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Abstract
Recent advancements in image processing and convolutional neural networks have revolutionized the assess-
ment of concrete properties. These techniques provide non-destructive and automated solutions to analyze 
aggregates, air voids, cement phases, and surface defects in concrete and offer significant improvements over 
traditional manual methods. CNNs have been developed for tasks like segmentation, classification, and quanti-
fication of concrete properties under varied conditions. This paper provides a comprehensive review of the lat-
est developments in computer vision applications for evaluating concrete properties. It explores state-of-the-art 
image processing and CNN architectures being utilized in concrete properties assessment. Then, the application 
of these techniques to enhance the precision and reliability of concrete analysis is discussed. The review is 
organized into various categories based on the specific applications and advancements of CNNs in analyzing 
concrete properties. Challenges such as data variability, feature overlap, and imaging inconsistencies are criti-
cally discussed. The potential directions for future research are proposed, integrating advanced multimodal 
imaging and deep learning frameworks. This review aims to guide researchers and practitioners in advancing 
the field of concrete property assessment and structural health monitoring of concrete structures.

Keywords  Concrete properties · Image processing · Convolutional neural networks · Non-destructive 
testing · Deep learning · Structural health monitoring

Abbreviations
AI	� Artificial intelligence
ANN	� Artificial neural networks
AS	� Adaptive sampling
ASPP	� Atrous spatial pyramid pooling
BSE	� Backscattered Electron
CNN	� Convolutional neural network
CV	� Computer vision
DCNN	� Deep convolutional neural network
DIA	� Digital image analysis
DL	� Deep learning
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DSLR	� Digital single-lens reflex (camera)
DT	� Destructive testing
FE	� Flat and elongated
FE-SEM	� Field emission SEM
SEM	� Scanning electron microscopy
FPN	� Feature pyramid networks
GAI	� Global aggregate index
GPUs	� Graphics processing units
HCN	� Holistically nested convolutional network
HWC	� High-workability concrete
IoU	� Intersection over union
ISRN	� Improved structure relation network
LAI	� Local aggregate index
LWAC	� Lightweight aggregate concrete
mAP	� Mean average precision
MAPE	� Mean absolute percentage error
MVTS	� Multivariate time series analysis
NDT	� Non-destructive testing
RA	� Recycled aggregates
RAC-NET	� Recycled aggregates characterization network
ReLU	� Rectified linear unit
RMSE	� Root mean square error
RNN	� Recurrent neural network
RoI	� Region of interest
RPN	� Region proposal network
SAM	� Segment anything model
SCC	� Self-consolidating concrete
SHM	� Structural health monitoring
SI	� Segregation index
SVM	� Support vector machine
SVR	� Support vector regression
TWS	� Trainable weka segmentation

1  Introduction

Concrete is one of the most widely used building materials in modern construction because of its versatility, dura-
bility, and cost-effectiveness. The durability, serviceability, and structural performance of concrete depend mainly 
on the proportioning and mixing of the materials during production and exposure to the environment. Hence, 
an accurate prediction of concrete properties i.e., compressive strength, tensile strength, elasticity, durability, 
thermal conductivity, etc., is essential for structural design and Structural Health Monitoring (SHM) to have sus-
tainable and resilient structures capable of surviving different environmental conditions, loads, and stresses [1].

Engineers and construction professionals rely on accurate predictions to ensure the safety, reliability, and 
efficiency of buildings, bridges, dams, and other infrastructures. Traditional methods for assessing concrete prop-
erties have often relied on manual testing and physical measurements. These methods can be time-consuming 
and labor-intensive [2]. This highlights the need for advanced methods to predict concrete properties, enabling 
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non-destructive testing. Such methods allow engineers to evaluate concrete properties without damaging the 
structure, supporting real-time monitoring of existing infrastructure.

