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This study presents a deep convolutional neural network (DeepCNN) based framework for the 
automatic estimation of porosity in concrete materials from two-dimensional computed tomography 
(2D CT) scan images. Addressing the limitations of manual and time-consuming traditional porosity 
measurement methods, the proposed approach integrates advanced image processing techniques to 
improve robustness under low resolution and noisy imaging conditions. The DeepCNN architecture 
comprises a multi stage feature extractor with 21 convolutional layers and an SPP based neck, trained 
on 20,520 annotated CT images after data augmentation. Preprocessing steps include automated 
region of interest detection, intensity normalization, and class specific filtering prior to porosity 
estimation. The framework performs material classification and porosity estimation across multiple 
concrete classes, including cement-based mortars (CM0, CM5, CM10, CM20), geopolymer based mortar 
(GM), and ultra-high performance concrete (UHPC), using a rule based adaptive thresholding (RBAT) 
strategy incorporating clustering, filtering, and thresholding operations. Porosity is quantified by 
computing the ratio of pore area to the total image area. Across all material classes, the estimated 
porosity values showed close agreement with vacuum pycnometer measurements, with deviations 
within 2–3%, including deviations of 1.5% for UHPC and 1.3% for CM10. The DeepCNN classifier 
achieved a precision recall AUC of 1.0 during testing. These results demonstrate that the proposed 
hybrid framework provides an accurate, automated, and computationally efficient solution for porosity 
assessment, suitable for practical and industrial CT based material characterization workflows.
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Porosity, a fundamental material property, refers to the proportion of voids or empty spaces within a solid 
structure. It is essential for determining the overall performance and behavior of materials and their potential 
applications. Porosity also influences the mechanical strength, permeability, thermal insulation, and chemical 
reactivity of materials1. For instance, in civil engineering, the porosity of concrete material determines its strength 
and durability, whereas in the petroleum industry, the porosity of reservoir rocks directly impacts the amount of 
extractable oil or gas. In advanced materials science, porous structures are integral to the design of cutting-edge 
products, such as supercapacitors, drug delivery systems, and catalytic converters. Therefore, material porosity 
must be accurately determined for ensuring high product quality and better economic outcomes2.

Image processing has emerged as a pivotal technique in assessing the porosity of materials, particularly 
with the introduction of cutting-edge imaging methods such as X-ray microtomography (µCT)3 and scanning 
electron microscopy (SEM)4. The internal structure of a material can be studied using these methods, ensuring 
an accurate quantification of pore spaces5,6. First, three-dimensional (3D) structural images are acquired using 
µCT, high-resolution two-dimensional images are acquired using SEM, and images with more prominent, 
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discernible pores are obtained using optical microscopy7. Then, preprocessing steps such as thresholding for 
partitioning the solid material surfaces and pores based on gray-scale intensity, filtering for minimizing image 
noise, and contrast enhancement for amplifying feature visibility are performed. Several thresholding methods 
such as Ostu7, extended Ostu8, histogram-based9, and experimental-based are used on the CT-scan images for 
identifying the pores and solid areas. The resolution of µCT devices restricts the analysis of pore properties 
from the images; pores larger than the device resolution can be easily identified, whereas identifying smaller 
pores is challenging. To address this issue, a threshold is used. As structures are scale-dependent, they influence 
various material properties differently. Therefore, an appropriate and arbitrary threshold must be chosen, which 
can be varied based on the user and the acquired images10, such as mercury intrusion porosity11, volumetric 
analysis12, and global thresholding13 with local refinement methods. Although these thresholds provide realistic 
information about material structures, they require the segmentation of µCT images14.

Image segmentation is performed for partitioning the solid structure and pore spaces using techniques such 
as region growing, watershed segmentation, and edge detection15. The segmented images are further refined by 
segregating or amalgamating image features by performing morphological operations such as erosion, dilation, 
opening, and closing16. Then, quantification is performed, wherein the porosity is calculated based on the 
pixel or voxel ratio and pore size distribution and pore interconnectivity, which can impact permeability are 
evaluated. Postprocessing techniques, particularly for 3D data, require 3D visualization tools such as volume 
rendering or skeletonization, to retain the material’s actual physical structure. The accuracy of the porosity 
estimated using imaging technique is validated by comparing the results with those obtained via experiments 
or benchmarks. Phases such as pore space and solid grains in porous materials can be accurately differentiated 
by segmenting their gray-scale images. However, traditional methods require manual intervention, resulting 
in inherent biases and inconsistencies, and achieving precise multimineral segmentation is challenging15–17. 
Despite the advancements in imaging technology and computational power, several constraints persist such 
as challenges with balancing the image resolution and field of view (FOV). For instance, the quantification 
of sub-micrometer details of carbonated rocks is affected at large-scale due to rock heterogeneity18. Similarly, 
sub-micrometer fractures in delicate rock samples affect the resolution of images. This dichotomy between 
achieving high resolution and a wide FOV is as a fundamental limitation in imaging19. Large memory and high 
computational speeds are required for processing images with large dimensions. Although large simulations can 
be performed on workstations, image sizes surpassing model sizes are likely to endure due to the ongoing growth 
in imaging dimensions20.

