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Section 1 - Basic Nanosheet and Network Characterisation  

 

LPE Graphene Nanosheets and Networks 

 

 
Figure S1: AFM Histograms for nanosheet length. Distributions of nanosheet length, lNS, measured using AFM 

for the size-selected LPE graphene inks. The distributions (A-F) are sorted by decreasing nanosheet length. Inset: 

Representative AFM images for each network. 

 



3 
 

 

Figure S2: AFM histograms for nanosheet thickness. Distributions of nanosheet thickness, tNS, measured using 

AFM for the size-selected LPE graphene inks. The distributions (A-F) are sorted by decreasing nanosheet 

thickness. 
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Figure S3: UV-Vis Spectra. Optical extinction spectra for the size-selected graphene inks normalised to the 

dimension independent plateau at 750 nm. 
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Figure S4: Surface SEM. Surface SEM images of each size-selected sprayed graphene nanosheet network (Inlens 

detector) to qualitatively show changes in morphology with varying nanosheet size. The images in (A-F) are 

sorted by decreasing nanosheet length, lNS. The scalebar on each image is 2 μm.  

 

 

 

 

 

 

 

 

 

 

 



6 
 

 

Figure S5: Cross-sectional SEM. Cross-sectional SEM images of each size-selected sprayed graphene nanosheet 

network (SE2 detector) to qualitatively show changes in morphology with nanosheet length. 
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LPE WS2 Nanosheets and Networks   

 

Figure S6:  WS2 Nanosheet and Network Characterisation. Distributions of nanosheet (A-C) length, lNS, and (D-

F) thickness, tNS, measured using AFM for the size-selected LPE WS2 inks. The distributions (A-C) and (D-F) 

are sorted by decreasing lNS and tNS, respectively. Inset: Representative AFM images for each network. (G-I) 

Surface SEM images of each size-selected sprayed WS2 network (Inlens detector) to qualitatively show changes 

in morphology with varying nanosheet size. The images in (G-I) are sorted by decreasing nanosheet length, lNS. 

The scalebar on each image is 1 μm.  
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Silver Nanosheets (AgNS) and AgNS Networks 

 
 
Figure S7:  AgNS Nanosheet and Network Characterisation. Distributions of nanosheet (A-C) length, lNS, and 

(D-F) thickness, tNS, measured using AFM for the size-selected AgNS inks. The distributions (A-C) and (D-F) 

are sorted by decreasing lNS and tNS, respectively. Inset: Representative AFM images for each network. (G-I) 

Surface SEM images of each size-selected sprayed AgNS network (Inlens detector) to qualitatively show changes 

in morphology with varying nanosheet size. The images in (G-I) are sorted by decreasing nanosheet length, lNS. 

The scalebar on each image is 2 μm.  
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Silver Nanowires (AgNW) and AgNW Networks 

 

 
 

Figure S8: Nanowire and Network Characterisation for AgNWs. (A-C) Distributions of nanowire length, lNW, 

measured using SEM for the size-selected AgNW inks. The distributions (A-C) are sorted by decreasing nanowire 

length. (D-F) Surface SEM images of each size-selected sprayed AgNW network (Inlens detector) to qualitatively 

show changes in morphology with varying AgNW length. The images in (D-F) are sorted by decreasing nanowire 

length, lNW. The scalebar on each image is 4 μm.  
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LPE vs. EE Graphene Nanosheet and Network Comparison 

 

 
Figure S9: Nanosheet and Network Characterisation for EE and LPE graphene. Distributions of nanosheet 

thickness, tNS, measured using AFM for the (A) LPE and (B) EE graphene inks. (C) Optical extinction spectra for 

the LPE and EE graphene inks normalised to the dimension independent plateau at 750 nm. (D-E) Surface SEM 

images of the sprayed (D) LPE and (E) EE graphene networks (Inlens detector). (F) Plot of the measured in-plane 

electrical conductivity of the sprayed LPE and EE graphene networks.  
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Section 2- FIB-SEM Nanotomography 

The FIB-SEM nanotomography (FIB-SEM-NT) in this work was performed using a dual beam 

Carl ZEISS Auriga FIB-SEM at an accelerating voltage of 30 kV. Sequential network cross-

sections were automatically milled and imaged using the ZEISS ATLAS 5 software. The FIB-

SEM-NT process is shown for a printed LPE graphene network in Fig. S10.  A protective 

platinum pad (20 × 15 μm, ~ 1.5 μm thick) is first deposited over the region of interest to 

prevent sample damage (1 nA beam current) (Fig. S10A, yellow box). A set of auto-tune and 

3D tracking marks are then etched into the platinum pad using a 50 pA beam (yellow lines in 

Fig. S10A). These etched traces are then filled in using tungsten (50 pA beam) (Fig. S10B), 

which will offer contrast when imaged in the SEM. An additional layer of platinum is then 

deposited on the surface of the pad (1 nA beam) (Fig. S10C). This layer protects the tungsten 

lines within the pad and increases the contrast between the tungsten and platinum. A large 

viewing trench and 2 side trenches on either side of the platinum pad are then sputtered using 

a 10 nA beam (red regions in Fig. S10A). These are removed to allow the network cross-

sections to be imaged by the SEM and to prevent material redeposition. A fine trench (blue 

rectangle in Fig. S10A) is then sputtered using a 2 nA beam to reveal a network cross-section, 

as well as the tungsten tracking marks within the platinum pad (Fig. S11). 

 

 
 
Figure S10: FIB-SEM-NT setup. (A) SEM image of a printed LPE graphene network with a platinum pad 

deposited on top. The region of interest is shaded yellow, while the viewing and fine trenches are shaded red and 

blue respectively. The 3D tracking and autotune marks are given by the dashed yellow lines. (B) SEM image 

showing a platinum pad with the 3D tracking and autotune marks etched into it and filled with tungsten. (C) SEM 

showing the pad after the surface had been covered with platinum to protect the 3D tracking and autotune marks. 

