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ABSTRACT 
Establishing Quantitative Relationships Between Composition, Morphology, and 

Performance in Polymer Electronics 
 

Wesley K. Tatum 
 

Chair of the Supervisory Committee: 
Prof. Christine Luscombe 

Materials Science and Engineering 
 

π-Conjugated polymers (CPs) have been the subject of a rapidly growing body of research ever 

since their discovery in the 1970s. A great deal of work has been conducted to improve device 

performance and better understand the relationships between monomer design and optoelectronic 

properties. However, the same effort has not been put into understanding the driving factors for 

morphological development or the impact of morphology on the final device performance, 

partially due to the complex and highly dependent nature of the morphology in these materials. 

This work seeks to 1) understand the role of structural defects on the crystal lattice and morphology 

of CPs, 2) to develop quantitative methods for studying morphological development to predict 

device performance. First, self-assembled nanowires of poly(3-hexylthiophene), a well-studied 

CP, are used to probe the effect of regio-defects and chain end-groups on the crystal. The defects 

were found to readily incorporate into and disrupt the crystal lattice, and they were used to 

influence nanowire morphology. Next, an unsupervised machine learning toolkit is developed, 

which automatically processes and labels the phases and domains in scanning probe microscopy 

images. Finally, the labels generated by this toolkit are used to examine the benefits of quantitative 

morphological information using a variety of regression and neural network techniques. This data, 

and subsequently the models, describe changes in morphology and device performance for two 

types of CP-based devices during thermal annealing. Current efforts and future work are discussed. 
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Chapter 1. INTRODUCTION  

1.1 DEFORMABLE ELECTRONICS 

Developing electronic and optoelectronic devices with the ability to experience structural 

deformation without also experiencing electronic failure is of keen interest to many fields, such as 

energy production, personal electronics, and healthcare. These types of devices could help enable 

the development of new applications and devices that can, for example, be applied to curved or 

flexible surfaces, adhered to skin, or implanted inside the body.1–4 Thin and elastomeric 

semiconductors with relatively compliant properties used in electronic devices would allow these 

devices to continue performing while stretching over pointed joints, or enduring twisting, pulling, 

and shear pressure. 

Currently, the vast majority of electronic devices are made with inorganic conductors and 

semiconductors. In order to compensate for the brittle nature of highly crystalline inorganic 

semiconductors, such as Si, engineering techniques have been developed with the goal of 

introducing slack to the connections between small devices; these folds can then be straightened 

out during elongation, preserving the high crystallinity of the bulk device which is ideal for 

electronic performance. This is typically done through non-linear or non-coplanar bridges and 

precise nanostructure control, as shown in Figure 1.1.5–12 While these techniques are able to 

achieve a degree of extensibility and deformability, they require film growing techniques that are 

highly sensitive, slow, and expensive. Use of such demanding and time-consuming batch-

production techniques limits the scalability such processes. Many of these techniques require a 

stretchable, elastomeric substrate that is pre-strained during electrode deposition, adding further 

production complication. 
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Figure 1.1. Some sample strategies for creating compliant interconnects for stretchable 
inorganic devices.5 

 

So, despite their promising performance, such technically demanding designs are inherently 

limited in their ability to be mass produced. In order to avoid such time and energy consuming 

methods, the use of semiconducting materials that possess inherent mechanical compliance while 

retaining crystallinity would drastically simplify the production of deformable, robust, electronic 

and optoelectronic devices. 

1.2 Π-CONJUGATED POLYMERS: OPTOELECTRONIC PROPERTIES 

Among many candidates for next generation semiconducting materials, some of the most 

promising are π-conjugated polymers, which have been the subject of extensive research since 

their discovery in the 1970’s, by Hideki Shirakawa, Alan G. MacDiarmid, and Alan J. Heeger, for 

which they were awarded the 2000 Nobel Prize in Chemistry.13 Since their discovery, there has 

been tremendous progress into understanding and properly utilizing these π-conjugated polymers 
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(CPs). As a result of establishing design rules and heuristics, single junction all polymer 

photovoltaic devices have achieved power conversion efficiencies surpassing 17%,14 organic field-

effect transistors (OFET) have demonstrated intrinsic mobilities above 20 cm2/V•s,15 and ammonia 

sensors capable of sensing 8 ppb concentrations with millisecond accuracy,16 highly efficient 

photodiodes17 and low temperature thermoelectrics18,19 have been demonstrated. CPs can be 

designed to be soluble in solvents and cast into thin films at conditions close to ambient 

temperatures and atmospheres, which allows them to be used in fabrication of large area devices 

with low energy usage and high throughput speeds techniques like slot-die coating,20 or roll-to-

roll coating (R2R).21 These scalable, continuous production techniques significantly reduce the 

capital expenditure (CAPEX) required to build new factories and produce industrial-scale 

quantities of semiconducting devices.22 What’s more, the inherently amorphous aggregation 

behavior of polymers, which is present in many CPs, allows for intrinsically compliant active 

layers in semiconducting and conducting devices. This is due to a few distinct characteristics of 

these CP active layers. First, these layers are typically ultrathin, with OFETs achieving peak 

performance at ~50-100 nm thickness.23 Because of their ubiquitously high absorption coefficient, 

a, highly light-absorbing layers can be produced with active layers of approximately 250 nm.24 As 

a result of being so thin, these CP films are inherently flexible with some films surviving a bend 

radius on the order of 10 µm (shown in figure 1.2).25 What’s more, CPs can be designed and 

engineered to also be highly stretchable, and to maintain charge conduction throughout elongations 

beyond 50% for hundreds of cylces.3,4,26,27 The emerging design rules for these stretchable systems 

will be explored later in this discussion. 
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Figure 1.2. By depositing the OPV layers onto a pre-strained substrate, compliant devices 

can be created, which survive high bending radii.25 

Conductivity and semiconductivity arise in polymers when there are extended networks of 

alternating double and single bonds, which is known as a π-conjugated structure and contains sp2 

hybridized atoms along the backbone of the polymers. As a result of the conjugation, electrons 

that are participating in the π-bonds can be delocalized along the extent of contiguously conjugated 

monomers. This delocalization is best along the backbone of the polymers, which is supported by 

the s-bond, so uninterrupted backbone charge transport (intramolecular interactions) has the 

highest charge mobility. However, when units are in close proximity, such as in a crystallite, the 

π orbitals from two parallel chain segments can overlap and extend the conjugation between the 

two co-facial chains (intermolecular interactions) and achieve high mobilities as well. The number 

of monomer units that participate in the conjugation increases the density of states in the 

macromolecule which blend like a valence and conduction band; further conjugation reduces the 
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band gap between the highest occupied molecular orbital (HOMO) and the lowest unoccupied 

molecular orbital (LUMO), as illustrated by figure 1.3.28–31 The more CP backbones planarize and 

cofacially close-pack, the more atoms are able to participate in the π-conjugation, and the longer 

the conjugation length is. The relative amounts crystalline and amorphous domains (rigid, aligned 

 

Figure 1.3. A diagram representing the emergence of band-like behavior in CP as more 

monomer units participate in the conjugation.31 

 chains and chaotic, unaligned chains, respectively) significantly determines the optoelectronic 

properties of the whole CP sample. The contributions of inter- and intramolecular charge coupling 

in crystalline and amorphous polymer is neatly described in Spano’s HJ-aggregate model and 

illustrated in figure 1.4.32–34 In this model, intrachain charge coupling produce Wanier-Mott type 

excitons and is characteristic of J-aggregation, while interchain coupling produces a Frenkel type 

exciton and is characteristic of H-aggregation. Due to the in-phase transition dipole moments 

present between the covalently bound, intrachain coupled monomers, the lowest energy 0-0 

electronic transition is possible. Conversely, the out-of-phase transition dipole moments of the co-

facial H-aggregates requires a vibronic in order to rectify electron-pair spins within the π* orbital 

during the transfer of the promoted electron from one monomer to the other in a 0-1 transition. 
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Figure 1.4. An illustration of the positional dependence of H- and J-aggregation, per the 

Spano model. When q < ~57º, J-aggregation is dominant.34 

The extent to which a system prefers H or J aggregation affects its optoelectronic properties, as a 

more J-aggregated system will tend to utilize the higher charge mobility intramolecular charge 

transport and will be able absorb light through the lower wavelength, 0-0 transition, an effect that 

is clearly visible in the UV-vis absorption profile within even a single polymer. For example, 

poly(3-hexylthiophene) (P3HT) can display both highly H-like and J-like UV-vis absorption 

spectra, as shown in figure 1.5.35 Although figure 1.5 illustrates aggregation behavior that is solely 

dependent on the molecular weight, there are many different factors that influence electronic 

properties and can be used to tune them. Among the many variables in determining a CP’s 

properties, some of the most studied are molecular weight (Mn), regioregularity (RR), annealing, 

and aggregation. Each of these have been shown to affect the ability of the CP chains to pack, and 

interact with neighboring chains, each in their own ways.  

As a CP progresses from a monomer, to an oligomer, to a polymer, the behavior of the whole 

sample changes drastically. For example, at low Mn, in many semicrystalline polymers, such as  
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Figure 1.5. An illustration of the dependence of absorption and charge conduction on 

molecular weight. Lower Mn crystallites prefer intermolecular, H-aggregation, with high 

Mn crystallites preferring intramolecular J-aggregation.35  

P3HT, the polymer chain becomes linear to participate in crystallites. The resulting improvements 

in close-packing planarizes the backbone. In a thin film, as used in semiconducting devices, 

lamellar domains of crystalline polymer are separated by amorphous polymer. This morphology 

with higher Mn polymer is pictured in Figure 1.636 and will be returned to in detail, later in this 

discussion. Crystallites of low Mn polymers are relatively isolated in a thin film. So, despite their 

heightened charge transport properties, excitons and polarons that are generated in one of these 

regions will have to pass through amorphous domains to reach their electrode, which drastically 

reduces the speed and likelihood of collection of charge carriers. As the Mn of the polymer chains 

increases past the characteristic persistence length of the CP, chain-folded crystals can form, as 

shown in Figure 1.7.37 In P3HT, the transition from chain-extended, Form II crystals to chain-

folded, Form I crystals occurs around 8.9 kg/mol, or ~50 monomer units.38 In Form II P3HT, there 
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is a larger π-π stacking distance of the crystal lattice to accommodate the interdigitation of the 

solubilizing alkyl side-chains.39This can help explains why P3HT devices made from polymer with 

Mn above the ~8.9 kg/mol tend to have much higher charge 

 

Figure 1.6. A top-down view of thin film morphology in traditional polymers, with 

lamellar crystalline domains and amorphous domains.36 

 

Figure 1.7. A schematic representation of the transition from chain-extended crystals to 

entangled crystalline lamellae, with increased Mn.37 
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mobilities. Another contributing factor is tie-chains, which will be returned to below. Beyond the 

characteristic persistence length, there is an additional, critical molecular weight, which serves as 

the critical Mn needed to support entanglement. This corresponds to ~25-35 kg/mol in P3HT.37 

Entanglement occurs when polymer chains are long enough to be incorporated into more than one 

crystalline domain, as shown in the high Mn regime of figure 1.5. These bridging chains are known 

as tie-chains and serve as critical highways for charge transfer between crystallites because they 

present a direct line of intramolecular charge transfer. So, above the critical Mn needed for 

entanglement, charge transport is more efficient between crystalline domains and there is another 

drastic increase in the charge mobility of the thin film, an effect that saturates as Mn increases. 

The effect of RR on optoelectronic properties has been the subject of extensive research, 

however, it is contingent on the presence of asymmetric monomer units because symmetrical 

monomers cannot be incorporated backwards. As depicted in figure 1.8, P3HT monomer units can 

be incorporated into the main-chain backwards, creating either a head-to-head (HH) or tail-to-tail 

(TT) coupling instead of the preferred head-to-tail coupling (HT). When these regio-defects occur, 

the steric bulk of the alkyl side-chains interact with and displace each other, creating a torsion in 

the CP backbone that causes a more gauche alignment. As a result of the torsion, there is a 

decreased overlap of the π orbitals between the two contorted monomers. This decreased overlap 

reduces the continuity of conjugation along the backbone and thereby serves as a barrier to charge 

transport. The correlation between RR and charge mobility has been repeatedly demonstrated in 

P3HT, although the improvements saturate around 98% RR. It has also been noted that the RR of 

a CP influences the crystallinity and crystalline coherence in CP films and nanostructures, this is 

also attributed to the torsion that results from the regio-defect.40–42 Twists in the backbone of CP 

reduce the planarity of the regio-defect monomers and their nearest neighbors. When the planarity 
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Figure 1.8. Regio-defects in P3HT, HH and TT coupling, compared to the preferred HT 
coupling. 

 

of the backbone is reduced, the polymer chain loses its ability to close-pack with other chains.43,44 

So, not only do regio-defects disrupt intrachain charge transport by twisting the backbone, but they 

also decrease the interchain charge transport by perturbing close-packing of CP. In addition to RR, 

the development of donor-acceptor (D-A) copolymers brings the problem of homocoupling the 

donor or acceptor monomers, which is beyond the scope of this discussion. 

When a thin film of CP is initially cast through a method like spin-coating or drop-casting, the 

dissolution of the chains in the solvent produces a stochastic distribution of the polymer chains, 

resulting in a highly amorphous film. Post-processing techniques like annealing can mobilize the 

solid-state polymer chains and allow them to aggregate and form crystalline domains. This 

mobilization of solid chains can be achieved through two means: through heating to film above 

the glass transition temperature (Tg) but below the melting temperature (Tm), in order to preserve 

film and electrode integrity, or through partial solvation with a solvent vapor, or even a 

combination of the two. Thermal annealing has been used to increase the charge mobility of P3HT, 

as measured by OFET, by up to an order of magnitude. P3HT devices are typically annealed at 

~150 ºC for 15-30 min, which is a high enough temperature to soften the films and allow chains 
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to move but still low enough that the polymer will not flow or aggregate to the point of creating 

large fluctuations in film thickness.45 As illustrated in figure 1.9, small differences temperature 

and duration of annealing can have large effects on the number of crystallizing nuclei and the 

extent to which they grow. The size and distribution of crystalline domains and aggregates in a 

film of CP significantly contribute to film’s long-range order and charge transport properties. 

Similar to the crystalline nucleation through thermal annealing, solvent annealing (both with and 

without thermal annealing) is used to maintain chain mobility, either during or after film 

deposition. Conventional deposition techniques, such as spin-coating, deposit thin films from 

rapidly evaporating solvents. Because of the speed at which the film is produced, the CP chains 

are kinetically limited in their ability to crystallize and form highly amorphous films, as mentioned 

above. Solvent vapor annealing can be used in situ to increase the time that polymers have to 

aggregate for a number of different coating techniques.46 This is particularly beneficial in coating 

methods that have a directionality, such as blade coating or dip coating.47 These lateral casting 

 

Figure 1.9. AFM images of two P3HT OFET active layers, where the left picture has been 

annealed at 100 ºC for 15 minutes and the right picture 150 ºC for 30 minutes. 
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techniques result in a sheer force, on the CP solution as it is drying, either through an evaporation 

meniscus or the geometry of a printing head, which can orient the polymer chains parallel to the 

casting direction.48 By enclosing the casting structure, the solvent vapors are contained and 

exposed to the thin film, a simple method that can be highly scalable for large scale production.49 

Finally, aggregation of the CP solution prior to casting can drastically improve the crystallinity 

and charge mobility of a give thin film.50–52 This is a result of the self-assembly of highly 

crystalline nanostructures in the solution, which will be discussed in detail in a later section. 

1.3 Π-CONJUGATED POLYMERS: MECHANICAL PROPERTIES 

While the solution-processability and electronic properties of CPs are promising, they are still 

yet to show the fully tunable mechanical properties that have become expected from commodity 

non-conjugated polymers, such as polyethylene (PE). Initially, it was assumed that the highly 

flexible, light-weight nature of CP thin films was sufficient to foster their commercial acceptance. 

However, other solution-processable, thin film materials, such as CdTe or perovskites have 

demonstrated higher charge mobilities and power conversion efficiencies, while being able to 

survive similar bending radii.53,54 Recently, there has been a push to obtain highly stretchable and 

deformable CPs that can maintain a high degree of electronic performance throughout repeated 

deformation. Despite the wide and tunable range of mechanical properties in traditional, non-

conjugated polymers, there has yet to be discovered a similar range of mechanical properties in 

highly conductive CP.1,43,44,55,56 So far, this is attributed to distinct correlations between 

mechanical and electronic properties and their structural origins. 

As explained in section 1.2, there is a distinct correlation between how close-packed and planar 

a polymer is and how well it transports charge. This has led the field to produce CP with higher 
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and higher degrees of crystallinity, resulting in many different thin film polymers as OFET that 

have demonstrated >3 cm2/V•s as a thin film. 46 However, as is evident in figure 1.10a, this 

progress has come at the cost of increased moduli.55 Most CPs have a modulus of 1-10 GPa, which 

is 3-4 orders of magnitude above the value of skin: 0.05-20 MPa. Compounding this issue, CPs 

tend to have very low crack onset strains, as illustrated by figure 1.10b, with CoS of only 3-10%, 

far short of the 20-80% displayed by skin. Figure 1.10b does show that there have been some 

highly extensible polymers formed, but this ductility has come at the price of crystal disruption 

and low charge mobility.1 

There has been some recent work relating the chemical structure and backbone torsion of D-A 

CPs to optoelectronic and mechanical properties. In these studies, it was found that the donor 

indacenodithiophene (IDT) can be paired with different acceptor moieties to achieve highly planar 

or highly contorted backbones in CPs that form disordered aggregates (a concept that will be 

addressed in section 1.4). These polymers lack the traditional semicrystalline morphology of CPs  

 

Figure 1.10. a. A plot of semicrystalline CP showing the correlation between modulus and 

charge transport.54 b. A plot from a study of D-A polymers for intrinsically stretchable CP.1 

such as P3HT, and can achieve +100% CoS, with a modulus of 80-400 MPa, close to being fully 

within the desired range of mechanical properties to be compatible with skin.43,44 What’s more, by 

a b 
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retaining short-range order in the thin films, even highly twisted backbones can have a hole 

mobility of 0.06 ± 0.03 cm2/V•s, which surpasses other intrinsically stretchable CP. These results 

are impressive and lay the foundation for further work to disrupt the correlation between modulus 

and charge mobility. 

1.4 THIN FILM MORPHOLOGY OF Π-CONJUGATED POLYMERS 

The morphology of these CP thin films is of the upmost importance in any device application of 

semiconducting polymers for a number of reasons and it is evident that the thin film morphology 

of CP strongly influences many different properties, both mechanical and electrical. Thus, it is 

critical to understand the microstructural development of the thin films in order to develop 

repeatable and predictable processing conditions for fabricating CP devices. Thin films of 

semicrystalline CPs exhibit lamellar domains of crystalline CP, which are surrounded by 

amorphous domains, as illustrated in figure 1.11a. These domains are typically on the order of 10 

nm in width and height but can reach as much as microns in length and resemble fringed micelles.57 

The crystalline regions are defined by a high degree of structural order and alignment of polymer 

backbones with each other.58 This crystalline structure allows charges to travel much more 

efficiently through the material. The crystalline domains are large enough to interact with and 

scatter x-rays, allowing for rough size estimations to be conducted through Scherrer analysis 

(figure 1.11a). By contrast, the amorphous domains are defined by a distinct lack of structural 

order. In these domains, polymer chains are bent and overlap with each other. As such, there are 

traps states and other impedances in the amorphous domain that can limit charge mobility in the 

material and act as centers for charge recombination.59 When a charge encounters a trap site, it  
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Figure 1.11. Representations of the three known thin film morphology classes in CP: a. 

semicrystalline, b. disordered aggregates, c. completely amorphous.57 

can then relax or recombine with an opposite charge carrier, releasing the energy as either a photon 

or a phonon, rather than being utilized by the device.60 This principle is one of the primary factors 

that limits the efficiency of OPV devices. Because of the trap state density in amorphous regimes, 

and a lower charge mobility, it has been definitively shown that crystalline domains are essentially 

solely responsible for charge conduction through the thin film and that relatively small amounts 

of such domains are needed for charges to be able to percolate through the film to the electrode. 