Machine learning and artificial intelligence have further revolutionized image processing. Advanced 
algorithms and neural networks are trained to autonomously segment images, thus reducing manual intervention 
and enhancing prediction accuracy. Image processing is a comprehensive, nondestructive technique for porosity 
estimation; however, meticulous calibration and validation and occasional manual oversight must be ensured 
to guarantee precise results, for which convolutional neural networks (CNNs) are used21. CNNs can learn from 
high-quality data, consider surrounding shapes and textures, and evolve in architecture to enhance image 
segmentation accuracy. Unlike traditional methods, CNNs do not rely on user-defined filters and statistical 
measures to capture surrounding information, yielding improved results22. Based on these findings, a CNN-
based methodology is proposed herein to estimate the porosity of a material from a given 2D CT-scan image. 
The proposed methodology focuses on integrating techniques that can efficiently estimate porosity value using 
limited information about the material such as its CT scan image and class label.

Despite significant advances in image-based porosity analysis, several challenges still exist. The precise 
identification of pores is heavily reliant on picture quality, constraining the detection of intricate pore structures. 
Secondly, micro-computed tomography images are frequently influenced by noise, beam hardening, and 
reconstruction artifacts, which diminish segmentation reliability and often necessitate manual intervention. Third, 
fixed thresholding approaches have difficulties in generalizing across materials with varying microstructural and 
grayscale properties. These constraints highlight the importance for an automated and adaptive system that can 
accommodate material-specific variations while reducing user bias.

The novelty of this study is not the development of a fundamentally new deep learning architecture or 
segmentation method, but rather the application-driven design of a hybrid and completely automated porosity 
estimation framework customized for micro-CT images of cement-based and geopolymer materials. The 
uniqueness lies in the structured integration of an adapted convolutional neural network for material-aware 
ROI localization and classification with a domain-informed, rule-based adaptive thresholding technique for 
porosity measurement. Unlike end-to-end semantic segmentation approaches that require extensive pixel-level 
annotations and large training datasets, the proposed framework separates material identification and porosity 
estimation, allowing for interpretable, stable, and computationally efficient porosity assessment under practical 
imaging constraints. This design decision tackles frequent issues in industrial CT workflows, such as limited 
labeled data, diverse material classes, and the necessity for near real-time inference, providing a practical 
alternative to fully data-driven segmentation pipelines.

This article flow is organized as follows: Sect. 2 discusses the related research on machine learning techniques 
for porosity estimation and its challenges. Section  3 elaborates on the workflow of the proposed method 
detailing the DeepCNN architecture and rule-based adaptive threshold method. Section 4 validates the results 
obtained using the proposed method. Section 5 concludes the study and discusses the limitations as well as 
future prospects.

Related works
Various tools have been developed to evaluate the structural and transport properties of porous materials such 
as permeability, pore size, diffusivity, and porosity. Traditional methods such as empirical and numerical models 
analyze porous media using experimental parameters; however, they are time-consuming and their complexity 
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increases with image scale23. Extensive data related to materials are now available due to advances in automation 
and computational power. Machine learning algorithms that can identify patterns within vast datasets have 
been developed24. In particular, deep learning (DL)-based CNNs are used for computing the properties of 
porous materials and extracting pertinent features from training data25. Several image-based machine learning 
tools, including gradient boosting regression (GDR) and support vector machines (SVM), have been applied to 
microscopic images of porous materials. Among them, GDR yields accurate predictions based on the physical 
descriptors used as inputs26. DL models classify images based on morphology and enhance image quality27. 
Szegedy et al. assessed pretrained DL models for classifying SEM images, among which Inception v3 exhibited 
the highest accuracy and efficiency but could not process atypical images28. Pixel-wise classification, offering 
detailed insights into object shapes, was superior to global image classification. Azimi et al. and DeCost et al. 
used specialized networks for segmenting and analyzing intricate microscopic components in materials such as 
carbon steel, showcasing the potency of well-designed networks in handling vast datasets29–31.

A three-phase methodology for predicting porosity from X-ray µCT images of low-density ceramic materials 
was proposed, which used nonlocal denoising, CNN for pore segmentation, and quantitative analysis for 3D 
pore metrics, highlighting the shortcomings of traditional porosity estimation methods32. Predicting material 
properties, such as permeability, is challenging due to the complex nature of the microstructures of porous 
media. The permeability of materials, particularly those with specific porosity ranges, was estimated using tools 
such as Fiji and parametric regression33.

DL models, including CNN and the Boltzmann method, showed potential in porosity estimations; however, 
they occasionally faltered with samples having low permeability34. Another approach, the C-Net model, was 
trained on 2D images to estimate porosity but had its limitations35. Similarly, a CNN-based computational 
framework had difficulties with materials of low diffusivity36. DL methods were also used for enhancing image 
resolution. 3D images were generated using generative adversarial neural networks (GAN), but the models often 
produced less accurate permeability values37. Techniques such as 3D multiscale imaging were applied to porous 
volcanic rock materials, but they sometimes overestimated porosity38.

Recent studies have demonstrated the effectiveness of enhanced U-Net based segmentation models for pore 
structure and geomaterial analysis using micro-CT images39. DL based encoder decoder architectures have also 
been extensively evaluated for segmenting pore spaces and microfractures in digital rock images40. Unsupervised 
deep learning approaches have been explored to address the dependency on labeled datasets in micro-CT image 
segmentation, enabling reliable pore scale segmentation and contact angle estimation in multiphase CO2 water 
rock systems without extensive manual annotation41. Advanced UNet + + based workflows combined with 
energy-based modeling have further improved the segmentation of fine scale boundaries and small pore targets 
in digital rock images, highlighting the potential of DL methods to enhance porosity related feature extraction 
in heterogeneous geological materials42.

