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Abstract 

Locating, characterizing, and understanding the microstructural nanomodifications of random heterogeneous 

materials is critical to improve their performance, but current methods are limited by the material’s highly 

disordered microstructure. Here, we proposed a scheme to reveal the hidden microstructural modifications by 

coupling large-scale nanoporosity mappings with deep learning and demonstrated its effectiveness on 

nanomaterial (graphene oxide, GO)-modified cement. This deep learning-based approach showed superior 

abilities in distinguishing the nanomodified samples. The deep-learning approach shows a classification 

accuracy of 88.8% using nanoporosity mapping with microscale features. When nanoscale features were 

included, the classification accuracy further increased to 98%, indicating the GO modifications in nanoscale. 

The microstructural changes in nano and micro scales were also located, providing the first direct evidence of 

a localized modification effect of GO where a small proportion (3.6–5.4%) of characteristic regions 

contributing up to 70% of total relevance. The effect of GO in spatial heterogeneity was also revealed by the 

changes in characteristic lengths. Besides, the reduced fraction of shared pore structural patterns from 44.6% 

to 40.9% under a high dosage of GO (0.02wt%) also indicated the nanomodification effect of GO in improving 

structural topological efficiency. This study not only provides insights into the GO modified cement for 

structural applications but also promotes the development of other random heterogeneous materials for a wide 

range of applications such as load-bearing, thermal and electrical insulation, catalyst support and etc. 

Keywords: deep learning, convolutional neural network, nanomaterial, graphene oxide, cementitious material  



 

2 

 

1. Introduction 

Microstructural modification is central to the development of random heterogeneous materials, including a 

wide range of composites, ceramics and copolymers, which are the most consumed materials for various 

applications 1, 2. The complex microstructure resulting from the random distribution of phases or different 

material domains 1, 2 in random heterogeneous materials is known to govern the mechanical 3, 4, thermal 5, 6, 

optical 7, and electrical 8, 9 properties. Altering the randomized microstructure, commonly at the nanoscale, 

has been the primary approach to engineering high-performance random heterogeneous materials. 

Nanomodification of these materials has been achieved by controlling the conditions during synthesis, such 

as the development of highly conductive ceramics by modifying the grain size distribution using different 

sintering temperatures 10. More recently, nanomaterial was used to intervene in the distribution of phases 11 

for microstructure modification. For example, via nanomaterial-based nanomodification, the traditionally 

optimized cementitious microstructure can be further improved by 40% 12.  

However, understanding the microstructural modification of random heterogeneous materials remains a 

key challenge due to their disorderliness. Compared with the materials with an ordered microstructure, such 

as highly textured metallic polycrystals or ordered block copolymers 13, a large number of attributes are 

required to fully characterize random heterogeneous materials 1, 13, which is computationally intractable and 

difficult to comprehend 14. Cementitious composites are perfect examples in this regard. On the one hand, it 

is the most consumed manmade material 15, and on the other hand, the effect of nanomodification of the 

cementitious microstructure is one of the hardest to quantify 3, 16. Despite over three thousand (by 2021, 

according to web of science) of studies of nanoparticle-based modifications in cementitious systems, the 

understanding of microstructural nanomodification remains ambiguous and qualitative due to the highly 

complex multiscale pore structure in these systems 17, 18. Statistical characterization has been attempted on 

such complex microstructures via reduced or low dimensional structural representations of the material’s 

morphology, such as physical descriptors and correlation functions 13. For example, as shown in Fig. 1a, the 

dispersed graphene oxide (GO) contains various functional groups. After mixing with cement, GO provide 

extensive nucleation sites to promote the formation and growth of hydration products (Fig. 1b, c) 19, 20. Physical 

descriptors, such as porosity, specific surface area and pore sizes, have been adopted to characterize the pore 

structure changes in nanoscale due to GO modification. Results suggest the GO modification reduced the 

porosity and increased the specific surface area, indicating the overall densification of the pore structure 21, 22. 

Besides, the proportions of gel pores and capillary pores (with a pore size < 100 nm) were also increased 22. 

However, this statistical approach is incapable of identifying and locating the modified nanoscale features in 

the microstructure 13. Similar challenges also exist for other random heterogeneous materials such as 

composites, ceramics and copolymers, for which microstructural modifications are also limited to statistical 

or qualitative descriptions 1, 13, 23. 
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Fig. 1 Schematic drawing showing the potential effect of GO nucleation on the microstructure of cement 

paste. a GO dispersed in water. b After GO suspension is mixed with cement, the hydration process starts and 

the functional groups on GO work as nucleation sites to promote the cement hydration. c Cement hydration 

products keep growing, and the GO is fully covered by the hydration products. GO: graphene oxide; UC: 

unhydrated cement; CSH: calcium silicate hydrates. 

Here we present a new concept based on large-scale nanoporosity mappings (NPMs) coupled with deep-

learning and demonstrate its effectiveness in revealing and understanding the microstructural 

nanomodifications in graphene oxide (GO)-modified cementitious materials. Deep convolutional neural 

network (DCNN) is a class of artificial neural network in deep learning, most adopted for 2D images analysis. 

The application of DCNN to microstructure-based property prediction 24-26 and phase segmentation 27, 28 has 

demonstrated a huge potential in analyzing the highly disordered microstructure of cement paste. For example, 

the compressive strength 24-26, creep modulus 29 can be predicted using DCNN by analyzing the microstructure 

images of cementitious material. Besides, literature 25, 26 have also suggested the different phases within the 

cement matrix, such as voids, sands and fibers, can be segmented using DCNN. However, the application of 

deep learning to reveal the nanomodifications of cementitious composites has not been reported due to the 

challenges in the interpretation of deep neural networks 30, 31 and acquisition of large-scale, high-resolution 

images 32, 33. In the demonstrated scheme, deep Taylor decomposition (DTD) 34, a widely adopted algorithm 

to explain neural network classification decisions, was combined with a classification DCNN to identify and 

locate the microstructural modifications in nanomodified cementitious materials. Compared to other 

explaining techniques, such as sensitivity analysis 35 and simple Taylor decomposition 30, the DTD was shown 

empirically to scale better to complex DCNN models 36. Besides, we used an improved backscattered electron 

(BSE) imaging technique 32, 33 to achieve large-scale coverage (covering 2020 m2 per image and over1000 

images per sample) and a high resolution of 52 nm. A new calibration scheme based on Monte Carlo 
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simulations was further adopted to calibrate signal intensities and obtain unified NPMs over different imaging 

and sampling conditions.  

