uses multiscale scheme by computing AMBP descriptor using different ranges 
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and sampling points from the center pixel. In our work, we extracted 320 bins from JAMBP and used them 

in the classification phase. 

 

Figure 41. (a) RIC-LBP descriptor computed using three different radii. The final histogram is the concatenation of the 

three-radius RIC-LBP descriptor, (b) Illustration of the Adaptive Median Binary Pattern (AMBP) window [158]. 

B. Motif-Based Descriptors 

1) JML: The Joint Motif Labels (JML) descriptor was proposed by Oraibi et. al [152]. The descriptor exploits 

the spatial relationship among intensity pixel in a 2 × 2 image neighborhood. This is done by finding the 

Optimum Peano scans among pixels by minimizing the energy of the intensities in a small image region 

based on the equation below: 

𝛿 = |𝑝1 − 𝑝2| + |𝑝2 − 𝑝3| + |𝑝3 − 𝑝4| (10) 

     Figure 42a shows the 12 motif patterns extracted from a 2 × 2 neighborhood image with the corresponding 

letters for each pixel that are used in the minimization equation. In order to compute this descriptor, the 

twelve motif patterns are extracted from the 2 × 2 neighborhood. Then, these patterns are labeled from 1 - 

12. Later, three moments are found: minimum, median, and maximum patterns. Then, the corresponding 

labels of these patterns are stored in 3 separate matrices. We repeat this process for all image pixels. At the 

end, we join each matrix with the mean and variance of the image in a 3D joint histogram mechanism. More 

details can be found in [152]. We also consider the translational invariance property of the descriptor by 

computing it on four different images: the original one, the original image shifted by one pixel horizontally, 

vertically, and diagonally by one pixel. As a result, we gain a descriptor that has 576 bins. Figure 43 and 

Figure 44 illustrate the computation of JML before and after translational invariance. 
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Figure 42. (a) The twelve Motif Patterns used in our approach, (b) Motif Patterns descriptor illustration. The minimum 

Motif Patterns matrix is encoded with RIC-LBP and 408 bins features are extracted [158]. 

2) MP: The Motif Patterns (MP) descriptor, which was also proposed by Oraibi et. al [152], works by 

exploiting the motif patterns extracted during the process of constructing the JML descriptor. These patterns 

are considered as intensity values since they represent the variation of intensity pixels in a specific 

neighborhood. As a result, we can exploit these patterns by encoding them using any texture descriptor as 

shown in Figure 42b. We selected the RIC-LBP descriptor to encode the minimum patterns only since it 

generates powerful features that result in high classification performance. To cope with translational 

invariance, we applied the same approach as in JML and extracted features from 4 images. The result is a 

descriptor that has 1632 bins which can be used during the classification stage. Figure 43 and Figure 44 

illustrate the computation of JML before and after translational invariance. 
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Figure 43. Feature Vector Calculations of JML and MP Descriptors before Applying the Translational Invariance. 

 

Figure 44. Computation of JML and MP descriptors after applying three different local translations including one pixel 

horizontal (T1), one pixel vertical (T2) and one pixel diagonal (t3) for translational invariance [158]. 

C. Random Forests (RF) Classifier  

     Random Forests (RFs) are an ensemble learning method for classification and regression. RFs operate by 

creating multiple decision trees and outputting the class that is the mode of the classes or mean prediction in 
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the case of the regression task [159]. The first algorithm for random decision was created by Tin Kam Ho. 

After that, an extension of Ho’s algorithm was developed by Breiman et al. [160] which involves combining 

Breiman’s “bagging” idea and random selection of features, introduced first by Ho et. al and resulted in the 

RFs classifier. The training algorithm for random forests applies the general technique of bootstrap 

aggregating, or bagging, to tree learners. The number of trees is a free parameter. Typically, a few hundred 

to several thousand trees are used, depending on the size and nature of the training set. 

4.2.2 Results and discussion 

     In this section, we demonstrate the performance of our approach for classifying 12 CNT classes, defined 

later. We perform classification using 1000 trees RF classifier, which previously proved to be very efficient 

[150, 151]. During training and testing, we used 5-fold cross-validation, where 80% of data was used for 

training and the remaining 20% was used for testing. The evaluation metric used is the Mean Class Accuracy 

(MCA) which is defined as: 

𝑀𝐶𝐴 =
1

𝐾
∑ 𝐶𝐶𝑅𝑘

𝐾

𝑘=1

 

(11) 

where K is the number of classes and CCRk is the correct classification rate for each class. The dimensions 

of CNT forest images range between 192×730 and 627×730 where rows vary in size while columns have a 

fixed size. In the experiments, we did not re-size the images or alter them. This is because we are using local 

feature descriptors that accept any image size. In addition, the number of images per class ranges between 

100 - 230. 

A) CNT Forest Simulation:  

     CNT forests are simulated for a total number of twelve distinct classes employing three different CNT 

densities and four outer diameters. Population of CNTs with 250, 500 and 750 CNTs were grown on a 50 

µm simulation domain, corresponding to a pitch of 200, 100 and 66.67 nm between CNT nucleation cites, 

respectively. For simplicity, the outer diameters are 5, 10, 15 and 20 nm, and deemed constant for all CNTs 

within the forest. CNTs are modeled as hollow cylinders assigned with inner diameters that were 70% of 

magnitude of outer diameters. The CNT forests were grown up to 1200 total growth steps that corresponds 

to a height of nearly 55 µm. The CNT growth rate undergoes a sigmoid behavior such that it is highest at the 
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onset of growth, gradually decreases, typically over the subsequent 20 minutes, and finally terminates [161]. 

