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Abstract 

Multiphase materials composed of several phases with smooth interphases and/or sharp interfaces are ubiquitous in 
polymer science. This study addresses the challenge to identify and segment automatically the right interfaces and 
interphases in electronic digital images for a sound analysis of the structuration of materials at the micro-nano scale. 
The selected strategy is to primarily enhance contrast between phases in digital TEM / SEM images for a 
straightforward subsequent segmentation of phases i.e., by a simple threshold of the grey level intensity histogram. To 
do so, a nonlinear transient (time dependent) diffusion process is used. In the diffusive process, the grey level intensity 
spreads non-uniformly across the image pixels i.e., adaptively to local properties of the image. When computed at a 
large enough time of the diffusive process, the reconstructed image tends to a piecewise constant solution 
representing a simplified image at a lower resolution with sharper boundaries, bringing the sought local contrast 
enhancement. The solution image is shown to facilitate the automatic segmentation step and calculation of 
representative size distributions. This approach is in particular very suited to the characterization of multimodal 
samples including different scales of porosity. While this (first of two parts) methodological article is useful to 
multiphase polymeric materials in general, the methodology was here developed for an in-depth study of acrylic block 
copolymer nanostructures enabling to monitor micro-nano sized foams produced by one step batch scCO2 green 
foaming.  

Keywords : micro-nano foams; one-step batch CO2 foaming; acrylic polymers and copolymers; quantitative structural 
analysis; contrast enhancement; edge enhancement; polymer structured blend materials; electron microscopies.  

1. INTRODUCTION 

There is a vast literature on the occurrence of multiphase materials composed of several phases with smooth 
interphases and/or sharp interfaces. Phases, interphases and interfaces are of crucial importance in several domains of 
polymer science including control of material properties [1] [2] [3], polymerization efficiency [4] [5] [6] or refined 
characterizations of materials [3] [7] [8] [9] [10].  

Smooth interphases and sharp interfaces are more or less difficult to reveal, characterize and quantify, particularly at 
the nanometer scale. At this scale level, transmission electron microscopy (TEM) or scanning electron microscopy (SEM) 
are often used to observe and characterize multiphase materials [1] [2] [4] [5] [7] [8] [9]. The correct characterization of 
the materials requires typically 1) use of a suitable contrasting method or a contrasting aid [6] e.g., sputtering for SEM 
or staining for TEM, 2) imaging in proper conditions (temperature, pressure, electron flow) and 3) establishing robust 
methods or refined image treatments [11] [12] [13] [14] [15] [16] [17] [18] [19], in other words a good image analysis, 
leading to a representative quantification of the different phases.  



2 

 

This methodological contribution addresses the ubiquitous challenge to identify and segment the right interfaces and 
interphases for a sound analysis of the structuration of organic multiphase materials at the micro and nanoscale. With 
regard to the three requirements recalled above for a correct characterization of materials, the proposed methodology 
may be positioned as follows: it fits in requirement 1 i.e., reaching a suitable level of contrast, while remaining within 
the bosom of image analysis (requirement 3). In digital images, the level of contrast can be enhanced in different ways, 
always complementary. A staining procedure is for example often used prior to image formation in TEM imaging. 
Combining different approaches to contrast enhancement is always beneficial. For instance, contrast can be further 
heightened by technical solutions such as energy filtered TEM or scanning transmission electronic microscopy coupled 
to energy dispersive spectroscopy. Yet, such facilities are not always readily available or accessible. The solution 
proposed in this work is to further augment contrast in images using a directional nonlinear diffusive equation whereby 
the local grey level intensity spreads across the pixels of the digital image. It leads to a kind of image virtual 
reconstruction where object boundaries are adaptably and selectively enhanced (contrasted) for a simpler subsequent 
segmentation of phases.  

The methodological work presented here was initiated and motivated for an in-depth study of micro-nano sized 
polymeric foams and the relations between the foaming process and accurate morphological characterizations carried 
out at different scales [20]. While the selected method may be useful for most multiphase materials and over a broad 
range of scales, the methodology is illustrated with the example of a multiphase organic material in two different 
states: solid state polymer blends (foam precursors with isolated nanodomains) and resulting scCO2 blown foams. The 
organic material is composed of only acrylic polymers: an homopolymer matrix i.e., PMMA, poly(methyl methacrylate), 
a dispersed triblock copolymer called MAM, poly (methyl methacrylate-co-butylacrylate-co-methyl methacrylate), and 
voids after foaming. Due to chemical similarity and covalent bonds between blocks, MAM separates at the nano-level 
as micellar-like objects in the PMMA matrix. Those micellar nanostructures are deemed to act as CO2 enhanced 
reservoirs compared to PMMA matrix. They behave as efficient nucleants when CO2 foaming is triggered. Foaming is 
obtained in one-step solid-state (non-flowing) batch i.e., a discontinuous physical process whereby the block copolymer 
acts as a foaming aid helping to regulate pore size distribution [20] [21] [22] [23] [24] [25] [26]. The PMMA/MAM 
system may be viewed as a model system based on amorphous, non additivated and hence almost pure PMMA. 
PMMA shows very good optical properties as well as an excellent resistance to ageing, which makes it very suitable for 
headlights, packaging boxes, lenses or windows manufacturing. Addition of a small amount of low cost MAM 
(containing an elastomer component) to the brittle PMMA makes it more ductile, thereby improving its mechanical 
properties, while preserving its optical properties (transparency and refractive index). This system has been widely 
investigated in the literature, which makes it a good candidate to appraise the benefits of the proposed method of 
image optimization.  

In solid-state batch one-step scCO2 foaming, the structuration of the final foam depends on the material formulation 
(e.g., BCP content and size) and on the foaming conditions. For the latter, mention the saturation temperature 𝑇𝑠𝑎𝑡, the 

saturation pressure 𝑃𝑠𝑎𝑡 and the average pressure drop rate, which shall all be optimized for each blowing agent  

material  process combination. The final porous structure is also strongly influenced by the interplay of the kinetics of 
several of the intervening physical variables. Mention the respective evolution of the time-dependent material effective 
temperature 𝑇𝑒𝑓(𝑡), the rise of the effective glass transition temperature of the plasticized system 𝑇𝑔,𝑒𝑓(𝑡) and the 

instantaneous drop of the pressure 
𝑑𝑃(𝑡)

𝑑𝑡
, which differs from the average pressure drop release value 

∆𝑃

∆𝑡
=

𝑃𝑠𝑎𝑡−𝑃𝑎𝑚𝑏𝑖𝑒𝑛𝑡

∆𝑡
 (where ∆𝑡 is the time to return to ambient pressure upon pressure release) [23].  

Understanding the separate impact of those multiple factors on foam structuration can be greatly facilitated when 
(1) the BCP size distribution of the unfoamed material and (2) the cell size distribution of the foam are quantified (the 
latter being always influenced by the former). Availability of those statistical distributions i.e., the quantified input and 
output of the foaming process is one of the keys towards understanding and optimizing the foaming process. Along the 
same lines, in a study of the impact of component rheology and compatibility upon the final morphology of polyolefin 
blends, Kock et al. have stressed that a key factor in this type of analysis is availability of the particle size distribution 
from an independent analysis, like image analysis on electron micrographs [27]. Yet, these authors also note that there 
have been many problems inherent in quantification of phase separation morphology. Similarly, Miyata et al. [28] and 
Xu et al. [29] have reported that despite its importance, there was rarely a simple and useful method for the 
quantitative assessment of morphology. Whichever method is used to quantify the phase-separated domains 
morphology e.g., the cross-correlation analysis [30], the fractal approach [28] [29] or the local Crofton method (this 
study), its accuracy primarily depends upon the exactness of the labeled phase domains (segmentation) upstream in 
the image analysis chain. There is no single route to address the recurrent segmentation bottleneck. With the ongoing 
development of machine learning approaches, the segmentation issue may be advantageously transformed to a pixel 
classification issue [31] [32]. Yet, the user interaction is still required to train the classifier. Another road is taken in the 
present study. Segmentation is mainly facilitated by preliminarily enhancing the original contrast in electronic 
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micrographs relying on the so-called scale-space filtering formalism [33] [34] [35] [36] [37], which is to the best of the 
authors’ knowledge innovatively applied to polymer science.  

Thus, the primary aim of this work is the analysis of electronic images of the structuration of multiphase polymeric 
micro-nano structured materials before and after scCO2 foaming. The selected approach builds on a multiscale 
(multiresolution) description of electronic images, hereafter denoted by 𝑢(𝐱), and mapping the grey level intensity 𝑢 
(the luminance) at any pixel 𝐱 = (𝑥1, 𝑥2). According to this formalism (scale-space filtering), the original image 𝑢(𝐱) is 
embedded in a family of images 𝑢(𝐱, 𝑡) at coarser resolutions (larger scale levels of description). This family of images, 
𝑢(𝐱, 𝑡), is obtained by filtering the original image 𝑢(𝐱) over increasing scales whose size is parametrized by the time 𝑡 
of a diffusion process. During the diffusive process, the local grey level intensity 𝑢 spreads across the image. The 
increasing time 𝑡 of the diffusive filter acts as the scale-space parameter.  