The new scheme enabled, for the first time, location, extraction and characterization of nanostructural 

modifications resulted from nanomaterials in the cementitious composite. We found that the 

nanomodifications in the random heterogeneous microstructure contained features across the material that 

were highly learnable by the DCNN. The located microstructural modifications show a discrete pattern, which 

is the first direct evidence of a localized nucleation effect of the nanomaterials. Moreover, two-point 

correlation functions and the similarities in the microstructural modifications at different sample locations 

indicated the modification on spatial heterogeneity and topological efficiency with the dosage of 

nanomaterials. The effectiveness of the scheme and the findings demonstrated herein indicated the traditional 

statistical characterization is largely insufficient to quantify the nanomodification effects in cementitious 

materials, which not only open a new path to the understanding of nanomodified cement but also lay the 

foundation for topology-based nanoengineering of cementitious materials for structural purpose. 

2. Methods 

The proposed deep-learning-based characterization includes three main steps, which are 1) image acquisition 

and preparation, which includes the preparation of GO modified cement samples, backscattered electron (BSE) 

imaging and image preparation for training, 2) reveal microstructure modifications which include the design 

of DCNN for classification training and extract the microstructure modifications using DTD and 3) 

characterization of microstructure modifications which includes the two-point correlation function analysis 

and the analysis of shared characteristic patterns. In addition, statistical characterization was also used to 

analyse the microstructure of cement paste based on MulF NPMs and compare it with the deep-learning-based 

characterization. 

2.1. Image acquisition and preparation 

Materials. General purpose (Type GP) ordinary Portland cement, conforming to the requirement of Australia 

Standard AS 3972 was used to prepare the samples. The chemical compositions of the cement are shown in 

Table 1. A polycarboxylate-based superplasticiser (SP, Sika® ViscoCrete® 2100) was used to improve the 

workability of the cement paste. The GO suspension with a concentration of 4 mg/mL and an average particle 

size of 1 um 21, 37 was purchased from Graphenea.  

Table 1 Chemical composition of Type GP ordinary Portland cement powder 
Al2O3 SiO2 CaO Fe2O3 K2O MgO Na2O SO3 LOI 

4.7 19.9 63.9 3.4 0.5 1.3 0.2 2.6 3.0 

Preparation of GO modified cement. The GO suspension purchased from Graphenea was first diluted 5× 

and ultrasonicated using a bath sonicator (ultrasonication power: 700W) until the suspension reached the 
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highest light absorbance at 230 nm to avoid the agglomeration. A Shimadzu UV 4800 UV–vis photo 

spectrometer was used to measure the light absorbance. A Model 7000 constant speed mixer (Cement Test 

Equipment) was used to mix the fresh cement paste following ASTM standard C1738 38. The water to cement 

ratio was 0.4. Three batches of nanomodified cement samples were used with GO dosages of 0, 0.01 and 

0.02wt%, respectively. A mini-slump test 39, 40 was conducted to measure the workability of fresh cement 

paste and the workability of cement paste was maintained at 120±3 mm by adjusting the dosage of SP. The 

SP dosage were 0.55wt%, 0.63wt% and 0.71wt% (by weight of cement) for samples S1, S2 and S3, 

respectively. 

BSE imaging. A modified low-melting-point metal intrusion (CLMI) method 32, 33 was used to characterize 

the microstructure of the cement paste. A low-melting-point metal, Field’s metal, was first intruded into the 

pores of the cement samples, then backscattered electron (BSE) images showing cross-sections of the cement 

paste were obtained with an FEI Magellan™ 400 XHR FEG scanning electron microscope. The detailed 

experimental method of obtaining these images can be found in references 32, 33.  

Preparation of image datasets. Two image datasets were prepared which are NPMs containing both nano- 

and microscale features (denoted as MulF NPMs) and NPMs containing microscale features only (denoted as 

MicF NPMs). The NPMs showing the distribution of equivalent porosities were obtained by a Monte-Carlo-

simulation based scheme to calibrate the signal intensities of BSE images over different imaging and sampling 

conditions. The equivalent porosity of the sample is defined as the porosity (i.e. volume fraction of Field’s 

metal) of a homogeneous composite of C-S-H and Field’s metal with the same backscattered signal. Details 

of the calibration can be found in Supporting Information Section 1. The calibrated NPMs from SEM images 

contain both nano- and microscale features (MulF NPMs). The resolution of the MulF NPMs is the same as 

the BSE images, which is 52 nm/pixel. 

Then, a Gaussian smoothing method 41, one of the most widely used smoothing methods, was adopted to 

remove the nanoscale features in MulF NPMs and obtain NPMs with only microscale features (MicF NPMs). 

A Gaussian filter with a standard deviation of 10 pixels was adopted to ensure even the smallest features (52 

nm) in the MulF NPMs could be smoothed to the microscale in the MicF NPMs. Considering MicF NPMs 

were derived from MulF NPMs, the number of images contained in the datasets of MicF NPMs and MulF 

NPMs are the same. 

2.2. Reveal microstructure modifications 

DCNN for classification. The DCNN is one of the most widely used deep learning algorithms because of its 

superior ability in dealing with high-dimensional data 42. Our DCNN was built with firstly an input image size 

of 384×384×1. Various neural network architectures were tested and the network containing seven 

convolutional layers followed by seven batch normalization layers and seven ReLU layers (shown in Fig. 2) 

was found showing the optimal classification accuracy and training speed. More than 3000 NPMs (>1000 
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NPMs per sample) with a size of 2020 m2 were used for classification training of the neural network. 1000 

NPMs covers a total area of 4×105µm2 which is much larger than most of the image-based analyses in literature 

32, 33, 43. Based on the statistical method proposed by Zhao and Darwin 44, we believe 1000 NPMs is sufficient 

to represent the microstructure of cement paste. The data set was further divided into training and test data 

sets. Each sample (category) contained 750 images in the training set, and the remaining images were 

contained in the test set. The classification accuracy was measured by calculating the prediction accuracy of 

test data. Both MulF NPMs and MicF NPMs were used for training and their training results were compared.  