 

The ATLAS 5 system stays focused and calibrated throughout the FIB-SEM-NT run by using 

the autotune reference marks. These are the three parallel lines shown in Figs. S10 & S11. After 

every 10th network cross-section has been milled and imaged, the system finds the autotune 

marks and automatically adjusts both the SEM focus and stigmation until they are in sharp 

focus. This ensures the network cross-sections remain in focus throughout the run, as the 

system drifts and the working distance increases. 
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The angled 3D tracking lines (Figs. S10 & S11) are used to measure the thickness of each slice 

removed from the network. The tungsten-filled lines are milled at a well-defined angle with 

respect to the system coordinates. As slices are removed from the network, the horizontal 

approach of the 3D tracking lines is measured to determine the slice thickness. The tracking 

marks also ensure that the slice thickness remains approximately constant throughout the 

process by correcting drifts in the FIB beam.  

 

 
Figure S11: FIB-SEM-NT 3D tracking. (A) FIB image of a printed LPE graphene network prepared for a FIB-

SEM-NT run. The 3D tracking and autotune marks are denoted by dashed lines. (B) SEM images of network 

cross-sections showing the horizontal approach of the 3D tracking lines as the milling depth through the sample 

is increased. 

During the FIB-SEM NT run, the cross-section face was milled with a 600 pA beam and the 

average thickness of a slice removed was ~ 15 nm. SEM images of the network cross-sections 

were captured using both Inlens and SE2 detectors (dwell time of 0.7 μs and a line average of 

6), with a pixel size of 5 nm. The SEM contrast and brightness was tailored for each detector 

to maximise the difference in contrast between the material and pores. 
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Section 3 - Image Segmentation 

Network cross-sections were segmented into their discrete phases using the trainable WEKA 

segmentation plugin in FIJI1,2. In all cases images captured with the SE2 detector were used, 

due to the increased contrast between nanosheets and pores when compared to the Inlens 

detector. Prior to applying the WEKA classifier, the pixel intensity in each network image was 

normalised. The image brightness and contrast was then adjusted globally across the entire 

stack using FIJI2 to ensure maximum contrast between the different phases. This led to 

improved image classification and reduced the depth of field, which ensured that only 

nanosheets/pores at the cross-section face were included in the segmentation process. 

 

The WEKA classifier was initially trained on a representative subset of 10 cross-sections from 

a given image stack. Regions of each image were first manually assigned as either “pore” or 

“nanosheet” to provide training data for the classifier (Fig 1D, main text). The algorithm then 

segments the image with user-determined classification features that include edge detectors, 

texture filters and noise reduction filters. To ensure sharp boundaries between the different 

phases several edge-detecting features were employed including Sobel filters, Hessian matrix 

eigenvalues and the differences of Gaussians. Textural features were used to calculate the 

mean, variance, and maxima of pixels within a given radius of a target pixel and set the pixel 

to that value, as were bilateral filters. Gaussian blur filters were applied to reduce imaging 

artefacts and local intensity variations in an image. The classification algorithm used was a 

multi-threaded random forest classifier with 200 uncorrelated decision trees and two random 

features per node3. The performance of the classification process was assessed through the out-

of-bag (OOB) error, which is a measure of how well decision trees in the model perform in 

classifying subsets of data that they were not directly trained on. For each network in this work 

the classification algorithm was trained until the OOB error was below 2%. 

 

The result of the segmentation process is a stack of probability maps, which are network cross-

sections where the greyscale pixel intensity has been replaced by the probability that each pixel 

belongs to a given class (i.e. nanosheet or pore). These were then binarised using the Isodata 

algorithm in FIJI4 to produce stacks of nanosheet-only and pore-only images for each network 

(Fig. 1D, main text). WEKA trainable segmentation can be applied to >2 phases in an identical 

manner, as shown for the printed heterostacks in Fig. 6B-C in the main text. 
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Section 4 – Image Stack Alignment and 3D Reconstruction 

The product of a FIB-SEM NT run is a stack of hundreds of network cross-sections where the 

thickness of each slice was measured during the process. However, due to drifts in both the 

SEM and FIB during a run, images in a stack may be vertically/horizontally shifted with respect 

to each other (Fig. S12A-B). Such misalignment would be detrimental to any attempt to convert 

the stack to a representative 3D volume, so we utilised the Slice Registration suite in Dragonfly 

(Version 2022.1.0.1231, Object Research Systems) to align the image stacks. The sum of 

squared differences (SSD) matching process was used to align adjacent slices and a linear drift 

compensator was employed to correct systematic drifts in the process. 

 

A representative SEM cross-section (SE2 detector) of a printed LPE graphene network in the 

slicing direction (xy-plane) is shown in Fig. S12A (top row), with a pixel size of 5 nm. An 

entirely reconstructed image of the network in the perpendicular direction (yz-plane) shows 

severe misalignment of the slices, due to instabilities during the FIB-SEM-NT process (Fig. 

S12A, middle row). This image stack was aligned in Dragonfly as described above to produce 

an entirely reconstructed image of the network in the yz-plane (Fig. S12A, bottom row). Despite 

the anisotropic pixel size (5 × 15 nm, due to the slice thickness) this image compares extremely 

well with the experimentally imaged network cross-section. Similarly, the network can be 

interrogated in the out-of-plane (xz-plane) direction, with the effect of correct slice alignment 

shown in Fig. S12B. All reconstructed 3D volumes shown in the main text (Fig. 1E, Fig. 2A, 

Fig. 3B, Fig 5A-C and Fig. 6A-C) were generated using the 3D viewer in Dragonfly.  

 

 
 
Figure S12: Image stack alignment. (A) SEM cross-section of a printed LPE graphene network in the slicing (xy-

plane) direction (top row). A reconstructed view of the network in the yz-plane is shown before (middle row) and 

after (bottom row) slice alignment has been performed. (B) Reconstructed view of the same network in the xz-

plane before and after slice alignment. 
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Section 5 – Network Porosity & Pore Connectivity 

The pore connectivity within the networks was quantified using the Find Connected Regions 

plugin in FIJI2. This plugin calculates the number of voxels within each discrete pore in a 

binarized 3D volume, and searches for connections between adjacent pores. The calculations 

were performed allowing connections between vertices and with the minimum number of 

voxels in a region set to 2. When pore connectivity was measured across entire network 

volumes, > 99% of the total pore volume was found to be part of contiguous macropore 

spanning the volume for each network considered in this work. However, by considering 

reduced network volumes (Fig. S13A) it was possible to assess the pore connectivity as a 

function of the network dimensions. The pore connectivity was quantified by the fraction of 

the global pore volume contained within the largest pore in that volume. 