Practical challenges with 2D CNN segmentation include limited training data and model flexibility. Although 
3D CNN models yielded high-accuracy results, they were resource-intensive with scalability concerns43. Semi-
automated techniques exhibited high accuracy, albeit with significant error rates44. CNN models such as SegNet 
and U-Net achieved commendable accuracy rates but produced inaccuracies with microporous materials45,46. A 
novel framework used CNN to estimate various properties of sandstones, highlighting the potential and current 
limitations of DL in digital rock analysis47. Table 1 summarizes the studies that used image segmentation and 
CNN models for analyzing material properties.

As a summary the material properties evaluated using traditional imaging methods, which were limited 
by their complexity are improved by machine learning techniques, notably DL. Models such as Inception and 
ResNet could estimate material properties, such as porosity and permeability, from X-ray µCT images. Efforts 
to convert 2D images into 3D demanded additional input information about the material samples. Pixel-wise 
classification has unveiled challenges such as training data availability and scalability. Artificial Intelligence is 
widely used for analyzing material properties and combining traditional and innovative computational methods 
is crucial. Using CNN, a stacked model is proposed herein to estimate material porosity from 2D CT images. A 
DeepCNN model was used for material classification and a rule-based adaptive threshold (RBAT) technique was 
developed for porosity estimation. The efficacy of the proposed method was validated by comparing the results 
with those obtained using the vacuum pycnometer (PYC) method48.

Methodology
A robust methodology for estimating porosity from CT images of materials was provided, without the use 
of supplemental data. Figure 1 illustrates the proposed methodology, outlining each step in detail. The initial 
dataset consisted of 2D CT scans representing different classes of construction materials, specifically cement-
based mortar (CM0, CM5, CM10, CM20), geopolymer-based mortar (Geo), and ultra-high-performance 
concrete (UHPC). The three materials display markedly divergent pore architectures, from the relatively open 
systems in conventional mortar to the packed, fine-scale pores in ultra-high-performance concrete (UHPC) 
and the chemically unique matrix of geopolymers. Assessing all three facilitates the evaluation of the model’s 
resilience across a diverse range of pore shapes. The obtained 2D CT pictures inherently exhibit several imaging 
abnormalities, such as X-ray scattering, beam hardening effects related to the Beer–Lambert attenuation 
principle, moisture-induced scattering in cementitious materials, and edge effects stemming from specimen 
geometry. Edge effects and acquisition-related frame abnormalities induce non-representative intensity 
fluctuations around specimen borders, potentially resulting in erroneous porosity estimation if incorporated 
into the study. This study addresses the issue by explicitly separating the actual region of interest (ROI) before 
calculating porosity. A DeepCNN-based object detection framework is utilized to autonomously identify and 
extract the internal specimen region, while disregarding peripheral frame-like patterns and boundary areas 
influenced by edge artifacts. This automatic ROI extraction guarantees that porosity is calculated just from the 
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center, physically representative area of the specimen, thus reducing the impact of boundary-induced mistakes. 
Pores that intersect the specimen margins or are influenced by geometric distortion are systematically omitted 
from porosity estimation. Material classification is crucial as each material type displays unique grayscale 
properties and pore differentiation. The RBAT module implements distinct thresholding criteria for each class, 
and precise classification guarantees the appropriate rule set is utilized, enhancing segmentation quality and 
porosity assessment.

Due to the susceptibility of manual ROI delineation to errors and the time-intensive nature of the process, 
an automated solution was proposed, wherein a specialized DeepCNN model was trained. This model 
was designed to inherently identify and extract the ROI from the input images, thereby eliminating manual 
intervention. For training, as the first step, the dataset was manually annotated by demarcating the boundaries 
around the ROIs and tagging them with their respective material classes. In the proposed methodology, precise 
annotation of input images is emphasized, including the identification of object corners and material classes, 
essential for accurately estimating porosity, even for partially visible pores. The DeepCNN model is trained 
with a dataset enriched by images featuring various pore visibility scenarios, enabling the precise detection of 
object boundaries and the inclusion of partially cropped pores in the porosity analysis. This approach ensures 
that porosity estimates accurately reflect material characteristics, even when the complete pore structure is not 
fully observable. Moreover, to enhance the model performance and counteract overfitting, data augmentation 
techniques were used. After isolating the ROI, as the next step the DeepCNN model further processed the 
image primarily for segmenting the ROI and classifying the underlying material type. The resultant output was 
a segmented ROI image, duly classified under one of the material classes.

The third step, the porosity was estimated by considering high-intensity pixels as pores and low-intensity pixels 
as the background. A clustering approach was used to distinguish these regions, and pixels were categorized based 
on their intensity. To further refine the clustering output, RBAT was used. It automatically derived a threshold 
value for any given image and converted the clustered image into a binary format, wherein pixels with intensity 
values of 255 and 0 are interpreted as pores and background, respectively. Finally, porosity was quantified by 
calculating the ratio of pixels classified as pores to the total number of pixels within the cropped ROI and the result 
was expressed as a percentage. This approach ensures that porosity estimation is not influenced by non-sample 

Refs. Techniques Input Output Experimental observations

26 Gradient boosting,
SVM, and ANN

3D image of gas diffusion 
layers in fibrous materials

Diffusivity, permeability, 
and relative permeability

Gradient boosting attained a higher accuracy of ~ 95% in predicting the 
porosity of the trained materials. The accuracy significantly decreased in 
all models for unknown materials.