 

Fig. 2. Design of the deep convolutional neural network (DCNN) architecture. The batch normalization layer 

and ReLU layers after each convolution are not shown. 

Revealing microstructure modifications via DTD. DTD 34 is a variant of layer-wise relevance propagation 

(LRP) 30, and was performed to decompose the classification decision according to the relevance of each pixel. 

During the classification process, features of an input image are computed and propagated through layers of 

neurons within the DCNN. The DTD can be used to backpropagate the decision score reversely through the 

layers and neurons. For example, α1β0-rule is adopted in deep Taylor decomposition to backpropagate the 

decision score in layer k (or relevance, Rk) to former layer j (Rj): 

𝑅𝑗 = ∑
𝑎𝑗𝑤𝑗𝑘

+

∑ 𝑎𝑗𝑤𝑗𝑘
+

𝑗
𝑅𝑘

𝑘

 

Where aj is the activation of layer j and wjk
+ is the positive weights. More explanation of the deep Taylor 

decomposition and backpropagate rules may be found in Ref34.  

The DTD generated a relevance map (or heatmap 34) that represented the relevance or importance of each 

pixel to the classification decision. The features contained in the relevance map were reckoned as the 

characteristic patterns of the porosity map. It should also be noted that, due to the algorithm of the DCNN 42 

and DTD 34, the middle of the images always makes a higher contribution to the classification decision even 

though they contain the same feature. Thus the characteristic patterns were always shown in the middle of the 
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NPMs, considering the relative homogeneity of cement at the large scale 45. An isodata thresholding method 

46 was used to divide the NPMs into low-porosity (LP) and high-porosity (HP) regions.  

2.3. Characterization of microstructure modifications 

Extracting characteristic regions. The regions with highest relevance values in the NPMs were selected, 

extracted and considered as the characteristic regions. The selected characteristic regions contributed 70% of 

the total relevance.  

Two-point correlation function analysis of characteristic regions. The pixel correlations of the 

characteristic regions at the nanoscale were investigated and compared with the original NPMs via two-point 

correlation functions. For a typical 8-bit NPM, the grey value ranged from 0 to 255. Different grey values in 

NPMs indicate different compositions and porosities. Hence, the material was considered as a 256-phase 

random heterogeneous material, which corresponds to 256 grey values. Each phase 𝑖 had pixel porosity 𝑛𝑖. 

The two-point correlation functions 𝑆2
(𝑖𝑗)

 of any two phases of the material (phase 𝑖 and 𝑗, 1 ≤ 𝑖 ≤ 𝑗 ≤ 256) 

in a porosity map could be calculated as 47: 

𝑆2
(𝑖𝑗)

(𝑥𝑖, 𝑥𝑗) = ⟨𝐼(𝑖)(𝑥𝑖)𝐼
(𝑗)(𝑥𝑗)⟩ 

where angular brackets ⟨⋯ ⟩  denote ensemble averaging over independent realisations of the random 

heterogeneous material; 𝑥𝑖  and 𝑥𝑗  represent two random points taken from phases 𝑖  and 𝑗 . The indicator 

function 𝐼(𝑖)(𝑥) is defined as: 

𝐼(𝑖)(𝑥) = {
1, 𝑥 ∈ 𝑉𝑖

0, 𝑥 ∈ 𝑉𝑖
 

where 𝑉𝑖 is the region occupied by phase 𝑖 and 𝑉𝑖 is the complement to the region 𝑉𝑖. The 𝑆2
(𝑖𝑗)

 depends only 

on the distance 𝑟𝑖𝑗 and porosity difference between phases 𝑖 and 𝑗, ∆𝑛𝑖𝑗, that is: 

𝑆2
(𝑖𝑗)

(𝑥𝑖, 𝑥𝑗) = 𝑆2
(𝑖𝑗)

(𝑟𝑖𝑗, ∆𝑛𝑖𝑗) 

2.4. Statistical characterization of NPMs 

The porosities of the images were calculated as the mean of local porosities shown in the NPMs with 

multiscale features (MulF, including nano- and microscale). The porosity distributions of the different samples 

were calculated based on the MulF NPMs. The porosities and average pore sizes of all NPMs were calculated. 

The categories of NPMs were classified by comparing the porosity (or average pore size) of a single NPM 

with the average values of all NPMs of the three samples (S1, S2, and S3). 
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3. Results and discussions 

The NPMs were derived from the backscattered electron (BSE) images showing the pore structure features of 

cement paste. The typical NPM images of three different examined samples (S1, S2 and S3 with a GO dosage 

of 0%, 0.01% and 0.02%, respectively) are shown in Fig. 3a-b. To investigate the microstructural modification 

at different scales, two sets of data were generated, comprising NPMs with microscale features (MicF, shown 

in Fig. 3a) and NPMs with multiscale features (MulF, including nano- and microscale, shown in Fig. 3b). The 

microstructure features of cement paste were first investigated by statistical characterization the MulF NPMs 

(derived from BSE images by adjusting the contrast and brightness, details please refer to Supporting 

Information Section 1) to understand the nanomodifications of GO and used as the baseline for assessing the 

performance of the deep-learning-based approach. 

 

Fig. 3 Statistical characterization of samples S1, S2 and S3. a MicF NPMs, b MulF NPMs. The MulF 

NPMs were obtained from backscattered electron images of cementitious materials prepared by Field’s metal 

intrusion 4, 32, 33. The MicF NPMs were further derived from the MulF NPMs shown in (a) using Gaussian 

filtering. Color bars indicate the distribution of porosity, denoted as n. For details on obtaining the NPMs, see 

Methods and Supporting Information Section 1. c Scatter plot showing distributions of porosity and average 

pore size of MulF NPMs for all three batches of samples. d Volume fractions of regions with different 

porosities in S1, S2 and S3. The error bar indicates the variation of NPMs within the same batch of sample.  

The statistical characterization results presented in Fig. 3c-d showed effectiveness in capturing the overall 

modification, but the capability of distinguishing microstructural changes in local regions was found to be 

inadequate. In this study, we adopted typical physical descriptors as the baseline statistics, which included 
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porosity, average pore size 4, 12, 32, 33 (Fig. 3c) and the volume fractions distributions 48 (Fig. 3d). As shown in 

Fig. 3c, S2 showed an overall reduction in both porosity and average pore size compared with S1 and S3. In 

addition, S2 showed the highest volume fraction of the regions with a porosity ranging from 0 to 0.2 and the 

lowest volume fractions in other regions (Fig. 3d), indicating an overall microstructural densification effect 33. 