 

The increase in pore connectivity as the network volume is increased from 1 slice (~15 nm) to 

~ 20 slices (~300 nm) is shown for 7 different portions of a printed LPE graphene network (lNS 

= 238 nm) in Fig. S13B. The average depth into the 3D volume required for 95% of the porosity 

to be contained within a single connected pore, which we define as the connectivity length 

scale in the main text, was 251 ± 9 nm (or a volume of 8.94 ± 0.3 μm3). 

 

 

 

 
Figure S13: Reduced volume connectivity analysis. (A) Pore connectivity in reduced network volumes of 

thickness z = 45, 120 and 255 nm for a printed LPE graphene network (lNS = 238 nm). As the thickness of the 

interrogated volume increases, the colour-coded discrete pores coalesce into a connected (red) macropore. 

Nanosheets are coloured black. (B) Increase in the connected pore fraction as the number of slices (network 

thickness) is increased for the lNS= 238 nm printed graphene network. Each line denotes a different region of the 

network measured. The dashed black line marks a connected pore fraction of 0.95. 
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Local porosity variations in the networks were characterised by reslicing the 3D images in the 

x,z (in-plane) and y (out-of-plane) directions and measuring the 2D porosity on a slice-by-slice 

basis in each direction. This is shown for the printed LPE graphene networks in Fig. S14. The 

porosity vs. slice data in the x,z directions exhibit local variations in porosity (Fig. S14A-B), 

with an average standard deviation of ~4% from the global mean. This suggests that individual 

FIB-SEM cross-sections may not be sufficient to accurately quantify the network porosity. 

Interestingly, each network exhibits larger porosities at the base of the network, with the 

porosity of the sample decreasing as slice number is increased in the z-direction away from the 

substrate. (Fig. S14C).  

 

 

 

Figure S14: Porosity vs. slice data in the x,z (in-plane) and y (out-of-plane) directions for the sprayed graphene 

networks. (A) Porosity as a function of slice number in the direction the network was milled (z-direction, in-

plane). (B) Porosity as a function of slice number perpendicular to the slicing direction (x-direction, in-plane). (C) 

Porosity as a function of slice number perpendicular to the slicing direction (y-direction, out-of-plane). 
 

 

 

The porosity vs. slice data shows similar trends in each direction for the 2D WS2 (Fig. S15A-

C) and AgNS (Fig. S15D-F) networks. Here, the slice-by-slice porosity in the in-plane (x,z) 

and out-of-plane y-directions exhibit considerable scatter about the global average. The 1D 

AgNW networks show comparable scatter about the overall average in the in-plane (x,z) 

directions (Fig. S15G-H). However, there is a strong trend in the slice-by-slice porosity in out-

of-plane (z) direction (Fig. S15I). The porosity appears to decrease approximately linearly with 

AgNW network thickness (increasing slice number, or distance from the substrate), which 

suggests the porosity of these AgNW networks are thickness dependent. Interestingly, the data 

in Fig. S15I suggests that as the AgNW length is reduced, the rate at which the network porosity 

decreases is increased. This suggests that the decrease in porosity in the z-direction is related 

to nanowires filling in open spaces in underlying layers within the network.  
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Figure S15: Porosity vs. slice data in the x,z (in-plane) and y (out-of-plane) directions for the sprayed (A-C) WS2, 

(D-F) AgNS and (G-I) AgNW networks.  

 

 

 

 

The porosity of a network of randomly packed rigid 1D fibres has been modelled by Parkhouse 

et al.5 as 

                                                        𝑃 = 1 −
2𝑙𝑛(𝑘)

𝑘
    Eqn. 1 

 

Where P is the porosity of the network and k is the fibre aspect ratio (length/diameter). This 

has been shown to apply to networks of copper nanorods (diameter ~ 220 nm)6. However, while 

this equation describes the porosity scaling in size-selected AgNW networks well (diameter ~ 

55 nm), it overestimates the measured porosity values (Fig. 5F, main text). This likely arises 

as the model assumes that the network is composed of perfectly rigid 1D fibres. By adding a 

prefactor of 0.94 to Eqn. 1 we achieve excellent agreement with our AgNW porosity data (Fig. 

5F, main text). 
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Figure S16: Comparison of network porosity, P, scaling with nanosheet length, lNS, for the printed graphene, WS2 

and AgNS networks.  
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Section 6 - Network Tortuosity Factor Measurements 

The diffusional tortuosity factors, κ, of the segmented volumes in this work were calculated 

using the TauFactor application in MatLab7. Tortuosity, τ, is used to describe the resistance of 

a structure to an applied flux due to a convolution of its geometry in a given direction. In this 

work we use the tortuosity factor, κ = τ2, as it has been shown to account for both the additional 

distance travelled and change in velocity of a species when travelling through a heterogenous 

structure. TauFactor calculates the reduction in diffusive transport through a network due to 

the presence of other phases according to 

 

 

                                           𝐷𝐸𝑓𝑓 = 𝐷0
𝑉𝑓

𝜅
                                       Eqn. 2 

 

 

where Deff is the effective diffusivity of the phase in the network, D0 is the intrinsic diffusivity 

of the phase, and Vf is the volume fraction of that phase in the network. The program calculates 

κ in the in-plane (x,z) and out-of-plane (y) directions for each phase in the network (i.e. pore 

volume and nanosheets). Crucially, it has been reported that diffusional, electrical, and thermal 

tortuosities are interchangeable due to the comparable underlying transport physics of each8. 

TauFactor was used to calculate the porosity, specific surface area and tortuosity factor of each 

3D image. The program also generates 3D flux maps for each network so that areas with high 

flux can easily be visualised (Fig. 2C, main text).  