The underlying justification of this approach is that images have by nature a hierarchical or pyramidal organization 
composed of a small number of relevant, or more precisely, of semantic levels of description [38]. In a pioneer work 
published in 1990, Perona and Malik [39] showed that there is a natural range of resolutions i.e., intervals of the scale-
space parameter 𝑡 of the diffusive filter, corresponding to each of these semantic levels of description. While moving 
with time 𝑡 across the scales of the pyramid by letting diffuse the grey level intensity 𝑢, it is therefore expected to find 
the semantic interval(s) of the scale-space parameter 𝑡 allowing to better perceive the interphases and interfaces of 
interest.  

The approach per se is not new. It has been widely used in the field of image restoration and denoising. Yet, the use 
made of this approach here and the quest which is pursued are not the usual ones. Application of this approach to 
polymer science is also new. The approach is used as a method for virtually reconstructing interfaces and interphases, 
thereby providing new image reconstructions. Our quest is local contrast enhancement of the only objects of interest, 
in order to facilitate their subsequent segmentation e.g., by a simple thresholding of the grey level intensity histogram.  

2. EXPERIMENTAL 

2.1 Materials 

Neat PMMA poly(methyl methacrylate) commercialized as V825T 101 Clear grade was initially supplied by Arkema 
Company (Lacq, France) in the form of pellets. It is now commercialized by Trinseo. Neat MAM triblock copolymer 
pellets (poly(methyl methacrylate)-co-poly(butyl acrylate)-co-poly(methyl methacrylate) ) were also supplied by 
Arkema Company. This triblock copolymer (commercial name Nanostrength M53) has a 54 wt% content of the soft 
block, poly (butyl acrylate) (PBA). The characteristics of these materials are well documented in the literature [24] [40] 
[41]. 

2.2 Unfoamed solid blends production 

PMMA/MAM blends of different MAM content were compounded at CANOE (Pau, France) using a Labtech co-rotative 
twin-screw extruder, with 𝐿/𝐷 ratio of 40 and a screw diameter of 26 mm. Before compounding, PMMA and MAM 
pellets were dried at 80°C for 4 hours. Then, the blends were extruded at a screw speed of 300 rpm with a temperature 
profile from 250 °C at the extruder inlet to 230 °C in the die. The blends were pelletized using a continuous cutting 
machine operating at the end of the line.  

The PMMA/MAM pellets were dried again at 80°C for 4 hours. Transparent tensile test bars (ISO 180/U 
80 × 10 × 4 mm

3
) of PMMA/MAM were injected with an ENGEL ES 200-45 HL-V injection-molding device. The acrylic 

blends were injected at 230 °C at a speed of 300 rpm in a mold heated at 90 °C. All injected bulk bars were perfectly 
transparent.  

2.3 Gas physical foaming experiments  

Foaming experiments were performed in a high-pressure vessel provided by TOP Industrie (Vaux-le-Pénil, France) with 
a capacity of 0.3 L. Foaming was performed using a one-step discontinuous process [40] [42] [43] [44]. Bulk solid 
samples were introduced in the vessel under 30 MPa of CO2 pressure for the saturation stage (24h). These transparent 
samples are the foam precursors. Two different saturation temperatures were used, 40 °C and 60°C. After saturation 
(in supercritical conditions), pressure was released at an average pressure drop rate of 0.5 MPa/s. Foaming occurred 
upon depressurization. Samples were taken out of the autoclave as white foamed solids.  

2.4 Characterization methods / Basis of the image analysis 

2.4.1 Nanostructuration of the solid blends 
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The structure of the partially miscible PMMA/MAM blend precursors was analyzed by transmission electron 
microscopy (TEM). Prior to the observation, each material was cut in ultra-thin slices (with a thickness of approximately 
80 nm) using a Leica EM UC7-FC7 ultra microtome. Due to the soft behavior of the polymer blend, samples were cut in 
cryogenic conditions at -75°C. Slices were then collected and laid down onto 200 mesh copper grids.  

TEM images were collected at the Bordeaux Imaging Center (BIC, Bordeaux France) with a Hitachi H7650 electron 
microscope equipped with a camera SC1000 ORIUS 11Mpx (GATAN). The acceleration voltage was 80 kV. The aperture 
size of the condenser diaphragm was 200 µm. A lens diaphragm of 90 µm was used.  

Recall that the high voltage of a TEM provides typically little contrast between materials such as PMMA and the 
elastomeric block (PBA) [45].  

As a first aid to increase contrast between the PMMA matrix and the dispersed nanostructures, a coloration (staining) 
of the elastomeric phase was carried out with an aqueous solution containing 2 wt% of phosphotungstic acid (PTA) and 
2 wt%. of benzyl alcohol [22] [46]. The grid was kept in contact with a drop of PTA solution during 10 min at room 
temperature and then rinsed with water. As a result of this, the nanostructures could be better perceived on TEM 
micrographs e.g., Figure 1. The micellar objects appear essentially as dispersed nanosized convex core-shell particles 
with a brighter PMMA core surrounded by a darker PBA crown preferentially colored by PTA [22] [23] [47]. Such 
(apparent) two-layer micellar objects would give hints for the inner structure. Two hypotheses can be given:  

• In the micellar objects, MAM molecules are U-shaped; the PBA central block is located at the heart of the U 
whose two parallel branches are made of PMMA molecules. The PMMA core entrapped in the micelle arises 
most probably from the PMMA matrix.  

• Or, in the micellar objects, MAM molecules show linear I-shaped chains.  

 
Figure 1. High resolution (magnification 150 kX) TEM micrograph showing the core-shell-like structure of MAM tri-block 
copolymer in a 99.75/0.25 wt% PMMA/MAM solid blend after staining.  

In Figure 1, the micellar nanostructures are contrasted by PTA with a strength that varies locally. Some micellar objects 
contrasts better with the background matrix than some other micelles. The common belief that PTA should color 
uniformly the only PBA component of the nanostructures may be too simple. Besides, several authors claim even 
otherwise [48] [49]. Contrast disparity among nanostructures may arise from the fact that the selective staining power 
of PTA depends on several properties that may vary locally. Such properties include solubility, hydrophobicity, swelling 
capability of PBA by benzyl alcohol and softness

1
, to which the influence of the surrounding phases may be added. 

Moreover, PBA may not occur in its micellar-like form only. Part of MAM may remain dissolved (as miscible chains in 
PMMA chains) and this may locally weaken the contrast aid brought by staining.  

In addition, as PTA staining is made by liquid diffusion, coloration is essentially a surface selective physical process. 
Therefore, the achieved contrast is not homogeneous in the preparation thickness.  

Electronic micrographs typified by inhomogeneous contrast between objects (foreground) and the background have 
been widely analyzed by hybrid methods combining both automatic and manual image analysis procedures. For 
example, Pinto et al. [50] developed under FIJI/ImageJ [51] a user interactive image analysis combining standard filters 
for image optimization / binarization followed by a user interactive selection and validation of well binarized objects. 

                                                                        
1
 The preferential swelling of a soft phase with alkyl groups in presence of benzyl alcohol surely promotes the selective 

staining of PBA.  
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Such user-interactive approach produced sufficient results to show the relevance of BCP addition for forcing nucleation 
[23] [47]. Object sizes have also been measured using the user-interactive Piximeter software [52].  

Despite their value in polymer science, the widespread semiautomatic image analysis approaches still include part of 
the inconvenience of manual methods e.g., a somewhat limited number of measured objects, any subjectivity in 
sampling (with the concomitant risk to miss or overlook certain characteristics such as multimodality) and/or 
tediousness. With respect to such inconveniences, Kock et al. report how their image analysis, based on the ImageJ 
software for determining the average particle sizes in binary polyolefin blends, was so laborious that only a limited 
number of blends could be practically used for this determination [27]. Mae et al. analyzed the size of SEBS particles 
dispersed in a PP matrix using the commercial image analysis software Azo-kun, Asahi Kasei Engineering, Japan [53]. 
The diameter of each rubber particle was collected manually because the particles could not be correctly segmented by 
a simple threshold.  

Therefore, this work is a further step towards determining in a fully automatic (and simple) manner the objects 
statistical size distribution (the proposed solution could be ultimately fitted in the above approaches). The proposed 
approach allows to process very rapidly thousands and even tens of thousands of objects. 