However, local regions (individual NPM with a size of 2020 m) of a particular sample had microstructures 

with a wide range of physical descriptor values (Fig. 3c-d). A significant portion of the statistics overlapped 

between samples, such as the distribution of porosity and average pore size in Fig. 3c and the variance in 

volume fraction in Fig. 3d. Identification of local regions using their physical descriptors was performed by 

matching the local statistics of a single NPM with the nearest global statistics (average values of all NPMs 

from the same sample). We find that 45.3% and 39.5% of the NPMs mismatched with the averaged statistic 

based on porosity and average pore size, respectively, indicating the poor identification abilities of 

microstructural modifications when relying solely on traditional physical descriptors. In addition, we have 

also performed an analysis of variance (ANOVA) to compare the porosities and average pore sizes of the three 

samples. As shown in Table 2, at a 90% confidence level, the means of porosities and average pore sizes are 

the same for samples S1 and S3, indicating it’s difficult to distinguish samples S1 and S3 using these two 

physical descriptors. 

Table 2 Results of the Tukey-Kramer procedure for the comparison of porosity and average pore size of 

three samples  
First 

group 

Second 

group 

First 

group 

mean 

Second 

group 

mean 

Absolute 

difference 

Critical range for the 

Tukey-Kramer 

procedure (CR-TK) at 

90% confidence level 

Conclusion 

Porosity S1 S2 0.219 0.170 0.050 0.028 0.050>0.028, means are 

different 

S1 S3 0.219 0.239 0.019 0.028 0.019<0.028, means are 

not different 

S2 S3 0.170 0.239 0.069 0.028 0.069>0.028, means are 

different 

Average 

pore size 

S1 S2 131,348 43,298 88,050 26,634 88,050>26,634, means 

are different 

S1 S3 131,348 123,591 7,757 26,634 7,757<26,634, means 

are not different 

S2 S3 43,298 123,591 80,293 26,634 80,293>26,634, means 

are different 

 

 

In contrast, the trained DCNN was found to be highly accurate in the classification of nanomodified 

microstructures based on NPMs of local regions. Compared with the poor identification ability using statistical 

characterization, the DCNN showed much higher accuracy in identifying the NPMs thanks to its superior 

ability in processing high-dimensional data 42. Our results showed that training the DCNN with micron-scale 

features in the MicF NPMs (Fig. 3a) could identify the correct sample in 88.8% of the local regions. The 
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confusing matrix showing the classification performance on different classes is also given in Fig. 4a. The 

classification accuracy for class S2 is highest and the MicF NPMs from S1 and S3 may be easily mixed up by 

DCNN. Similar results can also be seen for MulF NPMs (Fig. 4b), indicating samples S1 and S3 share similar 

features in nano and micro scales such as the average pore sizes and porosities as shown in Fig. 3c. When the 

nanoscale features were included in training the DCNN using MulF NPMs (Fig. 3b), only 2% of the local 

regions demonstrated unidentifiable nanomodification (classification accuracy 98%). The improvement in 

classification accuracy using MulF NPMs indicated the importance of nanoscale features in NPMs for the 

classification of these three samples. The literature suggests the modification of GO to the microstructure is 

mainly in nanoscale. For example, the modification mechanisms of GO, such as nucleation 49 and pore-filling 

effect 3, mainly modify the nanoscale features considering the size of GO sheets (mainly ranges from 0.5 to 2 

µm 22). Thus, including nanoscale features in NPMs will benefit the classification of DCNN. The results here 

prove that the complex microstructural features contained in nanomodified random heterogeneous materials 

are highly learnable by a DCNN, which suggests the necessity of combined random and highly structured 

descriptions in the characterization of nanomodified random heterogeneous materials.  

 

Fig. 4 Confusing matrixes showing the classification training results. a Classification training results using 

MicF NPMs. The confusing matrix is plotted based on the prediction of test dataset. b Classification training 

results using MulF NPMs. 

By using DTD to quantify the relevance of different microstructural features on the DCNN classification 

decision based on MicF NPMs, we can report here, for the first time, the successful location of 

nanomodifications of pore clusters and large particles in the cementitious microstructure (i.e. a random 

heterogeneous microstructure). By using DTD, a relevance map showing the relevance of each pixel to the 

classification decision was obtained. The features in relevance map were reckoned as the characteristic 

patterns of samples which assist the distinguishing different samples of DCNN. The formation of pore clusters 

and large particles is related to the cement hydration process, whereby the cement hydration products gradually 

deposit on the surface of cement particles and fill the pores 50. Based on the packing density of cement 

hydration products, they are commonly categorized as high-density or low-density hydration products 50, 51. 
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Pore clusters usually appear in low-density hydration products and unfilled pores, which showed as a relatively 

high-porosity (HP) region in the MicF NPMs (Fig. 5b) 51. In contrast, large particles are generated from 

unhydrated particles and densely packed (i.e., high-density) hydration products, which appear as a low-

porosity (LP) region in Fig. 5b 51. As shown in Fig. 5b, the characteristic patterns of the MicF NPMs showed 

higher relevance values in the centers of pore clusters (HP regions) and large particles (LP regions), especially 

in S1 and S3. In addition, the edges of the HP and LP regions also showed higher relevance (Fig. 5c). These 

high-relevance regions were further extracted as characteristic regions (Fig. 5d). These characteristic regions 

contain the key features used for distinguishing the different samples. Considering the only difference among 

these three samples are the addition of GO, these characteristic regions were reckoned as the critical 

modification locations of GO.  