 

 

 

 
Figure S17:  Nanosheet/Nanowire network tortuosity factor, κ, the in-plane (x,z) and out-of-plane (y) directions 

plotted as a function of nanosheet length, lNS, for the printed WS2, AgNS and AgNW networks. 
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The most widely utilised relationship between tortuosity factor, κ, and volume fraction, Vf, is 

the Bruggeman relationship9, which has been expanded to a more generalised form10 given by           

                                 𝜅 = 𝛼𝑉𝑓
1−𝛽                            Eqn. 3 

where β is related to the shape of the objects that make up the network and 𝛼 is a scaling 

prefactor11. The Bruggeman relationship is often quoted with 𝛼 = 1 and β = 1.5. However, this 

relation only applies for isotropic networks of spherical particles and experimentally measured 

exponents are often >1.512, with values of β = 2 - 5 predicted for high-aspect ratio particles13.  

Values of β and 𝛼 were calculated for the nanosheet and pore volumes for each material in the 

in-plane (x,z) and out-of-plane (y) directions using Eqn. 3 (Table. S1). While there are currently 

no reported β-values for nanosheet networks, the calculated value of β = 5.6 for the pore volume 

in printed graphene networks (out-of-plane y-direction) is larger than reported values for 

graphite-based electrodes measured using X-ray tomography data (~ 500 nm voxel size)12. 

However, it has been shown that higher resolution volumes lead to increased tortuosity factor 

values14. 

   Bruggeman Exponent, β Prefactor, α 

Graphene Pores In-Plane 3.3 ± 0.8 0.4 ± 0.2 

  Out-of-Plane 5.6 ± 0.4 0.4 ± .02 

 Nanosheets In-Plane 1.9 ± 0.5 0.9 ±1.4 

  Out-of-Plane 2.5 ± 0.3 1.2 ± 2.6 

     

WS2 Pores In-Plane 2.8 ± 1.1 0.6 ± 0.5 

  Out-of-Plane 3.3 ± 0.6 1.3 ± 0.7 

 Nanosheets In-Plane 1.55 ± 0.04 1.1 ± 0.4 

  Out-of-Plane 3.8 ± 0.5 0.8 ± 0.5 

     

AgNS Pores In-Plane 5.6 ± 3.2 0.007 ± .005 

  Out-of-Plane 6.5 ± 0.8 0.020 ± .004 

 Nanosheets In-Plane 3.2 ±1.3 1.3 ± 1.2  

  Out-of-Plane 6.1 ± 4.1  4 ± 5 

     

AgNW Pores In-Plane 2.1 ± 0.8 1 ± 2 

  Out-of-Plane 2.8 ± 0.3 1 ± 0.6 

 Nanowires In-Plane 1.7 ± 0.5 1 ± 1 

  Out-of-Plane 2.9 ± .2 1 ± 3 
Table S1: Experimentally measured values for the Bruggeman exponent, β, and scaling prefactor, 𝛼, in the in-

plane (x,z) and out-of-plane (y) directions for the reconstructed pore and nanosheet volumes for each material. 

While limited comparisons can be made using the nanosheet network data at present, the 

Bruggeman equation can be altered to consider randomly-packed rigid cylindrical particles, 

predicting values of β = 2 and 𝛼 = 19. This agrees well with the in-plane AgNW pore data in 

Table. S1, where the fitted exponents were found to be β ~ 2 and 𝛼 ~ 1. The larger exponent of 

β = 2.8 in the out-of-plane (y) direction likely arises due to the anisotropy of the AgNW 

network, where nanowires are primarily aligned in the plane of the film (Fig. 5C, main text), 

as well as deviations from the ideal rigid cylinder assumption of the model. 
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Section 7 – Pore Size and Shape 

As discussed in Section 5, the pore volume in each reconstructed network was found to be 

highly connected, with > 99% of the total pore volume contained in a continuous macropore 

spanning the network. This limits 3D statistical analysis on pore shape/volume in these 

networks as most of the information is contained in a single data point (pore). By separating 

the pore volume into individual 2D cross-sections we performed statistical analysis on both the 

cross-sectional area and shape of the discrete pore chambers that make up the pore volume 

(Fig. S18).   

 

 
Figure S18:  Pore characterisation using the Analyse Particles plugin in FIJI2. Isolated pores in a network cross-

section are identified and labelled. The cross-sectional Area, A, Perimeter, P, and Circularity, C, of each can then 

be determined. 

Each network cross-section was converted to a binarised image containing only pore 

information. The Analyse Particles plugin in FIJI was then used to identify and label each 

individual pore in the network slice, as shown in Fig. S182. This program then measures the 

cross-sectional area, A, perimeter, P, and circularity, C, of each pore in the image. Circularity 

is a measure of how close in shape a given 2D object is to a circle, where C=1 describes a 

circle, and values <1 denote more irregular and elongated shapes. C is defined as 

 

𝐶 =
4𝜋𝐴

𝑃2
 

 

We measured A and C for pores in each cross-section for the printed LPE graphene networks. 

3D frequency histograms (50 × 50 bins) were generated to determine the number of pores in 

each bin, Nbin, for a given pore cross-sectional area, Abin, and circularity, Cbin. By finding the 

total pore area contained in each bin (Nbin × Abin) and dividing by the total area of all pores in 

the network we found the fraction of overall pore area, fa, contained in each bin through 

 

 
 

Area weighted heat maps of pore area and circularity are shown in Fig. S19 for each of the 

printed LPE graphene networks. The data clearly shows pore chambers with large cross-

sectional area and low circularity (high aspect ratio) to dominate the pore volume, where 90% 

of the total pore area is contained within the approximately linear green bands in Fig. S19. 
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Figure S19: Pore size and shape distributions. (A-F) Contour plots showing the area weighted pore fraction as a 

function of pore cross-sectional area, A, and circularity, C, for the size selected LPE graphene networks. The 

distributions (A-F) are sorted by decreasing nanosheet length, lNS. 
 