32
Nonlocal means (NLM) 
denoising, CNN, and quantitative 
analysis

3D X-ray tomographic images 
of low-density ceramics

3D image of input, pore 
density, and porosity

Denoising is substantive with low contrast images. Parameter estimation 
was longer with unfamiliar materials. Annotation and training of CNN 
models were time-consuming and captive to human bias.

33 ImageJ FIJI tool and 
computational fluid dynamics

3D X-ray tomography image 
of honeycomb materials

Porosity, median pores 
size, and permeability

Data from physical methods were used for determining the correlation 
between the porous parameters obtained from image processing. 
Permeability predictions were accurate only with the studied material.

34 CNN and lattice Boltzmann 
method

Binary images of multiple 
porous media and related 
variables obtained from 
simulations

Porosity, permeability, 
and tortuosity

Predicted porosity, permeability, and tortuosity with a relative error of 6% 
from true values. The model faced challenges in accurate prediction for 
low permeability and tortuosity of > 1.75. Moreover, reasonably accurate 
predictions were obtained only for the data they were trained on.

35 C-Net and U-Net with self-
normalization module [23]

Binary images of multiple 
porous media with 
geometrical data

Porosity and effective 
diffusivity

Achieved improvement in prediction accuracy of porosity and diffusion 
coefficient with 1σ of confidence than their previous model [23].

36 CNN 2D binary images of porous 
materials

Porosity and effective 
diffusivity

The model had greater variation ranges (0.28–0.98) from the ground 
truth across diversified and complex structural topologies.

37 GAN and lattice Boltzmann 
method

2D TXM and FIB-SEM 
images of rock samples

Permeability and 3D 
image of the input

Computed permeability by reconstructing 3D volume image from the 2D 
image. The computational time of the model is greater and increases with 
structural complexity of the material.

38 2D U-Net and Pix2pix networks
3D µCT images of volcanic 
rocks with low, high, and very 
high resolutions

Porosity, permeability, 
and diffusivity

The model took a long time for dataset preparation. Porosity values were 
overestimated for low-resolution image samples.

43
2D and 3D configurations 
of SegNet, U-Net, ResNet, 
U-ResNet, and MultiResNet

µCT images of multimineral 
rock samples

Space and absolute 
permeability

Among all the models, the prediction accuracy of U-ResNet-3D was 
closer to the ground truth. However, the performance was inconsistent 
for some materials.

28

InceptionNet-v3,
InceptionNet-v4,
InceptionNet-slim, and
ResNet

SEM images of multiple 
objects of different scales

Classification of pixels as 
pores and solid regions

Manual labeling of the dataset was time-consuming. Model performance 
was very low for images with divergent characteristics.

29,30
PiXelNet and Max-voted 
segmentation based fully 
connected CNN

SEM images of carbon steel 
microstructures

Classification of pixels as 
pores and solid regions

Models efficiently analyzed the physical features of massive known target 
materials.

45,
46

SegNet, extended SegNet, and 
U-Net

Tomographs of three 
homogeneous sandstones

3D image of the sampled 
material Improved accuracy up to 99% using multiphase thresholding techniques.

47

CNN framework hybrid with 
Otsu, network extraction 
algorithm, watershed algorithm, 
and Gaussian filter

µCT images of sandstones
Porosity, specific surface 
area, and average pore 
size

CNN-predicted porosity showed a relative error of 2.7% on binary images 
whereas the error increased to 6.3% for grayscale images. The method is 
dependent on the thresholding techniques and suffers from uncertainty.

Table 1.  Summary of related research.
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regions or boundary-related artifacts present in the original CT images. For validation, the porosity estimated 
using the proposed model was compared with the ground truth values obtained using the conventional vacuum 
PYC method. The DeepCNN model is used exclusively for material classification and automated extraction 
of the region of interest from the micro-CT images. Although internal feature maps are generated during the 
network’s forward pass, these are not used to produce pore-level segmentation masks. All pore segmentation is 
performed in a subsequent stage using the rule-based adaptive thresholding approach. This separation ensures a 
clear distinction between learning-based classification and rule-based porosity segmentation.

DeepCNN architecture for material classification
DeepCNN, an advanced architecture, is used for object detection, particularly for distinguishing various materials 
based on their inherent patterns and textures. The DeepCNN architecture follows the design principles of single 
stage object detection frameworks, particularly YOLO based models that combine convolutional backbones, 
spatial pyramid pooling, and prediction heads for region localization and classification49. In this work, the 
YOLO style architecture is adapted and simplified for material specific ROI detection in CT images, with the 
feature fusion neck omitted to reduce computational complexity and support efficient porosity estimation50. 
The architectural framework of DeepCNN is structured around three core components as illustrated in Fig. 2. 
First, CNN acts as the architectural backbone for extracting intricate features from the input images. Second, 
an intermediary “neck” network (SPPNet) composed of convolutional and pooling layers refines the features 
obtained from the backbone and optimizes them for object detection tasks. Lastly, the “head” network, another 
specialized CNN, classifies potential object regions and meticulously calibrates their spatial coordinates.

Sample Preparation and imaging
The Portland cement-based mortar specimens (CM0 - CM20 series) were prepared using a water to cement ratio 
of 0.45, while the ultra-high performance concrete specimens were produced with a water to binder ratio of 0.20. 
All Portland cement based and UHPC samples were cured under controlled laboratory conditions and scanned 
at an age of 28 days. This curing duration ensured hydration stability prior to imaging and minimized moisture 
related variability in X ray attenuation. The geopolymer specimens were cured at elevated temperature for the 
initial 24  h and subsequently stored under ambient laboratory conditions before scanning. This preparation 
and curing conditions were selected to ensure a consistent internal moisture distribution across samples and to 
reduce its influence on grayscale contrast during micro-CT image reconstruction.