 

Fig. 5 Deep learning-based approach to extracting and visualizing the characteristic patterns and 

regions in NPMs of samples S1, S2 and S3. a MicF NPMs. The NPM was processed using a 2D Gaussian 
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filter with a standard deviation of 10. b Microscale characteristic patterns in the MicF NPMs, which were 

extracted and visualized using a DCNN with a DTD explanation technique. The relevance between each pixel 

and the classification decision, which is the output of the DTD explanation technique, is indicated by the color 

bars. The blue color indicates pixels in low-porosity (LP) regions, while the red color bar indicates pixels in 

high-porosity (HP) regions. The LP and HP regions in the NPMs were determined by an isodata threshold 

method 46 (See Supporting Information Section 2 for details of LP and HP regions). c Groove-like features in 

characteristic patterns indicate the interfaces between HP and LP regions. The groove-like features are 

extracted by filtering the regions with a gradient of relevance larger than 1.5×10-5. d Locations of the 

characteristic regions in MicF NPMs, which are the regions with the highest relevance values. The 

characteristic regions represent 70% of the total relevance in characteristic patterns. e Extracted characteristic 

regions from MicF NPMs. f MulF NPMs. g Characteristic patterns in the MulF NPMs. h Locations of the 

characteristic regions in MulF NPMs. i Extracted characteristic regions from MulF NPMs. More examples 

can be found in Fig. S4–Fig. S33 in Supporting Information Section 3.  

 

We found that the locations of the microstructural modifications depended on the GO dosage. For example, 

the characteristic regions in S1 (dosage 0%) and S3 (dosage 0.02%) mainly included the centers of the HP and 

LP regions (Fig. 5e). In comparison, the microstructural modifications in S2 (dosage 0.01%) were mainly 

located at the edges of HP/LP regions (Fig. 5e). We found that the high-relevance edges (shown in Fig. 5c) 

were located in different regions of the three samples. For example, the numbers of high-relevance edges of 

S1 located in the HP and LP regions are similar (Fig. S7). While the high-relevance edges of S2 and S3 are 

mainly located in the HP regions (Fig. S13) and LP regions (Fig. S19), respectively. 

In the classification of MulF NPMs, the microstructural modification locations identified by the DCNN 

were scattered nanoscale HP and LP regions, suggesting dosage-dependent, highly discrete microstructural 

modifications. The HP regions in MulF NPMs refer to the pores, while the LP regions shown in S2 (Fig. 5g) 

with high relevance are hydration products and unhydrated particles. As shown in Fig. 5g–i, the identified 

microstructural modification locations in S2 contained more LP regions (hydration products), and the scatter 

distribution was denser (Fig. 5h, i). However, for S3, the microstructural modifications were mainly located 

in the HP regions (pores, shown in Fig. 5h), and the distribution of the modified regions was more scattered 

than in S2 (Fig. 5i), indicating the dosage-dependent discrete microstructural modifications.  

The small size of the extracted characteristic regions (Fig. 5i) revealed a strong, localized modification 

effect of GO. As shown in Fig. 5e, i, the extracted characteristic regions only accounted for a small proportion 

of the images (3.6–5.4%, calculated based on the characteristic regions shown in Supporting Information 

Section 3, Fig. S8, Fig. S14 and Fig. S20), while contributing up to 70% of the total relevance, suggesting a 

highly localized nanomodification effect of GO. These small characteristic regions provide, for the first time, 

direct evidence of a localized modification effect of GO. As reported in the literature, the main hypotheses on 

the reinforcing mechanisms of nanomodifiers include nucleation 49 and pore-filling effects 3, both arguing that 

GO would only locally modify the microstructure near the surface of GO. However, due to the limitations of 

the characterization techniques, previous research 12, 22 mainly focused on statistical characterization. For 
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example, previously reported measurements have only been the reduction of total porosity (by 6–13.5% 12, 22, 

52, 53) and the reduction in pore size 22 with the addition of 0.02–0.04wt% of GO. However, these averaged 

statistical measures do not directly evident the hypothesis of localized modification effect. To the best of our 

knowledge, the observations reported here are the first direct evidence of the localized effect of nanomodifiers 

in a cementitious composite, which also highlights the potential of the new scheme in revealing hidden 

structural features in random heterogeneous materials. 

Our results also suggested that the highly localized modification effect is the key factor that hinders the 

identification of microstructural changes via statistical characterization. Since the sizes of the characteristic 

regions are very small compared with the whole image (3.6–5.4%), the images contain lots of redundant or 

shared features. Hence, it can be expected that statistical characterization based on the whole image has a low 

level of accuracy and efficiency due to the inability of locating the effective signals.  

 

Fig. 6 Two-point correlation functions of characteristic regions. a Two-point correlation functions of the 

MulF NPMs of three samples (S1, S2, S3), which are the measurement of the probabilities of finding two 

pixels with a porosity change ∆nij in a distance of rij. b Comparison of the changes in the two-point correlation 

functions shown in a. c Two-point correlation functions of the characteristic regions (Fig. 5i) extracted from 

the original MulF NPMs. d Comparison of the changes in the two-point correlation functions shown in c. The 

color bar indicates the probabilities of finding any two pixels from phase i (with a grey value i) and phase j 

(with a grey value j) with a porosity difference ∆nij at a distance rij. Calculation details can be found in the 

Methods.  

Identifying discrete microstructural modification patterns enables the revealing of unidentifiable 

nanomodification effects using original NPMs, such as long-range correlations. The two-point correlation 

function 54, 55 is investigated here, which is widely adopted in literature to investigate the microstructure of 

multiphase systems. As shown in Fig. 6a,b, the correlation length 56 (defined as the decay length of the 

correlation function) of the original NPMs is 1 μm (i.e. ∆nij remains nearly constant when the distance rij is 

over 1 μm). However, for the two-point correlation function of the discrete characteristic regions (Fig. 6c,d), 

an apparent change in probability with the increase in distance can be seen in a longer range (correlation 

length > 10 μm).  

By examining the two-point correlation function in discrete microstructural modification patterns, 

changes in the characteristic lengths 57 were also observed, indicating changes in particle packing and different 
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cluster sizes in S1–S3 (Fig. 5i). Characteristic length 57 is defined as the length rij where the probability of 

having two pixels with the same porosity is the lowest. The literature suggests that this characteristic length 

is related to the particle/cluster size in the structure and the spatial heterogeneity of the microstructure 57. As 

shown in Fig. 6c, the characteristic length of S1 was 6 μm and the characteristic length of S2 and S3 was 9 

μm and 5 μm, respectively, which indicated the change in cluster sizes shown in Fig. 5i. As shown in Fig. 5i, 

although the characteristic regions of S1 and S3 covered a larger proportion in the middle of the images, the 

particle packing was much looser than in S2, and these particles aggregated into several small clusters. 

However, the particles in S2 were closely packed and formed a larger cluster with an average size of 9 μm.  