Because inhomogeneous contrast is the main source of error in the automatic binarization step [50], it is highly 
advisable to first further increase the contrast ratio permitted by staining. Similarly, in their analysis of images of PP/EOC 
elastomer polymer blends using the software ImageJ, Svoboda et al. have reported that at first it is required to increase 
the contrast between phases in the original stained (𝑅𝑢𝑂4 vapor) TEM images [54]. In the same way, Poelt et al. 
characterized the size of the modifier particles in SEM pictures of PP matrices blended with ethylene–propylene 
copolymer rubber using the Noran Voyager image-analysis system [55]. They insist on that the higher the contrast in 
the original image, the simpler image processing is, reducing all the more its influence upon the calculated particle size 
distribution.  

In view of the above, the present study, focused on substantially enhancing contrast in the original (stained) images, 
aims at breaking down the image analysis/segmentation lock through a sound, simple and automatic image analysis 
approach, which has never been applied to polymer science.  

2.4.2 Cellular structure 

The cellular structure of the samples was imaged at Laboratory I2M using an environmental scanning electron 
microscope (a ThermoFisher Quanta 250 FEG ESEM). For the observation, samples were fractured (perpendicularly to 
the direction of barrels injection) after cooling in liquid nitrogen. They were next coated with a gold layer of a few 
nanometers thick using a sputter coater. The cellular structure of the porous materials foamed from the solid blend 
precursor imaged in Figure 1 is illustrated in Figure 2. This image (Figure 2) was formed by collecting the secondary 
electron emission. In this situation, the contrast is said topographical and is made of three contributions: the inclination 
contrast, the shading contrast and the ridge contrast. Both shading and ridge contrasts promote darker foam cells than 
the polymeric background solid lattice. Yet, dependence of the secondary emission upon the incident angle of the 
primary electron beam (inclination contrast) may work locally the other way around, depending on the local geometry 
of the sample. So, it is here again recommended to further increase contrast before performing a correct fully 
automatic binarization.  
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Figure 2. SEM micrograph illustrating the cellular structure of a foam produced from 99.75/0.25 wt% PMMA/MAM blend 
(Figure 1) at a CO2 pressure of 30 MPa and at 60°C for the saturation stage and using a pressure drop rate of 0.5 MPa/s (the 
right blue box is used in Figure 11).  

2.4.3 Basis of the image analysis 

2.4.3.1 Edge-enhancement by nonlinear filtering upstream of the binarization step 

A multiscale (or multiresolution) description of electronic images of type Figure 1 and Figure 2 is adopted to further 
increase contrast (recall that thereafter, images are denoted by 𝑢(𝐱), where 𝑢 is the grey level intensity at every pixel 
𝐱 = (𝑥1, 𝑥2) ). More precisely, the scale-space filtering formalism [33] is adopted. In this formalism, the original image 
𝑢(𝐱) is embedded in a family of images 𝑢(𝐱, 𝑡) at coarser resolutions (larger scale levels of description) obtained by 
filtering 𝑢(𝐱) over increasing scales whose size is parametrized by the increasing time 𝑡 of a diffusion equation.  

Use of a diffusion equation in a multiresolution framework originally arose from use of Gaussian filters of variance 𝜎2. 

Indeed, the solution 𝑢(𝐱, 𝑡) at time 𝑡 =
1

2
𝜎2 of the linear diffusion equation

2
 given in Eq. 1 along with reflective 

conditions at the image boundary 𝜕Ω (Eq. 2) is the convolution of the original image 𝑢(𝐱) by a Gaussian kernel of 

variance 𝜎2 = 2𝑡 (Eq. 3) [34] [56] [57].  

𝜕𝑡𝑢(𝐱,𝑡) = ∇. (𝛁𝑢(𝐱,𝑡)) on Ω, a bounded domain ⊆  ℝ2 Eq. 1 

𝜕𝐧𝑢(𝐱,𝑡) = 0 on 𝜕Ω Eq. 2 

𝑢(𝐱,𝑡) = 𝑢(𝐱) ∗
1

4𝜋𝑡
𝑒−

|𝐱|2

4𝑡  Eq. 3 

In these equations, ∇. ( ) = 𝜕𝑥1
( ) + 𝜕𝑥2

( ) =
𝜕

𝜕𝑥1

( ) +
𝜕

𝜕𝑥2

( ) is the divergence operator, 𝛁( ) = (𝜕𝑥1
, 𝜕𝑥2

) is the 

gradient operator, and 𝜕𝑡 =
𝜕

𝜕𝑡
 is the time derivative. In the boundary condition given in Eq. 2, 𝐧 is the normal to the 

image boundary The time 𝑡 or the variance of the Gaussian act as the scale-space parameter. Larger values of 𝑡 (or 𝜎) 
correspond to images filtered (smoothed) at coarser resolutions.  

Yet, neither linear isotropic diffusion (Eq. 1 and Eq. 2) nor Gaussian convolution (Eq. 3) are able to maintain edges i.e., 
interphases and/or interfaces across which the magnitude ‖𝛁𝑢‖  of the gradient of the intensity function 𝑢 is large. 
The reason is that these operators are space invariant [38]. As illustrated in Figure 3, contours are rapidly blurred by 

increasingly diffuse Gaussians parametrized by 𝑡 > 0 with variance 𝜎2 satisfying 𝑡 =
1

2
𝜎2 [37].  

                                                                        
2
 or heat conduction equation if an analogy is drawn between the grey level intensity 𝑢 and the temperature.  
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What is needed is a partial differential equation diffusing in a non-uniform manner in order to control the smoothing 
performed by the low pass filter illustrated in Figure 3. The approach should be based on the local properties of the 
image in order to control locally the strength of blurring. In this sense, Perona and Malik [39] [58] and Perona et al. [59] 
proposed in pioneer contributions the nonlinear directional (anisotropic) solution represented by Eq. 4 and Eq. 5 as an 
efficient alternative to Eq. 1.  

𝜕𝑡𝑢(𝐱,𝑡) = ∇. (c(‖𝛁u‖)(𝐱,t)𝛁𝑢(𝐱,𝑡)) on Ω Eq. 4 

𝑐(‖𝛁𝑢‖)(𝐱,𝑡) =
1

1 +
‖𝛁𝑢‖2

𝜅2

 Eq. 5 

In these equations, the diffusivity function 𝑐 is a positive, smooth and non-increasing function of the magnitude 
‖𝛁𝑢‖(𝐱,𝑡) of the gradient of the local grey level intensity 𝑢. Here, ‖𝛁𝑢‖(𝐱,𝑡) acts as an estimate of the localization of 

the boundaries at scale 𝑡.  

 
Figure 3. High resolution TEM micrograph of a 99.75/0.25 wt% PMMA/MAM dense blend (Figure 1) after applying the low pass 

filter described by Eq. 1 and Eq. 2, or Eq. 3. Gaussian blurring (Eq. 3) or isotropic linear diffusion (Eq. 1 and Eq. 2) do not respect 
the boundaries of the objects. Boundaries are dissipated with increasing time 𝑡, when moving towards the higher levels or 
scales of the pyramidal image.  

Let us first make clearer the directional nature of the process. Indeed, this directional nature is going to prove to be the 
key for strengthening locally contrast. Start by rewriting Eq. 4 in the form of Eq. 6 [60] [61], which also allows to make 
the link between isotropic (non-directional) linear diffusion (Eq. 1) and anisotropic (directional) nonlinear diffusion (Eq. 
4).  

𝜕𝑡𝑢 = 𝑐(‖𝛁𝑢‖)∇. (𝛁𝑢) +
𝑐′(‖𝛁𝑢‖)

‖𝛁𝑢‖
 (𝛁𝑢)𝒕. 𝐇. 𝛁𝑢 Eq. 6 

Where 𝐇 is the Hessian matrix of 𝑢, ( )𝑡 is the transpose vector and 𝑐′ is the derivative of c with respect to ‖𝛁𝑢‖.  

From Eq. 6, it is seen that when the diffusion function 𝑐 is constant, the equation reduces to Eq. 1. In the form of Eq. 6, 
the nonlinear process may be interpreted as a locally constant isotropic diffusion process combined with a direction-
dependent transport term (the second term in the right hand side of Eq. 6) [61].  