Over the past few years, deep learning (DL) and image processing have found broad applications in solving 
classification as well as prediction problems in various scientific and engineering areas. Among many other 
applications, these methods can be applied to the problems related to SHM of civil infrastructures. Typically, 
SHM involves monitoring processes where data are collected by measuring physical parameters to build a mea-
surable understanding of the current condition of a structure. Physical parameters may be continuously measured 
to monitor structural integrity in real time [3, 4]. Computer vision (CV) techniques are introduced as low-cost 
and reliable approaches to estimating physical parameters and monitoring the health condition of concrete struc-
tures. Image processing and Convolutional Neural Networks (CNNs) are employed in CV to make predictions 
about material characteristics based on information obtained from images [5–7]. The incorporation of these 
state-of-the-art techniques has revolutionized the field of concrete technology. High-resolution images obtained 
by Scanning Electron Microscopy (SEM) or digital microscopy capture intricate surface and internal structural 
features of concrete. Image processing techniques such as background subtraction, template matching, Canny fil-
ter, Morphological detectors, Haar transform, Sobel edge detector and texture recognition methods can be used to 
extract useful information from images [8–10]. This information can then be utilized to predict the properties and 
composition of concrete and numerous factors influencing its performance. Alternatively, CNN models can also 
be trained using pre-processed images. These neural networks are able to extract information that is essential for 
estimating physical characteristics because they can recognize complicated patterns and correlations in images 
[11]. The CNN models can generalize and accurately predict various properties based on new input images when 
trained on large datasets of labeled concrete images.

The application of CV in civil engineering has been explored in several review papers, with a focus on con-
struction site monitoring and inspection [12–16]. Jiang et al. [17] carried out a comprehensive review on detect-
ing and retrofitting tunnel linings through image processing. The article emphasized the importance of identifying 
deteriorations like cracks, leakage, and voids to ensure safety and extend the service life of tunnels. Alsakka 
et al. [18] conducted a scoping assessment on CV applications in offsite construction, highlighting areas that 
require more research and reviewing the tasks, algorithms and limitations in this field. Meanwhile, Ma et al. 
[19] reviewed automated quality inspection methods for precast concrete components. The authors focused on 
dimensional and surface quality inspections as well as improvements in data collection. Deng et al. [20] reviewed 
CV-based solutions for fracture analysis in civil infrastructures. Baduge et al. [21] examined the uses of artificial 
intelligence (AI), and machine learning in the construction sector 4.0, exploring building management, offsite 
manufacturing, and structural design. The paper also looked at how sensors and smart vision can be used to col-
lect data. Jayaram [22] reviewed a wide range of applications for CV in civil engineering, encompassing domains 
such as infrastructure inspection and SHM. Mostafa and Hegazy [23] examined image-based analytic methods 
in the construction industry, reviewing more than 100 scientific articles to find important applications in damage 
assessment, progress monitoring and safety.

This review paper aims to provide a comprehensive overview of the state-of-the-art in concrete properties 
prediction using image processing and CNNs. It will encompass a wide range of properties including character-
istics of aggregates, cement paste, surface bugholes, and internal air voids. Additionally, the paper discusses the 
prediction of mechanical properties of concrete in both laboratory settings and real-world construction scenarios, 
highlighting the potential application in SHM of concrete. The scope of this review paper encompasses a compre-
hensive analysis of existing literature, case studies, and technological advancements related to the use of image 
processing and CNNs in predicting various concrete properties. By synthesizing this information, the paper aims 
to provide a valuable resource for researchers, practitioners, and professionals in the construction and engineer-
ing domains.

The work is organized as follows: Sect. 2 explains the review process, procedures involved in data collection 
and processing and the bibliometric analysis. Sections 3 and 4 provide a comprehensive analysis and discussion 
with a focus on describing datasets, image processing methods, CNN models, and their applications in concrete 
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technology. Section 5 discusses the key observations, challenges in using CNNs for the evaluation of concrete 
properties and future research methods to address these shortcomings. Section 6 provides the final conclusions 
of the review paper.

2  Review methodology and bibliometric analysis

We used Scopus to identify relevant studies and conduct a bibliometric assessment of the literature on the appli-
cation of image processing and CNNs in predicting concrete properties. Scopus was selected due to its com-
prehensive coverage of high-quality and respected journals in the fields of DL, image processing, and concrete 
technology. Figure 1 provides an overview of the review methodology. First, the data were gathered by retrieving 
papers from the Scopus database, using a thorough search with keywords related to image processing, CNN, CV 
and concrete properties.