 

As >90% of the total pore area was contained in the linear (green) regions of each distribution, 

we isolated this data for analysis (Fig. S20A). Here, the distributions are seen to shift to higher 

cross-sectional areas and lower circularities as the nanosheet size in each network was 

increased. The mean circularity for each nanosheet size is seen to decrease from ~ 0.32 – 0.15 

as lNS increases from 80 – 1087 nm (Fig. 20B). The mean cross-sectional area, A, and pore 

size, 𝜉 = √𝐴, show the opposite trend where the pore dimension is seen to increase with lNS 

(Fig. S20C-D). This data suggests that graphene networks composed of smaller nanosheets 

have smaller, more circular pores than networks composed of larger nanosheets.  
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Figure S20: Pore size and shape analysis. (A) Distributions of pore cross-sectional area, A, and circularity, C, for 

the size selected LPE graphene networks where only the linear green regions of Fig. S19 are considered. (B) 

Average C plotted as a function of nanosheet length, lNS. (C) Mean pore cross-sectional area plotted as a function 

of lNS. (D) Scaling of the characteristic pore size,  𝜉 = √𝐴, with lNS. 

 

The histograms used to calculate the mean pore cross-sectional area and circularity are shown 

in Fig. S21 and Fig. S22, respectively. 
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Figure S21: Pore cross-sectional area distributions. (A-F) Distributions of the measured pore cross-sectional 

area, A, for each printed LPE graphene network. The distributions (A-F) are sorted by decreasing nanosheet 

length, lNS. 
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Figure S22: Pore circularity distributions. (A-F) Distributions of the measured pore circularity, C, for each printed 

LPE graphene network. The distributions (A-F) are sorted by decreasing nanosheet length, lNS. 
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Section 8 - Nanosheet Orientation 

The Hermans orientation factor, S, was used to describe nanosheet orientation within the 

printed networks in this work15. This term describes the degree of alignment within a network 

through the angle its constituent nanosheets’ normal vectors make with the substrate normal 

vector, φ. The Hermans orientation factor is given by 

 

                                             𝑆 =  
3〈cos2(𝜙)〉−1

2
                                            Eqn. 4 

  

S=1 describes nanosheets that are perfectly aligned in the plane of the film. A value of S=-0.5 

means the nanosheets are perfectly aligned perpendicular to the substrate and S=0 describes 

randomly orientated objects.  

 

We calculated S from 3D images by finding the normal vector describing each nanosheet’s 

orientation within the network. Discrete 2D objects were first identified using a 3D Distance 

Transform Watershed operation from the MorphoLibJ library in FIJI2,16. This involved 

artificially introducing junctions between connected nanosheets using spatial intensity 

relationships between pixels17,18. A chessboard distance transform was used as it equally 

weights all directions and has shown improved performance for elongated particles when 

compared to other distance transforms17. The degree of segmentation is controlled by the 

dynamic setting in the program, where higher dynamic values lead to less identified objects 

and lower dynamic settings lead to more introduced junctions and objects (Fig. S23). Dynamic 

values of 1,2 and 3 were used to segment each network volume. The voxel connectivity was 

set to 26 neighbours, meaning that adjacent voxels could be connected by edges and vertices.  

 

As shown in Fig. S23, a dynamic setting of 1 oversegments the network, splitting nanosheets 

into smaller portions. This can cause S to be understated for the network. Alternatively, a 

dynamic setting of 3 is seen to undersegment the network, merging multiple nanosheets 

together, which can lead to an overstated S value (Fig. S23). A dynamic setting of 2 led to the 

most accurate segmentation for each network. The values of S generated from networks 

segmented using a dynamic of 2 were taken as the true values, while the dynamic 1 and 3 values 

were used to estimate the lower and upper bounds of uncertainty in S, respectively (Fig. 4E, 

main text). 

 
Figure S23: Nanosheet identification in 3D volumes. Segmented images generated using the 3D distance 

transform watershed algorithm16 for the largest (lNS = 1087 nm) and smallest (lNS = 80 nm) graphene nanosheet 

networks. Each column was segmented using a different dynamic setting. Each colour represents a discrete 

nanosheet identified using the algorithm.  



27 
 

While the 3D Distance Transform Watershed performs well in grouping nanosheets with the 

same orientation using a dynamic setting of 2 (Fig. S23), the segmented images were not 

accurate enough to allow the number of inter-nanosheet junctions or nanosheet length/thickness 

to be determined. However, reasonable estimates of S were calculated. A 3D image of a 

representative volume that has been segmented into its colour-coded nanosheet components is 

shown in Fig. S24A. To calculate the orientation of the identified 2D objects, each was 

converted to an equivalent ellipsoid using the Equivalent Ellipsoid plugin in MorphoLibJ16 

(Fig. S24B), which then calculates its size and orientation. The azimuth of the projection of 

each ellipsoid’s major axis onto the XY-plane, φ, corresponds to the angle that the nanosheet 

normal vector makes with the Y-axis (out-of-plane direction) (Fig. S24C).  

 

 
Figure S24: Nanosheet orientation analysis. (A) 3D image of a portion of a printed LPE graphene network (lNS = 

694 nm) segmented into its discrete colour-coded nanosheet components. (B) 3D volume showing the equivalent 

ellipsoids for each nanosheet component from (A). (C) Schematic showing how the nanosheet normal vector 

makes an angle φ with the Y-axis (out-of-plane) direction.  
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We measured φ for each identified ellipsoid/nanosheet in the size-selected printed LPE 

graphene networks. Distributions of the measured angle (φ) between the nanosheet normal 

vectors and the out-of-plane (y) direction in each network are shown in Fig. S25.  

 

 
Figure S25: Nanosheet alignment and Hermans orientation factor. Distributions of the measured angle (φ) 

between the nanosheet normal vectors and the out-of-plane (y) direction in each of the printed LPE graphene 

networks. The solid lines are fits to a Cauchy-Lorentz distribution. The peak centre, φc, and FWHM are indicated 

on each plot. The distributions (A-F) are sorted by decreasing nanosheet length, lNS. 

The distributions in Fig. S25 were fit with a Cauchy-Lorentz function to calculate the angle 

corresponding to the peak of the curve, φc, and the full width half maximum (FWHM)19. All 

distributions were centred on φc ~ 0˚ suggesting that the nanosheets are primarily aligned in 

the plane of the film for each network. The FWHM values give an estimate of the degree of 

alignment about φc in each film. The FWHM of 29 ± 1˚ for the lNS = 238 nm network (Fig. 