This is known as a percolation threshold. In blends of pre-aggregated, highly RR P3HT and regio-

random P3HT, as little as 10% volume fraction of the RR P3HT was needed to reduce 

electroluminescence (EL) in the regio-random P3HT to negligible amounts.57 So, in 

semicrystalline CP thin films with long-range order and relatively large crystalline domains, only 

a small concentration (~10%) of highly crystalline domains is needed to produce a high-

performance thin film. The same study also outlined the morphology of disordered aggregates, as 

mentioned in the above section and illustrated by figure 1.11b. In such a thin film, the π-π 

interacting aggregates are ordered over a much smaller length scale than in the semicrystalline 

case. In fact, they are often too small to scatter x-rays, or do so weakly, particularly in the π-π 

stacking direction. However, despite the size of such aggregates, they serve as intermolecular 
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charge transfer points, which allow the charge carrier to percolate from chain to chain to the 

electrode. So, although there is less long-range order, disordered aggregates dispersed throughout 

the film and can utilize tie chains and high backbone charge mobilities to produce thin films with 

>1 cm2/V•s charge transport.61 Finally, CP thin films can be completely amorphous (figure 1.11c) 

and rely solely on energetically expensive chain hopping mechanisms to percolate from chain to 

chain. Chain hopping, which is different from interchain transport, is the slowest charge transport 

mechanism, and is orders of magnitude below inter- and intramolecular charge mobilities, as 

shown in figure 1.12.62 

 

Figure 1.12. A representation of charge mobility in relation to crystallinity and charge 

transport methods.62 

Different forms of amorphous CPs have also been recently reported.  Through systematic, fast 

differential scanning calorimetry (DSC) analysis, different melting signatures Tm were found in 

P3HT, which was first melted and then rapidly quenched to different levels.63 As expected, those 

samples that were quenched the quickest formed the least ordered structures. Such highly 

amorphous domains are characterized as the mobile amorphous fraction (MAF). More ordered 
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than the MAF, the rigid amorphous fraction (RAF) has been recently demonstrated by the Stingelin 

group. The RAF is thought to occur at the boundary of crystallites, where chains that are partially 

incorporated into the aggregate reside. Indeed, by quenching to temperatures of 30-120 ºC from 

above the melting temperature, there appears to be an additional melting curve that is larger than 

the <30 ºC quenched polymers that exhibited the MAF. This middle range of 30-120 ºC is 

attributed to the RAF and most likely appears in thin films of other semicrystalline CP. 

These studies have been critical in expanding the understanding of thin film morphology, but 

there are still many gaps to be filled. Many of these analyses are being conducted on a bulk-

averaged basis, meaning that the presence of different phases can be confirmed, but their location 

and origin are difficult to determine. Simulation models and design heuristics have been developed 

through a trial-and-error analysis of the highest performing conditions compared to initial 

conditions, rather than an in situ or otherwise systematic analysis of the spatially resolved 

morphology. The rest of this discussion will focus on elucidating the microstructural evolution of 

CP, the various processing and structural influences on that microstructure, and developing 

techniques for spatially resolved microstructural analysis. 
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Chapter 2. DEFECT TOLERANCE OF Π-CONJUGATED POLYMER 

CRYSTAL LATTICES 

*The work in sections 2.2 – 2.6 has been previously published as an article: ACS Appl. Polym. 
Mat. 2019, 1, 1466–1475; DOI: 10.1021/acsapm.9b00223	 

2.1 BACKGROUND: CRYSTALLIZATION IN TRADITIONAL, NON-CONJUGATED 

POLYMERS 

As has been established, the presence of defects in a thin film disrupts the crystalline structure 

and consequently its ability to transport charge carriers. However, the microstructural 

consequences of defects have not been fully explored for CP. One critical component to be 

determined is whether or not defects can be incorporated into the crystal lattice of CP. There has 

been a wealth of research onto this specific component for traditional, non-conjugated polymers, 

but has only received limited research for CP. In order to discern what models can also be used to 

describe CP crystallization, it is beneficial to first understand the non-conjugated counter parts 

they were developed for. 

In the ideal, thermodynamically limited case, it is predicted that there is complete exclusion of 

defects from crystalline domains. As first formulated by Flory in 1955,64 the effects of increasing 

the defect concentration in polymer samples is described by a reformulation of the Thompson-

Gibbs equation, below: 

∆𝑇 = !"!"!"

∆$#
𝑥%                    (2.1) 

where ∆T is the difference between the melting onset and crystallization onset temperatures, R is 

the ideal gas constant, Tm is the observed melting point, Tm∞ is the melting point of an infinitely 

long chain, ∆Hf is the enthalpy of fusion for the crystal, and xe is the molar fraction of crystallizable 
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units. So, in this ideal model, as defect concentration is increased, xe is decreased, reducing the 

difference between the crystalline melt and the semicrystalline crystallization. Physically, what is 

happening is that as the defect concentration increases, more and more of the polymer has to be 

excluded into the amorphous domains, which decreases the crystalline fraction and the thickness 

of the crystalline lamellae. As discussed, there are much stronger intermolecular interactions in 

crystalline domains than in amorphous domains, so as the amorphous fraction increases, the total 

energy required to disrupt the intermolecular interactions and melt the film decreases.  

In the years since the seminal foundations of Flory, there have been many reformulations of 

equation 1. Notably, in 1977, Sanchez and Eby investigated the thermodynamic effects of defect 

inclusion into the crystalline domains of non-conjugated homopolymers, block copolymers, and 

random copolymers.65 They concluded that Flory was only partially correct, increasing defect 

concentration will increase the amorphous fraction and thereby decrease the lamellar thickness, 

however, there are further consequences. Although there is a thermodynamic preference for a 

perfect crystal, they define a case where defects containing polymer segments participate in the 

crystal (Figure 2.1). In this case, the defects introduce steric bulk into the crystal, which distort the 

planarity of the neighboring chains. The result of this lattice distortion is a weakening of the 

intermolecular interactions between the neighboring chains. Because of this decrease in 

intermolecular interactions for the crystal, it follows that the required energy to melt the crystal 

decreases as well, and that there is therefore a decrease in ∆Hf for the crystallite. So, in the case 

where defects can be partially included into the crystallite, ∆T in influenced by both the increase 

of the amorphous fraction and the decrease in ∆Hf for the crystalline fractions that contain defects. 

Since these insights, researchers have been able to develop a much deeper understanding of the 

crystalline behavior of non-conjugated polymers. In particular, polyethylene (PE) has been the  
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Figure 2.1. Schematic representations of (top) partial inclusion of defects and the resulting 

lattice distortions and (bottom) complete exclusion of defects.65 

subject of much research. This is due to a few reasons, namely, PE is one of the simplest possible 

structures for polymers. This drastically simplifies analytical techniques like XRD or NMR, where 

increased structural complexity can cause increased complexity of signals produced and also 

reduces computational complexities for simulations. Additionally, PE is of high interest for 

industrial purposes and highly precise polymerizations have been developed, which have allowed 

for the widespread use of high-density PE (HDPE), low-density PE (LDPE), and ultra-high 

molecular weight PE (UHMWPE), among others. The results of these efforts have produced a 

bounty of experimental and theoretical knowledge. Phase diagrams of PE at high pressure and 

varied temperature and Mn have been developed, as well as on-equilibrium phase diagrams of 

flow-induced crystallization and melting of polyethylene, as just a few examples.66,67 The 

crystal structure of PE throughout ranges of operating conditions and polymer profiles (e.g. Mn, 
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Đ, etc.) have been systematically developed and corroborated. Such an intimate knowledge of 

PE has been a significant achievement that has improved the implementation and understanding 

of PE and other non-conjugated polymers. 

Recently, advances in simulation methods and techniques have also augmented efforts to 

understand polymer behaviors. Using all-atom molecular dynamics simulations, Zhang and Larson 

investigated the effects of the length of defect side-chains on the crystallization of PE oligomers 

of 50 repeat units. The study showed a severe decrease in crystallinity with the addition of a single 

methyl group, which continued to decrease as the side chain was increased to a hexyl group.69 This 

result was compounded by their additional results from experiments looking at the effect of two 

methyl groups attached at various points along the chain. This study shows just how sensitive 

crystal structures and close-packing are to steric disruptions, even at low concentrations. Similarly, 

Verho et al. used large-scale atomistic molecular dynamics simulations to investigate crystalline 

lamella growth in a system of 3000 chains comprised of ~1000 repeat units.68 It was found that 

lamellae tend to grow only from the ends of the parabolic front because of thermodynamic 

constraints, despite the fact that the smallest stems form at the growth front, are not stable, and 

tend to have short lifetimes. This is illustrated in Figure 2.2. In this context, ‘stems’ refers to 

straight, crystallizable segments of PE. It is only when thermal and conformational fluctuations 

grow the stems large enough that they begin to become thermodynamically stable and grow, which 

is ~4 nm for PE. Beyond this point, the stem grows until reaching a critical point, lc, where it is no 

longer thermodynamically preferable to grow due to a lack of slack in the unincorporated stems. 

As a result, lc corresponds to the lamellar width. The stems often attach in pairs, forming tight 

folds because the formation of a stem within an amorphous chains segment stretches it locally, 

causing another straight segment to form to compensate, which tends to become a stem as well.  
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Figure 2.2. (left) Simulation results of PE lamellar growth. (middle) Thermal fluctuations 

create crystallizable stems of a minimum length needed to stably grow the lamella. (left) 

As stems grow in the crystal, slack from other stems propagates to account for the growth.68 

Then, when the stems grow, they require slack length from the amorphous parts to be transferred 

to them. This often proceeds by diffusion of the slack through other stems in the chain. 

Additionally, this study was able to confirm assumptions about the origin of chain tilting in 

polymer crystals, which is considered to relieve steric bulk density at the crystal/amorphous 

interface and reducing entropy.70 

There is some experimental validation to either treatment of defects, partial inclusion or complete 

exclusion. For instance, Wagener et al. have developed a highly precise method for synthesizing 

polyethylene (PE), Acyclic Diene Metathesis (ADMET), which allows for highly precise additions 

of defects along the backbone. By adding defects to every 21st unit, they were able to identify a 

clear boundary between defects that were able to be incorporated into the lattice (methyl and ethyl 

groups) and defects that were excluded into the amorphous layer (propyl to hexyl and even 

adamantyl groups).71 Although the methyl and ethyl side-chain defects were able to  binsert into 

the crystal structure, there were clear effects on the melting temperature, and therefore the lamellar 
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thickness, l, as determined by DSC. Specifically, l decreased from the pristine case to the ethyl-

defect incorporated case, where the effect then began to saturate for the remaining samples. 

Because all samples had the same defect concentration and spacing, the saturation of the Tm is 

attributed to complete exclusion of the larger defects, where each sample has similar l and 

amorphous fractions. However, Tm of the ethyl and methyl samples were higher, with methyl being 

higher than ethyl. This is attributed to the fact that less amorphous fraction is generated as a result 

of the partial incorporation of defects, with a higher preference for incorporating smaller defects. 

Similar studies, with defects placed on every 39th unit, were conducted by the same group.72 With 

the increased spacing between defects, it was found that even the ethyl groups were completely 

excluded from the crystalline lamellae. This serves to shed light on the impact of both defect size 

and spacing, or concentration, on their incorporation into crystalline domains. Smaller defects are 

much more likely to incorporated, as the enthalpic penalty for doing so is equally smaller. 

Interestingly, the comparison of defects on the 21st versus 39th units points to an increased tolerance 

of defect incorporation with less distance between defects, meaning higher defect concentrations, 

provided other defect types are suppressed, when backbone planarity can be maintained. These 

results highlight the sensitivity of crystalline lamellae in polymers to even small, planned defects. 

They also point to the ability to control crystal structure through precise modulation and choice of 

defects. 

Looking at the direct impact of chemical defects along the backbone of polymers Puls et al. 

conducted a systematic study on crystallization of poly(ethylene oxide) (PEO) with the addition 

of defect moieties into the middle of the PEO chains. Different aryl groups were inserted into the 

middle of PEO oligomers and their crystals were studied by wide angle x-ray scattering and solid-

state carbon NMR. It was found that chain tilting in the polymer crystal is essential for 
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compensating for these defects and that the angle of the tilt is correlated to the substitution of the 

aromatic group, as shown in Figure 2.3.73 In fact, the authors demonstrated that, although the 

aromatic defects were initially excluded from the crystal lamella, annealing below the Tm caused 

the defect to be integrated into the lamella structure. The ability to tune the entire crystal structure, 

simply by planning few, mid-chain defects is expounded upon by Samiullah et al. in their work on 

PEO-triazole-(CH2)n-triazole-PEO crystals.74 In that work, a PE separator between two triazole 

moieties was used to tune the morphology of the spherulites at different temperatures. Although 

there were significant contributions from the PE connector there was a noted dominance of the π-

π interactions of the triazole moieties in determining the crystalline structure of the polymer. 

These studies all indicate that the crystalline lamellae widths of polymers are influenced by a 

great many factors, such as molecular weight, defects, temperature, pressure, and much more. They 

also demonstrate that defect size, concentration, and ability to π-π interact, can be used to tune the 

crystalline structure and packing behavior to a high degree. Finally, there is evidence that π-π 

interactions are a dominant driving force polymer crystallization, even in non-conjugated 

polymers, which underscores both the fact that CP behave differently from non-conjugated 

polymers and the importance of understanding the crystallization behavior of CP. Although there  
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Figure 2.3. By inserting aromatic defects into the middle of PEO chains, the angle at which 

the polymers crystallize can be tuned via the substitution of the aromatic group.73 

is rich literature behind the crystallization of non-conjugated polymers, it cannot be assumed that 

these concepts directly translate to or completely describe CP. 

2.2 CHEMICAL DEFECTS IN Π-CONJUGATED POLYMERS 

Although synthetic precision has drastically improved in the past years, defects in the chemical 

structures of CP are difficult to completely avoid.75,76 Common imperfections, such as coupling 

defects during polymerization, dispersity in molecular weight, and end-groups, can disrupt 

crystallization and thereby affect many different material properties, including charge transport 

and mechanical stiffness. Such properties are also affected by processing conditions, which is 

beyond the scope of this study. The effects of chemical defects have been the subject of some 

study, particularly coupling defects.77–82 In asymmetric monomer containing homopolymers, such 

as poly(3-hexylthiophene) (P3HT), this is defined as regioregularity (RR), which is the percentage 

of monomers coupled in the preferred head-to-tail (HT) conformation, rather than head-to-head 

(HH) or tail-to-tail (TT) conformations (Figure 2.4). 
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Figure 2.4. Regio-defects in P3HT: (left-to-right) HH and TT coupling, compared to the 

preferred HT coupling. 

In order to relieve the steric interactions of the bulky side-chains, the incorrectly coupled 

monomers twist into a more gauche alignment, which reduces their pz orbital overlap and disrupts 

π-conjugation along the backbone. This twist also reduces the ability of that polymer chain to pack 

closely with other chains, disrupting the crystal lattice and reducing crystallinity; such disruptions 

in crystallinity and orbital overlap are detrimental to charge conduction pathways in optoelectronic 

devices.40–42 Coupling defects in donor-acceptor (D-A) copolymers can also include homo-

couplings, which are beyond the scope of this investigation. Dispersity (Ð) in the molecular weight 

profile of the CP has been shown to also drastically reduce crystallinity because short chains have 

a higher concentration of end-groups per crystallizable monomer unit when compared to longer 

chains. What’s more, CP of drastically different molecular weights have a tendency to crystallize 

differently, both with regards to crystal lattice dimensions and mechanism.35,37,38,80,81,83 Finally, the 

effects of end-groups seem to be dependent on the type of end-group that is used. For instance, 

Kim et al. have shown that thin films of CPs with Br as an end-group have far less crystalline order 

than thin films from the same CP but with thiophene end-groups.84 As seen in Figure 2.5, the 

common end-group, Br, has a van der Waals diameter of 0.37 nm, approximately the same size as 

the π-π stacking distance in P3HT, 0.38 nm. The introduction of this steric bulk disrupts close 

packing and, therefore, polymers with larger end-groups tend to have less order.85–87 However, 

Koldemir et al. have shown that, despite being relatively large, toluene end-groups can actually 

serve to promote a higher degree of order in CP thin films than the same CP capped with H, the 

smallest possible end-group.88 This was attributed to stronger aggregation in solution for the 

polymer capped with toluene-H end-groups. 
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Figure 2.5. A representative diagram of a CP crystallite. Bulky end-groups can be similar 

in size to the intermolecular distance, which is disruptive to crystal growth.89 

It seems apparent that the disruption of electronic properties and device performance and order 

tends to increase with the number of chemical structure defects in CP chains cast in thin films for 

devices, and further that these effects come as a result of changes in crystallinity and short-range 

order. Despite this, there have been relatively few investigations into understanding precisely why 

this occurs and where these defects reside in the thin film or how their location can be manipulated. 

In other words, there has been little investigation into how or why the defects affect the 

crystallinity. This is not the case for traditional, non-conjugated polymers, as an investigation into 

the role of chemical defects in crystallization began with a reformulation of the Thomson-Gibbs 

equation in 1955 by Flory.64 The resulting equation described an ideal crystalline state that 

excluded defects completely into the surrounding amorphous domains so that the crystal lattice is 

preserved. In this ideal case, increasing the defect concentration also increases the amorphous 

fraction of the film as a result of more polymer being excluded from the crystals. This, in turn, 

decreases the crystal lamellar thickness, lc. So, the melting temperature, Tm, is depressed by an 
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increasing defect concentration. Later, Sanchez and Eby further reformulated the Thompson-Gibbs 

equation to describe the more common case, where there is partial inclusion of defects into the 

crystal lattice, which tends to occur in kinetically limited processes.65 Their reformulation includes 

an enthalpic penalty for the incorporation of defects, which distorts the crystal lattice and reduces 

intermolecular interactions, thereby lowering the enthalpy of formation, ∆Hf, for the crystal. In this 

model, Tm is decreased with increasing defect concentration as a result of both decreasing lc and 

diminishing ∆Hf.  

In the past few decades, researchers have developed a much deeper understanding of the 

crystalline behavior of non-conjugated polymers. In particular, polyethylene (PE) has been the 

subject of much research. This is due to a few reasons, namely, PE is one of the simplest possible 

polymer structures. This drastically simplifies analytical techniques like X-ray diffraction (XRD) 

or nuclear magnetic resonance (NMR), where increased structural complexity can cause increased 

complexity of signals produced, and also reduces computational complexities for simulations. 