The anisotropic nature of the process becomes obvious when rewriting Eq. 6 in the form of Eq. 7 i.e., as the sum of the 
second derivatives of the intensity 𝑢 in two orthogonal directions. These directional second derivatives are noted 𝑢𝛈𝛈 

and 𝑢𝛏𝛏 in Eq. 7. The first direction has a unit vector 𝛈 =
𝛁𝑢

‖𝛁𝑢‖
 along the gradient of the local grey level intensity 𝑢. In 

other words, 𝛈 is oriented normal to the isolines of the intensity 𝑢. The unit vector in the orthogonal direction is denoted 
by 𝛏 and is normal to the gradient of 𝑢. This is to say, 𝛏 is parallel to the isolines of 𝑢 [60] [62]. In Eq. 7, the second 
derivatives are weighted by different diffusion coefficients in the two orthogonal directions (represented graphically in 
Figure 4), which demonstrates the anisotropic nature of the process.  
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{
𝜕𝑡𝑢 = 𝑐(‖𝛁𝑢‖) 𝑢𝛏𝛏 +   𝑏(‖𝛁𝑢‖) 𝑢𝛈𝛈

𝑏 = 𝑐 + ‖𝛁𝑢‖𝑐′
 Eq. 7 

 

A) 

 

B) 

Figure 4. Graphical representation of the directional coefficients weighting the diffusion process in Eq. 7 when using the 

diffusion function given in Eq. 5. A) Weighting coefficient 𝑐(‖𝛁𝑢‖) =
1

1+
‖𝛁𝑢‖2

𝜅2

 tangential to the level curves of the grey level 

intensity 𝑢. B) Weighting coefficient 𝑏(‖𝛁𝑢‖) = 𝑐 + ‖𝛁𝑢‖𝑐′ =
𝜅2(𝜅2−‖𝛁𝑢‖2)

(𝜅2+‖𝛁𝑢‖2)2  normal to the isolines of 𝑢 (Eq. 7).  

Ideally, the nonlinear diffusion process represented by Eq. 4, Eq. 6 and/or Eq. 7 should be conditional. In flat regions i.e., 
near pixels 𝐱 where ‖𝛁𝑢‖(𝐱,𝑡) is small, and therefore, where there is no edge, the diffusion should be high and isotropic 

(smoothing should be strong) and should act as a low pass filter as does Eq. 1. This is indeed the case, since the 
weighting diffusion coefficients in Eq. 7 satisfy Eq. 8 (see also Figure 4). Therefore, one is actually left with the desired 
isotropic linear diffusion in flat regions. Near pixels 𝐱 where ‖𝛁𝑢‖(𝐱,𝑡) is large i.e., near boundaries or edges, the 

diffusion should be vanishingly small in order to preserve contrast and boundaries. This is also the case since the 
weighting coefficients in Eq. 7 satisfy Eq. 9 (see also Figure 4). Thus the nonlinear process preserves regions boundaries 
because diffusion is adaptive to image data (namely ‖𝛁𝑢‖(𝐱,𝑡), which acts as an estimate of the localization of 

boundaries at scale 𝑡).  

lim
‖𝛁𝑢‖→0

𝑐 = 1, lim
‖𝛁𝑢‖→0

𝑏 = lim
‖𝛁𝑢‖→0

𝑐 + ‖𝛁𝑢‖𝑐′ = 1 Eq. 8 

lim
‖𝛁𝑢‖→∞

𝑐 = 0 , lim
‖𝛁𝑢‖→∞

𝑏 = lim
‖𝛁𝑢‖→∞

𝑐 + ‖𝛁𝑢‖𝑐′ = 0 Eq. 9 

The so far qualitative statement of small and high gradient of the grey level intensity 𝑢 is specified via the parameter 𝜅, 
in the weighting diffusion coefficients in Eq. 7 (see Figure 4 for a graphical representation). Parameter 𝜅 acts as a 
tunable soft gradient threshold or a contrast parameter. It determines which edge slopes will be preserved and which 
ones will be dissipated [63] [64]. In Figure 4, one can see that where ‖𝛁𝑢‖(𝐱,𝑡) is lower than the threshold gradient 𝜅, 

the directional weighting diffusion coefficients are high and the region is therefore locally homogenized. Where 
‖𝛁𝑢‖(𝐱,𝑡) is higher than 𝜅, the directional diffusion coefficients are lower and the region contrast is locally preserved. 

As 𝜅 is decreased, this bascule between the two regimes is shifted towards smaller gradients of the intensity function 𝑢. 
This is illustrated in Figure 4 where 𝜅 takes two values (1 and 3). Therefore, 𝜅 distinguishes regions requiring high or low 
diffusion. This constant 𝜅 can be fixed by hand at some fixed value or using, for example, a noise estimator [65] [66] 
[67]. More information on this issue is provided below.  

Yet, edges or boundaries (contrast) at coarser resolutions (at larger values of the scale-space parameter 𝑡) shall be 
sharpened and not only maintained. Edge contrast enhancement actually follows from the directional coefficient 
weighting diffusion normal to the isolines of 𝑢. As illustrated in Figure 4.B, this directional diffusion coefficient 
(𝑏(‖𝛁𝑢‖) = 𝑐 + ‖𝛁𝑢‖𝑐′) turns negative in the neighborhood of the steepest region of a marked discontinuity (edge) 
(where ‖𝛁𝑢‖(𝐱,𝑡) is higher than 𝜅) [68]. In such a situation, Eq. 7 behaves locally as an inverse diffusion equation normal 

to step-edges. In other words, diffusion is running backwards and step-edges (edges whose contrast is larger than 𝜅) are 
steepened [69].  

Eq. 4 was discretized by finite differences by means of a cheap and simple explicit numerical scheme [62] [70] as  
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𝑢(𝐱,𝑡+𝑑𝑡) − 𝑢(𝐱,𝑡)

𝑑𝑡
= ∑

1

𝑑𝑥𝑖
2 (c

(𝐱+
𝑑𝑥𝑖

2
 𝐞𝐢,   𝑡) 

(𝑢(𝐱+𝑑𝑥𝑖 𝐞𝐢,   𝑡) − 𝑢(𝐱,   𝑡)) ⋯

𝑖

− c
(𝐱−

𝑑𝑥𝑖
2

 𝐞𝐢,   𝑡) 
(𝑢(𝐱,   𝑡) − 𝑢(𝐱−𝑑𝑥𝑖 𝐞𝐢,   𝑡))) 

Eq. 10 

where 𝑑𝑥𝑖  is the pixel size along the Cartesian direction 𝑖 of unit vector 𝐞𝐢.  

The Supporting Information (Numerical discretization) can be consulted for more information on the numerical 
discretization method. The above discretized equation is written below in a more compact form where 𝛿𝑢(𝐱,𝑡) denotes 

the right hand side of Eq. 10.  

𝑢(𝐱,𝑡+𝑑𝑡) = 𝑢(𝐱,𝑡) + 𝛿𝑢(𝐱,𝑡) × 𝑑𝑡 Eq. 11 

The whole explicit scheme consisted in iterating Eq. 11 whereby the grey level values at 𝑡 + 𝑑𝑡 are directly calculated 
from values at 𝑡 without solving any system of equations. This explicit iterative scheme is therefore computationally 
very cheap. Convergence of the iterative algorithm is declared when the residual 𝛿𝑢(𝐱,𝑡) × 𝑑𝑡 in Eq. 11 tends towards 

a vanishingly small value.  

2.4.3.2 Parametrization of the nonlinear filter for edge enhancement 

Practically, once numerically discretized (Eq. 10 and Eq. 11), use of this directional adaptive diffusive filter only requires 
to set four parameters: the time step 𝑑𝑡 i.e., the duration of each iteration, the time 𝑡 during which diffusion takes its 
course, the choice of a diffusion function 𝑐 e.g., Eq. 5, and the contrast parameter 𝜅 entering in the definition of the 
diffusion function. The four parameters are not independent of each other.  

Setting the value of the time step 𝑑𝑡 is not a difficulty. In 2D with 4-connected neighbors, the stability of the explicit 
scheme allows a time step 𝑑𝑡 not exceeding 0.2 [67]. The smaller is 𝑑𝑡, the smaller is the difference between two 
successive images at 𝑡 and 𝑡 + 𝑑𝑡 and the larger is the number of iterations and CPU time to reach time length 𝑡 (the 
scale level of size 𝑡).  

Evaluating the appropriate time length 𝑡 is also not difficult. Yet, it is more subjective. Recall that images are composed 
of a small number of semantic scale levels of description. A finite interval of the scale-space parameter 𝑡 corresponds to 
each of these semantic levels, including the level of description at which the interfaces or interphases of interest can be 
better perceived (are virtually reconstructed). Time length 𝑡 is identified a posteriori by sweeping out the scale-space 
image 𝑢(𝒙, 𝑡).  

In the authors’ experience, the diffusion function provided in Eq. 5 brings the sought local contrast enhancement in 
most instances. Unless specified otherwise, Eq. 5 was systematically used in this work. Yet, the choice of the diffusion 
function is not unique and some would argue that this choice shall be guided by the characteristics of the image. In this 
sense, Eq. 12 provides another diffusion function, also proposed by Perona and Malik [39]. See Figure 5 for its graphical 
representation.   