Changes in the characteristic lengths and particle packing with increasing GO dosage is first reported here. 

As reported in the literature, the nucleation 49 and pore-filling effect 3 of GO densify the microstructure, 

leading to improvements in mechanical strength 12, 22. However, we found mechanical strength will reduce 

again under a high dosage of GO 12, 22. Previous research considered this reduction in the GO reinforcing 

efficiency resulted from the agglomeration of GO 21, 37, which introduces large pores into the microstructure 

and leads to stress concentrations 12, 22. However, the changes in characteristic lengths and particle packing 

found here could be other reasons for the reduction in reinforcing efficiency. 

 

Fig. 7 Typical characteristic patterns shared at different locations. Three typical patterns are presented 

here for each sample (S1, S2, and S3), which show the general trend of the changes in the characteristic 

patterns. These shared characteristic patterns were obtained by superimposing the most similar 

characteristic patterns. Details for searching for the most similar characteristic patterns can be found in 

Supporting Information Section 4. The color bar indicates the probability of finding a shared pore at 

different spatial locations of the sample. Contour level = 3×10-6. 
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The shared characteristic patterns (shown in Fig. 7) revealed the microstructural topological changes in 

each sample, which suggested the changes in material performance. The topological distribution of the 

material, including connectedness and compactness 58, 59, dramatically affects a material’s performance 60, 61. 

The fraction of shared pore structural patterns (the regions selected by contour lines) of S2 (49.3%) shown in 

Fig. 7 are highest compared with S1 (44.6%) and S3 (40.9%), indicating uniformly distributed nanopores. In 

addition, the particle skeleton (low-intensity signal regions shown in Fig. 7) of S3 shows higher connectedness 

and compactness than S1. The particle skeleton with higher connectedness and compactness facilitates load 

distribution and contributes to a highly efficient load distribution network similar to the force-chain network 

in granular media 62. Hence, the microstructure of S3 shows a higher topological efficiency than S1, indicating 

a potential higher load-bearing capacity.  

In literature, investigation of the reinforcing mechanisms of GO-reinforced cement has mainly focused 

on microstructural densification effects, such as nucleation 49 and pore-filling effect 3. The performance of 

GO-reinforced cement is optimized by densifying the microstructure and reducing the porosity 63. For example, 

it has been reported in the literature 12 that the compressive and tensile strength of GO-modified cement can 

be improved by over 40% by reducing the porosity of the cement paste. In contrast, our results indicated that 

porosity is not the only governing factor. The dosage of GO can affect the topological efficiency of the 

microstructure, resulting in a higher strength to density ratio. Our results have shown that the compressive 

strength of S3 was improved by 71% compared with the control sample (S1) and their total porosities were 

similar (0.17±0.01). This finding not only revealed the hidden reinforcing mechanisms of GO but also provides 

an essential tool for the development of the next generation of high-performance nanomodified cementitious 

material based on its microstructural topology. 

4. Conclusion 

In conclusion, compared with the limitations of statistical characterization in revealing microstructural 

changes, especially in local regions, the deep-learning approach was highly accurate in identifying the 

nanomodified microstructure of local regions. The identifying accuracies of statistical characterization were 

only 54.7% (based on porosity) and 60.5% (based on average pore size). While the identifying accuracy of 

deep-learning approach was up to 98% when nanoscale features were included, indicating the GO 

modification in nanoscale structures. By combining DCNN with DTD on NPMs, the nanomodification of 

cement paste in nano and micro scales were, for the first time, successfully located, extracted, and 

characterized. The located microstructural modification provided the first direct evidence of a localized 

modification effect of GO where the extracted scattered regions (i.e. characteristic regions) only account for 

a small proportion of the images (3.6–5.4%) but contribute up to 70% of total relevance. The analysis of 

microstructural modifications (characteristic patterns and characteristic regions) also revealed the 

nanomodification effect of GO in particle packing, spatial heterogeneity and structural topological efficiency. 
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For example, the characteristic length of the characteristic features was changed from 6 μm to 9 μm and 5 μm 

for 0.01wt% and 0.02wt% of GO, respectively, indicating the nanomodification effect of GO in particle 

packing and spatial heterogeneity. Besides, sample S3 shows a lowest fraction (40.9%) of the shared pore 

structural patterns and a highest connectedness and compactness of the particle skeleton, indicating the 

improved structural topological efficiency. The deep learning-based approach presented here for the first time 

revealed the nanomodification patterns in GO-modified cementitious materials, which not only provides new 

insights into the nanomodification effect of GO but also point out a new direction for the future development 

of structural cementitious material via topology-based nanoengineering.  

Supporting information 

Monte Carlo simulation-based calibration of NPMs; Demonstration of determining the LP and HP regions in 

NPMs; Characteristic features extracted via deep learning; and Method for searching for shared characteristic 

patterns. 
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1. Monte Carlo simulation-based calibration of NPMs 
The signal intensities (i.e. pixel grey values) in BSE images are related to material’s backscattered coefficient 

1 which depend on the atomic number of the elements contained in the material 2, 3. Considering the element 

types and ratios are similar for different cement hydration products (including low-density calcium silicate 

hydrate (LD C-S-H) and high-density calcium silicate hydrate (HD C-S-H) 3, 4), the cement sample is 

considered as a three-phase material when calibrating the signal intensities, which are unhydrated cement 

(UC), hydration products (C-S-H) and metal in pores. The porosity of UC is usually much lower than the 

hydration products and is considered as 0. In BSE images, the UC are large regions with no intruded metal 

which are usually easy to be visually identified. However, the metal are intruded into the pores between 

hydration products (especially for LD C-S-H). Hence, it is extremely difficult to distinguish the C-S-H and 

metal, as well as the determination of porosity. 

In this study, to represent the porosity of the sample, we adopted the concept of equivalent porosity which is 

the porosity (i.e. volume fraction of Field’s metal) of a homogenous sample (the distributions of C-S-H and 

pores (i.e. Field’s metal) are homogenous) showing a same backscattered signal with the real sample. In order 

to obtain the equivalent porosity, the backscattered coefficient of the homogenous composites of C-S-H and 
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Field’s metal is first calculated using CASINO program (a Monte Carlo simulation of electron trajectory in 

solids). The composition of C-S-H adopted in simulation is (CaO)1.7(SiO2)(H2O)4 
4. The composition of 

Field’s metal is 32.5% Bi, 51% In and 16.5% Sn 5. The density of C-S-H is 2.12 g/cm3 6 and the density of 

Field’s metal is 7.88 g/cm3 5. The voltage used in the simulation is 5kV which is consistent with the experiment. 