Additionally, PE is of high interest for industrial purposes and highly precise polymerizations have 

been developed, which have allowed for detailed structure-property relationships to be 

constructed; phase diagrams of PE at different pressures and varied temperature and Mn have been 

developed, as just a few examples.66,67 The crystal structure of PE throughout ranges of operating 

conditions and polymer profiles (e.g. Mn, Đ, etc.) have been systematically developed and 

corroborated. What’s more, in-depth studies of local variations in crystallinity have shed light 

on semicrystalline polymer behavior.90,91 Such an intimate knowledge of PE has been a 

significant achievement that has improved the implementation and understanding of PE and 

other non-conjugated polymers. For CPs, it has been difficult to even simply evaluate which 

defects are incorporated into the crystal lattice and the extent of their incorporation. This is because 
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of the difficulties associated with producing CP samples that have a range of discrete defect 

concentrations, and difficulties in analyzing the highly interconnected semicrystalline thin film 

structure of polymers.92,93 

The complex nanostructure of polymer thin films is exemplified in Figure 2.6, which shows 

highly anisotropic, lamellar domains of crystalline polymer separated by amorphous domains that 

conform to Flory’s model of complete exclusion of defects from the crystal lamellae.36 According 

to that model, all the defects in the chemical structure, which are listed in Figure 2.6, would be 

excluded to or transported to the amorphous domains to preserve the short-range order of the 

crystal lattice. In the context of CPs, this means that regio-defects and end-groups would be 

expected to be excluded in such a model. Conversely, some or all types of defects could be 

incorporated into the crystal lattice in the model outlined by Sanchez and Eby. Because of the 

complex morphology of these thin films, it has been difficult to determine which model most 

accurately describes CPs. In order to reduce the complexity of the CP morphology, we used self-

assembled nanowires of P3HT that were produced through the whisker method.94 The precipitation 

of these nanostructures from a poor solvent is a kinetically limited process, meaning that it can 

still be used to probe the aggregation and close-packing of thin films produced using faster 

processing methods, such as spin-coating or blade-coating. However, the polymer chains in the 

nanowires are also able to reach a much more thermodynamically stable conformation because 

they age in solution for up to 72 hours, as presented in this investigation. The use of these 

nanowires allows for the examination of an upper threshold in the kinetically limited defect 

tolerance of crystalline domains, with minimal interference from amorphous domains. In order to 

precisely alter the defect concentration, we utilized our previously established synthetic routes for 

producing P3HT with high control over RR, molecular weight, Ð, and end-groups.75 This allows 



 30 

for nanowires to be made from P3HT with a range of defect concentrations and to have the 

resulting crystal structure examined. By examining different series of nanowire samples, we were 

able to identify the location of regio-defects and end-groups in highly ordered structures and 

elucidate the connections between the defects and their effects on material properties in a 

generalized manner. 

 

Figure 2.6. A top-down view of thin film morphology for traditional polymers following 

Flory’s model of complete exclusion, with lamellar crystalline domains separated by 

amorphous domains and the defects only residing in the amorphous domains. As shown in 

this figure, the amorphous regions (A) contain all of the chemical defects, including short 

backfolds (SB), long backfolds (LB), chain ends (E), voids (V), migrating folds (MF), and 

Statton model (ST) defects, as well as the beginnings of new crystallites (CG). Depending 
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on processing, crystalline domains can be single fibrils (SF), clustered fibrils (CF), 

paracrystalline layerlattice (P), or single crystals (SC). Shown also are shearing region 

defects (SH) to the crystal lattice. Reproduced with permission. Copyright 1963 AIP 

Publishing LLC.36 

2.3 MATERIALS AND METHODS 

2.3.1 Materials  

All solvents and materials were purchased from Sigma-Aldrich and used as received, unless 

otherwise noted. Commercial P3HT was purchased from Rieke Metals (4002-E). 

2.3.2 Nanowire Production and Isolation 

Self-assembly of the nanowires was conducted via the whisker method. P3HT was either 

synthesized using previously described methods75 or purchased and was added to anhydrous 

anisole at a concentration of 2 mg/mL under a nitrogen atmosphere in a glovebox. In order to 

ensure complete dissolution, the solution was heated and stirred at 110 ºC for 24 h, after which the 

heating and stirring was stopped and self-assembly was allowed to progress for 24, 48, or 72 h. 

The nanowire solution was then removed from the glovebox and transferred into a Teflon 

centrifuge tube and centrifuged for at least 3 cycles of 30 min at 12000 rpm in a Beckman-Coulter 

Allegra x-22 centrifuge. In between cycles, the supernatant anisole, which contains the 

unincorporated P3HT, was removed and replaced with fresh anisole. The supernatant from the first 

cycle was saved for analysis. When the supernatant anisole became clear and colorless, the 

remaining nanowires were transferred to a vial and dried under vacuum (~1 mTorr) on a Schlenk 

line. 
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2.3.3 Size Exclusion Chromatography 

 Size exclusion chromatography (SEC) was performed using a Malvern Viscotek TDA 305 GPC, 

coupled with a UV and Refractive Index (RI) detector with a polystyrene column and an anhydrous 

tetrahydrofuran (THF) eluent. This combination of light scattering, light absorption, and 

viscometry measurements allows robust detection of both low and high molecular weights. The 

injected solutions had a concentration of 1.0 mg/mL and a volume of 100 μL with a flow rate of 1 

mL/min and detector temperature of 30 ºC. In order to determine Mn and Mw values for the samples, 

a light scattering method was employed using three different light sensors, allowing for an absolute 

determination of chain lengths. To use this universal calibration method, a dn/dc of 0.28 mL/g was 

experimentally determined and used. In tables S1-S3, DP was calculated from the Mn. 

2.3.4 1H Nuclear Magnetic Resonance 

The nanowires were dissolved in deuterated chloroform at a concentration of at least 2 mg/mL. 

These samples were then analyzed using a Bruker AV-500 spectrometer and at least 256 scans 

were taken. RR was determined by comparing the HT coupling to the HH and TT coupling peak. 

DP was calculated in the case of the toluene-/-H polymers, by comparing the relative peak areas 

for the methyl protons on the toluene and the 𝛼- carbon protons on the hexyl side-chains of the 

polymer backbone. DP is reported from the calculated Mn of the measurement. 1H NMR (500 

MHz, CDCl3): δ 6.98 (s, 1H), 2.80 (t, 2H, J = 7.7 Hz, head-tail coupling), 2.61 (t, 2H,  J = 7.6, 

head-head, tail-tail coupling), 1.71 (quint, 2H, J = 7.6 Hz), 1.48-1.38 (m, 2H), 1.37-1.30 (m, 4H), 

0.91 (t, 3H, J = 7.2 Hz). 
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2.3.5 Matrix Assisted Laser Desorption/Ionization – Time of Flight (MALDI-TOF) 

MALDI-TOF measurements were made using a Bruker Autoflex II spectrometer. A terthiophene 

sample matrix was used and deposited via capillary tube. The samples were prepared by dissolving 

1 mg/mL of P3HT into chloroform and depositing a small amount of the solution on top of the 

terthiophene matrix via capillary tube, following the protocol for the spot-then-spot method. 

2.3.6 X-Ray Diffraction (XRD) 

Nanowires were suspended in isopropyl alcohol and drop-cast onto sonicated and plasma-

cleaned glass substrates. XRD analysis was performed on a Bruker D8 Discover in a small angle 

configuration.  

2.3.7 Differential Scanning Calorimetry (DSC) 

DSC was performed on a TA Q200 using aluminum sample pans. A heating trace from 30 – 300 

ºC at a rate of 10 ºC/min was collected under a nitrogen purge flow. At least 3 mg was examined 

from each sample. 

2.3.8 PeakForce Quantitative Nanomechanical Mapping Atomic Force Microscopy 

(QNM) 

Freshly prepared and non-isolated nanowires were spin-coated onto cleaned and passivated 

silicon substrates. Substrates were cleaned by scrubbing with soap and DI water, followed by 

sonication in DI water, acetone, and isopropyl alcohol for 15 min each. Following sonication, the 

substrates were dried under a stream of air and subsequently plasma cleaned for 15 minutes using 

O2 plasma. To passivate the substrates, the substrates were taken directly from the plasma cleaner 

placed under vacuum with an open vial containing 400 µL of octadecyltrichlorosilane (OTS). The 

system remained under dynamic vacuum for 1 hour and was then switched to static vacuum. The 
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system was heated at ~125 ºC for at least 3 hours. After this, the heat was turned off and the system 

was allowed to rest under static vacuum over night for vapor deposited, self-assembled monolayer 

OTS. AFM micrographs were obtained on a Bruker ICON AFM in Peakforce QNM mode. 

ScanAsyst-Air tips were used for these measurements (SiN/Al, ~70kHz, and 0.4 N/m). 

Measurements of nanowire widths and heights were taken from these micrographs. At least 100 

nanowires from at least 3 different micrographs were measured and averaged to determine the 

reported heights and widths of the nanowires. 

2.3.9 Amplitude-Modulation, Frequency-Modulation Force Microscopy (AMFM) 

AMFM measurements were performed on an Asylum Research Cypher-ES system. For AM-FM 

Viscoelastic mapping we used built in routines provided by Asylum Research and µMasch tips 

(HQ:NSC18/Pt, ~75 kHz, and 2.8 N/M). All measurements were performed in a nitrogen 

environment. 

2.4 RESULTS AND DISCUSSION 

In our prior work, we had shown that nanowires can be successfully created using P3HT that has 

RR as low as 93% with bulky Br end-groups, which is considered to be a higher defect 

concentration than desired for many device applications.40 Increasing the RR was shown to 

promote the crystal coherence in the π-π direction, but the location of these defects in the nanowire 

structure was not investigated. As shown in Figure 2.7, there are two nanowire structures that could 

be expected to form. Model A follows Flory’s model and assumes that all of the defects are being 

excluded to the perimeter of the nanowire, where the amorphous domain is expected to exist. If 

this case is the correct description, then it follows that increasing the concentration of defects 

would decrease lc and increase la as more polymer is excluded from the crystalline domain. This 
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differs from model B, where some defects are incorporated directly into the crystal lattice at the 

expense of the ∆Hf for the crystal, as described by Sanchez and Eby. In this case, lc would vary 

significantly less than in model A and the total width of the nanowire would remain the same, 

since the increase in the amorphous fraction of the nanowire would be diminished by defect 

inclusion. So, if both lc and the width of the nanowire (lc+la) remain constant, then model B would 

correctly describe the treatment of defects by the crystal lattice. 

 

Figure 2.7. Proposed nanowire structures for the cases where there is either (A) complete 

exclusion of defects or (B) partial inclusion of defects into the crystal lattice. Darker grey 

indicates higher crystallinity.89 

As an initial investigation into defect tolerance at high defect concentrations, nanowires were 

formed from commercially available P3HT, following the procedure outlined in the supporting 

information. In order to identify the preferential inclusion or exclusion of defects during nanowire 

formation, the P3HT that was unincorporated into the nanowire, which remained in solution during 

centrifuging, was analyzed and compared to the nanowire incorporated P3HT. As seen in Figures 

S2.1-S2.7 and summarized in Table S2.1, the nanowire self-assembly process tends to exclude 

polymers with RR below ~90%. This is assumed to occur because chains with lower RR present 
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too many backbone torsions to successfully fold and close-pack with other chains in such a highly 

ordered nanostructure.95 Similarly, there was a decrease in the number of Br end-groups that were 

incorporated into the nanowires. This is identified by a suppression of the Br-H peaks in the 

MALDI-TOF spectra shown in Figures S2.8, S2.10, and S2.12 compared to Figures S2.9, S2.11, 

S2.13, and S2.14. This is summarized in Table S2.1, where it is apparent that there is a much 

smaller Br-H:H-H end-group ratio for the nanowire incorporated P3HT than the unincorporated 

and as-purchased P3HT. Finally, there was an exclusion of chains with a degree of polymerization 

(DP) of less than approximately 50 monomer units. Interestingly, this apparent threshold 

corresponds to lc as determined by differential scanning calorimetry (DSC) and outlined in Table 

S2.1. The observed tendency to incorporate integer multiples of lc will be explored to a greater 

extent below.  The SEC analyses of these nanowires seem to indicate preferential exclusion of 

long chains from the nanowire, however, the most likely explanation for this result is that the 

longest chains were not solvated adequately by the anisole, which is an intentionally poor solvent 

for P3HT, during the self-assembly process, inhibiting their participation in nanowire formation. 

These results complement the findings of Roehling et al., which identified the preference to 

exclude smaller chains during nanowire formation, in part to reduce end-groups in the nanowire 

structure.95 As the aging progressed, there was a noticeable increase in the ∆Hf of the nanowires, 

which is attributed to the increased time to approach a thermodynamically preferred, highly 

crystalline state.95 Despite this increase in the crystallinity, there was no observed increase in lc, as 

determined by the Broadhurst equation (Equation 2.1) and the peak melting temperature, located 

using DSC (Figure S2.15).38 

𝑇& = 𝑇&'
()*
()+

  (2.1) 
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In the above equation, Tm is the observed melting temperature peak, Tm
o is the melting point of 

an infinite crystal of P3HT, n is the number of repeat units the crystal is wide in the [001] direction, 

and a and b are constants. In addition to constant lc, there was no observable difference in the 

heights or widths of the nanowires, as measured by AFM (Figure 2.8), nor in the coherence in the 

[010], π-π stacking direction, x(010), as determined by Scherrer analysis of the XRD spectra shown 

in Figures S2.17-S2.19. 

 

Figure 2.8. A representative PeakForce AFM image of P3HT nanowires that are aged (left-

to-right) 24, 48, and 72 hours. Scale bars are all 500 nm. As seen in these height scans, and 

described in Table S1, there are no differences in the dimensions of the nanowires in these 

three different samples.89 

So, despite the fact that there is inclusion of defects into the nanowire structure at different 

concentrations for the different aging times, there are no observed differences in the dimensions 

of the nanowire nor in lc. This lack of variation in the width of the nanowires and lc occurs despite 

differences in ∆Hf, which is illustrated clearly in Figure 2.9, which plots nanowire width and lc as 

well as ∆Hf as a function of nanowire age. 
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Figure 2.9: A plot demonstrating that, despite differences in the crystallinity that result 

from varied defect concentrations, there is little difference in the nanowire widths and lc 

for the different samples. Linear fits provide visual guides for the data. Error in the data is 

associated with instrumental precision. These results are more completely shown in Table 

S.2.1.89 

The fact that nanowire width and lc remain constant, despite clear differences in defect 

concentration and ∆Hf demonstrates that regio-defects and bulky end-groups can be incorporated 

to some degree in the nanowire crystal lattice. These defect-induced distortions in the crystal lattice 

are evidenced in the UV-vis absorption profiles across the different nanowire ages, as show in 

Figure 2.10. In order to evaluate the different levels of lattice distortions and the relative degrees 

of H-like and J-like coupling, following the Spano model. 32–34,40 These properties are found 

through the ratio of the two identified peaks in Figure 2.10, A0-0 and A0-1, which are shown to give 

insight into the relative degrees of intra- and inter-chain order by Equation 2.2, below: 

𝐴,-,
𝐴,-.

≅	*
1 − 0.24𝑊 ℏ𝜔,⁄
1 + 0.073𝑊 ℏ𝜔,⁄ 8

/

 (2.2) 
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Where W is the free exciton bandwidth, in this case equal to 4 times the cofacial intrachain 

Coulombic coupling, J0, assuming the Huang-Rhys factor is 1. Finally, ℏ𝜔, is 180 meV, which is 

the energy of the primary vibronic mode associated with electronic transition in P3HT, symmetric 

ring stretching.40 As shown in Figure 2.10, and detailed in Table S2.1, A0-0/A0-1 increases with age, 

indicating that there is more short-range order, e.g. backbone planarity and close-packing, in the 

nanowires as they approach a more thermodynamically limited structure. However, there was still 

a high degree of defect exclusion observed both for regio-defects and end-groups, which points to 

a limit in the inclusion of these defects. As such, the extent to which these individual defects can 

be incorporated into the crystal lattice and the consequences of that inclusion need to be 

determined. 

 

Figure 2.10.  An overlay of the normalized UV-vis absorption spectra for the 24, 48, and 

72-hour aged Rieke P3HT nanowires. The absorption peaks corresponding to the 0-0 and 

0-1 transitions are marked reference. As seen in above plots, as age increases, so does the 

A0-0/A0-1 ratio, signifying more backbone planarity and increased short-range order.89 
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In order to examine the effects of regio-defect incorporation, a series of nanowires made from 

P3HT with increasing RR were examined, while holding the aging time, molecular weight, Đ, and 

end-groups constant. In these samples, the end-group is Br-H. The results of these experiments are 

seen in Table S2.2 and summarized in Figure 2.11. By increasing the RR of the P3HT from 93% 

to 99%, x(010) was increased by as much as 5-times the original value. Despite this drastic increase 

in crystalline order, there were still no observed changes in the dimensions of the nanowire or lc, 

confirming that the regio-defects were incorporated into crystal lattices. By comparing the two 

93% RR nanowires, Table S2.2 also shows that larger Ð disrupts the crystallization and 

corresponds to a decrease in x(010), further confirming the observation by Roehling et al. that 

nanowire formation preferentially incorporates a narrow Ð of CP to preserve crystalline structure.95 

Although these defects do not alter the dimensions of the nanowire or lc, their incorporation 

reduced the hole mobility, µh, by almost 2 orders of magnitude, pointing to the disruption of the 

crystal lattice and short-range order and corroborating our observed trends in x(010), shown in Table 

S2.2.40 These experimental results are in keeping with simulations, which have predicted the 

increase in trap states and paracrystallinity as RR diminishes.78,96 Therefore, despite the ability of 

regio-defects to be incorporated into the crystal lattice of CP, there are corresponding distortions 

of the crystal lattice and reductions in short-range order and optoelectronic properties. 

Table S2.1 indicated that there is a preference to exclude bulky end-groups, but that they are still 

incorporated into the nanowire. Additionally, there was an observed preference to incorporate 

P3HT with a DP corresponding to integer multiples of lc. In order to investigate these trends and 

the extent to which DP can be used to tune the incorporation of end-groups, a series of nanowires 
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Figure 2.11: A plot generated from data in Table S2.2. The hole mobility, nanowire width, 

and x(010) are plotted as a function of regioregularity. Linear fits provide visual guides for 

the data. Error in the data is associated with instrumental precision. Changes in 

regioregularity have drastic effects on the short-range order of the nanowires, as measured 

by both XRD and OFET mobility.89 

made from highly regioregular P3HT with Ð below 1.3 were made. These P3HT samples were all 

synthesized with toluene-H end-groups, because the toluene moieties were expected to be able to 

participate in the π-π interactions of the crystal lattice, which was anticipated to increase the 

incorporation of the end-groups by decreasing their distortion of the crystal lattice. Further, to 

investigate the role of DP in the incorporation of end-groups, the nanowires were formed from 

different P3HT samples with DP corresponding to multiples of the lc that was noted in Table S2.1, 

which was 50 monomer units. The predicted nanowire structures resulting from integer (harmonic) 

and non-integer (non-harmonic) multiples of 50 monomer units are displayed in Figure 2.12, the 

results of the analysis of the nanowires are shown in Table S2.3.  
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Figure 2.12. Predicted structures of the nanowires that are described in Table S3, with (top, 

left to right) DP = 50, 100, 150 and (bottom, left to right) DP = 75, 125. lc remains relatively 

consistent for all samples above DP = 50.89 

The nanowires that had the smallest observed lc were those made from the DP = 50 P3HT, whose 

lc neatly corresponded to the full DP of the P3HT, as shown in Table S2.3. This smaller lc is 

evidenced by the depression of the melting point of the 50 DP nanowires, relative to the other 

samples, seen in Figure S2.20. This smaller lc was in keeping with our predicted structure because 

50 DP is at the approximate transition between chain-extended and chain-folded P3HT, so the 

chains were expected to stack, rather than fold, as shown in Figure 2.12.38 As the DP increased 

beyond 50, the chains folded during nanowire formation and there was a slight increase in the 

observed lc of the nanowires, shown in Table S2.3. This increase is attributed to the ability of π-π 

interacting toluene end-groups to be incorporated into the crystal lattice, which allows for more 

monomer units to participate in the lattice, lengthening lc and, particularly for harmonic DP, 
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increasing ∆Hf, as seen in Figure 2.13. We note here that this helps explain the observation made 

by Koldemir et al. that toluene-H capped polymers have stronger aggregation in solution.88 

Because there is less disruption of the crystal lattice and more crystallizable units when toluene-/-

H end-groups are used in the nanowires, as opposed to bromine-/-H, CP chains can more strongly 

interact with each other when π-π interacting end-groups are utilized. 