However, our ML model training can be trained by simulating CNT forests for a relatively short length, i.e. 

up to 55 m in this study. This corresponds to the early stages of growth that is fulfilled within a few minutes 

[161]. Due to computational resources limitations, it takes about a few hours to simulate CNT forests by our 

finite-element simulation model. For instance, it takes about 2.5 hours to grow a forest of 55 m height with a 

pitch of 100 nm between nucleation cites while such forest is grown in less than 2 minutes experimentally 

[161]. Therefore, the growth rate of each CNT within the population was assigned stochastically from a 

Gaussian probability density function with an average growth rate of 50 nm per time step and a standard 

deviation of 5%. The orientation angle of CNTs was also assigned to each CNT based on a Gaussian 

distribution having a standard deviation of 5 relative to the growth substrate normal. Each class of CNT 

forests is simulated for several times to generate sufficient amount of data to train the ML model. CNT 

morphologies are plotted and saved every 100 time steps starting from time step of 300 up to 1200. The first 

300 time steps are disregarded due to the short length of forests. Note that each forest morphology generated 

using similar synthesis attributes  is different because of the stochastic assignment of attributes from user-

defined distributions.   

     As discussed earlier, the twelve classes shown above have different densities and outer diameters. A 

representative image of each CNT forest class may be found in Figure 45. It should be noted that all 

simulation growth parameters are the same except for the CNT number density and outer diameters. The 

typical density of a CNT forest is 109-1013 [82-84, 127], while classes 1-to-4 corresponding to Figure 45a-d 

have CNT number densities of 0.25×1010 CNTs/cm2, that exhibits similar morphology to Figure 7b. Classes 

5-8 correspond to Figure 45e-h and have CNT number densities of 1 × 1010 CNTs/cm2. Classes 9-12, as 

shown in Figure 45i-l, have CNT number densities of 2.25×1010 CNTs/cm2, which resembles Figure 7a. A 

summary of synthesis parameters for the twelve class is shown in Table 2. The morphological changes arise 

from the interactions between adjacent CNTs that make neighboring CNTs bonded by the van der Waals 

forces and make bundles. The bonds are subject to breaking when the generated forces during the forest self- 
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Figure 45. The CNT forest morphologies (a)class1: 250 CNTs - OD=5 nm (b) class2: 250 CNTs - OD=10 nm (c) class3: 

250 CNTs - OD=15 nm (e) class4: 250 CNTs - OD=20 nm (e) class5: 500 CNTs - OD=5 nm (f) class6: 500 CNTs - 

OD=10 nm (g) class7: 500 CNTs - OD=15 nm (h) class8: 500 CNTs OD=20 nm (i) class9: 750 CNTs - OD=5 nm (j) 

class10: 750 CNTs - OD=10 nm (k) class11: 750 CNTs - OD=15 nm (l) class12: 750 CNTs - OD=20 nm [158]. 

assembly exceed a threshold force of 10 nN [105, 114]. It is worth noting that the x-y axis is cropped in 

Figure 45 in order to convert plots to images that can be used to train the ML model. 

Table 2. A summary of CNT forest simulation growth parameters with average growth rate of 50nm per timestep and 

growth STD of 5% [158]. 

Class 

No. 

Outer Diameter 

(nm) 

Inner Diameter 

(nm) 

CNT Number 

(/50µm) 

Avg. Growth 

Rate (nm/step) 

Growth Rate 

STD (%) 

1 5 3.5 250 50 5 

2 10 7 250 50 5 

3 15 10.5 250 50 5 

4 20 14 250 50 5 

5 5 3.5 500 50 5 
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6 10 7 500 50 5 

7 15 10.5 500 50 5 

8 20 14 500 50 5 

9 5 3.5 750 50 5 

10 10 7 750 50 5 

11 15 10.5 750 50 5 

12 20 14 750 50 5 

 

B) Local Features Experiments:  

     Our experiment starts by classifying the CNT forest classes using our framework of four local descriptors: 

RIC-LBP, JAMBP, JML, and MP. The classification results were reported for each single descriptor as shown 

in Table 3. Then, the combination of descriptors is examined to further improve the classification 

performance. 

Table 3. Results of applying our local features framework using 1000 trees RF with five-fold cross validation. After 

combining the four sets of feature descriptors, the MCA results improved by more than 3% [158]. 

 

 

 

 

 

 

 

     From Table 3, the best accuracy of a single local descriptor was obtained by JML. This is because JML 

uses the spatial relationship among the intensity pixel in a 2×2 neighborhood efficiently. JAMBP exhibited 

the lowest performance since it was not able to capture the important texture features from the dense tubes 

of CNT forest. This is mainly because JAMBP proved to work very well with noisy images while CNT forest 

images are very clean. It is observed that the combination of multiple local descriptors also enhanced the 

Descriptor Size MCA 

RIC-LBP 408 80.0 

JAMBP 320 76.2 

JML 576 80.5 

MP 1624 79.4 

RIC – LBP + JAMBP 728 79.9 

RIC – LBP + JAMBP + JML 1304 81.6 

RIC – LBP + JAMBP + JML + MP 2936 83.5 
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classification performance. In the best case, combining the four descriptors resulted in a performance 

improvement by more than 3%. RF classifier with 1000 trees was tested before to classify Human Epithelial 

type 2 (HEp-2) images and it was very successful in recognizing six and seven classes of cells and specimen 

samples respectively [150, 151]. Hence, the RF classifier was selected to classify CNT forest images that 

yields impressive results as shown in Table II, when adopting the RF with many trees to aid the voting process 

within the classifier. 