Fig. 1.  Workflow of the proposed method.
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All specimens were scanned using a laboratory X ray micro computed tomography system operated at an 
accelerating voltage of 90 kV. A beam hardening filter was applied to reduce reconstruction artifacts. Projection 
images were acquired over a full rotation and normalized using open and closed beam reference images prior 
to reconstruction. The reconstructed volumes provided a voxel resolution of approximately 2 μm, which was 
sufficient for subsequent pore segmentation and porosity estimation.

During the training phase, the model used a composite loss function, integrating both classification and 
regression losses. First, the model was trained to demarcate potential object regions. Then, its ability was 
improved to accurately classify these regions and refine their boundaries. During operation, the model used 
the SPPNet network after feature extraction for preliminarily predicting the object region and the prediction 
head network for final classification and boundary precision, ensuring the accurate detection and localization of 
objects within the images.

Spatial pyramid pooling network (SPPNet) plays a vital role in object detection models by enhancing their 
adaptability to variations in the size and scale of input images. The SPPNet layer partitions the extracted features 
into a grid format as shown in Fig. 3. Within each grid cell, it applies a max pooling operation to distill the most 
significant information. The outcomes of these pooling processes are then merged to form a consistent-sized 
vector. This resultant vector is fed into the fully connected layers of the model for object identification and 
accurate prediction of their boundaries. SPPNet is especially beneficial in two-phase object detection models. 
In the first phase, potential object locations are determined; in the second phase, these predictions are further 
refined. Using SPPNet, these models exhibit improved accuracy for varied datasets. SPPNet also prevents 
overfitting by reducing the model’s dependence on the specific arrangement of features in the input image. The 
following algorithm explains the working of DeepCNN for feature extraction and classification of materials.

Porosity estimation
Portland cement-based materials exhibit a multi-scale pore system comprising entrained and entrapped air 
voids, shrinkage-induced pores, capillary pores, and gel pores. Due to resolution limitations, micro-computed 
tomography imaging captures only pores larger than the effective voxel size, primarily representing entrained, 
entrapped, and large capillary pores. In contrast, vacuum pycnometer measurements account for the total 
accessible pore volume, including sub-resolution gel and fine capillary pores. The agreement observed between 
the two methods in this study should therefore be interpreted at a comparative, material-class level rather than 
as a direct equivalence of absolute pore volumes. Within a given mixture type, the fraction of sub-resolution 
pores is expected to remain relatively consistent across specimens, allowing trends in porosity variation to be 
meaningfully compared. As a result, although the absolute pore-size ranges differ, the micro-CT–based estimates 

Fig. 3.  SPPNet architecture for object detection.

 

Fig. 2.  DeepCNN architecture for object detection.
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reflect relative porosity differences that align with experimental measurements obtained using the vacuum 
pycnometer.

Clustering
A CT scan of the specimen utilized in this study had several color spaces. One of the most significant issues was 
figuring out which layers was on top and which have been on the bottom in the image. This is important for 
telling the difference between the real pores and solid areas of the specimen. K-means clustering is employed 
for intensity-based separation of pore and solid regions, following its extensive and validated use in image 
segmentation and pattern analysis reported in high impact computer vision and image analysis journals51. The 
image pixels are sorted by their color spaces and used K-means clustering to group them because it works well 
for grouping pixels. Prior to thresholding, K-means clustering was applied to the grayscale image to group pixels 
with similar intensity values. Each image was reshaped into a one-dimensional pixel array and normalized to 
reduce intensity variations. The clustering was performed using three clusters, representing pore regions, solid 
matrix, and transitional grayscale values. This step provides a stable pre-segmentation that reduces sensitivity to 
noise and improves the robustness of subsequent thresholding operations.

Figure 4 depicts the steps involved in clustering. As the first step, the image was vectorized before clustering 
for subsequent detailed analysis. Then, K-means clustering determines the optimal cluster count, which is 
denoted as “k.” Several trials were conducted by assigning different values for k, herein to determine the optimal 
k. The estimated porosity obtained using k was compared with the observed porosity of the specimen. For k = 3, 
the estimated and observed porosity values agreed well with high fidelity. Thus, the proposed method suggests 
that k = 3 is ideal because the image pixel values were adeptly allocated to their nearest clusters.

RBAT
After the images were clustered and cropped, adaptive thresholds were applied to differentiate various classes, 
resulting in a binary representation of the material. For “CM0” materials, image processing was performed by 
first applying a median blur filter (kernel size of 5) to mitigate image noise. Then, mean adaptive thresholding 
was applied for determining a threshold for each pixel based on the mean intensity of its surrounding area, 
facilitating effective segmentation. Adaptive threshold selection follows Otsu based histogram thresholding 
principles, and the associated clustering and thresholding operations are implemented using OpenCV based 
image processing routines that are widely adopted and validated in scientific image analysis workflows52,53. 
Such preprocessing is vital for accurate porosity estimation of CM0 materials, ensuring noise-free images and 
highlighting relevant features.
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Fig. 4.  Clustering process.
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The rule-based adaptive thresholding module dynamically selects an appropriate thresholding strategy based 
on the grayscale distribution and noise characteristics of the classified material. For materials with high contrast 
and low noise, a global threshold is applied. In cases where intensity variation is higher, adaptive mean or 
Gaussian thresholding is employed. The decision logic is guided by material classification results and clustering 
statistics. Figure 5 represents the schematic overview of the RBAT workflow, illustrating the decision pathway 
from input image to final binary pore segmentation.