 

Figure 2.13: A plot showing the enthalpy of fusion and coherence versus DP for a series 

of P3HT nanowires, described in Table S2.3. Error in the data is associated with 

instrumental precision. This plot illustrates the effects of harmonic vs. non-harmonic DP 

on the crystallinity and short-range order of nanowires. Sinusoidal curves are fitted to 

emphasize the role of DP on the incorporation of end-groups.89 

For non-harmonic DP, the lc also corresponds to our predicted folding patterns, which 

incorporate the end-groups much more often, thereby decreasing ∆Hf. In the DP = 75 nanowires, 

the lc is 67 monomer units, which can be constructed from ~35 monomer unit-long halves of two 

different chains in the same row. So, with each chain folded into 35 unit halves and ~5 folding 

units, which are excluded from lc,97,98 35+35+5 = 75, which corresponds to our chain length. The 

units in the fold of the polymer are excluded from lc because they are in the all cis conformation, 
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which disrupts conjugation in between those units by reducing p orbital overlap.98 This folding 

structure is graphically described in Figure 2.12. Similarly, for P3HT of DP = 125, the lc is equal 

to the remaining units of two different chains after folding twice, with 5 folding units in each chain 

being excluded from lc, as shown in Figure 2.12. Because their end-groups cannot be neatly 

excluded to the nanowire edge, they are incorporated into the lattice and disrupt intermolecular 

interactions, reducing ∆Hf, so that the long-rang order of the nanowire structure is preserved. 

Further, because the DP = 125 nanowire has complete folds between the incorporated end-groups, 

its ∆Hf is larger than the DP = 75 nanowires. As expected, nanowires that incorporate end-groups 

into the crystal lattice display markedly lower ∆Hf as a result of the lattice distortion introduced by 

the end-groups and decreasing crystallinity by as much as 20% from nanowires made from P3HT 

chains that can neatly stack with end-groups at their edges. When the DP is increased from 50 by 

integer multiples of lc to 150, the ∆Hf grew from 30.8 to 35.5 J/g. Interestingly, despite the increase 

of ∆Hf, there was an observed decrease in x(010) with larger integer multiples of 50, which is visible 

in the diminishing (010) peaks in Figures S2.21-S2.25 and Figure 2.13 as DP increases for 

harmonic DP. This is attributed to the fact that there are more chain folds required for these longer 

lengths. As the number of required folds increases, the likelihood that a folding or stacking fault 

occurs also increases, thereby decreasing x(010). Because the DP = 50 polymers did not have to fold, 

it is reasonable that those nanowires have the highest coherence, since crystals grow by first 

appending the stem and adsorbing units via rearranging and ‘reeling’ in segments to the crystal 

growth face. Once adsorbed to the width of the growth face, the remaining polymer folds to adsorb, 

creating more opportunities for crystallographic faults.68,99 

So far, we have demonstrated that defects in the chemical structure of P3HT can be incorporated 

into the crystal lattice, but that the type of defect and its steric bulk influence the extent of its 
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disruption of the crystallization and final structure. Specifically, polymer chains with <10% regio-

defects and aromatic end-groups are readily incorporated into the crystal lattice. In general, we 

have also seen that the presence of defects frustrates crystallization, with bulkier defects being 

excluded to a greater extent because they reduce structural coherence and short-range order more 

severely. As a result, defects that can interact favorably with the lattice are more readily 

incorporated and can be used to modify and promote short-range order, as with the toluene end-

groups. To directly observe these effects, we formed nanowires from 3 different P3HT samples 

and probed their structure using amplitude-modulated, frequency-modulated (AMFM) force 

microscopy, a bimodal AFM technique that is capable of simultaneously measuring the Young’s 

modulus (E) of a material and topography with a resolution on the 10 nanometer scale (Figure 

2.14).100,101 AMFM has previously been used to distinguish between crystalline and amorphous 

regions of P3HT thin films.102 In order to distinguish the different polymer samples, they will be 

referred to by their defect types and concentration following the convention: (end-group)-(DP)-

(RR)-(dispersity). So, Tol-200-100-narrow has the lowest defect concentration with toluene-H 

end-groups, a DP of 200 (an integer multiple of lc), RR = 100%, and a narrow Ð of 1.1. Br-275-

98-narrow has a slightly higher defect concentration, having bulkier Br-H end-groups, a DP = 275 

(a non-integer multiple of lc), RR = 98%, and with a narrow Ð of 1.2. Finally, Br-150-91-wide is 

commercially available P3HT with a higher concentration of defects, having Br-H end-groups, a 

DP of 150, RR = 91%, but with a wide Ð of 1.8. 

The topography scans (Figure 2.14, A-C) show nanowires with similar dimensions between each 

sample, however, the nanostructure of the nanowires is different for each sample. Tol-200-100-

narrow nanowires exhibit large crystal grains in many different nanowires, which are represented 
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Figure 2.14. (A-C) 2 × 2 µm topographical scans of nanowires formed from Tol-200-100-

narrow, Br-275-98-narrow, and Br-150-91-wide (right-to-left). (D-F) Young’s modulus 

scans of the same nanowires. All images are from AMFM scans, all scale-bars are 500 nm. 

Larger segments are seen in nanowires made from P3HT with lower defect concentrations 

and π-interacting end-groups. As indicated, defect concentration increases from right-to-

left, and short-range order increases from left-to-right. The length of segments, or crystal 

grains, in the nanowires are denoted in E and F with green rectangles. Grain size increases 

as defect concentration is reduced.89 

with green rectangles in Figure 2.14 F. Br-275-98-narrow nanowires also show crystal grains in 

many of its nanowires, also highlighted with green rectangles in Figure 2.14 E, but these appear 

much smaller than those shown in the Tol-200-100-narrow sample. While there are visible grain 

segments at these low defect concentrations, there are no discernible crystal grains in the Br-150-
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91-wide nanowires. In fact, the nanowires in Figure 2.14 A and D are remarkably homogeneous. 

The root-mean-square roughness (rrms) of line-scans along the nanowires’ long-axis reflects these 

observations. The Br-150-91-wide nanowires had the smallest rrms variation in both height and 

modulus, (0.3 ± 0.1 nm, and 0.05 ± 0.01 GPa variation) these nanowires have few distinguishable 

structure features along their backbones. Tol-200-100-narrow nanowires were the next smoothest 

(rms roughness in height 0.4 ± 0.1 nm and rms variation in modulus 0.08 ± 0.008 GPa). These 

nanowires had the larger crystal grains and some fluctuations in the E within the grains. Finally, 

the Br-275-98-narrow had similar rrms in height, but the largest variation in modulus (0.4 ± 0.2 nm 

and 0.09 ± 0.03 GPa). This follows, as the Br-275-98-narrow nanowires have smaller segments 

and, correspondingly, more grain boundaries, as well as some fluctuations in E within the nanowire 

segments. The differences in nanowire structure are ascribed to two main effects of the defects– 

slowing crystal growth and the disruption of short-range order. As examined above, the 

incorporation of defects slows down crystal growth by reducing the inter-chain interactions of 

crystallizing stems.68,73 Since the NWs grow from the end by attaching stems, the termination of a 

grain would come from either the lack of stems with low enough defect concentration to participate 

in crystallization, or the presence of defects and the leading edge frustrating further stem 

appending.68,99 So, following this, the area between the grains corresponds to a thin bridging layer 

of P3HT that was still able to crystallize. This description is confirmed by observing that the height 

of these inter-grain domains are ~2 nm, which corresponds to 1 vertical layer of P3HT.98  

Of the three imaged polymers, Tol-200-100-narrow had the fewest defects to incorporate, so its 

nanowire growth was minimally disrupted, short-range order remained high, and large grains were 

able to grow. Br-275-98-narrow also had relatively few defects, but its DP was non-harmonic, so 

the bulky Br end-groups were forced to incorporate more often into the nanowire structure. As a 
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result, the grain growth was interrupted more often, and the grains were correspondingly smaller. 

Finally, the Br-150-91-wide had a high concentration of regio-defects, bulky end-groups, and a 

large Ð. This means that its crystal grain growth was slow because it was interrupted by defects 

often. As a result, the coherence in the [010] direction is minimized and any boundaries between 

the small grains are nearly indistinguishable from the rest of the nanowire. 

These differences in nanowire structures are more clearly visible in Figure 11 D-F, which show 

the corresponding E scans of the nanowires. These scans are essentially a measure of the strength 

of the intermolecular interactions in the nanowires, which can be used to evaluate and describe 

differences in the local crystallinity of the polymer.103,104 As noted above, the Br-150-91-wide 

nanowires are much more homogenous than the other two samples, resulting from the slow and 

frustrated crystal growth. Conversely, the Br-275-98-narrow nanowires are largely dark (E ≈ 1.0 

GPa) but have noticeable lighter grains (E ≈ 1.5 GPa) and areas within the grains. Similarly, the 

Tol-200-100-narrow nanowires have visible fluctuations in E between grains and within each 

grain. Because differences in modulus of P3HT result from varied intermolecular interactions, 

these differences in modulus also correspond to local variations in the ∆Hf of the crystal. The 

fluctuations within the nanowire grains in Figures 2.14 E and F are seen more than just parallel to 

the scan direction of these images, which is horizontal. Because they occur along many different 

axes, we can conclude that the local fluctuations in ∆Hf are not solely from tip-surface interactions. 

Instead, they are local disruptions in short-range order, presumably as a result of defect inclusion 

into the crystal lattice. The largest fluctuations in E occur between crystal segments of the same 

nanowire, at the grain boundaries. These bridging layers are shown to be stiffer than the nanowire 

bulk in Figures S2.26-S2.28. The increased stiffness arises both because a reduction in thickness 

tends to increase modulus and because the grains incorporated defects to a point where crystal 
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growth was stymied, and only the crystalline bridging layer was able to grow.105,106 So, the E of the 

grain is diminished by the defect incorporation, while the bridging layer retains a less-distorted 

and stiffer lattice. These observations on the impact of defects and crystallization on the short-

range order and material properties of CP are reinforced by the UV-vis analysis of the imaged 

polymers, as shown in Figure 2.15. The calculated A0-0/A0-1 values were 0.75 for Tol-200-100-

narrow, 0.74 for Br-275-98-narrow, and 0.66 for Br-150-91-wide. As short-range order increased, 

the optoelectronic properties are improved through increased planarity and orbital overlap. These 

results demonstrate that there is inclusion of defects into lattices and that this inclusion results in 

the noted differences in crystal growth and short-range order, confirming the results of Tables 

S2.1-S2.3. Interestingly, despite these differences and widely varied defect concentrations, each 

of these polymers was able to self-assemble into nanowires and maintain long-range order. This 

points to a preference of CP to sacrifice short-range order to maintain long-range and structural 

order. 
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Figure 2.15. An overlay of the UV-vis absorption profiles for the nanowires shown in 

Figure 11. The absorption peaks corresponding to the 0-0 and 0-1 electronic transitions are 

marked for reference. An increase in the A0-0/A0-1 ratio signifies increased short-range order 

and electronic coherence along the backbone. As discussed, Br-150-91-wide had the most 

defects, least order and, correspondingly the lowest A0-0/A0-1 ratio. Conversely, Tol-200-

100-narrow had the fewest overall defects and therefore has the highest A0-0/A0-1 ratio.89 

2.5 CONCLUSIONS 

It has been demonstrated that both regio-defects and end-groups can be partially incorporated 

into the crystal lattice of CPs and that this incorporation disrupts structural coherence and short-

range order. Regio-defects can be included at concentrations as high as 10%, although this comes 

at the cost of decreasing both the charge mobility of the nanowires and ∆Hf of the crystallites. This 

may parallel the observation that CPs have been shown to have high paracrystallinity, even in films 

that are highly crystalline and well aligned.57 In other words, regio-defects may affect the crystal 

lattice to the same degree as typical cumulative disorder, which is highly tolerated by the crystal 

lattice of CP. It has also been demonstrated that end-groups can be incorporated into the crystal 

lattice, although there is a strong preference to exclude them. Particularly in the case of Br, the 

steric bulk of the end-groups severely disrupts the crystal lattice. Importantly, our results reveal 

that end-groups can be selected to participate more easily in the crystal lattice. By choosing small 

end-groups, their incorporation can occur with a significantly reduced enthalpic penalty. Further, 

by selecting end-groups that can participate in π-π interactions, such as toluene, the lattice 

distortions resulting from the end-group incorporation can be mitigated and long-range order can 

be promoted. This underscores the importance of considering the identity of end-groups during the 
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design of a polymer for a given application, where morphology and crystallinity can directly affect 

device performance, such as with OFET and OPV. 

Our results have also pointed to another route to mitigate the inclusion of end-groups, which is 

to ‘tune’ the DP of the polymer to be equal to an integer multiple of the observed lc. By doing so, 

chain-folding ensures that the end-group will be located at the edge of the crystalline domain and 

thereby increase the crystallinity of the nanowire by as much as 20%. This observation is expected 

to be translatable to thin film active layers for optoelectronic devices, and is anticipated to prove 

particularly effective in devices that have their active layers deposited through techniques like 

blade-coating, which align polymer chains into highly crystalline and nano-structured thin films 

via sheer force, because of their structural similarity to nanowires. 

2.6 SUPPORTING INFORMATION 

Tables 

Table S2.1. The results of analyzing nanowires made from commercial P3HT, aged for 

different times. Numbers in parenthesis indicate results from analyzing the unincorporated 

P3HT for that sample. Corresponding data is shown in Figures S2.1-S2.19. 

Age (h) %RR 
aEnd-
Group 
ratio 

Đ DP A0-0 / 
A0-1 

b∆Hf 
(J/g) 

b % 
Crystal 

clc 
(nm) 

lc 

(units) 

dξ(010

) 
(nm) 

eWidth 
(nm) 

eHeight 
(nm) 

24 90 
(86) 

2.7  
(4.5) 

1.5 
(2.0) 

107 
(54) 0.54 12.5 25.5 18.5 47 6 19 ± 

0.6 5 ± 0.1 

48 91 
(86) 

2.8  
(4.6) 

1.6 
(2.2) 

164 
(44) 0.56 16.9 34.5 17.8 46 5.8 19 ± 

0.6 5 ± 0.2 

72 91 
(85) 

2.4  
(4.5) 

1.8 
(2.6) 

156 
(35) 0.57 15.5 31.7 18.7 48 5.8 19 ± 

0.3 5 ± 0.4 
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As 
purchased 90 4.7 1.8 186 n/a 15.5 31.6 17.2 44 n/a n/a n/a 

aRatio of Br-H:H-H chain termination. Determined by MALDI-TOF. 
bCalculated from DSC. A value of ∆Hf

∞ = 49 J/g is used in % crystallinity calculations.37  

cCalculated using equation 1.  
dResult of Scherrer analysis.   
eAverage of 100 nanowires, as measured by AFM. 

 
 
 

Table S2.2. The results of analyzing nanowires made from P3HT of varying RR.40  

Aged (h) RR 
(%) 

End-
Group Đ DP 

aξ(010) 
(nm) 

bHeight 
(nm) 

bWidth 
(nm) 

Width 
(units) 

µh    
(cm2/V•s) 

72 93 Br-H 1.8 114 5 5 ± 1 24 63 n/a 

72 93 Br-H 1.5 114 6.2 5 ± 1 24 63 4.5x10-5 

72 96 Br-H 1.1 108 11 5 ± 1 24 63 1.0 x10-4 

72 97 Br-H 1.1 126 14 5 ± 1 24 63 1.5 x10-3 

72 98 Br-H 1.2 96 21 4 ± 1 24 63 1.1 x10-3 

72 99 Br-H 1.2 120 27 5 ± 1 24 63 2.3 x10-3 

aResults of Scherrer analysis. 
bAverage of 100 nanowires, as measured by AFM. 
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Table S2.3. The results of analyzing nanowires made from P3HT of varying Mn. P3HT 

with integer multiples of lc are above the bold line. P3HT with non-integer multiples are 

below the bold line. Results of XRD and DSC analysis are shown in Figures S20-S25. 

Aged 
(h) 

RR 
(%) 

End-
Groups Đ DP 

aΔHf 
(J/g) 

a% 
Crystal 

blc 
(nm) 

blc 
(units) 

cξ(010) 
(nm) 

72 99 toluene
-H <1.3 150 35.5 72.4 26.3 67 6.7 

72 99 toluene 
-H <1.3 100 32.7 66.7 26.8 69 7.7 

72 99 toluene 
-H <1.3 50 30.8 62.9 20.5 52 9.8 

72 99 toluene 
-H <1.3 125 26.4 53.8 24.0 62 5.5 

72 99 toluene 
-H <1.3 75 25.4 51.9 26.1 67 4.1 

aCalculated from DSC. A value of ∆Hf
∞ = 49 J/g is used in % crystallinity calculations.37 

bCalculated using equation 1. 
cResults of Scherrer analysis. 
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Figures 

 
Figure S2.1. 1H NMR of 24 h nanowire incorporated polymer.89 

 
Figure S2.2. 1H NMR of 24 h nanowire decanted polymer.89  
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Figure S2.3. 1H NMR of 48 h nanowire incorporated polymer.89 

 
Figure S2.4. 1H NMR of 48 h nanowire decanted polymer.89 
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Figure S2.5. 1H NMR of 72 h nanowire incorporated polymer.89 

 
Figure S2.6. 1H NMR of 72 h nanowire decanted polymer.89 
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Figure S2.7. 1H NMR of as-purchased commercial polymer.89 

 
Figure S2.8. MALDI- TOF of 24 h nanowire incorporated polymer.89 
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Figure S2.9. MALDI- TOF of 24 h nanowire decanted polymer.89 

 
Figure S2.10. MALDI- TOF of 48 h nanowire incorporated polymer.89 
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Figure S2.11. MALDI- TOF of 48 h nanowire decanted polymer.89 

 
Figure S2.12. MALDI- TOF of 72 h nanowire incorporated polymer.89 
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Figure S2.13. MALDI- TOF of 72 h nanowire decanted polymer.89 

 
Figure S2.14. MALDI- TOF of as-purchased commercial polymer.89 
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Figure S2.15. DSC overlay of commercial polymer nanowire aging series polymer.89 

 
Figure S2.16. XRD spectra of the as purchased commercial P3HT.89 
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Figure S2.17. XRD spectra of 24 h aged commercial P3HT nanowires.89 

 
Figure S2.18. XRD spectra of the 48 h aged commercial polymer nanowires.89 
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Figure S2.19. XRD spectra of the 72 h aged commercial polymer nanowires.89 

 
Figure S2.20. DSC overlay of synthesized polymer nanowires.89 
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Figure S2.21. XRD of DP = 50 P3HT nanowires.89 

 
Figure S2.22. XRD of DP = 75 P3HT nanowires.89 
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Figure S2.23. XRD of DP = 100 P3HT nanowires.89 

 

 
Figure S2.24. XRD of DP = 125 P3HT nanowires.89 
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Figure S2.25. XRD of DP = 150 P3HT nanowires.89 

 

Figure S2.26. AMFM line-scans of Tol-200-100-narrow nanowire properties, along the 

[010] direction.89 
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Figure S2.27. AMFM line-scans of Br-275-98-narrow nanowire properties, along the 

[010] direction.89  

 

Figure S2.28. AMFM line-scans of Br-150-91-wide nanowire properties, along the [010] 

direction.89 
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Chapter 3. A GENERALIZABLE FRAMEWORK FOR 

ALGORITHMIC INTERPRETATION OF THIN 

FILM MORPHOLOGIES IN SCANNING PROBE 

IMAGES 

*The work in this chapter has been previously published as an article: ACS J. Chem. Inf. Model. 
2020 . DOI: 10.1021/acs.jcim.0c00308	

3.1 INTRODUCTION 

Thin-film and flexible electronic technologies, including devices such as photovoltaic cells, field 

effect transistors, and thermoelectric devices are enabled by materials such as π-conjugated 

polymers (CPs).46,87,94,107–118 There are many promising candidate materials for active layer 

materials in these devices, which have highly tunable properties. All of these materials share a 

similar bottleneck: their device performance and stability are strongly dependent on their 

morphology at the micro- and nanometer- scale.55,85,108,119–124 For any candidate material to achieve 

commercialization, it is necessary to predictably link parameters such as chemical structures, 

intermolecular interactions, processing conditions, and composition to final device performance, 

without the need to take an Edisonian approach to synthesis and optimization. The thin film 

morphology of a device active layer is a critical piece in this connection, so it is important to 

establish reproducible and quantitative descriptors of such morphology. 