S25E) is comparable to a value of 21˚ measured for an inkjet printed graphene film (lNS = 208 

nm) using AFM20, and 17˚ measured using individual cross-sections of an uncompressed 

vacuum filtered graphene network (lNS = 260 nm)21. The Hermans orientation factor was 

calculated using Eqn. 4 and the extracted φ-values for each network. 
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To corroborate the calculated φ distributions from the 3D images, the nanosheet orientation 

within individual 2D cross-sections was calculated using the OrientationJ plugin in FIJI22,23. 

This method has been used to calculate the alignment of 3D printed graphene nanosheets from 

X-ray CT data (using 2D slices)24,25 and from fracture cross-sections of vacuum filtered 

graphene films21. We find reasonable agreement in the angular distributions generated using 

both techniques for small and large nanosheet networks (Fig. S26). This suggests that the 3D 

distance transform watershed approach adopted here is a viable means to estimate the 

nanosheet orientation in 3D. 

 
Figure S26: Comparison of nanosheet orientation analysis in 2D and 3D. Distributions of the measured angle 

between the nanosheet normal vectors and the out-of-plane (y) direction (black line), and the angle each nanosheet 

makes with the substrate in a 2D cross-section (red line), in printed LPE graphene networks where (A) lNS = 694 

nm and (B) lNS = 80nm. The solid lines are fits to a Cauchy-Lorentz distribution. The peak centre, φc, and FWHM 

are indicated on each plot.  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



30 
 

Section 9 – Nanosheet Aggregation within Printed Networks 

The length and thickness of the aggregated nanosheets in the printed networks (given by lNet 

and tNet in the main text) was approximated using the Ridge Detection plugin in FIJI26. This 

approach identifies discrete contours/lines in a 2D image by using first and second directional 

derivatives to determine what pixels lie on the same line. The implementation of this plugin is 

shown on a cross-section of a printed LPE graphene network (lNS = 238 nm) in Fig. S27. 

Individual nanosheets in the network are approximated by red contours, the junctions between 

them are denoted by hollow circles and the estimated nanosheet thickness by green lines. This 

method was applied to multiple cross-sections for each network to extract distributions for the 

approximate length (lNet) and thickness (tNet) of the aggregated nanosheets within. 

 

 

 
Figure S27: Nanosheet thickness and length in printed networks. Ridge Detection plugin2,26 applied to a cross-

section from a printed LPE graphene network to determine the aggregated nanosheet dimensions post-deposition. 

Each identified 2D object is given by a red contour and inter-sheet junctions are denoted by circles. The aggregated 

nanosheet thickness is approximated by the green lines for each contour. 

 

 

The Ridge Detection algorithm requires a predefined thickness range for the nanosheets it is 

attempting to identify. The thickness of >100 nanosheets was manually measured from 10 

cross-sections spanning the image stack for each network. To ensure each network was 

sampled across comparable length scales - the largest LPE graphene nanosheets were 1087 nm 

(or ~72 network slices) long, while the smallest were 80 nm (or ~5 network slices) long - each 

network was sampled at slice intervals that corresponded to 0.25 × lNS for that network. The 

extracted thickness histograms for each of the size-selected LPE graphene networks are shown 

in Fig. S28. The mean nanosheet thickness, tNet, for the printed graphene networks in the main 

text (Fig. 3-4) was calculated from the normal distributions in Fig. S28. Both tNet and the AFM 

measured nanosheet thickness in the ink, tNS, are given for each network. 
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Figure S28: Distributions of nanosheet thickness, tNet, within each printed LPE graphene network measured using 

the Ridge Detection plugin in FIJI10,34. The distributions (A-F) are ordered in decreasing nanosheet thickness. The 

red lines are fits to a normal distribution. The mean nanosheet thickness in each ink, tNS, and the corresponding 

nanosheet thickness in each network, tNet, are indicated in each plot. 

While measuring thickness is procedurally straightforward, additional care must be taken when 

using Ridge Detection to approximate the nanosheet length, lNet, from 2D cross-sections. When 

measuring nanosheet dimensions using AFM, the longest dimension of the nanosheet is 

denoted as the length, lNS, while the perpendicular direction is denoted as width. The Ridge 

Detection plugin measures the apparent length of each nanosheet as it appears in a 2D cross-

section, where it is non-trivial to determine if the nanosheet length visible represents this 

maximised value. To prevent an underestimation of lNet, the nanosheet length data was filtered 

to remove any nanosheet lengths that were < 0.75 × lNS, the nanosheet length measured by 

AFM. The resulting lNet distributions are shown in Fig. S29.  
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Figure S29: Distributions of nanosheet length, lNet, within each printed LPE graphene network measured using 

the Ridge Detection plugin in FIJI2,26. The distributions (A-F) are ordered in decreasing nanosheet length. The 

mean nanosheet length in each ink, lNS, and the corresponding nanosheet length in each network, lNet, are indicated 

in each plot. 

 

From the data in Fig. S28 & S29 the degree of nanosheet aggregation that occurred during film 

formation was approximated. The nanosheet thickness and length in the network (tNet, lNet) were 

found to scale with the AFM measured nanosheet thickness and length in the ink (tNS, lNS) for 

the LPE Graphene networks (Fig. S30A). To quantify the degree of nanosheet 

aggregation/restacking during film deposition, we define the thickness and length aggregation 

factors as χt and χl where 

 

 

𝜒𝑡 =
𝑡𝑁𝑒𝑡

𝑡𝑁𝑆
                and                  𝜒𝑙 =

𝑙𝑁𝑒𝑡

𝑙𝑁𝑆
 

 

 

For each of the size-selected printed LPE graphene networks both χt and χl were found to be 

>1 (Fig. S30B). Interestingly, the data in Fig. S30B implies that nanosheet aggregation 

primarily occurs by vertical restacking as χl was found to be only marginally greater than 1 for 

each network, while χt was found to be much larger. This basal-plane stacking is demonstrated 

in the AgNS networks (Fig. 5B, main text), where junctions between the individual AgNS are 

more clearly visible. Furthermore, smaller nanosheets demonstrate increased aggregation when 

compared to networks with larger lNS values in Fig. S30B. This is likely driven by increased 

mobility within the ink and a lower energy barrier to aggregation for smaller/thinner 

nanosheets. 
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This size-dependent vertical restacking of nanosheets in the networks leads to considerable 

changes in the nanosheet aspect ratio, kNet = lNet/tNet, post deposition (Fig. S30C). Here, kNet is 

no longer constant as it was in the ink (kNS = 29, Fig. 3A, main text), but now exhibits a well-

defined decrease from ~16 to ~4 as the ink nanosheet length lNS was reduced from 1087 to 80 

nm. 