4.2.3 Conclusions 

     In this section, a framework of multiple local descriptors to classify 12 CNT forest classes corresponding 

to different synthesis conditions was presented. We split the dataset into 5 folds in order to perform 5-fold 

cross-validation. Then, the Random Forests classifier with 1000 trees was applied on the extracted local 

descriptors. We have studied several descriptors and demonstrated that the accuracy of a single local 

descriptor can be improved by concatenating multiple local descriptors and feeding them to the classifier. 

The accuracy of JML (the best single performance descriptor) was improved from 80.5% to 83.5% by 

combining all four descriptors: RIC-LBP, JAMBP, JML, and MP. This high classification accuracy promotes 

discovering the CNT forest synthesis-structure relationships so that their promising performance can be 

adopted in real world applications. We foresee this work as a meaningful step towards creating an 

unsupervised simulation using machine learning techniques that can seek out the desired CNT forest 

synthesis parameters to achieve desired property sets for diverse applications. 

 

4.3 Discovering Carbon Nanotube Forest Process-Structure-Property Relationships 

Using High-Throughput Simulation and Deep Learning  

     It is essential to discover and fully control the underlying mechanism of synthesis and self-assembly of 

carbon nanotube (CNT) forests to accomplish the application-tailored CNT growth. One major step is to 

determine the process conditions based on the desired set of properties to achieve. However, exploring the 

broad range of growth parameters that dictate the CNT forest structure and properties is impractical due to 

the large number of parameters, the extensive possible combinations of synthesis conditions and the 

stochastic nature of CNT self-assembly. In this section, deep convolutional neural networks combined with 
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the physics-based simulation tool are employed to study the process-structure-property of CNTs. Deep 

learning (DL) enables prediction of ensemble properties based on morphological images that can further be 

correlated to the synthesis parameters though a DL classification algorithm. The simulation model is 

employed to generate CNT forests structural morphology using user-defined parameters. Another simulation 

is utilized to model the nanoindentation process to compress the forest to yield mechanical properties, namely 

buckling load and stiffness in this section. The investigated input parameters of simulation are CNT number 

density, the standard deviation of growth rate mismatch and CNT radius. These parameters are alternated to 

produce 63 different classes of CNT forest that are used along with corresponding morphological images and 

mechanical properties as the training dataset. A deep learning model referred to as “CNTNet” is developed 

and trained on 5 splits experiments of training, validation and test subsets data with outstanding accuracies 

of > 0.91 for predicting the process parameters and R2 > 0.96 for buckling load and R2 > 0.94 for stiffness 

prediction. These are promising results towards designing and manufacturing CNTs by design. 

4.3.1 Methods 

     In Figure 46, we describe the process to explore process-structure-property relations of CNT forests. First, 

the finite element simulation model is employed to grow CNT forests of different synthesis attributes. The 

process parameters and the resulting structure are used to train a DL classification algorithm to correlate each 

CNT morphological structure to the corresponding synthesis parameters. Later, the synthesized CNT forest 

is compressed axially from the top surface to obtain ensemble properties, i.e. buckling load and stiffness in 

this work. As there are many growth conditions that result in a wide range of properties, a DL regression 

model is trained to predict the forest properties based on their structures. 

4.3.1.1 Finite Element Simulation  

     In this section, among different input parameters, only CNT number density, growth rate standard 

deviation and outer radius are selected for investigation. It should be noted that other parameters like 

inner/outer radius ratio, average growth rate, standard deviation of angle of orientation and stiffness are kept 

constant for all realizations. CNT numbers per forest growth span (10 µm in this section) that determines the 

number density of forests takes 7 different values while the other two parameters, namely CNT outer radius 

and growth rate standard deviation, will take three different values to yield 63 distinct class of synthesis 
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conditions for the classification purpose. It was found that forest structure and properties are most sensitive 

to changes in CNT number density and CNT diameter (see Figure 49). Hence, simulations with higher 

variation in number density are let to run to produce a continuous buckling load space for a more accurate 

property prediction. The values that each parameter may take will be further discussed in details in the 

proceeding section. 

 

Figure 46. The proposed Process-Structure-Property mechanism using simulation and deep learning. 

     CNT forests are compressed using the compression simulation model as described in Chapter 2 to obtain 

the force necessary to buckle CNT forests. Compression of forests was simulated by a vertically translating 

and rigid platen that contacts the top surface of the forests. After the compressive load was applied to the top 

surface of forest, similar finite-element analysis concepts are used to solve for displacement and forces. The 

compression is applied by a constant platen translation per compression step and normal to the forest while 

the substrate is conceived as a rigid body. The reaction forces are calculated at each node in contact with the 

moving platen and summed up to obtain the compression force. The compression simulation is discussed in 
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detail in [10]. A typical CNT forest morphology at the end of growth and compression simulation are shown 

in Figure 47a and Figure 47b, respectively, as well as the corresponding force-displacement curves. Figure 

47c shows the compression period when the buckling load is reached and how the buckling load and stiffness 

are calculated, while Figure 47d illustrates a longer compression time.  