𝑐(‖𝛁𝑢‖)(𝐱,𝑡) = e
−(

‖𝛁𝑢‖
𝜅⁄ )

2

 Eq. 12 

The diffusion function in Eq. 12 shows a steeper evolution with ‖𝛁𝑢‖ than the function in Eq. 5 at a fixed value of the 
contrast parameter 𝜅 (compare Figure 4 to Figure 5). Thus, blurring is stronger when using Eq. 5. At large values of the 
scale-space parameter 𝑡, the scale-space images produced using Eq. 5 or Eq. 12 will be different; the function in Eq. 5 
privileges wide regions over smaller ones, while the function in Eq. 12 privileges high contrast edges over low contrast 
ones [39].  
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A) 

 

B) 

Figure 5. Graphical representation of the directional coefficients weighting the diffusion process in Eq. 7 when using the 

diffusion function given in Eq. 12. A) Weighting coefficient 𝑐(‖𝛁𝑢‖) = 𝑒− (
‖𝛁𝑢‖

𝜅⁄ )
2

 tangential to the isolines of the intensity 

function 𝑢. B) Weighting coefficient 𝑏(‖𝛁𝑢‖) = 𝑐 + ‖𝛁𝑢‖𝑐′ = (1 − 2 (
‖𝛁𝑢‖

𝜅⁄ )
2

) 𝑒− (
‖𝛁𝑢‖

𝜅⁄ )
2

 normal to the isolines of 

𝑢 (Eq. 7). 

The choice of the threshold parameter κ entering in the diffusion function (Eq. 5 or Eq. 12) is decisive. This threshold 
parameter acts as an edge-strength threshold. If its value is too high, the diffusion process will oversmooth and lead to 
a blurred image. If κ is too small, the diffusion process will stop smoothing too early, leading to a filtered solution too 
close to the original image [71]. The suitable value for κ may be chosen on the basis of the local standard deviation of 
the image (calculated over a sliding small window of size 𝑚 × 𝑚 pixels). Recall that the local standard deviation of an 
image may be related to the noise level in the image. Gerig et al. estimated noise level as the lowest local standard 
deviation in the background and in the foreground [66]. Their idea was that a local area showing the smallest grey level 
dispersion represents a homogeneous i.e., flat region where there is no edge. Schulze reports that noise level can also 
be estimated as the local standard deviation corresponding to the highest peak of the histogram of the local standard 
deviation of an image [67]. There, the idea is that values of the local standard deviation produced from edges shall 
spread throughout the histogram, while those resulting from noise shall concentrate over a narrow range of low values. 
When κ is estimated in relation with noise level, the authors’ experience suggests to choose a value smaller than the 
estimation based on the local dispersion of the grey level intensity. Indeed, as time 𝑡 increases, noise level decreases 
and some edges may be removed if κ is too high. This is all the more true that κ is a soft gradient threshold. More 
precisely, the bascule between the two regimes (high diffusion versus low / inverse diffusion) is not sharp but occurs 
over a range of edge slopes (Figure 4 and Figure 5). In any case, tuning κ necessitates a bit of practice. Other heuristic 
strategies from those recalled above may be preferred including the manual trial and error approach on sub images.  

2.4.3.3 Stability of the nonlinear filter  

It shall be acknowledged that the proposed solution for local contrast steepening has been qualified by some as an 
unstable process i.e., an ill-posed process, which can amplify noise and/or generate ripples [72] [73] [74] [75] [76] [77] 
[78]. From the mathematical point of view i.e., within the variational formalism whereby Eq. 4 is expressed as the 
minimization of an energy surface [68] [79], these authors are right. Indeed, Eq. 4 can be qualified as ill-posed when 
using either of the diffusion functions in Eq. 5 or Eq. 12. Ill-posedness is reflected in Eq. 7 where the directional 
coefficient 𝑏 = 𝑐 + ‖𝛁𝑢‖ 𝑐′ normal to the isolines of 𝑢 turns negative where ‖𝛁𝑢‖(𝐱,𝑡) is high in the vicinity of the 

steepest region of a marked edge (Figure 4.B and Figure 5.B). The mathematical view point being acknowledged, let us 
consider the practical viewpoint. Practically, the simple discretization of Eq. 4 in the form of Eq. 10 using unstable 
diffusion functions (Eq. 5 or Eq. 12) is found numerically stable. This stable behavior may be explained by the maximum 
principle [39] in the original sense of Nirenharg [80].  

For sake of completeness, two stable diffusion functions are provided below. When fitted in Eq. 4, these functions 
make the diffusive process mathematically well-posed. A stable diffusion function is a diffusion function 𝑐 whose 
associated weighting coefficient 𝑏 = 𝑐 + ‖𝛁𝑢‖ 𝑐′ normal to the isolines of 𝑢 remains positive in the vicinity of a 
marked edge. The first stable diffusion function (Eq. 13) has been proposed by Green [81] (see also Tschumperlé and 
Deriche [82]) and the second (Eq. 14) is due to Charbonnier et al. [83].  
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𝑐(‖𝛁𝑢‖)(𝐱,𝑡) =
tanh (

‖𝛁𝑢‖
𝜅

)

𝜅‖𝛁𝑢‖
 

Eq. 13 

𝑐(‖𝛁𝑢‖)(𝐱,𝑡) =
1

𝜅2√(1 +
‖𝛁𝑢‖2

𝜅2 )

 
Eq. 14 

In the authors’ opinion, these two stable diffusion functions, which only preserve but do not sharpen step-edges are far 
less appropriate than unstable functions (Eq. 5 or Eq. 12) within the current quest for improved contrast.  

2.4.3.4 Binarization  

After nonlinear contrast enhancement, all subsequent digital image processing was done in the Aphelion Dev 
environment.  

After application of the nonlinear filter reviewed above, the filtered images 𝑢(𝒙, 𝑡) were typified by a high enough 
contrast ratio between objects (foreground) and the background. This allowed to binarize all samples by a simple direct 
threshold of the grey level histogram (with no need to have any skills in image processing) e.g., Figure 6.A.  

  
Figure 6. Automatic binarization of micellar objects sampled in a TEM micrograph of a 99.75/0.25 wt% PMMA/MAM blend 
precursor (see also Figure 1 at a higher magnification). A) After running the nonlinear directional filter (Eq. 4) over the original 
image 𝑢(𝐱) to sharpen contrast, nanostructures in the filtered image 𝑢(𝒙, 𝑡) could be segmented by a simple threshold of the 

grey level histogram. In this display, the level set corresponding to the threshold value is superimposed in cyan upon the 
original image. B) Automatic disconnection of overlapping nanostructures in A) (see the insets).  

Before thresholding, the filtered image 𝑢(𝐱,𝑡) was if necessary corrected for shading (uneven background matrix) using 

division of the filtered mage by a bright image according to Eq. 15. Then, the relevant grey level cut-off value could be 
searched manually or in an automated way, for example, in the manner of Kapur et al. as the grey-level that maximizes 
the entropy of the grey-level histogram [84]. Figure 6.A illustrates the automatic binarization step.   

𝑢(𝐱,𝑡)
𝐶𝑜𝑟𝑟𝑒𝑐𝑡𝑒𝑑 =

𝑢(𝐱,𝑡)

𝑏𝑙𝑎𝑛𝑘(𝐱,𝑡)
× 𝐶 Eq. 15 

where the blank field image 𝑏𝑙𝑎𝑛𝑘(𝐱,𝑡) is built by convolving 𝑢(𝐱,𝑡) by a large Gaussian kernel and 𝐶 is a normalization 

constant.  

2.4.3.5 Local size measurements 

In a binarized image, adjacent nanostructures may touch or partially overlap (see inset in Figure 6.A). Instances of this 
should be considered for an appropriate statistical characterization of the size of the segmented elementary 
nanostructures. Where necessary, overlapping nanostructures should therefore be separated before performing local 
size measurements. A region growing approach was used to deal with partitioning of mingled nanostructures [85]. 
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More precisely, a seeded watershed decomposition of the gradient transform of the binary image was performed [86] 
[87]. The markers of the objects (the seeds) were the minima of the inverse of the distance function. This algorithm 
requires hole filling as a prerequisite. Thus, holes (including the core of the segmented core-shell nanostructures) were 
filled by applying a closing by reconstruction. Efficiency of the splitting algorithm is illustrated in Figure 6.B.  