 

 

 
Figure S30: Nanosheet aggregation in printed graphene networks. (A) Plot of the nanosheet thickness and length 

in the network (tNet, lNet) versus the AFM measured nanosheet thickness and length in the ink (tNS, lNS) for the LPE 

Graphene networks. (B) Plot of the aggregation factor, χ, for both nanosheet length, χl, and thickness, χt, in the 

printed graphene networks as a function of lNS. (C) Measured nanosheet aspect ratio in the printed graphene 

networks plotted against lNS.  
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Similar measurements of lNet and tNet were performed for the printed LPE WS2 networks, with 

the distributions given in Fig. S31.  

Figure S31: Distributions of tNet (top row) and lNet (bottom row) for each printed LPE WS2 network measured 

using the Ridge Detection plugin in FIJI2,26. The distribution pairs (A-C) are ordered in decreasing nanosheet size. 

The mean nanosheet dimensions in each ink (lNS, tNS) and the corresponding nanosheet dimension in each network 

(lNet, tNet) are indicated in each plot. The red lines in the tNet distributions are fits to a normal distribution. 

The WS2 data behaves in a similar manner to the printed graphene networks, where the 

nanosheets are seen to aggregate primarily through vertical restacking (Fig. S32). This is 

reflected by the length and thickness aggregation factors, χl and χt, both being greater than 

unity, but with χt > χl for each size-selected network. As with the graphene data in Fig. S30B, 

networks of smaller nanosheets demonstrate increased levels of aggregation when compared 

to networks of larger LPE WS2 nanosheets. 
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Figure S32: Nanosheet aggregation in printed WS2 networks. Plot of the nanosheet aggregation factor, χ, for both 

nanosheet length, χl, and thickness, χt, in the printed WS2 networks as a function of lNS. 
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Section 10 - Electrical Characterisation of Printed Graphene Networks 

The electrical properties of the size-selected printed graphene networks were measured from 

IV-curves for different electrode separations using two-terminal electrical measurements (Fig. 

S33A). The specific contact resistivity, ρC, and in-plane network resistivity, ρIP, were calculated 

from transmission line plots for each network (Fig. S33B).  The network resistivity is plotted 

as a function of nanosheet length, lNS, in Fig. S33C, where ρIP is seen to increase with increasing 

lNS. The decrease in ρC with increasing nanosheet volume fraction in Fig. S33D suggests that 

densely-packed networks of smaller nanosheets are forming more intimate electrical contacts 

with the evaporated gold bottom electrodes. 

 

 
Figure S33: Electrical characterisation of printed LPE graphene networks. (A) IV-curves for a printed LPE 

graphene network (lNS = 298 nm) for a range of electrode separations. (B)  Plot of network resistance as a function 

of electrode separation for the lNS = 298 nm graphene network. The solid red line is a linear fit to the data used to 

extract the network in-plane resistivity, ρIP, and contact resistance, RC. (C) Network resistivity, ρIP, as a function 

of nanosheet length, lNS. (D) Plot of the specific contact resistivity, ρC, versus nanosheet volume fraction in each 

network. 

Kelly et al.27, have shown that the in-plane conductivity, σIP, of a purely junction-limited 

network is given by 

 

where P is the network porosity, tNS is the nanosheet thickness and RJ is the junction resistance. 

We can include the effect of the nanosheet resistance by noting that every time an electron 

passes through an inter-nanosheet junction, it must subsequently pass through a nanosheet to 

reach the next junction. This means that RJ should be replaced by RJ+RNS in the above 

equation27. In addition, the effect of tortuosity can be incorporated by dividing the (1-P) term 
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(which represents the nanosheet volume fraction) by the in-plane tortuosity factor associated 

with the nanosheet network, κIP. This is in line with the Bruggeman-type approach used in 

porous electrochemical systems where the in-pore electrolyte conductivity is related to the bulk 

electrolyte conductivity by  where ε is the pore volume fraction and κ is the pore 

tortuosity factor8. 

These modifications yield the following equation for network conductivity 

 

Modelling the nanosheets as cuboids with equal length and width allows us to write  

 

This yields 

 

For LPE nanosheets, the nanosheet thickness scales roughly with nanosheet length, lNS, such 

that the aspect ratio, k, is constant (kNS = lNS/tNS)28.  

 

Converting to resistivity 

 

Once, lNS, ρIP, P and κIP are known, as they are here, this equation can be linearised as follows 

 

This means plotting  versus lNS should yield a straight line. This is plotted in Fig. 4F 

in the main text with very good linearity observed and yields a nanosheet resistivity of ρns = 31 

± 2 μΩ.m-1 and junction resistance of Rj = 3.0 ± 0.4 kΩ. 

To determine why the EE graphene nanosheet network is considerably more conductive than 

the LPE graphene network a purely junction limited model was used27. 

 

This model assumes that the resistance of the nanosheets is negligible relative to the resistance 

of the junctions. Taking the thickness of the LPE and EE nanosheets measured by AFM (Fig. 

S9A-B) and the values reported in the main text (Fig. 6A) this equation yields a junction 

resistance value of 2.5 ± 0.3 kΩ for the LPE network and 3.7 ± 0.6 kΩ for the EE network. 