 

Figure 47. A typical simulated (a) internal structure morphology of CNT forest at the end of growth (b) internal structural 

morphology of CNT forest at the end of compression; and force-displacement plot (d) at the end of all compression steps 

corresponding to morphology of (b) exhibiting densification (d) the blue box in (c) representing buckling load and 

stiffness curves at the onset of forest buckling. 

     As discussed earlier, unfortunately there is no labeled CNT forest morphology (internal structure) dataset 

from physical experiments that can be used for ML/DL model training. Furthermore, as the parameter space 

of synthesis conditions is so vast, it is impractical, slow, and expensive to grow CNTs with different growth 

parameters. Hence, the physics-based simulation is employed to grow and characterize CNT forests to train 

various DL models to investigate their process-structure-property relationships. Accordingly, thousands of 
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simulations are run to generate sufficient amount of data. During mass simulation runs, attributes of each 

simulation realization, i.e. run number, number density, outer radius, and growth rate standard deviation, as 

well as labeled class numbers and the resulting buckling load and stiffness are stored in a database. Also, 

images are stored by their run number to correlate the image to the right property and labeled class as the 

input streamlines of DL model. The CNT forest images labeled with their respective classes are used to train 

a classification model that later will be employed to determine the synthesis conditions. On the other hand, 

the buckling load and stiffness obtained from compressing CNT forests are correlated to the structural 

morphology to construct a regression model that will be able to predict forest properties. Combining the 

classification and regression models will result in predicting synthesis conditions according to desired 

properties. This is a significant step towards growing CNTs by design. 

4.3.1.2 Deep Learning Framework  

     In this section, we the proposed network framework for investigating the CNT forest process-structure-

property relationships. As shown in Figure 48, there are totally five components in the proposed mechanism 

framework: Simulation Conditions, Physical Controlling, Algorithm Supervision, and CNTNet which is 

consisted of two DL modules: Structure Classification and Property Regression. Here, based on the forest 

structure (as the input to our DL models) we discuss how to predict the CNT synthesis parameters tuned for 

desired properties by means of classification and regression models. For both tasks, the supervision 

information is provided by the simulation. The proposed CNTNet is designed to handle two tasks together 

with shared feature representation space by transferring knowledge from structure to properties prediction. 

In the following sections, the details of each task design are stated. 

A) CNT Classification 

     For the classification task, the CNT structural images are employed to classify CNT forests to different 

classes (63 for this study) based on combination of three growth parameters. This is treated as an image 

classification problem, which has been pervasively studied in many areas, such as natural object image 

classification [162], aerial scene classification[163], etc. 

     In our previous work [158], we proposed non-deep-learning based methods to explore the classification 

of CNT images. We exploited several representative hand-crafted descriptors for classification, i.e. Rotation 
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Invariant Co-occurrence among Local Binary Patterns (RIC-LBP) [155], Joint Adaptive Median Binary 

Patterns (JAMBP) [156], Joint Motif Labels (JML) [152], Motif Patterns (MP) [152], and investigate their 

effectiveness in texture analysis of morphology images. Upon development of deep learning which has 

successfully been applied to object recognition [162], object detection [164], point cloud segmentation, object 

tracking, etc., we believe that materials science should benefit from deep-learning based methods, and 

leverage the advantages of deep representations. The objective of this work is to utilize deep learning to 

facilitate exploring synthesis-structure-property relations of CNT forests. Hence, the popular convolutional 

neural networks (CNNs) are implemented to tackle the classification problem. 

 

Figure 48. Framework of our proposed CNTNet for using machine learning to predict CNT material properties from 

(simulated) growth images. The top VGG-19 deep learning network is used to classify the image sample into one of 63 

CNT classes. The network captures texture properties and was trained by initialization using ImageNet weights. The 

bottom Random Forest regression trees learns a 2-D regression function for mapping a 4096-D feature representation 

vector to two physical properties, namely buckling load and stiffness. 

    Here, we give mathematical formulation of proposed framework. Given the morphology images of CNT 

structures, Xi ∈ XCNT, XCNT is the training set of CNT images. In our approach, we propose to use 

convolutional neural network to learn the mapping function from CNT structure (images) to CNT classes. 

We define the 𝑓𝜃𝑐𝑙𝑠
(·) (parameterized by the network parameters θcls) as the mapping function from input 

image Xi to the class label pi, which is presented in:  
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�̂�𝑖 = 𝑆𝑜𝑓𝑡𝑚𝑎𝑥(𝑓𝜃𝑐𝑙𝑠
(𝑋𝑖)) 

𝑆𝑜𝑓𝑡𝑚𝑎𝑥(𝑧)𝑖 =
𝑒𝑧𝑖

∑ 𝑒𝑧𝑗𝐾
𝑗=1

    𝑓𝑜𝑟 𝑖 = 1, … , 𝐾   𝑎𝑛𝑑 𝑧 = ( 𝑧1, … , 𝑧𝐾) ∈ ℝ𝐾 

(12) 

where �̂�𝑖  is the prediction label. 