After automatic disconnection of overlapping objects, the binary images were perfectly suited to the automatic 
measurement of object sizes The diameter 𝐷(𝑂) of every object 𝑂 was automatically derived from measurement of 

the object perimeter 𝑃(𝑂) (𝐷 =
𝑃

𝜋
). As recalled elsewhere [88], measuring the perimeter is not an easy matter in a 

digital 2D image. Simple methods such as counting the number of boundary pixels lead to important errors. As an 
alternative, the Crofton method was used. As expressed by Eq. 16 in the Euclidean space, the Crofton method is based 
on integrating for all affine lines 𝐿 in the plane the Euler-Poincaré characteristic 𝜒 of 𝑂 ∩ 𝐿, where 𝑂 ∩ 𝐿 is the 
intersection of the line 𝐿 with the object 𝑂 [89] [90].  

𝑃(𝑂) = 𝜋 ∫ 𝜒(𝑂 ∩ 𝐿)𝑑𝐿
ℒ2

 Eq. 16 

Where ℒ2 is the set of all affine lines 𝐿 in the plane, and where the Euler-Poincaré characteristic 𝜒 is half the intercept 
number of object 𝑂 with lines of various orientation and position.  

The Crofton formula (Eq. 16) is easy to apply to digital binarized images [89] [90] [91]. The integral over lines in Eq. 16 is 
decomposed into a sum over a finite set of directions and a sum over all lines parallel to each direction. The perimeter 
was numerically estimated by considering horizontal and vertical lines and also the diagonals (four directions) as:  

𝑃(𝑂) ≈
𝜋

4
∑

𝜒(𝑂 ∩ 𝐿𝑘)

𝜆𝑘

4

𝑘=1

 Eq. 17 

where 𝜆𝑘 is the density of the lines in direction 𝑘 and 𝐿𝑘 is the set of all discrete lines in direction 𝑘. The density 𝜆𝑘 is 
computed as the ratio of the distance between two neighbor pixels with the area of a pixel. It takes a value of 1 in the 

horizontal and vertical directions against √2 along the diagonals.  

Using Eq. 17, the diameter of each and every of the objects (𝑂) segmented in an image could be estimated as 

𝐷(𝑂) =
𝑃(𝑂)

𝜋
 and the object size (diameter) distribution could be determined in a fully automatic manner.  

3. RESULTS AND DISCUSSION  

Fully automated image analysis methods are capable of delineating very rapidly a very large number of objects. Yet, in 
some instances, they may lead to imprecise structural characterization of multiphase materials. In such instances, this is 
almost always due to the ubiquitous inhomogeneous and/or deficient contrast ratio between phases, which is a major 
source of possible error in any automatic binarization [50]. On the other hand, representative structural statistical 
characterizations are difficult to achieve otherwise than via the automated route. In this sense, the nonlinear diffusive 
filter reviewed above, deemed to further enhance contrast between phases, shall promote the safe use of fully 
automatic methods. In what follows, this versatile filter is applied to images of multiphase acrylate micro-nano 
structured materials before and after scCO2 foaming. It is shown that after running the filter, the solution image can be 
accurately binarized by a simple threshold of the histogram. Representative statistical size distribution of the objects 
(BCP nanostructures and foam cells) are then derived from the binarized images.  

The PMMA/MAM systems illustrated in this study are typified by a MAM content ranging from 0.25 wt% to 10 wt%. All 
blend precursors show nanosized phase-separated BCP domains dispersed in the PMMA matrix, although these 
domains are out-of-equilibrium. This is consistent with Bernardo et al. who observed phase separation down to 0.1 
wt% of MAM [24] i.e., close to the CMC for these blends. One purpose of using a very low amount of MAM is to 
decrease noticeably the relative density  of the final foam [24].  

3.1 Nanostructuration of the solid blends 

Figure 7 illustrates the proposed numerical strategy for edge enhancement in the case of the solid 99.75/0.25 wt% 
PMMA/MAM blend precursor shown in Figure 1. When the nonlinear diffusive filter is run over a large enough time 𝑡, 
the achieved solution 𝑢(𝐱,𝑡) tends to a piecewise constant solution (Figure 7). It shall be noted that such piecewise 

constant solution image (Figure 7) is rather different from the original continuous image 𝑢(𝐱) (Figure 1). This distinctive 

feature has been criticized by some [63] and it is important to address this issue. Here, the main point is not to improve 
the quality of the original image 𝑢(𝐱). The aim is to propose a solution image 𝑢(𝐱,𝑡), which eases the subsequent 
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automatic binarization step. In this sense, reconstructing a virtual image such as Figure 7, which represents a simplified 
image at a lower resolution with sharper step-edges separating clearly phases is here the very goal. Indeed, this eases 
greatly the subsequent binarization. In other words, a piecewise constant image such as Figure 7 may be viewed as 
already closer to the target binary image (which is also piecewise constant) than to the original image.  

 
Figure 7. TEM micrograph of a 99.75/0.25 wt% PMMA/MAM dense blend after applying to Figure 1 the nonlinear diffusive 
filter given in Eq. 4. Gaussian blurring (isotropic linear diffusion) applies selectively to flat regions (PMMA matrix) which are 
dissipated, while the boundaries and the contrast of the nanostructures are enhanced with increasing time 𝑡 i.e., when 
decreasing the resolution of the original image.  

In the sharpened image in Figure 7 (where dispersion of the grey level intensity 𝑢 is now mostly explained by enhanced 
step-edges between homogenized phases), the segmentation of nanostructures standing out plainly from a flat 
background becomes straightforward. Segmentation was accomplished through a simple threshold of the grey level 
histogram (Figure 8).  

 
Figure 8. Binarized (0 -1) counterpart of the grey level image shown in Figure 7 using a simple threshold of the grey level 
histogram. The segmented nanostructures (labeled with a 1 value) are displayed in cyan, superimposed upon the original 
image (Figure 1) rather than leaving in transparency the 0-valued background PMMA matrix.  

Note that in Figure 8, a filter based on connectivity i.e., an opening by reconstruction (a filter which preserves contours 
[92]) was run after thresholding to remove the smallest islands considered as noise in the binarized image.  

For robust statistics, several micrographs acquired at different magnifications were systematically binarized e.g., Figure 
6 and Figure 8. This enabled calculation of the diameter of several thousand nanostructures for this sample. The 
resulting size distribution is given in Figure 9.  
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Figure 9. Size distribution of micellar objects (99.75/0.25 wt% PMMA/MAM dense blend precursor) automatically determined 
from binarized TEM micrographs e.g., Figure 6.B and Figure 8. In this display, the finite size interval bins of the frequency 
histogram of the nanostructure diameters are schematically represented as a continuous distribution of the nanostructure 
percentile as a function of nanostructure size. The vertical full scale is set to the highest micelle percentile of the original 
frequency histogram. The average size of the nanostructure derived from this statistical distribution is 𝐷̅𝑛𝑎𝑛𝑜𝑠𝑡𝑟𝑢𝑐𝑡𝑢𝑟𝑒 =
27 𝑛𝑚 ± 1  𝑛𝑚.  

Availability of the representative statistical size distribution given in Figure 9 is a central point for understanding and 
optimizing the foaming process. For example, it is well known that overlapping between cell nucleation and growth 
during foaming shall be minimized, in particular in view of producing all nanosized foams [20] [93] [94] [95] [96]. From 
Figure 9, one can confidently argue that the relative narrowness of the nanostructure size distribution shall contribute 
to minimize any potential overlap time between cell nucleation and growth during foaming. That is to say, from the 
compounding viewpoint, the observed tight size distribution of the nucleants (Figure 9) supports that the latter shall 
activate over a very short time interval and grow all together to a fairly uniform cell size [97] [98]. 

Figure 10.A shows a TEM micrograph of a (PTA-stained) PMMA/MAM solid precursors with a higher MAM content (10 
wt%) than in Figure 1. Interestingly, Figure 10.A supports that coloration by liquid diffusion such as PTA liquid staining 
produces essentially a surface selective staining. PTA would preferentially rise from the nanostructures intercepted by 
the ultra-thin slice surface so that surface-nanostructures are the most contrasted. Since nanostructures essentially do 
not percolate downwards i.e., do not form continuous flow paths for PTA through the thickness of the slice, 
nanostructures deeper-lying in the thickness would be hardly or not at all colored (Figure 10.A). In such an instance, the 
derivation of the nanostructures volumetric number density 𝑁𝑛𝑎𝑛𝑜𝑠𝑡𝑟𝑢𝑐𝑡𝑢𝑟𝑒  (number of nanosized domains/cm

3
) shall 

be based on the stereological formula given in Eq. 18, where 𝑛 is the number of surface-nanostructures segmented in 
an image and 𝐴 is the area of the digital image in cm

2
. 