For “CM10” or “CM5” materials, the segmentation process was streamlined, and mean adaptive thresholding 
was applied without prior blurring to the gray-scale image. This process is suitable for materials with minimal 
noise or wherein maintaining fine structural details in image is essential for porosity estimation. For “CM20” 
materials, a Gaussian blur filter (kernel size of 5 × 5) was first applied to smooth the image and reduce noise, 
followed by mean adaptive thresholding. The Gaussian blur ensured the image remained largely unaffected by 
noise, and the subsequent thresholding segmented relevant regions. This combination is well-suited for images 
of CM20 materials with moderate noise levels.

A procedure similar to that for “CM0” materials for used for “GM” materials but with a different method to 
adaptive thresholding. A median blur was first applied to the image for noise reduction, and adaptive thresholding 
using the Gaussian method was applied. This method is particularly effective for images with varying lighting 
conditions. The Gaussian method assigned varied weights to neighboring pixels, accommodating local intensity 
variations. Lastly, for “UHPC” materials, the image underwent K-means clustering with K = 4, segmenting it 
based on color or intensity similarities. The clustered image was then converted to grayscale for simplification. 
A median blur was applied to mitigate noise, followed by global thresholding. This comprehensive approach is 
tailored for UHPC materials, allowing precise segmentation and accurate porosity estimation by differentiating 
material components within the image.

Porosity estimation
Binary images of the materials were obtained for porosity estimation using a rule-based approach. These images 
were representative of the material samples, with pixel values typically indicating either the material structure 
(0) or the pores (255). This method was primarily used for quantifying the void or pore space within a material, 
which is crucial for material characterization. First, the binary image was converted into a vector array for data 
manipulation. Then, distinct pixel values in the binary image representing the material structure (denoted by 0) 
and pores (denoted by 255) were identified.

Porosity was calculated using a mathematical formula shown in Eq. 1 that computes the ratio of the pore pixel 
count to the total pixel count in the image for pores and solid structure.

	
Porosity = Pixel values of the pores

Total EquationNumber of pixels
× 100� (1)

Fig. 5.  Overview of the RBAT workflow.
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Experiment and results
Data Preparation
A dataset containing CT scans of various materials such as Portland cement type I (used for CM and UHPC), 
metakaolin (for GM), and silica fume (used as a pozzolanic additive in both UHPC and GM) was used. An alkali-
activating solution containing sodium hydroxide was prepared for the geopolymer. In UHPC, silica flour and 
sand were incorporated as aggregates. Aluminum powder acted as an air-entraining agent for the foamed CM 
samples. CT measurements were performed to analyze specimens measuring 50 × 50 mm244. High – resolution 
CT scan images of materials having intricate structures at micro and even nanoscales produce vast amounts of 
data. The storage, management, and processing of these extensive datasets demand substantial computational 
capabilities. The processing and reconstruction of CT-scan data, particularly at higher resolutions, are resource-
intensive and expensive. When trained with limited amounts of data, the DL models are prone to overfitting. To 
address this challenge, the dataset was augmented herein using image enhancement techniques, such as rotation, 
cropping, and flipping.

Herein, 2D CT scans that featured a black frame-like border, encompassing approximately 15% of the image 
periphery, were used. The proposed workflow was structured into two primary segments: material detection and 
classification as well as porosity estimation. Initially, images in the dataset were annotated with their respective 
class labels, accompanied by bounding box coordinates highlighting the material’s ROI. Directly using the 
images from the CT-scan device led to erroneous porosity values, as the black border was inadvertently included 
in the estimation. Thus, the DL model was used to identify and isolate the ROI, thereby effectively removing the 
extraneous black frame. This DL model was trained using class labels such as CM0, CM5, CM10, CM20, GM, 
and UHPC. Table 2 shows the distribution of data for both the testing and training phases.

Performance evaluation
The performance of the proposed deep learning (DL) model in material classification and porosity estimation 
is comprehensively assessed using key evaluation metrics, including box loss, class loss, mean average 
precision (mAP), and intersection over union (IoU) at specific thresholds. These metrics facilitate a nuanced 
understanding of the model’s effectiveness and accuracy across various dimensions. Box loss evaluates the 
precision in identifying the boundaries of objects or regions of interest (ROIs) within images, with a lower score 
indicating a closer match between the model’s predictions and actual object boundaries. Class loss, on the other 
hand, quantifies the model’s ability to correctly classify the materials depicted in the images, with lower values 
signifying higher classification accuracy.

Furthermore, the model’s performance is also gauged through mean average precision (mAP), which 
provides an overarching score for the precision of object detection across different classes and IoU thresholds, 
and intersection over union (IoU), which measures the overlap between predicted and actual bounding boxes. 
An IoU of 1 represents a perfect overlap, indicating highly accurate object localization. The DL model’s loss at 
each iteration reflects a blend of coordinate and classification losses, where coordinate loss is determined by 
the degree of overlap between actual and predicted bounding boxes, and classification accuracy is illustrated 
through a confusion matrix that includes precision and recall metrics.

Collectively, these metrics provide a detailed assessment of the DL model’s capability to accurately locate 
and classify objects within images, which is pivotal for accurately determining the material’s ROI for porosity 
computation and enhancing the model’s utility in practical applications.