During training, we use the cross-entropy loss, as computed: 

𝐿𝑐𝑙𝑠 = −
1

𝑁
∑(𝑝𝑖 log(�̂�𝑖) + 

𝑁

𝑖=1

(1 − 𝑝𝑖)log (1 − �̂�𝑖)) 

(13) 

where 𝑝𝑖  is the true label (1 for target class label and 0 for other classes), �̂�𝑖 is the predicted probability of 

the predicting label of Xi, and N is the mini-batch-size during training. In our experiments, we implemented 

VGG-19 [165] as the backbone network, and used the Stochastic Gradient Decent (SGD) optimizer to 

optimize the parameter space θcls. More details are discussed in the following section. 

B) CNT property regression 

     To facilitate exploring the vast space of properties of CNTs, and later correlate Process-Structure-Property 

relations, a non-linear regression is applied on CNT mechanical properties, namely buckling load and 

stiffness in this work. For Structure-Property mechanism learning procedure, based on the input images of 

CNT structures, a regression model is trained to predict the properties of CNTs. 

     We propose a network which transfers the classification embeddings to property regression, i.e. CNTNet, 

as shown in Figure 48. The framework is designed by the motivation that the proper ties are strongly 

correlated to the CNT structures as depicted in Figure 49 where only buckling load and stiffness values for 

the three CNT numbers of 100, 150 and 200 are shown. Non-linear regression is applied on the dataset 

presented in Figure 49 to find how the relationship between the properties (buckling load and stiffness) and 

synthesis conditions (CNT number, outer diameter, and growth rate STDV) scaled, when a single variable is 

isolated at a time. The resulting regression equations are shown in Table 4 that tries to approximate the 

synthesis-property relationships. The suggested framework of regression is illustrated in Figure 48. Instead 

of directly learning from CNT structures (morphology images), we propose a transfer learning method which 

utilizes the prior knowledge we learn from the classification task to facilitate the learning of CNT properties 

such as bucking load and stiffness. Experiments present promising results of our CNTNet in which the 
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knowledge from classification of CNTs is transferred to predict the properties of CNTs as an effective and 

efficient transfer learning method. 

Table 4. The regression equations that fit the data presented in Figure 49 as a function of CNT number (density), 

diameter, and growth rate std. dev.  

 CNT Number (N) Outer Diameter (D) Growth Rate STDV (G) 

Buckling Load (BL) BL= 2E-07N3.923 BL = 0.957D2.015 
BL = -0.964G2 + 21.708G 

+ 23.75 

Stiffness (S) 
S= 0.008N2 - 1.195N 

+ 49.807 

S= 1.079D2 - 1.437D - 

4.073 

S= -0.638G2 + 10.117G  

+ 25.861 

 

     We utilize the learning space of the embeddings of 63 classes to boost the prediction of regression. There 

are two components of CNTNet. The first component is the classification embedding extraction network, 

which is learned by the above classification task. After the network finishes training, all the parameters θcls is 

frozen, so that the learning knowledge in the training can be kept during property prediction procedure. The 

second component is Random Forest regression (RF regression) [166, 167]. 

 

Figure 49. Nested box plot of (a) buckling load, and (b) stiffness for all combinations of the input simulation parameters. 

The bottom most level is the CNT density, then Growth Rate Standard Deviation (3, 6, 9) and Outer Radius (5, 8, 11). 

     The classification embedding is defined as 𝑑𝑐𝑙𝑠
𝑖  𝜖 ℝ𝐸 of the CNT image input Xi, where E is the dimension 

of the classification embedding vector. The 𝑓𝜃𝑐𝑙𝑠
(·) (parameterized by the RF regression θreg) is defined as the 

mapping function from the classification space to the property space. We define the property output is yi ∈R2 

where one dimension out for buckling load, and the other dimension output is stiffness, as described in Eq. 
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(14). The reason we use one RF regression to predict the properties of buckling load and stiffness together is 

based on the observation of Figure 50 where the linear correlation of two properties are clearly demonstrated. 

𝑑𝑐𝑙𝑠
𝑖 =  𝑓𝜃𝑐𝑙𝑠

(𝑋𝑖) 

�̂�𝑟𝑒𝑔
𝑖 =  𝑓𝜃𝑟𝑒𝑔

(𝑑𝑐𝑙𝑠
𝑖 ) 

(14) 

 

Figure 50. Correlation of Buckling Load vs Stiffness  

4.3.2 Results and discussion 

A) Simulation 

     The finite-element simulation is used here to synthesize and characterize CNT forests. Several user 

defined parameters are employed to simulate CNT forests such as growth span, CNT numbers, growth rate, 

angle of orientation, outer and inner radii, Young’s modulus, etc. Later, the compression simulation model 

is employed to model CNT forest post-synthesis characterization that yields forest properties like buckling 

load and stiffness. Whereas in this study, due to the large number of growth input variables, only three 

parameters were selected to investigate their effect on the resulting forest morphology, namely CNT number 

density (D), CNT outer radius (R) and growth rate mismatch standard deviation (G). The common synthesis 

input parameters are shown in Table 5. Also, the studied synthesis conditions as the variable inputs of the 

growth simulation is displayed in Table 6. It is worth noting that for simplicity, the outer radius is considered 
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constant for all CNTs within the forest. Here, among various properties, only buckling load and stiffness are 

studied for the regression model. The outputs of growth and compression simulation used for ML/DL training 

are the CNT internal morphology stored as images and the forest properties stored as numerical values. It 

should be noted that the input synthesis parameters are also used for classification purposes. 