𝑁𝑛𝑎𝑛𝑜𝑠𝑡𝑟𝑢𝑐𝑡𝑢𝑟𝑒 = (
𝑛

𝐴
)

3
2⁄

 Eq. 18 

The proposed method of image optimization by selective local contrast enhancement allows to straightforwardly and 
automatically binarize surface-nanostructures, consistently with the stereological formula given in Eq. 18. As shown in 
Figure 10.B, when run over a long enough time 𝑡 with a high enough contrast parameter κ, the nonlinear diffusive filter 
leads to a piecewise constant image where only the darker surface nanostructures are preserved and further enhanced 
for the subsequent binarization (Figure 10.C). To achieve this, the diffusive function provided in Eq. 12 was used.  

Figure 10.B clearly illustrates how information content selectively decreases towards higher levels of description 
(coarser resolutions). Boundaries and edges (the zero-crossings of the Laplacian of the image) are moved when 
sweeping out the scale-space image 𝑢(𝐱, 𝑡) (when increasing the time-scale parameter 𝑡). In this sense, the material 
may be viewed as virtually reconstructed.  

 
Figure 10. A) High magnfication TEM micrograph (local area) showing the nanostructuration of a 90/10 wt% PMMA/MAM solid 
blends after PTA staining. B) Filtered image representing a simplified image at a coarser resolution with sharper boundaries 
after running over the original micrograph the nonlinear filter (Eq. 4) using the diffusion function in Eq. 12. C) Segmented 
counterpart of image B) by simple thresholding of the grey level histogram. The level set corresponding to the threshold values 
is superimposed in cyan upon the original images A).  
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This method of image optimization can be applied to many other polymer blends e.g., SBS, SEBS, SMA, SMMA or 
composites doped with nanocharges such as carbon nanotubes or nano clays, including systems with smoother 
interfaces (interphases) as encountered for example in high magnification TEM images of polyolefin blends [27]. In the 
latter case, the soft gradient threshold 𝜅 entering in the definition of the diffusion function should take a value lower 
than the edge slope of the smooth surface between inclusions and matrix. Yet, a too low value for 𝜅 may carry with it 
the possible risk of enhancing also noise.  

More generally, the efficiency of the method shall depend upon the upstream steps determining the initial level of 
contrast: on the one hand, the contrast method e.g., 𝑅𝑢𝑂4 vapor stain, 𝑅𝑢𝑂4 liquid stain, 𝑂𝑠𝑂4 staining, PTA liquid 
stain or n-hexane etching [27] [48] [53] [54] [55] [99], and on the other hand, the imaging method (e.g., SEM, TEM, 
energy filtered TEM, atomic force microscopy (AFM) or confocal scanning laser microscopy), whose choice is material 
dependent. In any case, the proposed method of interface/interphase enhancement, operating downstream in the 
contrast formation chain, is far less material-dependent than the upstream staining and imaging stages.  

3.2 Cellular structure 

Figure 11 is another illustration of the general interest of the proposed image optimization method for local contrast 
ratio enhancement. The filtered image (Figure 11.B) is, here again, a piecewise constant solution representing a 
simplified image at a lower resolution with sharper interfaces between foam cells and solid lattice. At cell walls, the 
ridge contrast contributing to the overall topographical contrast (cf Section 2.4.2) is clearly heightened. The darker grey 
levels, which typify cells floor (due to combined shading and inclination contrast contributions to the overall contrast; 
Section 2.4.2), are smoothed and lowered. The subsequent segmentation of foam cells standing out from a much 
brighter solid lattice could be accomplished via a simple threshold of the grey level histogram (Figure 12).  

 
Figure 11. A) Local zoom (see blue blox in Figure 2) in a SEM micrograph of a foam produced from 99.75/0.25 wt% 
PMMA/MAM precursor (Figure 1) at a scCO2 pressure of 30 MPa and at 60°C for the saturation stage and using a pressure drop 
rate of 0.5 MPa/s. B) Local zoon in the enhanced image after applying to Figure 2 the nonlinear diffusive filter given in Eq. 4 and 
Eq. 5. Gaussian blurring applies selectively to flat intra-phase regions, which are homogenized, while interphase contrast is 
further steepened  
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Figure 12. Binarized counterpart of the grey level image 𝑢(𝐱, 𝑡) locally illustrated in Figure 11.B by simple thresholding of the 
histogram. The level set corresponding to the threshold value is superimposed in cyan upon the original image 𝑢(𝐱) (Figure 2). 
See Figure 13 for the white box.  

Contiguous cells are highly interconnected in this series of open foams. The numerous instances of this were 
systematically considered for an accurate statistical characterization of cell sizes. Touching pores were separated using 
the region growing approach recalled in section 2.4. The efficiency of the splitting strategy is illustrated in Figure 13. 
After partitioning of mingled objects (pores), object sets like the one in Figure 12 were appropriate for measurement of 
the cell size distribution (Figure 14).  

 
Figure 13. Partitioning of mingled pores. Close-up of the area bounded by the white box in Figure 12. The porosity segmented 
by thresholding the grey level histogram of the filtered image is represented in cyan in Figure 13.A superimposed upon the 
original image (Figure 13.C). Figure 13.A is not yet appropriate for the statistical characterization of pore sizes, since numerous 
individual pores touch or overlap. Touching/overlapping cells in Figure 13.A must be separated before performing size 
measurement. This is done in Figure 13.B relying on the standard region growing approach recalled in section 2.4.  

 

Figure 14. Cell size distribution of a foam (Figure 2) produced from a 99.75/0.25 wt% PMMA/MAM blend precursor (Figure 1) 
The size distribution was determined from the binarized micrograph in Figure 12. The average size of the cells derived from this 
statistical distribution is 𝐷̅𝑐𝑒𝑙𝑙 = 461 𝑛𝑚 ± 54  𝑛𝑚.  

The proposed approach is particularly well suited to the characterization of multimodal samples including different 
scales of porosity. Figure 15 shows a foam produced from a 99.5/0.5 wt% PMMA/MAM precursor. The qualitative 
appraisal of Figure 15 indicates occurrence of a twofold porosity made up of two cell populations of quite different size 
and number density. In such an instance, carrying cell size characterization at a single resolution (e.g., that of Figure 15) 
would be at the expense of representativeness (by number) for the larger cells, far less numerous than the smaller 
ones. Relying on the proposed nonlinear filter, the quantitative calculation of the size distribution of the large cell 
population (Figure 16) was performed over a lower magnification SEM micrograph (Figure 17) for the robust sampling 
of large objects.  

The observed discrete occurrence of larger cells in this foam sample (Figure 15 and Figure 17) produced from a 99.5/0.5 
wt% PMMA/MAM solid blend precursor may be explained as follows: when effective nanostructures are too few (low 
MAM content in the precursor) they may not allow to depress rapidly enough supersaturation by cell growth at 
nanostructures sites. In this situation, homogeneous nucleation may locally occur in parallel with heterogeneous 
nucleation [98].  
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Figure 15. Cellular structure of a foam produced from a 99.5/0.5 wt% PMMA/MAM blend precursor at a scCO2 pressure of 30 
MPa and at 60°C for the saturation stage and using a pressure drop rate (PDR) of 0.5 MPa/s.  

 
Figure 16. Cell size distribution of the large cell population locally illustrated in Figure 15. The size distribution was determined 

on a low magnification micrograph (Figure 17) for the robust sampling of the quite sparse large objects ( 1% by number of all 
cells). The average size of this large-sized cell population derived from the statistical size distribution is 𝐷̅𝑙𝑎𝑟𝑔𝑒 𝑐𝑒𝑙𝑙 = 1490 𝑛𝑚.  

  
Figure 17. Binarization of the large-sized cell population in a bimodal foam including numerous small-sized cells and sparse 
large-sized cells, both dispersed in a solid polymeric lattice. The sample was produced from a 99.5/0.5 wt% PMMA/MAM 
acrylic precursor at a scCO2 pressure of 30 MPa and 60°C for the saturation stage, followed by a PDR of 0.5 MPa/s to trigger 
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foaming. A) Original low magnification SEM micrograph 𝑢(𝐱) (local zone) B) Filtered micrograph 𝑢(𝐱, 𝑡). The contrast of large 
objects is clearly enhanced after applying to A) the diffusive filter of interest to this paper. Flat regions (greyish / speckle 
background formed by the poorly small cell population at this low magnification) are selectively homogenized. In this display, 
the filtered micrograph 𝑢(𝐱, 𝑡) was post processed by standard histogram stretching to better visualize the beneficial action of 
the filter. C) Binarized (0 – 1) counterpart of the filtered image in B) after simple thresholding. The segmented large-sized cells 
are displayed in cyan, superimposed upon the original image A). The cell size distribution of the segmented objects is given in 
Figure 16.  