Model performance on material classification
The performance of the DL model was evaluated during the training and testing phases. The model was 
trained for 20 iterations with a batch size of 10. Figure 6 shows the learning performance of the model during 
classification. As the number of epochs increases, the model’s error rate consistently decreases, showcasing a 
significant improvement in its predictive accuracy and demonstrating its capacity to effectively learn from the 
training data. This trend not only signifies the model’s adeptness at adapting to the underlying patterns within 
the data but also highlights the implementation of comprehensive measures designed to ensure its robustness 
and general applicability. To prevent overfitting and maintain the model’s performance across various datasets, 
strategies such as regularization, early stopping, and data augmentation have been meticulously employed, 
thereby enhancing the model’s ability to generalize to unseen data. Figure 6(a) shows the box loss of the model 
during the training and cross-validation phases. In Fig. 6(b), the plot for IoU at the thresholds of 0.5 and 0.5–

Material class

Dataset description Data split

Collected images Augmented images Total images Training phase Testing phase

CM0 1201 2402 3603 2882 721

CM5 989 1978 2967 2374 593

CM10 1169 2338 3507 2806 701

CM20 1081 2162 3243 2594 649

GM 1200 2400 3600 2880 720

UHPC 1200 2400 3600 2880 720

Total 6840 13,680 20,520 16,416 4104

Table 2.  Dataset description.
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0.9 mAP demonstrates a consistently improving performance, with more accurate bounding boxes around the 
ROI over successive epochs. Figure 6(c) shows that the model’s class loss remained steady during training but 
exhibited some variability during the validation phase. Figure 6(d) indicates a positive trend in learning, with 
both precision and recall values showing consistent growth during both phases.

The model performance was assessed using a specific image set; the results are shown in Fig. 6. The dataset 
used herein was imbalanced. Precision–recall (PR) plots are particularly valuable for gauging model performance 
for imbalanced datasets. Figure 7(a) shows that the model achieved an impeccable PR curve, with an area-under-
curve value of 1 for all classes. Compared to the PR curve for the training phase, that for the testing phase 
exhibited a notable improvement. Figures 7(b) and 7(c) depict the variations in precision and recall with varying 
confidence threshold. As precision and recall increase, the confidence threshold for all classes also increases until 
the optimal value of 1. Figure 7(d) shows the plot of combined precision and recall values as a singular metric 
and F1-score against confidence threshold. A pronounced peak suggests an optimal balance between precision 
and confidence.

Figure 8 shows the confusion matrix used for evaluating the classification performance of the DL model. The 
proposed model was designed for multiclassification; therefore, the confusion matrix is plotted as 6 × 6 denoting 
the six classes of materials. Rows denote actual classes, and columns denote predicted classes. Diagonal elements 
represent correct classifications, whereas off-diagonal elements signify misclassifications. The confusion matrix 
results suggest that the model efficiently classifies all images.

Performance on porosity prediction
After material selection and classification, the porosity was estimated using the RBAT algorithm. The provided 
dataset contained the average porosity data for image samples from each class, as determined using the vacuum 
PYC method44. Porosity values for all images in the dataset were estimated, and an average value for each class 
was derived. The statistical distribution of the estimated porosity values using RBAT algorithm for 6,840 CT-
scan images categorized under each class for 25%, 50%, and 70% of the dataset is presented in Table 3. This table 
clearly shows that the average porosity estimation remained consistent across each quartile of images for every 
class.

Fig. 6.  DeepCNN model performance during the learning phase. (a) Box loss; (b) IoU with mAP threshold of 
0.5 and 0.5–0.95; (c) class loss; and (d) precision versus recall.

 

Scientific Reports |        (2026) 16:12714 11| https://doi.org/10.1038/s41598-026-39748-1

www.nature.com/scientificreports/

http://www.nature.com/scientificreports


Figure 9 shows the distribution of the estimated porosity values for all images across each class within the 
dataset. The porosity distribution for CM0 (Fig.  9(a)) exhibits a relatively narrow spread around the mean, 
indicating uniform pore characteristics in the baseline material. A slight shift in mean porosity with increased 
dispersion is observed for CM5 (Fig. 9(b)), while CM10 (Fig. 9(c)) shows higher variability, reflecting progressive 
changes in pore structure with material modification.

Fig. 8.  Confusion matrix.

 

Fig. 7.  Model performance during testing. (a) Precision versus recall; (b) precision versus confidence; (c) 
recall versus confidence; and (d) F1-score versus confidence.
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Fig. 9.  Distribution of the estimated porosity for each material class (a) CM0; (b) CM5; (c) CM10; (d) CM20; 
(e) GM; and (f) UHPC.

 

Actual class
Image
count

Average
porosity Min Max 25% 50% 75%

CM0 1194 23.45 18.9 25.6 23.95 24.78 25.32

CM5 990 34.19 28.93 38.11 33.29 34.24 35.22

CM10 1170 36.47 34.04 38.25 36.15 36.55 36.86

CM20 1086 34.79 32.97 36.51 34.26 34.82 35.3

GM 1200 25.8 22.7 28.6 26.19 27.1 29.74

UHPC 1200 2.48 1.78 3.9 1.83 1.92 2.45

Table 3.  Distribution of estimated porosity for different material classes.
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This distribution further reveals that some images have estimated porosity values that do not align with 
the typical range for their material class. Specifically, the distribution graph for class CM20 (Fig. 9(d)) exhibits 
no outliers, whereas GM (Fig.  9(e)) contains a small number of outliers, indicating moderate variability in 
pore distribution. Notably, UHPC displays a higher number of outliers compared to other classes, as shown 
in Fig. 9(f). These findings suggest that the model is particularly well fitted for CM20 but less fitted for UHPC, 
which exhibits a sparser pore distribution.