Table 5. Common synthesis conditions used as the inputs of the growth simulation. 

Parameter Value 

Growth Domain 100 (µm) 

Average Growth Rate 60 (nm/step) 

Growth Steps 400 

Inner Diameter 70% Outer Diameter 

Average Angle of Orientation 90 (degrees) 

Standard Deviation of Angle of Orientation 5 (degrees) 

Young’s Modulus 1 (TPa) 

 

Table 6. The investigated input synthesis parameters used as the inputs of the growth simulation. 

Parameter  Value 

Number Density (/10µm) 50 75 100 125 150 175 200 

Outer Diameter (nm) 10 16 22     

Growth Rate STD. Dev. 3 6 9     

 

     Growth and compression simulation are conducted for over 22,000 times for all possible combination of 

input parameters to provide sufficient number of images for DL modeling. Each CNT forest is let to grow 

until it reaches 20 µm of height where the morphology is saved as the forest structure images. Following, the 

compression simulation is run until the force necessary to buckle the forest is reached. The buckling load and 

the corresponding stiffness are also stored as numerical values. A nested box plot of buckling load and 

stiffness is shown in Figure 49 for only three CNT number values, i.e. 100, 150, and 200, including all other 

combinations of simulated process conditions.  

     The DL models are trained for classification and regression to explore the process-synthesis-property 

relations of CNT forests. At first, a DL classification with 12 classes is carried out to classify forests based 

on their structure. An accuracy of 95.5% is achieved using VGG19 architecture which is a great improvement 
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to the accuracy of similar classification with hand-engineered feature extractors with an accuracy of about 

83.5% [158]. As 12 classes only could cover a few synthesis parameters, other classifications with higher 

number of classes is tried that resulted in slightly lower accuracies of 91% due to the increased number of 

classes. Although classification is a good step towards exploration of synthesis-structure relations, it is not 

solely helpful when predicting CNT forest properties. Hence, regression models are trained using the forest 

morphology images to predict the forest buckling load and stiffness. 

B) Deep Learning Implementation 

     The details of our experimental data are listed in Table 7 where a total of 22,106 synthesized images are 

used. 60% of images are used for training, while 20% for validation, and 20% for testing are allocated. For 

both classification and regression tasks, the VGG-19 network [165] is employed as the backbone network. 

The size of our generated images is 907 × 725. while the input size of a standard VGG-19 is 224×224. Thus, 

during training, the images are resized to 256×256 initially, followed by the random crop application to get 

to the image size of 224×224. During validation and testing, we first resize image to 256 × 256, and then do 

center cropping of image to size 224×224. All hyperparameters are listed in Table 8. The learning rate for 

training is 0.001, with a mini-batch-size of 32. We trained the network for 200 epochs and used the validation 

data to select the best model. Then, the selected model is tested on the testing data. The applied optimizer is 

SGD with a momentum of 0.9 and weight decay of 1e−4. For the regressor, the classification embedding is 

extracted from the last fully connected layer, whose dimension is 4096. We use the random forest regressor 

for the regression of final property values. The Scikit-learn [168] is employed for the implementation of RF. 

Totally, 1000 decision trees are used, and the stopping condition is all leaves are pure. All other settings of 

RF are the same as Scikit-learn default settings. During training, we use common augmentation processing; 

random cropping for each image, and random flip with 0.5 probability. All experiments are conducted in 5-

Fold cross-validation settings. For regression tasks, we compute log values of buckling load and Stiffness. 

Table 7. Descriptions of Dataset. 

Classes No. Total # of images Training Validation Testing 

63 22,106 13,263 4,421 4,422 
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Table 8. Details of Hyper-parameters in different experiments. 

Initial LR Optimizer Weight Decay Momentum Mini-Batch Size 

0.001 SGD 1e-4 0.9 32 

 

C) Data Details 

     In Figure 51, we show one image of 9 classes for each CNT density. We enlarge the red box of CNT50 

images and green box of CNT200 images. In Figure 52, we show the distributions of controlling attributes 

of the whole dataset. Each class has about 200 to 400 images. Also, the typical buckling load and stiffness 

values for CNT forests with 100, 150 and 200 CNTs are already shown in Figure 49. 

D) Evaluation Metrics 

     For the classification task, we use the standard accuracy evaluation metric, while for the regression, we 

use two evaluation metrics; R2 and RMSE to evaluate our performance. The implementations are from Scikit-

learn [168]. 
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Figure 51. Sample simulation images for 63 total classes composed of three radii and three growth rate standard deviation 

combinations, for seven CNT density values. We abbreviate Outer Radius as R, and Growth Rate Standard Deviation as 

G. Sample images for CNT50 (red highlight) and CNT200 (green highlight) are shown at zoomed scale in the third row 

for each CNT density. 
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Figure 52. Distribution of sample synthetic simulation images. For each plot the x-axis is the logarithm of buckling load 

and the y-axis is frequency. We abbreviate Outer Radius as R, and Growth Rate Standard Deviation as G. For each CNT 

density, histogram of the number of samples for each CNT density with 9 classes. 