Devices made from thin-film electronic materials have greatly improved over the past decades, 

and CP-based devices have their electronic performance in some applications, such as organic 

electrochemical transistors (OECTs), conjugated polymers can outperform inorganic 

materials.85,102,125 Due to the intrinsic connections between their device properties and their 

chemical structures, molecular weight, and intermolecular interactions, CP-based devices can be 
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exceedingly complex. Compounding this, CP morphologies often have dimensions that range from 

nanometers to micrometers. Such domains are difficult to interpret in single component films and 

become even more complex in blends of two or more components.37,38,40,58,81,86,89 Though this 

frustrates the analysis of polymers, it also contributes to their tunability and responsivity and 

allows researchers to access specific performances, structures, and properties. This versatility also 

makes CPs well-suited for developing tools that quantify morphology.  

Despite its importance, it has been difficult to quantitatively describe morphologies and 

nanometer-scale structure of thin films and interfaces. Imaging techniques, such as scanning probe 

microscopy (SPM), have been extensively developed and deployed to observe surfaces at this 

length scale for a wide variety of materials through the imaging of properties, such as conductivity 

or viscoelasticity, which are used in the present work.102,126–129 The set of material properties that 

can be investigated by SPM techniques is rapidly expanding, and probe samples on length-scales 

ranging from Angstroms to millimeters.103,130–133 These observations have enabled significant 

progress in understanding morphologies, but are traditionally constrained to qualitative or semi-

quantitative sampling, as a result of the difficulty of hand-measuring features in microscopy 

images. Fortunately, the modularity and sensitivity of these instruments allow for a wide range of 

material properties to be simultaneously measured with topography. The resulting data have 

similarly formatted outputs, simplifying the comparison of different properties across a single 

scan. 

There has been compelling research from various groups on utilizing computer vision and 

machine learning approaches to automatically identify features in micrographs and SPM 

measurements.11,42-52  These approaches often use supervised models, which inherently restrict their 

application to materials or morphologies that are similar to the samples used in training the model. 
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Moreover, the performance of supervised models is connected to the number of samples in the 

training dataset. This limits their applications further, as it is first necessary to analyze and 

manually label a significant amount of data to build a large training set in order to improve the 

accuracy of these supervised learning approaches. In contrast, the data agnostic nature of 

unsupervised classification is particularly useful in building base models for the characterization 

of materials; such models can be easily extended to different materials, instruments, and techniques 

because they do not require training data.145  

In this study, we present an open-source and adaptable Python toolkit, m2py, which is capable 

of interpreting and labeling morphological domains and features in images that have widely varied 

morphologies. Moreover, the m2py toolkit contains modular classes and functions that can be 

assembled into a customizable workflow to extract meaningful information from the domains and 

features in the SPM data. The m2py library simplifies the application of computer vision 

techniques; in particular, the workflow used herein enhances feature signals prior to applying a 

series of unsupervised methods. Once identified, m2py generates label maps of the identified 

features, so that they can be individually addressed and analyzed. These label maps can then be 

used to generate quantitative descriptions of the morphological information that has always been 

present in the SPM data. In this work, we have shown that domain size and major axis length are 

calculatable from m2py labels. Future work will also extract further morphological descriptions, 

such as aspect ratio, orientation, and perimeter length, so that the connection between such 

descriptors and device performance can be evaluated. In this work we demonstrate m2py’s 

versatility in morphological classification by applying a generic m2py workflow to thin films of 

semicrystalline poly(3-hexylthiophene) (P3HT) in organic field-effect transistors (OFET) active 

layers, blended binary thin films of P3HT: phenyl-C61-butyric acid methyl ester (PC61BM) and 
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poly[[4,8-bis[(2-ethylhexyl)oxy]benzo[1,2-b:4,5-b’]dithiophene-2,6-diyl][3-fluoro-2-[(2-

ethylhexyl)carbonyl] thieno[3,4-b]thiophenediyl]] (PTB7):PC71BM in organic photovoltaic 

(OPV) active layers, and self-assembled nanostructures of P3HT spin-coated onto inorganic SiO2 

or ITO substrates. The m2py toolkit is compatible with any SPM technique, which we demonstrate 

by applying the same m2py workflow to measurements from force-distance mapping AFM 

(FDM), amplitude-modulated frequency-modulated bi-modal AFM (AMFM), and conductive 

AFM (C-AFM), three techniques that each have different degrees of spatial resolution and data 

dimensionality. 

3.2 MATERIALS AND METHODS 

Unless indicated otherwise, all materials were purchased and used as-received from Sigma-

Aldrich. P3HT was purchased from Rieke Metals or synthesized using previously reported 

methods;75 PTB7 was purchased from Cal-OS; and PC71BM was purchased from Solenne BV. 

Si/SiO2 and glass/ITO substrates were purchased from WRS. 

3.2.1 m2py Development 

All modules were written in Python. NumPy146 was used for the preparation and manipulation 

of data. SciPy147 was used for signal processing. Matplotlib148 was used to create all plotting 

capabilities. scikit-learn149 was used for dimensionality reduction and model training. Finally, 

scikit-image was used for semantic segmentation.150 

3.2.2 Substrate Preparation 

All substrates were cleaned by scrubbing with soap and DI water, followed by sonication in 

deionized water, acetone, and isopropyl alcohol for 15 min each. Following sonication, the 
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substrates were dried under a stream of air and subsequently plasma cleaned for 15 minutes using 

O2 plasma. 

For P3HT OFET and nanowire films, passivated substrates were used. To passivate the 

substrates, the substrates were taken directly from the plasma cleaner and placed under vacuum 

within a crystallization dish to allow the vapors from an open vial containing 400 µL of 

octadecyltrichlorosilane (OTS) to interact with the surface. The system remained under dynamic 

vacuum for 1 hour and was then switched to static vacuum. The system was heated at 125 °C for 

at least 3 hours to ensure evaporation of the OTS. After this, the heat was turned off and the system 

was allowed to rest under static vacuum over-night to allow the OTS vapor to self-assemble on the 

surface. Physisorbed and self-polymerized OTS was removed by rinsing with isopropyl alcohol, 

leaving behind only the self-assembled monolayer of OTS, onto which the P3HT and nanowire 

films were directly spin-coated. 

PTB7:PC71BM and P3HT:PC61BM OPV films were spin-coated on top of ZnO hole-transport 

layers, following the canonical inverted architecture film stack.114 

3.2.3 Thin Film Sample Preparation 

The PTB7:PC71BM blends (1:1.5, total concentration 25 mg mL−1 in CB) and P3HT:PC61BM 

blends (1:0.95, total concentration 30 mg mL−1) were stirred in chlorobenzene overnight at 70 °C 

prior to spin-coating. P3HT thin films were dissolved into chloroform at a concentration of 5 mg 

mL−1 and stirred at 50 °C overnight prior to spin-coating. Spin-coating was performed using the 

following spin-speed and durations, respectively: PTB7:PC71BM (1000 rpm, 2 min), 

P3HT:PC61BM (1000 rpm, 60 sec), and P3HT (2500 rpm, 60 sec). Solution preparation and spin-

coating were all carried out in a nitrogen glovebox. 
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The P3HT:PC61BM and P3HT thin films were annealed at 175 °C for 30 min and 150 °C for 50 

min, respectively. PTB7:PC71BM films were used as-cast. 

3.2.4 Nanowire Film Preparation 

For the nanowire solution, P3HT was added to anhydrous anisole at a concentration of 2 mg 

mL−1 under a nitrogen atmosphere in a glovebox. In order to ensure complete dissolution, the 

solution was heated and stirred at 110 °C for 24 h, after which the heating and stirring was stopped 

and self-assembly was allowed to progress for 72 h. The resulting nanowire suspension was spin-

coated directly onto the passivated substrates. 

3.2.5 Force-Distance Mapping Atomic Force Microscopy (FDM) 

AFM micrographs were obtained on a Bruker ICON AFM in Peak- force Quantitative 

Nanomechanical Mapping mode. ScanAsyst-Air tips were used for these measurements (SiN/Al, 

∼70kHz, and 0.4 N m−1). 

3.2.6 AMFM 

AMFM measurements were performed on an Asylum Research Cypher-ES system. For AM-

FM Viscoelastic mapping, we used built-in routines provided by Asylum Research and µMasch 

tips (HQ:NSC18/Pt, 75 kHz, and 2.8 N m−1). All measurements were performed in a nitrogen 

environment. 

3.2.7 Conductive Atomic Force Microscopy (C-AFM) 

C-AFM measurements were performed on an Asylum Research Cypher-ES system. For 

conductivity mapping, we used built- in routines provided by Asylum Research and µMasch tips 

(HQ:CSC38/Cr-Au, 10 kHz, and 0.03 N m−1). A bias of -2 V was applied between the tip and the 
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substrate, which was grounded through the sample holder using silver paint. All measurements 

were performed in a nitrogen environment. 

 

3.3 RESULTS AND DISCUSSION 

SPM data is structured as a stack of 2-dimensional matrices with each layer in the stack 

(commonly referred to as a channel), representing a different aspect of the material’s response. 

151,152 The methodology primarily used in this investigation, FDM, has six channels of signals: 

adhesion, deformation, dissipation, modulus, height, and stiffness. By comparing the values from 

each channel for each pixel, pixels can be sorted, filtered, or clustered by their similarity. A 

summary of the m2py workflow is shown in Figure 3.1. 
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Figure 3.1. A generalized m2py workflow. Raw or pre-cleaned data is fed in by the user. 

Next, outlier removal and fast Fourier transforms are applied to increase the sensitivity of 

m2py’s segmentation modules. Feature selection finds the most descriptive features from 

the data while reducing data dimensionality to distill the material-property signals. This is 

followed by semantic segmentation (pixel classification) and then instance segmentation 

(pixel clustering). Statistical information can be extracted at any point in the workflow.153 

3.3.1 Data Intake and Pre-Processing 

The SPM community has developed robust toolkits for viewing SPM data and converting 

between file formats. Packages such as Gwyddion can parse instrument specific and open-source 

file formats and perform automated routines that handle SPM data in a tensor fashion. However, 

these tools primarily accelerate data processing and improve interpretation of the image by the 

microscopist.151,152,154 They do not seek to identify and label segmented domains for algorithmic 

analysis, nor do they enable any automation of the identification. By relying on these familiar tools 

for data cleaning and translation into NumPy-readable file types, m2py is able to process data from 

virtually any source. 

Once the SPM data is converted to a NumPy format, the material-property signals need to be 

enhanced. Outlier detection and image denoising are essential at improving the signal to noise ratio 

of the raw SPM data. These outliers need to be removed early, as they can overpower material-

property signals during later clustering methods. Examples of outliers includes pixels associated 

with surface aggregates, pin-holes, or tip-scars. The m2py method 

pre_processing.extract_outliers() recognizes these pixels and generates a Boolean matrix of outlier 

labels so that the corresponding pixels are ignored by the subsequent classification models, 

improving their results. This method has adjustable windows and thresholds and is typically 
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applied to the height channel. The output of outlier detection is illustrated in Figure S3.1. For 

further noise reduction, the method pre_processing.frequency_removal() applies image 

compression via fast Fourier transform to each layer using an adjustable band-pass filter to remove 

noise signals at high or low frequencies.147 An example of this method being used to remove low-

frequency background noise is shown in Figure S3.2. Additionally, the Fourier-space signal data 

can be accessed and used to analyze the orientation, alignment, and signals within images.52  

 

3.3.2 Feature Selection and Semantic Segmentation 

Following outlier removal and signal processing, pixels are analyzed and classified into a user-

specified number of phases using a combination of Principal Component Analysis (PCA) and the 

Gaussian Mixture Model (GMM). PCA serves as the feature selector combining all data channels 

into fewer but more informative features, while retaining most of the information / variance of the 

system.134,149 Even though the generated principal components are linear combinations of the input 

channels, they represent a complex vector-space relationship to the original data. Through the 

retention of only the most informative features, PCA speeds up the computationally expensive 

process of classification by minimizing the number of channels to examine. So, incorporating PCA 

into the m2py workflow is often beneficial to further enhance materials response signals prior to 

classification.134,155 An example of PCA selection of material response information for FDM 

measurement of an annealed P3HT:PC61BM thin film is shown in Figure 3.2. Once PCA has been 

applied, the principal components can also be accessed and analyzed through the 

SegmenterGMM() class. A principal component of the OPV film from Figures 3.2a and b is shown 

in Figure 3.2c and an example of cross-correlation of those principal components is plotted in 

Figure 3.2d. In Figures 3.2b, c, and d, the red and blue colors indicate the final GMM phase 



 77 

classification of each pixel. Even though the number of channels is reduced by half in this example, 

the cross-correlation in Figure 3.2d confirm that the principle components retain the signal clusters 

visible in the input channel cross-correlations of Figure 3.2b. 

 

Figure 3.2. Signal distributions and cross-correlations are easily extracted throughout the 

workflow. a. Four input material-property distributions from an annealed P3HT:PC61BM 

thin film. Input channel units are relative. b. Cross-correlations from the same sample after 

GMM segmentation, with red and blue representing the two GMM labeled phases. c. (left) 

An example principal component from PCA of the same sample. Principle component units 

are arbitrary. (right) The property distributions for each of the two GMM phase for the 

principal component. d. Cross-correlation between principal component 1 and 3, color-

coded by their GMM phase labeling. Scale bar is 200 nm, images are 256 × 256 pixels.153   
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Once the material response signals have been selected by applying PCA, GMM is used as a 

semantic segmenter to classify pixels by their clustered material response signals. Afterwards, 

m2py assigns each pixel a phase label corresponding to its GMM classification. The number of 

phases is easily tuned by a user; for instance, if a user is expecting a binary blend to have two 

phase-pure regions, and one blended region, the GMM can be made to deconvolute the SPM data 

into three distinct phases. A more detailed discussion of the GMM implementation is presented in 

the Supporting Information on page S8. 

PCA and GMM are combined and implemented through the SegmenterGMM() class. Which 

features are used to segment and classify individual pixels has a significant impact on the overall 

performance. To clarify both the use of the SegmenterGMM() class and the impact of user choices 

on overall classification, several examples are presented below. 

One common consideration is whether or not the height channel should be included during 

GMM phase label assignment. Depending on the magnitude of the differences in the material-

response signals that the GMM segmenter uses to classify the pixels, height information can be 

either advantageous or disruptive when included. Omission of height data tends to be useful if the 

topographical features are not reflective of the underlying morphological domains, and thereby 

misrepresent the true morphology of the film, or when the material-response signals show only 

small fluctuations. This is the case with  P3HT thin films, where surface features are often dictated 

by drying kinetics and surface-air interactions, rather than phase separation into crystalline and 

amorphous domains.156–158 This is demonstrated in Figure 3.3, where the modulus and adhesion 

channels show small domains (Figure 3.3a.), as expected of P3HT skin-layers.159 When height 

information is included, GMM results show large domains (Figure 3.3b) that do not reflect the 

small, isotropic domains that are seen in the five material-property channels. Exclusion of the  
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Figure 3.3. Input data and the GMM label maps from FDM measurements of a P3HT 

OFET active layer. a. The input data channels after outlier and noise removal. Colorbar 

units are relative. b. GMM labeling when the height channel is included. c. GMM labeling 

when the height channel is excluded. All scale bars are 500 nm, imaged at 512 × 512 

pixels.153  

height channel is accomplished with the ‘heightless’ flag during the SegmenterGMM() class 

instantiation, and the corresponding results of this heightless classification, Figure 3.3c, are far 

more representative of the morphological domains visible in Figure 3.3a. 

In cases where differences in material properties are significantly large, such as with 

PTB7:PC71BM binary blends (Figure 3.4), the topographical features can actually improve GMM 

interpretation by correcting edge-induced tip-surface interactions. Figure 3.4b and c show this 

improvement in GMM labeling of a PTB7:PC71BM thin film with and without height, respectively. 
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The spherical domains seen in the height channel of Figure 3.4a appear symmetric, despite being 

scanned left-to-right. This is not the case in the stiffness channel, where the left edges of the 

aggregates appear far softer than the right edges. This is caused by the probe-scanning direction– 

significant changes in sample thickness change the amount of the tip surface-area contacting the 

surface and artificially increases or reduces the measured adhesive forces as a result of the 

measurement’s dependence on the probe tip’s contact-radius.160 This effect is graphically 

explained in Figure 3.4d. 

 

Figure 3.4. Input data and GMM label maps from FDM measurements of a PTB7:PC71BM 

thin film OPV active layer. a. The input data channels after outlier and noise removal. 

Colorbar units are relative. b. GMM labels when the height channel is included. c. GMM 
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labels when the height channel is excluded. d. Graphical explanation of how large features 

can artificially alter measured material response signals by varying the amount of surface-

area contact between the probe-tip and sample surface. The scale bars are 200 nm, images 

are 256 × 256 pixels.153  

Therefore, in this example, excluding the height channel from classification eliminates edge-

induced distortions from the GMM labels. Analogous effects follow for other SPM techniques, 

where inclusion of topography data can see similar improvements. Judicious selection of which 

channels to use or remove can make a significant improvement in the quality of data produced 

through m2py.  

Thus far, we have examined isotropic domains, but CP often exhibit highly anisotropic 

morphologies; nevertheless, the efficacy of GMM classification is not dependent on the size or 

shape of domains. This is because GMM classification depends on materials property signals, 

rather than strictly edge detection, as most supervised techniques do. An exploration of the use of 

m2py’s GMM tool in classifying anisotropic morphologies is visible in Figure 3.5. A GMM label 

map for annealed P3HT:PC61BM is shown in Figure 3.5a, below its input channels and GMM 

labeled property distributions. As seen in these results, even though the bulk heterojunction (BHJ) 

morphology is markedly different from the morphologies in previous figures, the same workflow 

and GMM segmenter was able to cluster material response signals into highly anisotropic and 

asymmetric domains, closely matching the input data’s morphology.  

As an examination of a case of significant anisotropy, P3HT nanowires were also examined 

with the same m2py workflow. The results of the GMM classification are shown in Figure 3.5b, 

above their input channels and GMM labeled property distributions. Even though these P3HT 

nanowires are even more anisotropic than the BHJ domains, m2py is still able to accurately parse  
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Figure 3.5. Results of GMM segmentation on two different samples. a. Two component 

classification of a P3HT:PC61BM thin film, where red and blue corresponds to the different 

components. The input channels are shown in the top two rows alongside their material-

property signal distributions that are color coded by GMM component. Scale bars are 200 

nm, images are 256 × 256 pixels. b. Results of two component classification of P3HT 

nanowires (blue) spin-coated onto a passivated SiO2	substrate (red). The input channels are 

shown in the bottom two rows, alongside their corresponding material-property signal 

distributions color coded by GMM phase components. Scale bars are 500 nm, images are 

512 × 512 pixels.153  
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between the nanowires, the SiO2 substrate, and scanning defects, such as tip-scars. This is a useful 

result because tip-scars occur commonly with sharply featured samples, such as nanowires, and 

can visually resemble the material domains. Regardless, of this effect m2py is able to distinguish 

nanowires from tip-scars by using differences in their material response signals. Despite the 

complex and varied morphologies of CP thin films, m2py’s workflow has no problem interpreting 

both highly anisotropic CP morphologies and simpler or axisymmetric morphologies.  