Figure 18 illustrates the exactness of labeled (segmented) void cells using the proposed approach. The porous material 
in Figure 18 was foamed  from a 90/10 PMMA/MAM acrylate blend precursor. It includes both nanosized and 
microsized porous cells. This two-scale structuration, observed at a high MAM content of 10 wt%, is most probably 
produced by serial nucleation mechanisms and is expected to be advantageous for thermal insulation applications [20].  

 
Figure 18. A) Local illustration of a foam sample produced from a 90/10 wt% PMMA/MAM solid precursor saturated with 
scCO2 at 40°C and 30 MPa and foamed in one-step batch foaming with a PDR of 0.5 MPa/s. B) Segmented cells include inter 
skeletal microsized pores (in cyan) versus intra skeletal nanosized pores (in magenta). Such an accurate delineation of bimodal 
micro-nano cells could be achieved relying on the nonlinear diffusive filter reviewed in this work.  

To all intents and purposes, the proposed methodology is as an efficient, versatile and simple alternative solution (only 
four parameters need to be set) to accurately evaluate the size and density of objects (nanostructures, porous cells) 
across digital images at several scales, taking into account a very large number of objects.  

4. CONCLUSION 

Understanding the respective impact of material formulation (e.g., block copolymer (BCP) content and size) and 
process factors for optimizing a foaming process is largely facilitated when the structuration of the input and output 
materials (which can be qualitatively appraised in digital micrographs) are quantified in terms of representative 
statistical size distributions. Examples are given in this work for both the nanostructures (BCP) in the unfoamed 
precursor and the porous cells in the final foam. Structural characteristics derived from those size distributions e.g., 
average cell size and cell number density are then of great help to correlate the micro-nano porous structure to the 
physical properties of the foam.  

Prior to calculating the size distribution of an object set (BCP nanostructure or porous cell), the latter must be accurately 
segmented. In most instances, this is a tedious procedure (since the appropriate image treatment is in general image-
dependent), which also requires specific skills in image analysis. An alternative route is proposed in this work. It consists 
in enhancing first the contrast of the object set sampled in a (series of) digital micrograph(s), so that the subsequent 
automatic segmentation is as simple as possible e.g., simple threshold of the grey level intensity histogram.  

To do so, a multiscale (multiresolution) description of electronic images is assumed. The selected approach builds on 
the so-called scale-space filtering. According to this formalism, the original image is filtered over coarser resolutions 
(larger scale levels of description) relying on a diffusion process whereby the local grey level intensity spreads across the 
image pixels. More precisely, a nonlinear scale-space is used where diffusion of the grey level intensity is directional and 
locally adaptive to image data.  

The application of this approach to polymer science is new to the best of the authors’ knowledge. In the use made here 
of this approach, what may has been perceived as a weakness in other disciplinary fields (e.g., image denoising or image 
restoration) is put to profitable use.  

Running over a digital grey level image this directional adaptive diffusion equation is shown to lead to efficient 
enhanced reconstructions of the objects of interest (nanostructures or pores) at large values of the time 𝑡 of the 
diffusive process. The solution image is shown to ease greatly the subsequent automatic segmentation step and 
calculation of representative size distributions. The intent of the authors is that this methodology can be useful to and 
further applied to polymer science.  
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Several physical insights may be drawn from the phase-separation morphology quantifications illustrating this 
methodological work.  

At low MAM content, close to CMC, the PMMA/MAM systems show a tight size distribution of phase-separated BCP 
domains (Figure 9). This shall a priori favor nucleants activating over a very short time interval and growing in tandem 
during one-step scCO2 batch foaming, leading thereby to lightweight foams of uniform cell size. This expectation is here 
only qualitatively met, as revealed by the somewhat loose cell size distribution in Figure 14 due to use of a rather high 
saturation temperature (𝑇𝑠𝑎𝑡 = 60°C), which does not minimize cell growth and coalescence. This substantiates all 
the interest of disposal of representative size distributions for understanding and optimizing a foaming process.  

TEM observations (Figure 10.A) support that PTA liquid stain of the soft PBA block of MAM would be mostly a surface 
selective coloration. The current method of image optimization permits to segment straightforwardly the surface 
nanodomains (Figure 10.B and Figure10.C) and thereby, to assess consistently the nanodomains volumetric number 
density using the stereological formula in Eq. 18. The issue of using a stereological framework for quantifying 
nanodomains in liquid stained TEM preparations of PMMA/MAM blends has never been raised to the best of the 
authors’ knowledge.  

The approach is very suited to the characterization of multimodal samples including different scales of porosity. Close to 
CMC, bimodality is most probably ascribed to parallel nucleation mechanisms. At higher MAM content, the accurately 
delineated bimodality (Figure 18) reflects serial nucleation mechanisms [20].  

Supporting Information: Numerical discretization 
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APPENDIX 

NUMERICAL DISCRETIZATION 

The nonlinear process in its form given in Eq. 4  was developed as  

𝜕𝑡𝑢(𝐱,𝑡) = ∑ 𝜕𝑥𝑖
(c(𝐱,𝑡) 𝜕𝑥𝑖

𝑢(𝐱,𝑡))

𝑖

 Eq. 19 

This equation was discretized by finite differences by means of a simple explicit numerical scheme as  

𝑢(𝐱,𝑡+𝑑𝑡) − 𝑢(𝐱,𝑡)

𝑑𝑡
≃ ∑

1

𝑑𝑥𝑖
𝜕𝑥𝑖

(c(𝐱,𝑡) (𝑢
(𝐱+

𝑑𝑥𝑖
2

 𝐞𝐢,   𝑡)
− 𝑢

(𝐱−
𝑑𝑥𝑖

2
 𝐞𝐢,   𝑡)

))

𝑖

 Eq. 20 

𝑢(𝐱,𝑡+𝑑𝑡) − 𝑢(𝐱,𝑡)

𝑑𝑡
= ∑

1

𝑑𝑥𝑖
2 (c

(𝐱+
𝑑𝑥𝑖

2
 𝐞𝐢,   𝑡) 

(𝑢(𝐱+𝑑𝑥𝑖 𝐞𝐢,   𝑡) − 𝑢(𝐱,   𝑡)) ⋯

𝑖

− c
(𝐱−

𝑑𝑥𝑖
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 𝐞𝐢,   𝑡) 
(𝑢(𝐱,   𝑡) − 𝑢(𝐱−𝑑𝑥𝑖 𝐞𝐢,   𝑡))) 

Eq. 21 

where 𝑑𝑥𝑖  is the pixel size along the Cartesian direction 𝑖 of unit vector 𝐞𝐢.  

In Eq. 21, the diffusion function 𝑐(‖𝛁u‖) is to be evaluated at points 𝐱 ±
𝑑𝑥𝑖

2
 𝐞𝐢 located at (the middle of) the 

boundary between two adjacent pixels. The diffusion being a function of the sole gradient of the intensity u, one could 
write  

𝑐(‖𝛁u‖)
(𝐱±

𝑑𝑥𝑖
2

 𝐞𝐢,   𝑡) 
= 𝑐 (‖𝛁u‖

(𝐱±
𝑑𝑥𝑖

2
 𝐞𝐢,   𝑡)

) Eq. 22 

Therefore, a proper discretization of the gradient at the boundary between two pixels should be proposed. A gradient 
approximation by central differences gave  
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2

 𝐞𝐢,   𝑡) 
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2
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2
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2𝑑𝑥𝑗
)

2

𝑗

 Eq. 23 

In the last term of this equation, the intensity 𝑢 is to be evaluated at points 𝐱 ±
𝑑𝑥𝑖

2
 𝐞𝐢 + 𝑑𝑥𝑗𝐞𝐣 and 𝐱 ±

𝑑𝑥𝑖

2
 𝐞𝐢 −

𝑑𝑥𝑗𝐞𝐣 i.e., at the boundary between pairs of pixels. This was done by taking the average of the intensity 𝑢 of the two 

adjacent pixels and the sought suitable discretization for the gradient ‖𝛁u‖
(𝐱±

𝑑𝑥𝑖
2

 𝐞𝐢,   𝑡) 
 at the boundary between two 

pixels reads  

‖𝛁u‖
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2
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= √∑

1

4𝑑𝑥𝑗
(𝑢(𝐱±𝑑𝑥𝑖 𝐞𝐢+𝑑𝑥𝑗𝐞𝐣,𝑡) + 𝑢(𝐱+𝑑𝑥𝑗𝐞𝐣,𝑡) − 𝑢(𝐱±𝑑𝑥𝑖 𝐞𝐢−𝑑𝑥𝑗𝐞𝐣,𝑡) − 𝑢(𝐱−𝑑𝑥𝑗𝐞𝐣,𝑡))

2

𝑗

 Eq. 24 

This expression remains valid at the boundary pixels as the image is extended by reflecting it at the boundary [100].  

 