(I) R2 score computed as:  

𝑅2(𝑦, �̂�) = 1 −
∑ (𝑦𝑖 − 𝑦�̂�)

𝑛
𝑖=1

∑ (𝑦𝑖 − �̅�)2𝑛
𝑖=1

 

�̅� =
1

𝑛
∑ 𝑦𝑖

𝑛

𝑖=1
 

∑ (𝑦𝑖 − 𝑦�̂�)
2

𝑛

𝑖=1
= ∑ ∈𝑖

2
𝑛

𝑖=1
 

(15) 

(II) RMSE computed as: 

𝑅𝑀𝑆𝐸 = √∑
(𝑦𝑖 − 𝑦�̂�)

2

𝑛

𝑛

𝑖=1
 

(16) 
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E) Experimental Results 

     We mainly compared current results with our previous work [158] which used hand-crafted features based 

on RIC-LBP, JAMBP, JML, MP. In Table 9, we also show our results using VGG-19 with 12 number of 

classes. We can see that the results of deep learning network VGG-19 significantly suppresses the previous 

non-DL method accuracies. In this work, we have investigated classification for 63 classes while only 12 

classes were studied for previous studies. However, the accuracy of 91.01% is promising for 63 classes. 

Table 9. Performance of hand-crafted non-deep learning vs deep learning (DL) methods for the CNT classification task 

using 12 and 63 classes. Performance decreases by only 4.5 percent for significantly more classes. 

Method  Class No. Accuracy (%) 

Hand-crafted ML model [158] 12 83.5 

DL VGG-19 12 95.5 

DL VGG-19 (Extended) 63 91.0 

 

i) Classification Analysis 

     In Table 10, we report the classification accuracy of each CNT densities values. The confusion matrix 

results of 63 classes classification is visualized in Figure 53a. It is seen that most confusions of classes are 

in self CNT density space. 

Table 10. Classification accuracy using 5-fold validation on the testing data with the results shown as mean accuracy and 

standard deviation. 

Overall D50 D75 D100 D125 D150 D175 D200 

91.01±0.54 79.64±2.34 84.65±0.88 89.72±0.90 92.81±0.25 96.88±0.51 97.08±0.45 97.75±0.29 
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Figure 53. (a) t-SNE visualization of the 63 classes grouped into the 7 CNT densities for better visual display showing 

the separation of the groups using the VGG-19 feature embedding sub-space (b) Confusion Matrix of 63 classes from 7 

CNT densities. 

     In order to visualize the performance of our learned embeddings, we chose classical visualization methods  

t-SNE [169] to visualize the learned space of classification, as shown in Figure 53b. We first use PCA [170] 

to reduce the dimension of classification embeddings from 4096 to 50, and then used t-SNE to visualize them 

in 2D space. For clear visualization, we plot the testing data classification embedding distribution. It is clearly 

observed that the different CNT densities are well-separated. The confusions mainly happen in each CNT 

densities own sub 9 classes space. 

ii) Property Regression Analysis 

     In Table 11 and Table 12, the quantitative results are reported. The visualization of regression results in 

log scale is shown in Figure 54, which demonstrate that our CNTNet is very promising and encouraging for 

CNT property prediction. We report the common regression evaluation metric R2 and RMSE of each CNT 

density in Table 11 and Table 12 where the overall R2 is 0.96 for buckling load and 0.94 for stiffness. 

Interestingly, the overall metrics represent better results compared to each CNT density since the whole 

distribution is aligned better with the simulation computation results than each CNT density range.  
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Table 11. Performance of buckling load regression in loge scale. 

 Overall D50 D75 D100 D125 D150 D175 D200 

R2 0.96±0.00 0.66±0.05 0.75±0.02 0.80±0.02 0.83±0.01 0.89±0.00 0.88±0.01 0.86±0.02 

RMSE 0.39±0.01 0.58±0.03 0.46±0.02 0.38±0.02 0.32±0.01 0.23±0.01 0.22±0.01 0.22±0.02 

 

Table 12. Performance of stiffness regression in loge scale. 

 Overall D50 D75 D100 D125 D150 D175 D200 

R2 0.94±0.03 0.62±0.04 0.72±0.02 0.81±0.01 0.85±0.00 0.91±0.01 0.91±0.00 0.91±0.01 

RMSE 0.49±0.02 0.74±0.04 0.61±0.02 0.46±0.02 0.38±0.01 0.27±0.02 0.25±0.00 0.23±0.14 

 

 

Figure 54. (a) Buckling load (b) Stiffness regression compared to simulation ground-truth for seven different CNT 

densities using a random forest regression method with deep learning VGG-19 texture features (4096-D). 

F) Summary of Deep Learning Method 

     We modelled the proposed mechanism of Process-Structure-Property of CNT forests using our designed 

DL method, i.e. CNTNet. We studied the Process-Structure relations as classification problem, and the 

Structure-Property ones as regression problem. For the whole mechanism, we propose CNTNet to tackle both 

classification and regression problem which leverage the knowledge from structure to help predict proper 
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ties, specifically, CNTNet leverages the prior knowledge from CNT structure to boost the property 

predictions of CNT which efficiently combine the structure knowledge and property knowledge. Experiments 

demonstrate the promising results on classification and property predictions. This encouraging outcome 

supports our proposed concepts of modeling the mechanism with deep learning framework. 