 

3.3.3 Instance Segmentation 

The identification of each pixel’s GMM phase within a scan allows a great deal of insight into 

SPM images, but much of the salient information lies in the size and distribution of pixel clusters, 

which construct the morphological domains and features. Unlike semantic segmentation, instance 

segmentation (pixel clustering) requires different techniques to handle different morphologies. The 

m2py toolkit currently implements two different instance segmentation methods: connected 

components labeling and persistence watershed segmentation (PWS), although additional instance 

segmentation methods could be easily integrated into m2py workflows. 

The connected component labeling mechanism takes in the label map from GMM segmentation 

and applies a graphical algorithm that clusters tangential pixels that have the same GMM phase 

label.150 Those connected pixels that have the same GMM label are assigned a unique domain label. 

The level of connectivity can be adjusted to include either only the four pixels that share an edge 

with the pixel in question, or to also include the four corner pixels. The total number of unique 

labels denotes the total number of domains present in the sample. Domains are sorted by size 

before receiving a label, meaning that domain 1 has the most pixels, and the domain with the 
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fewest pixels is listed last. Adjustable thresholding is used as needed to combine domains that may 

be too small to be physically valid. 

The other instance segmentation method, PWS, applies a watershed approach to identify 

domains. Watershed segmentation is commonly used in greyscale morphology description.161 In 

m2py, we use a single channel – the height channel is used as default – to act as the magnitude 

values that form watershed-derived segments, which represent morphological domains. Other 

channels or labels, such as a principal component, can be used for PWS segmentation instead of 

height, as desired. Standard watershed approaches tend to over-segment images. To address this 

issue, the PWS model employs persistent homology to merge watershed-derived segments 

incrementally to form larger domains.162 Initially, too many segments arise due to noise, which 

indicates that a low merging threshold will result in too many identified domains. As the threshold 

is increased, these over-segmented regions merge and fewer domains remain. At the critical point 

where the most noise is eliminated and the most domains are preserved as segments, there is a 

sharp decrease in the number of domains, as shown in Figure 3.6. A rigorous discussion on 

selecting the appropriate instance segmenter, based on morphological structures, is given in the 

Supporting Information. Figure S3.3 shows a comparison of instance segmenters on 4 different 

morphologies. In short, we find that PWS is better for more isotropic morphologies and systems 

where tangential domains may be separate, whereas connected components labeling is ideal for 

highly anisotropic and irregularly shaped morphologies. Figure 3.6 shows the analysis of a 

PTB7:PC71BM sample and throughout the m2py workflow. The clearly visible spherical 

aggregates in the input height channel resembles the same information observed in the rest of the 

channels. GMM identifies these aggregates as a different phase than the matrix constituent, and 

labels them accordingly. Next, the height channel is used for instance segmentation with PWS.  
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Figure 3.6. A representative channel from a FDM image of PTB7:PC71BM is shown, 

followed by the results throughout m2py analysis of the image. First undergoing semantic 

segmentation, the resulting GMM phase labels show the spherical aggregates to be a 

distinct phase from the matrix. Phase 1 is shown in yellow, phases 2 and 3 are combined 

in purple. Next, the height channel is used in instance segmentation by the PWS method, 

producing individually indexed morphological domains. The color of each individual 

domain is selected according to its size. Finally, PWS labels that correspond to GMM phase 

1 are plotted in green and the mislabeled phase 1 pixels plotted in yellow for contrast. Scale 

bars are 1 µm, images are 512 × 512 pixels.153 

The individual aggregates, as well as different domain boundaries in the matrix, are identified and 

labeled according to their size. Finally, the PWS domains corresponding to the GMM phase 1 
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pixels are shown. By comparing these PWS labels against those from the initial GMM 

segmentation, we can see that the PWS slightly underestimates the size of these domains, as 

represented by the residual yellow coloration. In this case, the labelling error is less than 7% of the 

total image area. This error may reflect the dilation of GMM labels from tip-effects, as a learning 

from multiple channels, some more highly influenced by tip-radius, while PWS is based on a single 

channel. Erosion operations have been implemented to successfully reduce tip distortions, however 

tip-deconvolution during pre-processing would more accurately reflect the surface morphology in 

GMM labeling. Future work will include expanding m2py’s pre-processing and segmentation 

modules with such functions. 

Regardless of the instance segmenter that is used, a major consideration of instance segmentation 

is to establish a threshold for what comprises a morphological domain. Molecular and crystal 

structure information is useful for establishing a minimum number of pixels required to be labeled 

as an individual domain. In m2py, this instance segmentation threshold, label_thresh, is easily 

altered in the post_processing.py module to suit the parameters of the material and measurement. 

In our FDM experiments, the probe tips had radii of ∼7 nm, which correspond to ∼19 monomer 

units of P3HT or ∼5 monomer units of PTB7. Given the community understanding of the 

crystallographic dimensions of these materials, the amount of polymer that interacts with the 

surface area of the probe tip is similar in size to a domain and could reasonably be considered an 

entire domain or aggregate. Therefore, a single pixel could be the optimal threshold, although 

higher resolution measurements would certainly provide a more detailed insight into the exact 

morphological structure.57,62,163 The P3HT nanowires shown in Figure S3.1 have been measured in 

previous work to be 20 nm wide, or approximately 2 pixels, with lengths of up to a micron.40,89 A 

threshold of 4 pixels, therefore, can provide detailed morphological insight for our imaged 
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nanowires and P3HT thin films. Lastly, phase-separated, binary thin films may have dimensions 

of domains on a similar length scale, but these morphologies tend to require larger thresholds 

because the total area of the domain is larger. For example, the domains shown in the third row of 

Figure S3.1 contain at least 100 pixels each, with the background domain containing tens-of-

thousands of pixels. These results emphasize the need for material-specific information to correctly 

interpret morphologies, although only minimal prior knowledge is needed for m2py to correctly 

identify morphologies. 

 

3.3.4 Final Output and Transferability 

As m2py classifies and clusters each pixel, it creates new label maps that can be analyzed 

separately or collected and appended to the original 3D image matrix for further analysis. Because 

these label maps correspond to the pixels in the original image, the properties of each pixel within 

any given phase or domain can be easily accessed. For example, histograms of the materials-

property signals in each phase is easily determined from the GMM labeling. Further, by using the 

unique domain labels from instance segmentation each domain can be quantitatively examined. 

These domains can then be sorted by their corresponding GMM label, as shown in Figure 3.7b. 

Then, domain metrics are readily extracted, such as length, width, perimeter, and orientation.150 

Because the domains are uniquely labeled, these domain measurement methods can be iteratively 

applied to all of the domains in an image, as shown in Figures 3.7c-e. When sorted by GMM label, 

the size of the domains in each phase can also be determined, as presented in Figure 3.7c.  In the 

example shown, an annealed P3HT:PC61BM thin film’s height channel is shown (Figure 3.7a) and 

GMM segmenting labels for 2 distinct phases are created (Figure 3.7b). After semantic 

segmentation, it is clear that phase 1 domains comprise the matrix, which is colored red in the 
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domain label map. However, it is visible that the matrix phase is not entirely co-continuous, so 

non-contiguous phase 1 domains are considered separate from the large matrix domain by the 

instance segmenter and therefore receive unique domain labels (Figure 3.7b, left). The matrix 

domain is the largest in the sample and is visible as the ‘outlying’ data point in the major-axis 

length and area plots, as shown in Figures 3.7c-e. 

 

Figure 3.7. Throughout the m2py workflow, labels can be used to calculate and analyze 

relative ratios, property distributions, and domain descriptors. Simple examples are 

presented for a P3HT:PC61BM thin film. a. The height channel from FDM analysis of a 

P3HT:PC61BM thin films is shown. Colorbar units are relative. b. Domain labels are 

determined by connected components labeling and then sorted by their GMM label. The 

color of each individual domain is selected according to its size. (left) Phase 1 domains, 

with black domains being phase 2. The co-continuous matrix domain is remapped to the 

lightest color for visibility. (right) Phase 2 domains, with black domains being phase 1. c. 
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The major-axis length, in pixels, of connected components labeled domains, sorted by 

GMM label. d. The major-axis length, in pixels, of connected components labeled domains. 

e. The log of connected components labeled domain areas in pixels. The scale bars are 1 

µm and the images are 500 × 500 nm and are 256 × 256 pixels.153  

These results illustrate m2py’s ability to identify and quantify morphological domains in SPM 

FDM data. In order to ensure the compatibility of this toolkit with other SPM techniques, m2py 

includes a config.py module where users can define the channels and dimensions of their unique 

SPM measurement. The specific parameters of each technique are defined in a python dictionary 

within the config.py module, where users can enter the number of channels, the type of information 

the channels contain (e.g. "Young’s Modulus" or "Phase"), and the dimensions of their scans. As 

shown in Figure 3.8, m2py is already adapted to C-AFM and AMFM images. In Figure 3.8a, the 

results of AMFM imaging of P3HT nanowires on passivated ITO glass are shown next to their 

m2py label maps. On the far right, the domains corresponding to the nanowire phase (phase 1) are 

plotted in yellow. Figure 3.8b shows a similar sample of P3HT nanowires imaged through C-AFM 

next to the corresponding m2py label maps, Because the probe-tip used in C-AFM is far larger 

than that of AMFM, ~50 nm and ~11 nm respectively, the nanowires appear distorted in Figure 

3.8b. However, we observe in Figures 3.8a and 3.8b that the recognized nanowire domains closely 

resemble the input data. By applying a morphological dilation and subsequent erosion,150 the m2py 

toolkit’s interpretation is not hindered by these varied probe-tip resolutions, nor by the reduced 

number of input data channels. To use, expand, or contribute to the m2py toolkit, readers are 

directed to the open-source Github repository github.com/ponl/m2py. We hope the community 

will aid in suggesting additions, developing modules, and optimizing the toolkit. We believe that 
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our customizable workflow can augment and expound upon any existing SPM interpretative 

software and incorporate into any Python-based tools. 

 

 

Figure 3.8.  Input data channels and m2py labeling results for P3HT nanowires spin-coated 

onto passivated ITO glass. a. Property channels of AMFM measurements of P3HT 

nanowires on ITO glass. Colorbar units are relative. b. GMM labels with coloring 

corresponding to GMM phase labels. c. Connected components labels. The color of each 

individual domain is selected according to its. d. Property channels for C-AFM 

measurements of P3HT nanowires on ITO glass. Colorbar units are relative. e.  GMM 

labels with coloring corresponding to GMM phase labels. f. Connected components labels. 

Scale bars are 200 nm, images are 256 × 256 pixels.153  



 91 

3.4 CONCLUSIONS 

The m2py library is a set of modular and adaptable tools for the quantitative description of 

morphologies from SPM images. By implementing a combination of numerical and unsupervised 

methods, m2py enhances and isolates material-property signals, which are then used to classify 

each pixel and cluster them into their corresponding domains. This study has highlighted m2py’s 

capacity to interpret and identify morphological domains across a wide range of samples of π-

conjugated polymers. The resulting labels maps can be used to quantitatively describe the labeled 

morphologies. Our general workflow is easily modified and allows users to quantitatively evaluate 

and compare morphological features, domains, and phase distributions in an automated fashion. 

Finally, additional preprocessing, subsampling, and segmentation methods will be added to 

improve and expand m2py’s morphological interpretations, handle RGB or electron microscopy 

images, and facilitate their labeling. Future work will report on these additions and seek to 

understand the connection of such morphological descriptions to device performance will use the 

m2py framework to quantitatively describe and optimize the morphologies of thin film electronic 

materials.  

3.5 SUPPORTING INFORMATION 

3.5.1 Data Intake and Pre-Processing (Continued) 

It is well known that outliers and aberrant data points can distort data analysis. In the case of 

unsupervised image segmentation, outlier pixels can overwhelm clustering mechanisms by having 

signals that can be up to orders of magnitude larger than the material-property signals of interest. 

In order to detect and remove such signals, m2py implements two methods. The first, shown in 

Figure S3.1, convolves the input channels with a blurring filter to diminish small differences 
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between pixels. Then we apply a z-score filter to extract outlier pixels. By default, this method 

flags all pixels that are 2.5 standard deviations from the mean value. This method results in a 

Boolean label map, where outliers are flagged with the value 1. This method can be applied to 

either a single channel or all channels, with the default being only the height channel. If multiple 

channels are evaluated, the Boolean label map is a composite of all flagged pixels from all channels 

evaluated. Using this map, outliers can be either ignored (for the purposes of further analysis) or 

have their values re-mapped (for the purposes of visualization). 

 
Figure S3.1. In order to detect outlier pixels in an image, the z-score of all pixels is 

computed. Z-score values surpassing an adjustable threshold are identified as outliers. 

Outliers are re-assigned the median value of the channel to improve visualization of the 

sample. P3HT:PC61BM FDM, 500 × 500 nm and imaged with 256 × 256 pixels.153  

The second method for outlier removal applies image denoising via a fast Fourier transform 

(FFT). In SPM images, there are often noise signals in either the low-frequency or high-frequency 

regime. Transforming the image into Fourier-space allows these specific signals to be identified 
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and removed through a band-pass filter. As shown in Figure S3.2, keeping the lowest frequency 

signals sharpen the edges and features of morphological domains. 

 

 

Figure S3.2. In order to enhance the clarity of images and remove background noise, each 

channel undergoes a fast Fourier transform. While in Fourier-space, an adjustable band-

pass filter is applied to remove noisy frequencies. Shown above is an example channel 

from a P3HT:PC61BM FDM image before and after the 5% lowest-magnitude frequencies 

are removed (i.e. 95% of the signals remain). The scale bar is 200 nm, image is 256 × 256 

pixels.153 

 

3.5.2 Feature Selection (Continued) 

Beyond channel exclusion, such as the ‘heightless’ flag described in section 2.2, m2py has 

additional methods that amplify material-property signals for GMM classification. For instance, 

in order to probe for non-linear relationships, the ‘non-linear’ flag in the SegmenterGMM() class 

automatically appends the square, cube, inverse, and absolute value of each channel as new 

channels. Doing so allows for more complex relationships between channels and within data to be 
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explored by the microscopist and utilized by the rest of the m2py workflow. This function is easily 

expanded or modified to allow for the probing of different non-linear relationships in 

segmentation_gmm.py.  

In some cases, the information gathered from individual pixels is insufficient for the GMM 

segmenter to accurately segment into their corresponding components. This can occur when a 

phase exhibits a wide range of values for a given property. To resolve this, the user can include 

wider context from the sample by using neighboring pixel values to weight the classification. By 

including local environment information in classifying the pixel, accuracy of classification can be 

increased. This functionality is also accessed during the SegmenterGMM() instantiation by calling 

a padding value to include information from the neighboring pixels (i.e. a padding value of 1 will 

include 8 tangential pixels). Finally, all the raw features and newly appended features must go 

through standardization prior to passing them to principal component analysis. M2py’s default 

standardization method transforms the input domain for each feature to the [-1, 1] domain, which 

is a valid range given that we have already removed outliers from the underlying distributions. The 

backup method is to transform the underlying feature distributions to standard normal 

distributions. Both of these methods are configurable during the SegmenterGMM() instantiation. 

 

3.5.3 Semantic Segmentation 

In order to optimize GMM segmentation, the raw data can be expressed as a collection of 𝑁 

pixels, {𝑥0}01.2 , with each pixel having 𝑀  features (i.e., 𝑥0 ∈ 𝑀). In essence, the underlying 

distribution of the data features, 𝑝(𝑥), is modeled as a convex sum of 𝐾 Gaussian kernels, where 

𝐾 denotes the user-specified number of components. That is, 
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𝑝(𝑥) =D𝜙3𝑁(𝑥|𝜇3 , 𝜎3)
4

31.

 

where 

𝑁(𝑥|𝜇3 , 𝜎3) =
1

𝜎3√2𝜋
exp	 *−

(𝑥 − µ3)/

2𝜎3/
8 

and 

D𝜙3 = 1.
4

31.

 

In order to optimize the parametric values arising from the GMM framework (𝜇, 𝜎,	and 𝜙), we 

use the expectation maximization (EM) algorithm to solve the GMM optimization problem. We 

start by initializing the parameters {µ3}31.4 , {𝜎3}31.4 , and {𝜙3}31.4  in the following fashion: the means 

{µ3}31.4  get assigned randomly sampled pixel values, the variances {𝜎3}31.4  get assigned the sample 

variance of the system, and the component distribution priors {𝜙3}31.4  are initialized with equally 

likely contributions. Then we proceed iteratively with the expectation and maximization steps as 

follows:  

Expectation step: The likelihood that data point 𝑥0 is generated by component 𝐶5 is given by  

𝛾0,5 = 𝑝R𝐶5S𝑥0 , 𝜙5 , 𝜇5 , 𝜎5T = 	
𝜙5𝑁(𝑥0|𝜇5 , 𝜎5)

∑ 𝜙3𝑁(𝑥0|𝜇3 , 𝜎3)4
31.

. 

Maximization step: Update the model parameters accordingly: 

𝜙5 =D
𝛾0,5
𝑁

2

01.

, 

𝜇5 =
∑ 𝛾0,5𝑥02
01.

∑ 𝛾0,52
01.

, 

and 
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𝜎5 =
∑ 𝛾0,5(𝑥0 − 𝜇5)/2
01.

∑ 𝛾0,52
01.

. 

The expectation and maximization steps are repeated until the convergence criteria has been 

satisfied. Finally, the probability of data point 𝑥 belonging to component 𝐶5 is given by,	

𝑝(𝐶5|𝑥) =
𝜙5𝑁(𝑥|𝜇3 , 𝜎3)

∑ 𝜙3𝑁(𝑥|𝜇3 , 𝜎3)4
31.

. 

3.5.4 Instance Segmentation (Continued) 

Because m2py has multiple instance segmenters that cluster GMM-labeled pixels into domains, 

selecting the correct segmenter is crucial. Here, we show that methodologies tend to be more suited 

for some morphologies over others by examining four different, common morphologies. The 

simplest morphology, unexplored in this work, is a uniformly ordered atomic lattice. Although 

m2py modules are expected to be compatible with these techniques, discussion of their 

segmentation and thresholding are beyond the scope of this investigation. On the other hand, SPM 

imaged samples with lower resolution on a larger scale, and are widely used in investigating CP.  

Further, polymers have greater amorphous content, with even highly aligned and crystalline CPs 

having a metric of cumulative lattice disorder, paracrystallinities, as high as 10%.57 This makes 

their morphologies more locally stochastic and, therefore, more difficult to precisely image and 

interpret. In the active layers we have imaged in this work, the rapid drying of spin-cast films 

causes kinetically trapped and stochastically distributed, liquid-liquid phase-separated 

morphologies. Such a morphology is exemplified by an unannealed PTB7:PC71BM thin film 

(Figure 3.4).109,164,165 As shown by the annealed P3HT:PC61BM sample (Figure 3.5a), thermal 

annealing allows the thin films to evolve towards a more thermodynamically preferred and 

anisotropically structured morphology. Both of these morphologies are well classified by m2py, 
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as evidenced by the structural similarity of the domain label maps to their input data. This is shown 

for four different samples in Figure S3.3. 