The search query used for the review, covering the period from January 2015 to October 2024, was as follows: 
( “concrete”) AND ( ( “image processing” OR “computer vision” OR "digital image analysis" OR “machine 
vision”) OR ( “deep learning” OR “CNN” OR "convolutional neural network" OR “neural network”)) AND 
( “segmentation” OR “classification” OR “detection” OR “aggregate characteristics” OR “cement” OR “air 
voids” OR “bughole” OR “segregation” OR “mechanical properties” OR “porosity” OR “permeability” OR 
“concrete properties”). Papers with these terms in the title, abstract, or keywords were included. To ensure the 
reliability and quality of the sources, only English-language papers from peer-reviewed academic journals were 
considered. The search results were further refined by excluding book chapters, editorials, conference proceed-
ings, and other unrelated sources, and irrelevant articles were filtered out. A manual review of the search results 
was conducted to eliminate any remaining irrelevant papers. This process led to the identification of 82 journal 
articles deemed suitable for analysis.

Additionally, a bibliometric analysis was performed to examine trends, influential publications, and collabo-
rations in the field. The results and discussion sections provide a detailed exploration of the image processing 
and DL techniques used in the reviewed studies, their application in assessing concrete properties, challenges 
in implementing CNNs, and recommendations for future research directions based on identified gaps in the 
literature.

2.1  An overview of the sampled literature

The quantitative analysis of CV for concrete properties assessment highlights significant trends and advance-
ments in this research domain. Figure 2 shows the annual number of publications related to CV-based concrete 
properties assessment over the period from January 2015 to October 2024, revealing a consistent increase in 
interest and the number of related studies. This upward trend reflects the growing integration of image processing 
and CNNs in material characterization and quality evaluation of concrete.

The geographical distribution of studies demonstrates that most of the DL-based research originates from a 
few key countries/regions. Figure 3 represents the five high-frequency contributors, accounting for more than 
90% of relevant research. Notably, China, USA, South Korea, Turkey and England are recognized as leading 
contributors, with frequent collaborations between China and other countries. This collaboration highlights the 
global interest in using image processing and CNN-based methods for concrete analysis.

2.2  Keywords analysis

Keywords serve as concise indicators of the core content of an article, enabling an understanding of the research 
scope and focus. In this review, we conducted a keyword-based analysis to map the knowledge domains and 
explore their interrelationships. Using co-occurrence network visualization, we identified research hotspots in the 
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Fig. 1  Review methodology
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application of CV for concrete properties assessment. Keywords with a frequency of three or more occurrences 
were included in the analysis. As shown in Fig. 4, the font size represents the frequency of keywords, indicating 
their importance, while the thickness of connecting lines signifies the degree of correlation between them. Larger 
font sizes highlight frequently studied topics, and thicker lines indicate stronger relationships among research 
themes.

The keyword mapping analysis highlights the growing interdisciplinary nature of research in concrete prop-
erties assessment by integrating image processing and CV. By examining trends in frequently co-occurring 
keywords, this review identifies a strong focus on segmentation tasks, air void quantification, and mechanical 
property prediction, with CNNs serving as the dominant algorithmic framework. These trends emphasize the 
significant role of CV techniques in enhancing the precision, efficiency, and automation of concrete analysis pro-
cesses. We analyze the keyword network from several dimensions: image analysis targets, concrete properties, 
DL methods, and applications.

A detailed examination of the sample literature reveals seven major applications of image processing and 
CNNs in the field of concrete technology, summarized in Fig. 5. The primary focus areas in the literature include 
the segmentation and characterization of aggregates, air voids, surface bugholes, cement particles and hydration 
analysis, segregation, and predicting mechanical properties of concrete.

Fig. 3  Co-occurrence network mapping of countries with high publication frequency

 

Fig.  2  Number of publications during the 10-year period 
2015–2024
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3  Background on image processing and CNN techniques

Gaining insight into image processing and CNN techniques is essential for providing readers with a foundational 
knowledge of these technologies and their significance in analyzing concrete properties. Image processing lays 
the groundwork by preparing and enhancing raw images to extract meaningful features. CNNs leverage these 
processed images to perform complex tasks like segmentation and prediction with high accuracy. Integration 
of these methods effectively addresses challenges like noise, uneven lighting, and intricate feature extraction in 
concrete analysis.

3.1  Image processing

Analysis of concrete using image processing follows a technical approach to determine and measure different 
features. This procedure consists of several steps, each customized to address certain challenges associated with 

Fig. 4  Co-occurrence network mapping of keywords
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concrete imaging such as variations in lighting conditions, surface texture and artifacts of noise. The success of 
subsequent analyses depends on the careful execution of these steps starting with the preparation of raw images 
to ensure accuracy and clarity.