4.3.3 Conclusion 

     In this work, in order to investigate the process-structure-property relations of CNT forests, advanced 

high-throughput computation modeling is combined with emerging deep learning algorithms. This cutting-

edge data-driven model represents a promising approach to engineer CNT synthesis based on intended 

ensemble applications.  Hence, over 22,000 CNT forest are synthesized numerically followed by a 

compression simulation to obtain forest structures and properties, namely buckling load and stiffness. A deep 

neural network model is trained to correlate each forest structure to process conditions through classification 

(63 classes, here); subsequently another regression model is applied to predict CNT properties using 

morphological images as inputs. The results present fabulous accuracies of > 0.91 for classification and R2 > 

0.96 and 0.94 for the prediction of buckling load and stiffness, respectively. This is a successful step towards 

building an active learning, closed-loop system that employs multiple sources of information including SEM 

CNT imagery, finite element simulation predictions, physical measurements and a knowledgebase of 

previous experimental results or mined from the literature to accelerate adoption of CNT forest within various 

industrial applications.  
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CHAPTER 5 

 

CONCLUSIONS AND FUTURE WORK 

 

5.1 Conclusions 

     The existing paradigm for developing new materials is slow, serial, data-poor, and artificially bound by 

human preconception of anticipated results. New advanced computational, experimental and data-driven 

tools should be used to achieve control, function, and integration of nanoscale building blocks, however, it 

will likely be more difficult than the creation of the nanoscale units themselves. The barriers inhibiting the 

control of nanoscale materials are many, including: (1) equipment sets to observe dynamic nanoscale 

phenomena in-situ have only recently become available; (2) digital analysis techniques of experimental data 

is often incomplete or non-existent; (3) iteratively navigating multi-dimensional parameter spaces requires 

vast financial and time resources; (4) human observation is often biased, error-prone, and is serial in nature; 

(5) simulations of multi-scale phenomena are sparse and must be validated with experimental data that often 

do not yet exist. This work attempted to address these areas by examining the growth kinetics and assembly 

of CNT forests. Exploring how these fundamental mechanisms are influenced by the vast synthesis parameter 

space for CNTs will provide new understanding of the processing-structure-property relationships of CNT 

forests. This new integrated design continuum — incorporating greater use of computing and information 

technologies coupled with advances in characterization and experiment — will significantly accelerate the 

discovery and development time of materials by replacing lengthy and costly empirical studies with 

mathematical models and computational simulations. 

     An experimental exploration of the full synthesis parameter space is both cost and time prohibitive. 

Numerical simulation of CNT forests synthesis and self-assembly is an alternative approach that may increase 

the speed and diversity of synthesis parameters examined. Such simulations can predict both the CNT forest 

structural morphology and the resulting CNT forest properties. By systematically varying CNT synthesis 

parameters, one may arrive at a set of conditions that product the desired CNT forest performance metrics 
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such as mechanical stiffness and thermal conductivity. These desired performance metrics are intricately 

related to the structural morphology of the CNT forest itself, although the functional relationships between 

CNT forest structural morphology and CNT forest properties are currently not well understood. Moreover, 

the time-resolved simulation is able to calculate the mechanical forces due to CNT-CNT interactions (arising 

from growth rate mismatch) at any time step during growth. As well, post synthesis characterizations like 

compression and tension tests are modelled by the simulation to obtain mechanical properties of CNT forests.  

     In-situ SEM experiments are carried out to study growth kinetics at individual CNT scale. Although, many 

improvements are made to facilitate growth and enhance imaging resolution, only some successful growth 

experiments are observed. There are some barriers (most importantly the low chamber base pressure) that 

should be resolved to hopefully end in an effective synthesis recipe.  

     Finally, modern machine and deep learning algorithms are used in this work to build a prediction model 

on CNT forest properties based on their structure which can then be used to predict the synthesis conditions. 

We have achieved significant accuracies of (~>94%) that is a good indicative how efficient data-driven 

approach is to explore process-structure-property relationships of CNT forests. This work is a meaningful 

step towards creating an unsupervised simulation using machine/deep learning techniques that can seek out 

the desired CNT forest synthesis parameters. Therefore, predicting the combination of processing parameters 

required to grow application-tailored CNT forests would represent a significant advance that could enable 

new CNT forest-based applications that fully exploit the beneficial properties of individual CNTs. 

 

5.2 Future Work 

     Although there is a decent amount of work dedicated to developing the simulation model, still there are 

other areas that can be further developed and implemented to the simulation package such as: 

1- Studying the force-modulated growth rates in depth to accommodate mechanochemical kinetics. 

2- Applying non-linear finite-element analysis 

3- Correlating user-defined inputs of simulation with experimental processing conditions 

4- Implementing variable density behavior during growth to resemble densification, decay and 

termination stages and validating with experimental results 
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5- Deriving electrical and thermal properties of CNT forests considering wider conditions 

     In-situ CNT growth seems very promising to understand ensemble collective kinetics. Although, many 

improvements are made, but more experiments with better tools of decreasing chamber base pressure should 

be conducted to study various synthesis conditions and their effect on forest morphology and properties. This 

is an integral part of the finite-element simulation validation. Also, numerous SEM imaging should be 

performed to make a database to train DL models as an important part of the active-learning model.  

     Finally, construction of the closed-loop AI-driven model requires implementing image analysis of SEM 

imaging that should take place in real-time on a cloud environment. So, preparing such an infrastructure is 

essential to provide a robust, deterministic methodology for discovering materials with prescribed property 

sets for specific engineering applications.  
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