This suggests that the EE network is more conductive than the LPE network because the 

nanosheets are thinner and not because EE sheets form junctions with lower resistances. 
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Section 11 – Analysis of Network Surfaces and Interfaces 

The network surface roughness (Fig. 6A, main text), as well as the interfacial roughness within 

printed graphene/silver nanoparticle heterostacks (Fig. 6B, main text), was calculated from the 

segmented network volumes. For the LPE vs. EE comparison (Fig. 6A, main text), the 

segmented nanosheet volumes were resliced in the xz-plane (top down view of the network), 

where each slice has a thickness of 5 nm. The Z-stack Depth Colorcode plugin in FIJI2 was 

then used to encode depth information into the slice-by-slice data by assigning a different 

greyscale pixel intensity (from 255 to 0) to each sequential slice from the top surface of the 

network down. Each intensity value corresponds to a vertical height of 5 nm, meaning it is 

possible to reconstruct the height profile of a network surface where the peak-to-trough height 

is < 1275 nm. For networks where the roughness is > 1275 nm, the networks can be resliced 

with larger thicknesses (i.e. 10 nm slice thickness facilitates a peak-to-trough measurement of 

2550 nm). Within the Z-stack Depth Colorcode plugin, an inverted grays lookup table (LUT) 

was used to colour code the slices and the output stack format was set as colour (RGB). The 

result is a stack of slices in the xz-plane where the highest point of the network surface has an 

intensity value of 255, which decreases by a value of 1 with each subsequent slice in the 

direction of the substrate. This stack can then be reconstructed in 3D to create a topographic 

map of the network surface. 

The colour-coded RGB images (which had the same intensity in each channel) were converted 

to 8-bit greyscale and exported to the Volume Viewer plugin in FIJI2 where an image of the 

depth-coded network surface was captured. Depth-coded surface images of the printed EE and 

LPE networks are shown in Fig. S34A & S34B respectively. The highest surface features are 

coded white (pixel intensity ~255), while the lowest parts of the surface are coded black (pixel 

intensity → 0). These images were used to generate a matrix of pixel intensity/surface height 

vs. position for each network in MatLab and their surface topography was reconstructed in 3D 

(Fig. 6A, main text). Measurements of surface height were performed using line-scans of the 

depth-coded images in Fig. S34A-B with the Plot Profile function in FIJI. Representative 

surface profiles for both films are shown in Fig. S34C. The root mean square roughness, RRMS, 

of each network surface was calculated from the average of 12 surface height line-scans (Table 

S2 & Fig. 6A, main text). 

 

Figure S34: Surface roughness measurements for LPE and EE graphene networks. (A-B) Depth-coded greyscale 

surface images of portions of the (A) EE and (B) LPE films. White sections represent peaks and black sections 

represent valleys. (C) Representative surface profile line-scans of the LPE and EE films showing the difference 

in surface roughness. Both profiles are centred on the average surface height set at 0.  
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LPE Surface Roughness, 

RRMS (nm) 

EE Surface Roughness, 

RRMS (nm) 

171 165 

216 158 

119 75 

133 147 

179 119 

210 119 

138 141 

188 70 

179 127 

218 106 

223 114 

214 101 
Table S2: Measured root mean square roughness, RRMS, for 12 different line scans of the printed LPE and EE 

graphene films. 

Fig. 6B in the main text shows two graphene nanosheet networks (lNS= 630 nm and lNS= 215 

nm) with silver nanoparticles (AgNP, diameter ~50 nm) aerosol jet printed on the top surface. 

To characterise the AgNP/graphene network interface, depth-coded 3D topography maps of 

AgNP penetration into the nanosheet network were created (Fig. S35A) as described above. 

These demonstrate the increased degree of AgNP infiltration and interfacial roughness in the 

network of larger (lNS = 630 nm) nanosheets.  

 
Figure S35: Interfacial analysis in printed graphene/silver nanoparticle vertical stacks. (A) 3D surface topography 

maps of the AgNP networks at their interface with the printed graphene networks for nanosheet lengths of lNS= 

630 nm and lNS= 215 nm. The direction of AgNP penetration into the graphene networks is indicated. (B-C) 

Representative surface profile line-scans of the AgNP and graphene networks at their interface, showing the 

difference in surface roughness for the (B) lNS= 630 nm and (C) lNS= 215 nm networks. Both profiles are centred 

on the average surface height set at 0. 
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We calculated the RRMS for both the graphene and AgNP networks at their interface (Table S3) 

for the lNS= 630 nm and lNS= 215 nm samples. The lNS = 630 nm graphene network had a mean 

surface roughness of RRMS= 158 ± 48 nm, while the AgNPs exhibited a RRMS of 313 ± 55 nm. 

In comparison, the lNS= 215 nm graphene network RRMS of 105 ± 18 nm was in perfect 

agreement with the AgNP RRMS of 102 ± 18 nm. The increased AgNP roughness for the 

network of larger nanosheets (RAgNP/RGraphene ~ 2) reflects a significant level of AgNP 

penetration into the graphene network. Alternatively, the agreement in surface RRMS at the 

AgNP/graphene interface for the lNS= 215 nm network suggests minimal penetration and a 

higher quality interface. 

 

lNS = 630 nm Network  

 

lNS = 215 nm Network 

Graphene Surface 

RRMS (nm) 

AgNP Surface  

RRMS (nm) 

Graphene Surface 

RRMS (nm) 

AgNP Surface 

 RRMS (nm) 

177 380 99 124 

166 269 121 109 

103 227 112 107 

71 295 97 99 

75 212 103 112 

178 356 103 88 

175 359 121 83 

159 321 105 83 

197 347 146 137 

187 369 97 115 

221 306 89 80 

189 310 73 87 
Table S3: Network roughness at the graphene/AgNP interface. Measured root mean square roughness, RRMS, for 

12 different line scans of the printed graphene and AgNP networks at their interface for networks of large (lNS= 

630 nm) and small (lNS= 215 nm) graphene nanosheets. 

The degree of AgNP infiltration into printed graphene networks with lNS= 630 nm and lNS= 215 

nm is shown in the main text (Fig. 6B). AgNP/graphene 3D volumes were resliced in the xz-

plane as described above, and the volume fraction of both graphene nanosheets and AgNPs 

was found for each slice (Fig. 6B, main text). Using the surface topography maps in Fig. S35A, 

the lowest point of the AgNP surface was determined. The Find Connected Regions plugin 

(described in Section 5) was utilised to find the maximum depth that an electrically percolating 

AgNP path penetrated into the graphene network. This distance was found to be ~ 725 nm into 

the network of larger graphene nanosheets (lNS = 630 nm), with no penetration into the network 

of smaller nanosheets (lNS
 = 215 nm) observed.  
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