The backscattered coefficients of the C-S-H gel intruded with Field’s metal are shown in Fig. S1. The pores 

in C-S-H gel is intruded with Field’s metal. Thus, the C-S-H gel with an equivalent porosity n shown in Fig. 

S1 represents the volume fraction of Field’s metal is n×100%. 

 
Fig. S1. CASINO simulation results showing the backscattered coefficients of C-S-H gel with pores intruded 

with Field’s metal.  

Then, the signal intensities in BSE images were normalized to obtain the NPMs according to following 

procedures:  

1. The UC were first selected manually and the equivalent porosities (n) at these local regions were set 

as 0.  

2. The signal intensities (i.e., pixel grey values) of C-S-H (n=0, denoted as GCSH) and metal (n=1, denoted 

as Gm) were then obtained by taking the averaged intensities of large regions of non-intrudable C-S-

H and metal found in BSE images.  

3. The equivalent porosities of the regions with pixel grey values lower than GCSH were set at 0 and the 

equivalent porosities of the regions with pixel grey values greater than Gm were set at 1. 

4. The equivalent porosities of the regions in BSE images with pixel grey values in the range between 

GCSH and Gm (exclude the UC regions selected before) were then calculated using the relationship 

shown in Fig. S1. 

Typical examples of the BSE image and the NPM showing the distribution of equivalent porosities in the 

same location were given in Fig. S2. 
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Fig. S2. a Typical BSE image showing the microstructure of sample S1. b MulF NPM which is calculated 

from the BSE image shown in (a). Colour bar indicates the distribution of equivalent porosity (n). 

 

2. Demonstration of determining the LP and HP regions in NPMs 

 

Fig. S3. Demonstration of the determination of LP and HP regions via an isodata threshold method 7. a Typical 

example of MicF NPM of sample S1. b The MicF NPM shown in a after isodata thresholding. The HP regions 

are shown as white and the LP regions are shown as black. c Typical example of MulF NPM of sample S1. d 

MulF NPM shown in c after isodata thresholding. The HP regions are shown as white and the LP regions are 

shown as black.  
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3. Characteristic features extracted via deep learning 
In this section, more examples of the characteristic patterns extracted are shown. A total of 25 NPMs and 

characteristic patterns were randomly selected and presented here, including the examples presented in Fig. 2 

in Manuscript. A summary of the figures presented in this section is given in Table S1. 

Table S1. Summary of supplementary figures 

  Sample 

   S1 S2 S3 

Microscale 

NPMs Fig. S4  Fig. S10   Fig. S16 

Characteristic patterns Fig. S5   Fig. S11 Fig. S17  

Boundary features Fig. S6 Fig. S12  Fig. S18  

Superimposed 

characteristic patterns and 

boundary features  

Fig. S7  Fig. S13  Fig. S19  

Characteristic regions Fig. S8  Fig. S14  Fig. S20  

Characteristic regions 

extracted 
Fig. S9  Fig. S15  Fig. S21  

Multiscale 

NPMs Fig. S22  Fig. S26   Fig. S30 

Characteristic patterns Fig. S23  Fig. S27  Fig. S31  

Characteristic regions Fig. S24  Fig. S28  Fig. S32  

Characteristic regions 

extracted 
Fig. S25  Fig. S29  Fig. S33  
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Fig. S4. MicF NPMs of S1. Brightness indicates local porosity.  
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Fig. S5. Characteristic patterns of S1 showing microscale features. Red indicates the relevance of the high-

porosity part shown in Fig. S4. Blue indicates the relevance of the low-porosity part shown in Fig. S4. High-

porosity and low-porosity parts were identified using an isodata threshold method. 
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Fig. S6. Boundary features extracted from the characteristic patterns shown in Fig. S5 via a threshold method 

by pixel intensity gradients greater than 1.5×10-5. Red indicates the region within the high-porosity part shown 

in Fig. S4. Blue indicates the region within the low-porosity part shown in Fig. S4.  
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Fig. S7. Combined presentation of characteristic patterns and boundary features. a–c Combination of the 25 

characteristic patterns shown in Fig. S5. a Both red and blue parts are presented. b Only the red part is 

presented. c Only the blue part is presented. d–f Combination of boundary features in the 25 characteristic 

patterns shown in Fig. S6. d Both red and blue parts are presented. e Only the red part is presented. f Only the 

blue part is presented. 
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Fig. S8. Characteristic regions (green) of S1 identified by deep neural network. These characteristic regions 

contributed the top 70% of the relevance scores. The brightness of the original figure has been reduced to 

enhance contrast. 
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Fig. S9. Extracted characteristic regions of S1 identified by deep neural network. These characteristic regions 

contributed the top 70% of the relevance scores. 
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Fig. S10. MicF NPMs of S2. Brightness indicates local porosity. 
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Fig. S11. Characteristic patterns of S2 showing microscale features. Red indicates the relevance of the high-

porosity part shown in Fig. S10. Blue indicates the relevance of the low-porosity part shown in Fig. S10. High-

porosity and low-porosity parts were identified using an isodata threshold method. 
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Fig. S12. Boundary features extracted from the characteristic patterns shown in Fig. S11 via a threshold 

method by pixel intensity gradients greater than 1.5×10-5. Red indicates the region within the high-porosity 

part shown in Fig. S10. Blue indicates the region within the low-porosity part shown in Fig. S10. 
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Fig. S13. Combined presentation of characteristic patterns and boundary features. a–c Combination of the 25 

characteristic patterns shown in Fig. S11. a Both red and blue parts are presented. b Only the red part is 

presented. c Only the blue part is presented. d–f Combination of boundary features in the 25 characteristic 

patterns shown in Fig. S12. d Both red and blue parts are presented. e Only the red part is presented. f Only 

the blue part is presented. 
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Fig. S14. Characteristic regions (green) of S2 identified by deep neural network. These characteristic regions 

contributed the top 70% of the relevance scores. The brightness of the original figure has been reduced to 

enhance contrast. 
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Fig. S15. Extracted characteristic regions of S2 identified by deep neural network. These characteristic regions 