Performance comparison
The model’s accuracy was validated by contrasting the results from the proposed method with those from the 
experimental vacuum PYC method48. Figure  10 displays a comparison chart, highlighting the mean values 
obtained from both methods across various material classes.

For CM0, the vacuum PYC method yielded an average porosity of 22.67, slightly lower than that estimated 
using the proposed method (24.8). For CM5, both methods yielded nearly identical values.CM10 showed a slight 
variation, with the porosity estimated by the vacuum PYC method (37.8) slightly higher than that estimated by 
the proposed method (36.47). The results obtained using both methods for CM20 results were almost similar 
(34.69 and 34.79 for the vacuum PYC and proposed method, respectively). The estimated porosity values were 
significantly different for GM, with 23.68 and 26.8 for the vacuum PYC and proposed method, respectively. 
Similar results were observed for UHPC: 3.95 and 2.48 for the vacuum PYC and proposed method, respectively. 
Overall, while both methods produced comparable results across most classes, the variability in the estimated 
porosity values for UHPC was particularly notable. The predicted porosity showed strong agreement with PYC 
results, with R² = 0.96 across all material classes and an average absolute percentage error below 3.2%. The RMSE 
values for CM-based materials ranged from 0.45 to 0.79.

Figure 11 illustrates the various transformations of the input image at every step of the proposed methodology 
and the predicted output, the material class along with the estimated porosity values of the input material image. 
The developed DeepCNN model identified the material class by leveraging the training data and used a logical 
formula (Eq. 1) to estimate the porosity based on the results from the RBAT module. The proposed method 
was effective in recognizing material classes, particularly for high-resolution images. However, the model 
encountered errors when processing low-resolution or noisy images.

Limitations and scope for future work
The suggested porosity estimation framework exhibits dependable performance for high resolution micro 
computed tomography images with distinct pore matrix contrast. However, several limitations must be 
addressed. The existing pipeline shows sensitivity to low resolution and noisy scans and relies on accurate 
material classification prior to RBAT. Since rule based adaptive thresholding predominantly depends on 
grayscale intensity differentiation, variations in image quality, noise, and contrast can compromise segmentation 
precision. In materials with highly heterogeneous pore distributions or minimal intensity contrast between pore 

Fig. 10.  Performance comparison of the proposed model with vacuum PYC method.
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and solid phases, partial pore misclassification may occur. The approach is further restricted to pores that are 
resolvable at the specified scanning resolution. Sub resolution pores, such as gel and capillary pores prevalent 
in cement based materials, cannot be explicitly segmented and are only indirectly reflected in the estimated 
porosity. This limitation is intrinsic to CT based imaging and affects all image driven porosity assessment 
methods. Reduced performance was also observed for material classes not included in the training set, indicating 
limited generalization to previously unseen material systems.

Recent studies have shown that semantic segmentation with data augmentation can improve pore 
segmentation in heterogeneous cementitious and composite materials54. Accordingly, future work will focus 
on enhancing the robustness and generalizability of the proposed framework by investigating learning based 
semantic segmentation approaches, including U Net and transformer based models, to address the limitations of 
threshold based segmentation in low contrast and complex imaging conditions55. To further mitigate sensitivity 

Fig. 11.  Real-time experimental results.
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to low quality scans, denoising and contrast adaptive preprocessing techniques will be explored to improve feature 
consistency across diverse imaging settings. In addition, transfer learning and domain adaptation strategies will 
be examined to extend the applicability of the framework to novel cementitious and composite material systems. 
These developments are expected to improve segmentation accuracy, stability, and generalization across a wide 
range of material types.

Conclusion
Porosity is a critical parameter governing the mechanical, thermal, and chemical behavior of materials, yet 
its accurate estimation remains challenging due to limitations associated with manual intervention, imaging 
resolution, and conventional threshold-based techniques. In this work, a novel automated framework integrating 
DeepCNN based material classification with rule based adaptive thresholding has been proposed for porosity 
estimation from micro computed tomography images. The proposed model demonstrates computational 
efficiency, processing a µCT image in approximately 0.18 s on an NVIDIA RTX 3090 GPU, thereby enabling 
near real time inference. The framework can be seamlessly integrated with standard CT reconstruction pipelines, 
as ROI detection and RBAT segmentation can be executed alongside existing workflows without additional 
processing overhead. The effectiveness of the methodology was validated through comparative analysis against 
vacuum pycnometer measurements across multiple material classes. The proposed approach reduced porosity 
estimation deviation to within ± 3% for most materials, representing a clear improvement over traditional 
threshold only methods. The combined use of ROI detection, material classification, and adaptive thresholding 
resulted in more stable and repeatable porosity estimates, highlighting the robustness of the proposed pipeline.

While the method achieves high accuracy for trained and known material classes, reduced reliability was 
observed for unseen material types, indicating the need for further generalization. Future extensions involving 
broader material coverage and advanced adaptation strategies are expected to enhance applicability. Overall, the 
proposed framework offers an accurate, efficient, and automation friendly solution for porosity estimation, with 
strong potential for real time deployment across diverse industrial and materials science applications.

Data availability
All data analyzed during this study are available from author Prof. Sungwoo Park on reasonable request.
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