 
Figure S3.3. Results of m2py semantic (GMM) and instance segmentation (persistence 

watershed and connected components) for four different samples, one per row. The height 

channel of each sample is shown in the far-left column, GMM results are shown in the 

second column. PWS labels, sorted by their size are shown in the third column, and 

connected components labeling in the fourth. Scale bars are (top to bottom) 200 nm, 200 

nm, 500 nm, and 200 nm, and images are 512 × 512, 512 × 512, 512 × 512, and 256 × 
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256 pixels, respectively. False color bars on the clustering images correspond to the domain 

indexing labels, which are integers.153 

The top row of Figure S3.3 shows the simplest active layer morphology presented in this study, 

monodisperse spheres embedded in a homogeneous matrix. This morphology has highly 

symmetric, smooth features where spherical, PC71BM-rich domains are separated by the PTB7-

rich matrix. This sample presents a semi-diffuse transition between the PC71BM-rich domain and 

the PTB7-rich matrix, the details of which are well captured by the GMM segmentation. The 

subsequent instance segmentation of this image is best handled with PWS, which is able to 

distinguish tangential but separate domains of the same component. The difference in performance 

between these connected components labeling and persistence watershed is visible in the last two 

figures of the row. It is always difficult to identify the ideal threshold for merging segments, which 

distinguishes between segmenting tangential domains of the same phase, and over-segmenting the 

whole domain. Fortunately, a biproduct of persistent homology is the persistence diagram, which 

simplifies the automation of selecting an ideal threshold selection by measuring how many 

segments would exist for each possible threshold. The persistence diagram identified threshold is 

also ideal for a thin film of annealed P3HT, shown in the second row of Figure S3.3. Even though 

the GMM segmentation is able to identify many different, small domains of amorphous and 

crystalline P3HT, connected components segmentation combines tangential domains of the same 

component. However, PWS interprets high symmetry morphologies more consistently with 

observations of the input data and doesn’t necessarily combine tangential domains. 

CP active layers can also often exhibit highly anisotropic domains, especially when the thin films 

are highly crystalline and molecules become more aligned.166 Even amorphous CPs blended with 

another material can show a bi-continuous phase distribution.124,167,168 As opposed to spheres in a 
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matrix, bi-continuous morphologies exhibit intricately intertwined domains, seen in the third row 

of Figure S3.3. The PC61BM-rich phase is the blue phase in the GMM results, shown in the second 

column, and it separates the highly anisotropic and asymmetric P3HT-rich domains, shown in red. 

This morphology is interpreted well by GMM, but PWS over-segments the domains into smaller, 

more spherical domains that do not resemble the morphology in the input data, exemplified by the 

height channel in the first column. The connected components methodology is most effective in 

clustering this morphology’s domains because it combines tangential domains of each component 

into non-spherical domains, which are well isolated by the matrix. Even in the extreme, connected 

anisotropy of P3HT nanowire networks, shown in the fourth row of Figure S3.3, the connected 

components segmenter distinguishes nanowires from substrate best. Therefore, when 

morphologies are anisotropic and asymmetric, the connected components segmenter outperforms 

the persistent watershed method. 
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Chapter 4. USING QUANTITATIVE MORPHOLOGY TO EXPLAIN 

AND PREDICT DEVICE PERFORMANCE 

4.1 INTRODUCTION 

The performance of thin film electronic devices is strongly dependent on the morphology of the 

active layer. In order to gain an understanding of CP morphology and its development it is crucial 

to develop methods for extracting quantitative morphological information on the nanometer- and 

micrometer-scale, as it is often features at these length scales that determine bulk performance for 

CP-based devices.169–172 The current standards for quantitative measurements of morphological 

parameters, such as crystal structure and crystallinity, are XRD and DSC, which are bulk-averaged 

measurements. This means that they are insensitive to minute changes in local- and device-scale 

morphology. In order to progress towards truly predictive models of device performance, 

quantitative, reproducible and spatially resolved descriptions of local morphology are critical. 

The work presented in this chapter builds on the m2py labeler.173 In order to examine how 

informative the m2py labels are, and how predictive they are of device performance, two different 

datasets are labeled and used to train supervised regressors. Specifically, m2py phase and domain 

labels are given to the active layers of OPV and OFET devices, which have received different 

thermal annealing treatments, and the labeled data is used to predict final device performance. The 

OPV dataset will be the focus of this report, but future publications will include analysis of the 

OFET dataset as well. These devices are created from common and well-studied organic 

semiconductors, P3HT:PC61BM and P3HT respectively, and are subjected to thermal annealing 

conditions that are commonly used in investigating the optimization of CP thin film electronics. 

This work investigates various methods of incorporating morphological information into models 
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that predict performance and how these labels affect the accuracy of both traditional regressors 

(decision trees, support vector machines, and ridge regression) and artificial neural networks. The 

error and accuracies of these different models and datasets are compared; these trends are used to 

determine the extent to which morphological information improves predictions of device 

performance. 

 

4.2 METHODS AND MATERIALS 

Unless indicated otherwise, all materials were purchased and used as-received from Sigma-

Aldrich. P3HT was purchased from Rieke Metals or synthesized using previously reported 

methods;75 PTB7 was purchased from Cal-OS; and PC71BM was purchased from Solenne BV. 

Si/SiO2 and glass/ITO substrates were purchased from WRS. 

4.2.1 Regression and Code Development 

All modules were written in Python. NumPy146 was used for the preparation and manipulation 

of data. PyTorch was used to create and train all networks.174 Matplotlib148 was used to create all 

plotting capabilities. scikit-learn149 was used for regression and optimization. 

4.2.2 Substrate Preparation 

All substrates were cleaned by scrubbing with soap and DI water, followed by sonication in 

deionized water, acetone, and isopropyl alcohol for 15 min each. Following sonication, the 

substrates were dried under a stream of air and subsequently plasma cleaned for 15 minutes using 

O2 plasma. 

For P3HT OFET, passivated substrates were used. To passivate the substrates, the substrates 

were taken directly from the plasma cleaner and placed under vacuum within a crystallization dish 
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to allow the vapors from an open vial containing 400 µL of octadecyltrichlorosilane (OTS) to 

interact with the surface. The system remained under dynamic vacuum for 1 hour and was then 

switched to static vacuum. The system was heated at 125 °C for at least 3 h to ensure evaporation 

of the OTS. After this, the heat was turned off and the system was allowed to rest under static 

vacuum over-night to allow the OTS vapor to self-assemble on the surface. Physisorbed and self-

polymerized OTS was removed by rinsing with isopropyl alcohol, leaving behind only the self-

assembled monolayer of OTS, onto which the P3HT and nanowire films were directly spin-coated. 

4.2.3 Thin Film Deposition 

P3HT:PC61BM blends (1:0.95, total concentration 30 mg mL−1) were stirred in chlorobenzene 

overnight at 70 °C prior to spin-coating. P3HT thin films were dissolved into chloroform at a 

concentration of 5 mg mL−1 and stirred at 50 °C overnight prior to spin-coating. Spin-coating was 

performed using the following spin-speed and durations: P3HT:PC61BM (1000 rpm, 60 sec) and 

P3HT (2500 rpm, 60 sec). Solution preparation and spin-coating were all carried out in a nitrogen 

glovebox. 

4.2.4 OPV Devices and Testing 

Freshly cast active layers were sealed under nitrogen and transferred to a different glovebox for 

thermal evaporation of the contact electrodes. Using an Ångstrom Engineering NextDep PVD 

system, 10 nm of MoO3 were deposited, followed by 100 nm of Ag. Both films were deposited at 

0.5 Å/s under no more than 10-6 torr of pressure. Through a photomask, 8 different back contacts 

and a single front contact was deposited. After contact deposition, the devices were annealed for 

the various temperature ranges prescribed by Table 4.2, still in the glovebox. Finally, using a 

VeraSol Solar Simulator, J-V profiles were extracted while the devices were under AM 1.5 
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illumination. A range of biases from -0.2 to 1.0 V was used. After testing, the samples were 

transferred to a glovebox for storage before the active layers were imaged with AFM. J-V curve 

analysis was performed to extract power conversion efficiency (PCE), open-circuit voltage (Voc), 

short-circuit current (Jsc), and fill factor (FF). The Python code associated with this GUI is 

available open-source and free of charge from www.github.com/wesleyktatum/OPV_analysis 

4.2.5 OFET Devices and Testing 

Freshly cast active layers were sealed under nitrogen and transferred to a different glovebox for 

thermal evaporation of the contact electrodes. Using an Ångstrom Engineering NextDep PVD 

system, 100 nm of Au as deposited at 0.5 Å/s, under no more than 10-6 torr of pressure. Through 

a photomask, 20 different devices were evaporated, each with a channel width of 1000 µm and a 

channel length of 50 µm. After contact deposition, in a corner of the substrate, a small area was 

thoroughly scored to expose the heavily p-doped Si substrate. On this exposed conductor, a small 

piece of indium was pressed on, to serve as a gate-electrode contact for all the devices. Then, the 

substrates were annealed for the various temperature ranges prescribed by Table 4.3, still in the 

glovebox. Finally, using a Signatone Probe Station, linear regime transfer curves were extracted 

with a gate voltage range of 5 to -95 V, with a drain bias of -20 V. After testing, the samples were 

transferred to a glovebox for storage before the active layers were imaged with AFM. Transfer 

curve analysis was performed to extract the linear regime charge-carrier mobility (µ), ideality 

coefficient (r), on-off ratio, and threshold voltage (Vth). The Python code associated with this GUI 

is available open-source and free of charge from www.github.com/wesleyktatum/OFET_analysis 
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4.2.6 Force-Distance Mapping (FDM) 

AFM micrographs were obtained on a Bruker ICON AFM in Peak- force Quantitative 

Nanomechanical Mapping mode. ScanAsyst-Air tips were used for these measurements (SiN/Al, 

∼70kHz, and 0.4 N m−1). 

 

4.3 RESULTS AND DISCUSSION 

4.3.1 Data and Sampling 

OPVs made from P3HT:PC60BM were fabricated and thermally annealed across various 

temperatures and durations, as shown in tables 4.1 and 4.2. Once fabricated, the devices were 

tested under N2 atmosphere to determine four different metrics of their performance. For OPVs, 

these were power conversion efficiency (PCE), open-circuit voltage (Voc), short-circuit current 

(Jsc), and fill factor (FF). After testing, the active layers were imaged using force-distance mapping 

(FDM) AFM. To sample the active layers’ morphology, three representative 1 µm2 scans were 

taken for each substrate, which held 8 devices. The architecture of the OPV devices preclude taking 

scans directly in the active layer area; however, scans were taken adjacent to devices that were 

included in the study. Only devices with PCE above 1% were included in the final dataset, except 

for the control samples that were not annealed, and which performed poorly. The resulting images 

where labeled with domain and phase labels using an m2py workflow that was optimized 

separately for the OPV and OFET datasets, following the guidelines outlined in the previous 

chapter. Scripted workflows are available for viewing online at 

www.github.com/wesleyktatum/m2py. These m2py workflows mapped and assigned each pixel 

with two sets of 2D labels that describe the pixels’ phase and domain. Representative plots of the 

OPV datasets are shown as supporting information in section 4.5, Figures S4.1-5 while a 
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comprehensive listing of plots is hosted online for free at www.github.com/wesleyktatum/py-

conjugated, which contains Jupyter notebooks for all data and modeling investigations, as well as 

plots and Python modules used throughout the Jupyter notebooks. 

Table 4.1. Thermal annealing conditions that devices in the P3HT:PC61BM OPV dataset 

were subjected to during device fabrication. Color indicates the relative amount of thermal 

energy that the active layer was exposed to, ranging from dark blue (low) to dark red (high). 

OPV 5 min 15 min 30 min 

100 ºC    

125 ºC    

150 ºC    

175 ºC    

 

Table 4.2. Thermal annealing conditions that devices in the P3HT OFET dataset were 

subjected to during device fabrication. Color indicates the relative amount of thermal 

energy that the active layer was exposed to, ranging from dark blue (low) to dark red (high). 

OFET 5 min 10 min 15 min 30 min 

75 ºC     

100 ºC     

125 ºC     

150 ºC     
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Using the m2py labels and scikit-image domain measuring functions,149,150 the domain size and 

shape was determined and recorded for every domain in each image. To include this morphological 

information as a training feature in the standard regression models, these domain measurement 

values were averaged across all the domains, per phase, in each image and stored in a tabular 

format, along with their standard deviation. By simplifying the m2py labels into summary 

descriptions, the morphology data is able to be directly incorporated into predictive models that 

may not be adaptable to image-like data. Further, when this data is used to train standard 

regressors, such as ridge-regression, the importance of different morphological features in the final 

prediction can be probed to more fully understand how morphology influences prediction of device 

performance. These regressors will serve as a baseline for performance to the neural networks 

proposed in this work. 

Due to the ease of device testing versus FDM imaging, there are more measured devices in each 

dataset than there are FDM images of the active layers. In order to ensure consistent comparisons 

between models– including image-like morphology data and those relying solely on tabular data– 

a common validation set of 10 devices was selected and withheld from training. The training 

datasets used for these models are small, meaning that each dataset is below 500 training samples. 

In fact, the device-only data only has 366 OPV samples. The SPM derived datasets only contain 

36 OPV images that show a 1 ×	1 µm FDM scan of the active layer in 256 × 256 pixels. Although 

the sample sizes for these two datasets are too small to expect high degrees of accuracy, they are 

enough to provide comparative insight on the effect of quantitative morphology data. This 

underscores the low data requirements for these workflows, which again points to the critical 

importance of quantitative morphology descriptions for successfully predicting device 

performance. Finally, all data is subjected to MinMax normalization before regression to account 
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for differences in orders of magnitude between the different device metrics and the scale-variance 

of some of the regressors (e.g. support vector machines). For instance, with OFET, on/off ratios 

range from 10 – 106, while r is a ratio value between 0 and 1.175,176 If these values were left 

unnormalized, then the models will tend to fit only to the device metrics that are larger, rather than 

attuning equally to them all as we would want. 

 

4.3.2 Regression on Tabular Data Only 

In order to establish a baseline utility for quantitative morphology information, we wanted to 

summarize our full quantitative morphology to tractable features. To do this, we took the average 

and standard deviation of several morphology descriptors for each image’s labeled, which were 

measured using skimage.measure.regionprops_table().150 In the OPV, three phases were labeled 

by m2py, a polymer-rich, fullerene-rich, and mixed phase. For each of these phases in an image, 

the average and standard deviation was calculated for: filled area, extent, major axis length, minor 

axis length, eccentricity, orientation, and perimeter.150 In addition to these summarized domain 

measurements, each phase’s relative area in the image(relative phase area), and its total area in 

pixels (total phase area) were included as training features. So, for an image with three different 

phases identified (as with OPV), there are 74 training features that summarize the image’s 

morphology and can be used to predict 4 different device performance metrics. 

In order to fully incorporate the m2py labeled morphology data into predictive models, Neural 

Networks (NN) are used because of the flexibility with which they can encode different types of 

information. However, they are inherently black-box and closed to interpretation. So, to begin to 

look at how incorporating quantitative morphological information influences the prediction of 

different device performance metrics, we use a set of standard regression models of summaries of 
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the labeled morphologies. In the neural networks constructed for this work, the training features 

are encoded using a common input layer, after which the network divides into 4 separate branches– 

one to predict each metric. This network structure is intended to accentuate the interconnected 

nature of the effect that morphology has on device metrics, while also allowing the individual 

branches to be specialized for each device metric. However, with the more interpretable models, 

separate regression models predict PCE, Voc, Jsc, and FF. In order to separate model variations 

from underlying connections in the data, we implemented Least Absolute Shrinkage Selection 

Operator (LASSO) regression, Random Forest (RF) regression, and Support Vector Machine 

(SVM) regression. In order to identify optimal hyperparameters for each standard regressor, scikit-

learn’s GridSearchCV() was used to fit combinations of hyperparameters specified in a parameter 

dictionary. For NN optimization, custom training and optimization protocol were built. The best 

combination of parameters was set and used to predict the final device performance. The best 

hyperparameters for each regressor are listed in Table S4.1 and a complete reporting of these 

hyperparameters and model optimization is available online at the associated directories in the 

Github repository www.github.com/wesleyktatum/py-conjugated. 

To control for model performance variations and provide a baseline regression performance to 

compare against, each regressor was separately fit to two different sets of tabular training features: 

one including only the thermal annealing parameters (time and temperature) and the other 

including the described tabular morphological features summary. By comparing the results of each 

regressor trained on the different datasets, we can glean the impact that even these relatively 

condensed summaries of quantitative morphology data have on prediction accuracy. The 

preliminary results of these models are shown below in Figures 4.1 – 4.4. Full results will be 

included in future publications. 
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Figure 4.1. MSE for each model predicting 4 OPV device metrics (PCE, Voc, Jsc, and FF). 

Each model was trained on either the AOD or on the CTD. 

 

Figure 4.2. NN prediction of Jsc had the worst R2 value when it only saw time and 

temperature data, but improved to the best R2 after including tabular data summarizing the 

morphology of the device active layers. 
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In Figure 4.1, the mean-squared-error (MSE) loss is shown for each of the regressors as a means 

to track the difference between model predictions and ground truth values. In general, the loss for 

the annealing-conditions only dataset (AOD) was similar to or lower than that complete tabular 

dataset (CTD). This is remarkable because the sample size, N, for CTD is only 36, while N = 366 

for the AOD. In light of this fact, it is clear that the addition of quantitative morphological 

information is highly beneficial to predicting final device performance. This improvement is 

largest for the NN prediction of Jsc, which went from the worst to the best performing model, as 

shown in Figure 4.3. RF and SVM models had the lowest losses overall, but RF did not show as 

significant of improvements upon introduction of the morphological information. Similarly, 

LASSO did not see better accuracy and predictions with the introduction of morphological 

information. It is interesting to note that the models that saw the most improvement from tabular 

morphological information, SVM and NN, are models that are most often used to evaluate 

information in images. These same identified patterns persist for the data presented in Figure 4.3, 

where the optimized mean-absolute-percent-error (MAPE) is shown. This is to be expected 

because MAPE similarly tracks the magnitude of the difference between model predictions and 

the ground truth. 

In both of these model performance metrics, the variable that consistently appears to perform the 

best is Voc. When we investigate the R2 value for predictions made by these regressors, this 

assessment is shown to be incorrect, and that it’s actually consistently the worst performing 

prediction. In their fits on AOD, the LASSO and RF models predict the only a single value of Voc 

across all samples. This failing of performance was quite surprising. It was initially considered 

that the limited range of input Voc values from the raw data might be hindering the ability of the 

models to learn; however, MinMax normalization should mitigate such discrepancies. Although  
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Figure 4.3. MAPE for each model predicting the 4 OPV device metrics, PCE, Voc, Jsc, and 

FF. Each model was trained on either the AOD or on the CTD. 

 

Figure 4.4. R2 for each model predicting the 4 OPV device metrics, PCE, Voc, Jsc, and FF. 

Each model was trained on either the AOD or on the CTD. 
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OPV parameters. This is attributed to the fact that these parameters have been shown to be most 

affected by morphology and crystallinity. The value of the other parameters relies more heavily 

on other aspects of the device. For instance, Voc is more a product of molecular energy-level offsets 

in the HOMO and LUMO of the donor and acceptor materials. In light of these observations, it 

can be definitively stated that m2py labels and descriptors are extracting salient morphological 

information. Even when summaries of this morphology descriptors are shown to the models, their 

accuracy improves.  

 

4.3.3 Regression on Multidimensional Morphological Data 

Section 4.3.2 shows how including summarized morphology data into regressors can improve 

their predictive capabilities, even when sample-size is drastically decreased. However, the 

summarized data consolidates what could be thousands of domains into 2 numbers: the average 

and standard deviation. This represents a reduction in the information that is being conveyed to 

the model for training as compared to what is available. In order to fully incorporate morphological 

information into the predictions of device performance, it is necessary to include image-like data. 