contributed the top 70% of the relevance scores. 
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Fig. S16. MicF NPMs of S3. Brightness indicates local porosity. 
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Fig. S17. Characteristic patterns of S3 showing microscale features. Red indicates the relevance of the high-

porosity part shown in. Blue indicates the relevance of the low-porosity part shown in. High-porosity and low-

porosity parts are identified using an isodata threshold method.  
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Fig. S18. Boundary features extracted from the characteristic patterns shown in Fig. S17 via a threshold 

method by pixel intensity gradients greater than 1.5×10-5. Red indicates the region within the high-porosity 

part shown in Fig. S16. Blue indicates the region within the low-porosity part shown in Fig. S16.  
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Fig. S19. Combined presentation of characteristic patterns and boundary features. a–c Combination of the 25 

characteristic patterns shown in Fig. S17. a Both red and blue parts are presented. b Only the red part is 

presented. c Only the blue part is presented. d–f Combination of boundary features in the 25 characteristic 

patterns shown in Fig. S18. d Both red and blue parts are presented. e Only the red part is presented. f Only 

the blue part is presented. 
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Fig. S20. Characteristic regions (green) of S3 identified by deep neural network. These characteristic regions 

contributed the top 70% of the relevance scores. The brightness of the original figure has been reduced to 

enhance contrast. 
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Fig. S21. Extracted characteristic regions of S3 identified by deep neural network. These characteristic regions 

contributed the top 70% of the relevance scores. 
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Fig. S22. MulF NPMs of S1. Brightness indicates local porosity.  
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Fig. S23. Characteristic patterns of S1 showing nanoscale features. Red indicates the relevance of the high-

porosity part shown in Fig. S22. Blue indicates the relevance of the low-porosity part shown in Fig. S22. High- 

and low-porosity parts are identified using an isodata threshold method.  
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Fig. S24. Characteristic regions (green) of S1 identified by deep neural network. These characteristic regions 

contributed the top 70% of the relevance scores. The brightness of the original figure has been reduced to 

enhance contrast.  
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Fig. S25. Extracted characteristic regions of S1 identified by deep neutral network. These characteristic 

regions contributed the top 70% of the relevance scores.  
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Fig. S26. MulF NPMs of S2. Brightness indicates local porosity.  
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Fig. S27. Characteristic patterns of S2 showing nanoscale features. Red indicates relevance of the high-

porosity part shown in Fig. S26. Blue indicates relevance of the low-porosity part shown in Fig. S26. High 

and low porosity parts are identified using an isodata threshold method.  
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Fig. S28. Characteristic regions (green) of S2 identified by deep neural network. These characteristic regions 

contributed the top 70% of the relevance scores. The brightness of the original figure has been reduced to 

enhance contrast.  
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Fig. S29. Extracted characteristic regions of S2 identified by deep neural network. These characteristic regions 

contributed the top 70% of the relevance scores.  
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Fig. S30. MulF NPMs of S3. Brightness indicates local porosity.  
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Fig. S31. Characteristic patterns of S3 showing nanoscale features. Red indicates the relevance from the high-

porosity part shown in Fig. S30. Blue indicates the relevance from the low-porosity part shown in Fig. S30. 

High and low porosity parts are identified using an isodata threshold method.  



 

S-33 

 

 

Fig. S32. Characteristic regions (green) of S3 identified by deep neural network. These characteristic regions 

contributed the top 70% of the relevance scores. The brightness of the original figure has been reduced to 

enhance contrast.  

 



 

S-34 

 

 

Fig. S33. Extracted characteristic regions of S3 identified by deep neural network. These characteristic regions 

contributed the top 70% of the relevance scores.  

 

4. Searching for shared characteristic patterns 
Via analyses of the similarity between modified and unmodified nanoscale pore features and patterns, we 

found that modifications observed at different locations of the sample shared similar pore distribution patterns. 

We used the image-wise difference as a measurement of similarity. The difference between any two 

characteristic patterns m and n was calculated as: 

∆𝑅𝑚,𝑛 =∑∑|𝑅𝑖𝑗
𝑚 − 𝑅𝑖𝑗

𝑛 |

384

𝑖=1

384

𝑗=1

 

where 𝑅𝑖𝑗
𝑚  and 𝑅𝑖𝑗

𝑛  are the relevance in two different characteristic patterns m and n. The gradient of the 

difference map was calculated and the total gradient (𝐺𝑅𝑡) was calculated, denoted as the sum of the total 
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gradient. Fig. S34a shows an example of the difference of the characteristic patterns of any two MulF NPMs 

of S1. 

 

Fig. S34. Searching for shared characteristic patterns using a simulated annealing method. a Typical 

difference map of sample S1. The x- and y-axes represent the MulF NPMs from 1 to N. The pixel value in 

location (m, n) represents the difference of the characteristic patterns between MulF NPM m and MulF NPM 

n. b Gradient of the difference map shown in a. c Optimized difference map of a. Simulated annealing 

optimization-based method 8 used to search for the most similar characteristic patterns by minimizing the total 

gradient of the difference map shown in b. The red rectangles show the identified characteristic patterns with 

the highest similarities. d Gradient of the optimized difference map. MulF, multiscale features; NPM, 

nanoporosity map. 

 

Next, a simulated annealing optimization-based method 8 was used to minimize the total gradient GRt. As 

indicated in Fig. S34b,d, the gradient distribution is more uniform after optimization and groups of images 

with lower differences are observed (Fig. S34c: regions selected by red rectangles), suggesting these 

characteristic patterns share similar pore distributions. Three shared characteristic patterns were derived and 

visualized for each sample. For example, the characteristic patterns selected in Fig. S34c were superimposed, 

and three shared characteristic patterns were visualized for S1 in Fig.6 of Manuscript. 

To highlight the shared characteristic pore structure patterns, the shared characteristic pattern (denoted as 𝑠𝑅) 

was further normalized based on the NPMs of the selected characteristic patterns and their similarity, which 

was calculated as: 
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𝑠𝑅 = 𝑒−60×𝜎 ∑𝑅⁄ ×∑𝑛 × 𝑅 

where 𝜎 is the standard deviation of the selected characteristic pattern, 𝑛 and 𝑅 represent the original porosity 

map and the characteristic pattern, respectively.  
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