This can include the m2py labels, the original SPM image, or both. When the models are able to 

see the domains images, it is expected that the increased density and specificity of information will 

improve their predictions. To that end, 2-dimensional convolutional neural networks were used to 

encode image information into the NN models so that predictions on device performance can be 

made. To inspect the extent to which improvements are seen when including image-like data, label 

data, and tabular data, model training was done on different combinations of the available datasets  
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Figure 4.5. a. Network architecture for NN1 and NN2. Only tabular data is taken in and 

used to make device predictions. b. Network architecture for NN3 and NN4. Only image-

like data is taken in, encoded, and used to make predictions. These models take in either 

m2py labels or SPM data and compress the 2-dimensional channels into 1-dimensional 

tensors before branching. c. Network architecture for NN5, NN6, and NN7 is shown. These 

models take in both tabular and image-like data. The encoded representations of these data 

are aggregated before the network branches to make its device predictions. 
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and compared, as described in Table 4.3. In general, it is expected that the models will improve as 

more image-like data is shown to the model. So, the model that is trained on all of the raw images, 

the m2py labels, and tabular data will perform the best. Given that m2py labels are distillations of 

SPM morphological information, including them in training is expected to improve model 

performance to a similar degree as including the raw images would. Generalized schemes that 

illustrate the 3 different network architectures explored in this work are shown in Figure 4.5. The 

NN architecture that is outlined in Figure 4.5a (NN1-2) is a shallow NN that is configured to only 

take in tabular data to make specialized predictions for the device parameters. Figure 4.5b (NN3-

4) illustrates the compression and encoding of image-like data before it is flattened to fully 

connected linear layers that branch to make predictions on each of the device performance metrics. 

Finally, Figure 4.5c is an ensemble architecture that takes in both tabular and image-like data. 

Models using this architecture (NN5 – 7) will have the branches trained either simultaneously or 

asynchronously. In the simultaneous branch training, similar training protocol to that used for NN1 

– 4 is used, where each training sample contains all data needed for the whole network. This is a 

straightforward method but requires every training sample to have both image and tabular 

components for the two branches. Strategies for asynchronous model training rely on the fact that 

the whole network is actually an ensemble of the two previously outlined models. The individual 

branches can be trained to encode their information and predictions. These model states are then 

saved and loaded into the ensemble network, which wraps around the two smaller classes and 

aggregates their encodings before making predictions. This means that the branches can be trained 

with different datasets, learning rates, epochs and other differences in hyperparameters. This will 

become useful in work that is outlined in Section 5.1.3-4 
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Table 4.3. Model name, training set, and progress for the NN predictors outlined in this 

work. 

Architecture Model Dataset Built OPV 
Trained 

OPV 
Evaluated 

Figure 4.6.a 
NN1 

Annealing-
Conditions 

Only 
X X X 

NN2 All Tabular 
Data X X X 

Figure 4.6.b 
NN3 m2py Labels 

Only X X  

NN4 Image Data 
Only X   

Figure 4.6.c 

NN5 
m2py Labels  
& Tabular 

Data 
   

NN6 Image Data & 
Tabular Data    

NN7 All Data    

 

In order to incorporate m2py labels or SPM images into NN models, the highly dimensional data 

needs to be encoded into 1D vectors for a final prediction to be made from them. Although there 

are various methods for encoding image information, only one is explored in the current chapter. 

Other encoding methods are described in section 5.1.4 for future work. In the current method, the 

image data is passed through a series of 3, 2-dimesional convolution and pooling layers that receive 

ReLU activation. The compressed image is vectorized and then passed into a linear layer, which 

then branches into the same 4 branches as the tabular network to predict device performance. 

Representative plots of MSE, MAPE, and R2 extracted during learning rate optimization NN3 to 

predict annealing conditions are shown in Figure S4.10. As evidenced by the sinusoidal loss graph 

after epoch ~5 shows that the model is over-fitting to the data. This can be partially alleviated by 

altering the batch size and learning rate, but even with these modifications the dataset is small and 
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therefore prone to over-fitting. With a batch size of 26 (the full training set), 5 epochs where 

enough to reach the first minima in training, where percent error for Jsc and FF was as low as 15%, 

and the MAPE for PCE and Voc are improved from the models reported in Figures 4.1-3. These 

are promising preliminary results, again despite the lack of extensive training data. Future work 

includes optimizing NN3. This includes optimization and improvements from advanced sampling 

and sub-sampling methods, as well as alternative methods for encoding image-like data, which are 

discussed in section 5.1. 

 

4.4 CONCLUSIONS 

This work shows that the quantitative morphological information that was extracted using m2py 

is highly correlated with device performance. Particularly for device parameters that are dependent 

upon crystallinity and long-range order, such as Jsc and FF, quantitative morphology descriptions 

can drastically improve the accuracy of predictions of final device performance for OPV devices. 

Distilling the features of SPM measurements into quantitative morphology labels by using the 

m2py library developed in chapter 3 enables us to fully integrate morphological data into 

supervised learning and regression workflows. The ability to extract and encode this information 

is already shown to drastically improve predictions of device performance as compared to just time 

and temperature annealing data, and will allow new insights into the morphology of OPV devices. 

We have shown that morphological data is informative enough to significantly reduce the needed 

size of training data to make accurate final predictions. Due to the efficacy and open-source nature 

of all the software used herein, the workflow outlined in these last chapters can be used by 

researchers to identify desirable morphological features and design streamlined optimization 
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protocol to emphasize those features. Finally, the tools and processes created and explored in 

chapters 3 and 4 have been shown to be able to be applied to materials and techniques far beyond 

the datasets shown here. 

 

4.5 SUPPORTING INFORMATION 

4.5.1 OPV Dataset Feature Surfaces 

 

 

Figure S4.1. Device performance metrics for samples in the OPV dataset that includes 

morphological information (CTD). 3D surface represents the average value for a given 

(Time, Temperature) point on the graph. Individual devices are shown as black dots to 

show variation between samples. 
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Figure S4.2. Device performance metrics for samples in the OPV dataset that only includes 

annealing conditions (AOD). 3D surface represents the average value for a given (Time, 

Temperature) point on the graph. Individual devices are shown as black circles to show 

variation between samples. 



 119 

 

Figure S4.3. Representative morphology descriptors in the OPV dataset that includes 

morphological information. The active layers were all labeled with 3 phases (fullerene-

rich, polymer-rich, and mixed phase, respectively). The 3D surface represents the average 

area value (in pixels) for a given (Time, Temperature) point on the graph. Individual 

devices are shown as black circles to show variation between samples. 
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Figure S4.4. Representative morphology descriptors in the OPV dataset that includes 

morphological information. The active layers were all labeled with 3 phases (fullerene-

rich, polymer-rich, and mixed phase, respectively). 3D surface represents the average 

eccentricity value (unitless) for a given (Time, Temperature) point on the graph. Individual 

devices are shown as black circles to show variation between samples. 
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Figure S4.5. Representative morphology descriptors in the OPV dataset that includes 

morphological information. The active layers were all labeled with 3 phases (fullerene-

rich, polymer-rich, and mixed phase, respectively). 3D surface represents the average 

perimeter length value (in pixels) for a given (Time, Temperature) point on the graph. 

Individual devices are shown as black circles to show variation between samples. 

 

4.5.2 Regressor Performance  

The parity plots for each device parameter predicted by each optimized model is shown below 

for comparison. The top set of four show device performance prediction results from the CTD, 

while the bottom 4 were produced by regressors trained on the AOD. 
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Figure S4.6. R2 results for LASSO predictions after training on CTD (top 4) and AOD 

(bottom 4). 
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Figure S4.7. R2 results for RF predictions after training on CTD (top 4) and AOD (bottom 

4). 
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Figure S4.8. R2 results for SVM predictions after training on CTD (top 4) and AOD 

(bottom 4). 
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Figure S4.9. R2 results for NN predictions after training on CTD (top 4, NN2) and AOD 

(bottom 4, NN1). 
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4.5.3 Hyperparameters 

The scikit-learn regressors were optimized using the scikit-learn hyperparameter optimizer, 

GridSearchCV(), which investigates all permutations of parameters supplied by the user.149 The 

parameter dictionary for each regressor is not reported in this dissertation, however they are 

available for free online at github.com/wesleyktatum/py-conjugated, which contains all code and 

notebooks used in this chapter. Regressor fitting and optimization notebooks are saved under the 

directory ‘pyconjugated/ipynb/Regression/’, where each regressor has its own Jupyter notebook. 

A table summarizing the hyperparameters of the best performing models is shown below: 

Table S4.1. A table summarizing the optimized hyperparameter values for the presented 
regressors. 
 

Model Data Hyperparameter Best Value 
(PCE) 

Best Value 
(Voc) 

Best Value 
(Jsc) 

Best Value 
(FF) 

LASSO 

Annealing 
Conditions 

Only 

alpha 0.87474963 0.87474963 3.428231494 1.00E-06 
positive FALSE FALSE FALSE FALSE 

tol 1.00E-05 1.00E-05 1.00E-05 1.00E-05 
max_iter 1000 1000 1000 1000 
selection random random random random 

random_state 28 28 28 28 

All 
Tabular 

alpha 0.04047757 0.00433785 0.1 0.1 
positive FALSE FALSE FALSE FALSE 

tol 1.00E-04 1.00E-05 1.00E-04 1.00E-04 
max_iter 1000 1000 1000 1000 
selection random random random random 

random_state 28 28 28 28 

RF 
Annealing 
Conditions 

Only 

ccp_alpha 0 0 0 0 
criterion mse mae mae mae 

max_depth 27 1 2 5 
max_features None None None None 

 max_leaf_nodes 10 2 4 6 
min_impurity_decrease 0 0 0 0 

min_impurity_split None None None None 
 min_samples_leaf 1 1 1 1 
min_samples_split 3 2 2 2 
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min_weight_fraction_leaf 0 0 0 0 
random_state None None None None 

splitter best best best best 

All 
Tabular 

ccp_alpha 0 0 0 0 
criterion mae mse mae mse 

max_depth 29 3 30 28 
max_features None None None None 

 max_leaf_nodes 10 17 5 30 
min_impurity_decrease 0 0 0 0 

min_impurity_split None None None None 
 min_samples_leaf 1 1 1 1 
min_samples_split 2 3 3 3 

min_weight_fraction_leaf 0 0 0 0 
random_state None None None None 

splitter best best best best 

SVM 

Annealing 
Conditions 

Only 

C 1 0.1 1 0.1 
cache_size 500 500 500 500 

coef0 0.01 0.01 0.146551724 0.590344828 
 degree 3 3 3 7 
epsilon 0.1 0.1 0.1 0.1 
gamma scale scale scale scale 
 kernel poly poly poly poly 

 max_iter -1 -1 -1 -1 
shrinking TRUE TRUE TRUE TRUE 

 tol 0.001 0.001 0.001 0.001 

All 
Tabular 

C 1000 0.1 100 1000 
cache_size 500 500 500 500 

coef0 0.69896551
7 0.1 0.354482759 0.354482759 

 degree 8 12 6 8 
epsilon 0.1 0.1 0.1 0.1 
gamma scale scale scale scale 
 kernel poly poly poly poly 

 max_iter -1 -1 -1 -1 
shrinking TRUE TRUE TRUE TRUE 

 tol 0.001 0.001 0.001 0.001 

NN 
Annealing 
Conditions 

Only 

epochs 11 11 11 11 
learning_rate 0.000095 0.000095 0.000095 0.000095 

optimizer Adam Adam Adam Adam 
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loss_model Thresholde
dMSE 

Thresholde
dMSE 

Thresholded
MSE 

Thresholded
MSE 

batch_size 292 293 294 295 
initialization Xavier Xavier Xavier Xavier 

All 
Tabular 

epochs 40 40 40 40 
learning_rate 0.005 0.005 0.005 0.005 

optimizer Adam Adam Adam Adam 

loss_model Thresholde
dMSE 

Thresholde
dMSE 

Thresholded
MSE 

Thresholded
MSE 

batch_size 26 26 26 26 
initialization Xavier Xavier Xavier Xavier 

m2py 
Labels 

epochs         
learning_rate         

optimizer Adam Adam Adam Adam 
loss_model         
batch_size 26 26 26 26 

initialization Xavier Xavier Xavier Xavier 
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Figure S4.10. Representative results of learning rate optimization of NN3. For each 

learning rate, the MSE, MAPE, and R2 are plotted for 30 epochs of training. For each graph, 

the blue dot corresponds to the epoch with the best value for that metric (e.g. lowest loss). 
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Chapter 5. FUTURE WORK AND CONSIDERATIONS 

5.1 IMPROVEMENTS TO MODELS PREDICTING OFET AND OPV PERFORMANCE 

5.1.1 Finishing the Comparison 

Table 4.3 outlined seven different neural networks, each optimized to a certain combination of 

OPV data. Future work will finish building and training these models., as well as applying them 

to the OFET dataset. There are 3 general types of NN explored by Table 4.3: 1) tabular only data 

(NN1 & NN2), 2) image only data (NN3, NN4), and 3) mixed data (NN5, NN6, NN7). The 

structures for type 1 and 2 networks have already been created and have structures shown in Figure 

4.5a and b. In order to train and test type 3 networks, an ensemble network will be built that loads 

the pre-trained model states for the two different branches and predicts device parameters based 

on their output. This is shown graphically in Figure 4.5c. 

 

 

5.1.2 Data and Sampling 

As mentioned in the previous chapter, the datasets used in predicting thin film device 

performance are far smaller than is typically expected of machine learning techniques. One method 

that could be used to mitigate this is to sub-sample the FDM images and m2py label maps. By 

dividing the 256 × 256 pixel images into 4 sub-images, the dataset can be artificially increased. 

Similarly, sampling from the image using a rastering window can turn a single image into hundreds 

of morphology snapshots for training. Future work will use a 64 × 64 pixel window with a stride 

length of 1 to increase the 26-image dataset into one containing thousands of images. Sub-sampling 
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can also allow more images to be included in the training set, since only a small portion of the test-

set images need to be reserved for validation. 

 
 

5.1.3 Model Optimization 

The sckikit-learn models were all optimized using scikit-learn optimization routines.149 In 

addition to narrowing in on the explored hyperparameter-space, using adaptive optimization 

methods like Bayesian optimization could contribute the finding the optimal performance of these 

models. Utilizing frameworks like scorch (https://skorch.readthedocs.io/en/stable/) or ray.tune 

(https://docs.ray.io/en/latest/tune.html) could allow for similarly automated and improved 

hyperparameter optimization for the NN predictors, as opposed to the custom optimization 

routines. 

 

5.1.4 Image Encoding 

 
Chapter 4 outlines network architectures for encoding tabular and image data to make predictions 

about device performance. As mentioned, there are various methods specifically for extracting 

informative features from image-like data. One method was explored in section 4.3, which was 

convolution and compression to predict annealing conditions. The encodings produced by the layer 

before the predicting layer are used to describe the images in subsequent device prediction layers. 

However, there are more methods for extracting salient features from images, 2 of which will be 

examined. In the first method, the image data is used to train an autoencoder. Autoencoders are a 

type of neural network that compresses highly dimensional data into a lower-dimensional space. 

The compressed image-encoding is then expanded back out (“decoded”) to the initial image. This 
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compression-expansion process has two benefits. The first is its efficacy in identifying descriptive 

features of the image. The second is that the encoding-decoding process does not require labeled 

features to predict since the goal is to re-create the initial image. For consistency with the image 

encoding method reported in Section 4.3.3, this autoencoder’s compression will be to a 100-

element tensor. After training the whole autoencoder, the first half of the model, the component 

that encodes, can then be used to encode new images into highly informative vectors. Similar to 

method 1, these informative morphology vectors are then used in the prediction of final device 

performance. The second type of image encoder to be explored is a variant of autoencoders called 

“self-learning”. In this method, the goal is still to decode the compressed information to a clean 

version of the original data. However, in this method the input image is distorted in some way, 

prior to inputting the data into the model. This distortion can be blurring, transforming, rotating, 

or other ways of adding noise to the original image. By forcing the model to produce the original 

data by removing the applied distortions, it can more effectively identify descriptive features of 

the original image when it moves on to new data. As with the other image encoders, the first half 

that compresses the image will be used to extract predictive information in the image before using 

the encoded image to make predictions on final performance. It is expected that this final method 

will produce the most informative image encoding and will contribute to the most accurate 

predictions of device performance. Finally, the added advantage of using autoencoding of images 

is that morphology images with no final device performance can still be used train the image 

encoder. This will build off of the data sampling methods outlined in section 5.1.2. 

 



 133 

5.2 RECTIFYING KINETIC MONTE CARLO SIMULATIONS TO EXPERIMENTAL 

RESULTS 

Simulation methods such as Density Functional Theory (DFT) and Molecular Dynamics (MD) 

have proved to be a valuable tool in the development of a molecular-scale understanding of CP.177–

184 By utilizing the governing equations of atomic interactions, researchers have reproduced 

experimental results to a high degree. Kinetic Monte Carlo (KMC) has been applied to 

CP:fullerene systems to investigate charge generation and transport as a result of the molecular 

distribution, or morphology. To do so, 10 tessellated 10 nm3 cubes are generated, allowing J-V 

characteristics of the simulated active layer to be calculated.177 In order to continue to improve 

these methods, it is important to continue to experimentally validate them as precisely as possible. 

However, experimental validation at this small of a size-scale is difficult at best with current 

instrumentation. Although lab-scale devices are smaller than commercial products, they are still 

on the order of 0.01 mm3, far larger than the simulated devices. In order to precisely validate the 

veracity of the simulated morphologies, novel solutions are required. 

The techniques outlined in section 3.3 and 3.4 enable just such an analysis and validation. We 

are currently working to fabricate consistent OPV cells from P3HT:PCB60M blends. Once 

consistency is achieved, OPV devices that are annealed for different times at different 

temperatures, similar to section 4.1, will be fabricated. This is expected to produce a variety of 

morphologies as the phases begin to separate and aggregate as a result of the thermal annealing. 

This array of devices will also allow the thorough investigation of domain size and distribution on 

the performance of P3HT:fullerene OPV devices. Once made, these OPV devices will be classified 

by their morphologies using the developed method and maps of domains and phases will be 

generated. Crucially, these morphology maps are spatially resolved on the order of 10 nm, 
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corresponding to the diameter of the probe tip, which is on the same order as KMC simulations 

generated by collaborators at Boise State University. This will allow for a quantitative comparison 

of experimental and simulated OPV morphologies and J-V characteristics that can be used to 

further improve KMC methods. 

5.3 HIGH PERFORMANCE Π-CONJUGATED POLYMER MORPHOLOGIES AND 

PERFORMANCE 

Developing a detailed understanding of CP thin film morphology is of the upmost importance to 

continue the improvements the field has seen throughout the past years. As discussed above, CP 

can fall into one of three different morphological category types – semicrystalline, disordered 

aggregates, and completely amorphous, with some of the highest performing polymers, such as 

PIDTBTD, falling into the disordered aggregate category. It is reasonable to assume that these 

different morphological categories will behave differently throughout different film deposition 

procedures react differently to other processing parameters. Although investigations using 

traditional methods, like DSC and GIWAXS have elucidated much of these differences, it has so 

far been difficult to understand these materials on the length-scale of their crystalline domains, 

which is ~10 nm. The work in chapters 3 and 4 outline methods capable of examining materials 

on this length scale and quantitatively mapping their morphology with just such spatial resolution. 

As such, experiments to optimize and understand these thin film morphologies should seek to use 

m2py to label and identify these differences. To that end, the morphologies of P3HT 

(semicrystalline morphology) and another CP of interest, PIDTBTD (disordered aggregate 

morphology), that result from isotropic deposition (e.g. spin coating) and anisotropic, sheer 

aligning deposition (e.g. blade coating) will be investigated. The morphological progression as a 
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result of post-processing thermal annealing will serve to underscore the differences in the two 

polymers. The optoelectronic and charge transport properties for each reaction condition will be 

investigated by UV-vis and OFET fabrication, respectively. 
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