3.1.1  Image pre-processing

Concrete surface images often exhibit artifacts like shadows, noise, and uneven lighting, reducing clarity and 
analysis accuracy. Image pre-processing techniques enhance image quality while retaining critical features 
such as aggregates and air voids. Among these techniques, spatial domain filtering [24, 25], including mean, 
median, and morphology filtering techniques are particularly effective for processing large datasets. Mean Filter-
ing [26] smooths Gaussian noise efficiently but may blur edges, potentially losing features like cracks and air 
voids. Median filtering [26] is a nonlinear approach that removes impulse noise while preserving edges, ideal for 
detecting low grayscale features. Morphology filtering [27] detects features and removes "salt and pepper" noise 
through operations like opening (erosion-dilation) and closing (dilation-erosion) to enhance image connectivity 
and fill gaps. These methods collectively improve image quality for accurate analysis of concrete features.

3.1.2  Image enhancement

Image enhancement techniques are applied after filtering to address the blurring and indistinct edges caused by 
grayscale blending. These methods improve contrast and edge details, enabling clearer identification of features 
such as aggregate boundaries and pores. Grayscale transformation [28] adjusts the intensity range to highlight 
target features like aggregates and air voids, enhancing visibility for better segmentation and analysis. Simi-
larly, histogram equalization [29] revises grayscale intensities, increasing detail visibility and improving feature 

Fig. 5  Categories-wise details of the selected sample literature
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extraction by enhancing the contrast of concrete images. These techniques collectively ensure that critical fea-
tures are distinguishable from the surrounding matrix, facilitating accurate image analysis.

3.1.3  Segmentation

Image segmentation is a crucial step following noise reduction and contrast enhancement to identify key features 
in concrete images. Various methods are used for segmentation. Edge detection [30] highlights boundaries by 
detecting intensity variations using mathematical operators. The Roberts Operator calculates gradients diago-
nally, the Prewitt Operator detects gradients horizontally and vertically, while the Laplacian Operator efficiently 
identifies edges by determining intensity contrasts [31]. The morphological techniques [32] like dilation, erosion, 
opening, and closing enhance image structures by removing noise, improving object shapes, and filling gaps. 
They are often combined with edge detection or thresholding for better segmentation accuracy. The threshold 
segmentation method [33] distinguishes features by setting an intensity threshold. Pixels below the threshold 
are classified as background, while those above represent aggregates or voids. Global thresholding works for 
evenly lit images, while adaptive thresholding adjusts for uneven lighting to improve precision. The Watershed 
algorithm [34] separates overlapping objects by analyzing the image as a topographic map. It identifies ridges 
(high-intensity edges) and basins (low-intensity regions) using a flooding process, effectively defining boundaries 
between adjacent objects.

3.1.4  Features extraction techniques

The Feret rectangle method [35] is the most effective image processing technique for analyzing the shape and 
size of objects employing smaller area bounding rectangles. It is based on Feret diameter, which is defined as the 
greatest distance between any two points at the boundary of a particle in order to measure rectangle sizes. Espe-
cially for calculating the aggregate sizes, this method gives both the maximum and minimum Feret diameters. 
Both these diameters are required for the accurate measurement of elongated and irregular shapes. The Euclidean 
distance calculation [36] is another spatial analytical approach that features in nearest-neighbor computations and 
it is applied to examine the image clustering patterns and spatial organization. It computes straight line distance 
between the centroids of neighboring aggregates and infers valuable quantitative information concerning their 
spatial relationships. Without these measurements, improving the understanding of aggregate distribution, which 
significantly influences concrete properties like strength, workability and susceptibility to segregation would be 
impossible. After segmentation, the centroids for all aggregate particles are measured and the distance between 
each pair of particles is calculated. Since each particle has a unique nearest-neighbor distance, this measure is 
equivalent to computing the shortest distance to any other centroid. This gives crucial information about the spa-
tial consistency and clustering patterns of the aggregate distribution.

3.2  Convolutional neural networks

Convolutional Neural Networks (CNNs) are a specialized DL architecture designed for image-based tasks, known 
for their ability to automatically learn hierarchical spatial features [37]. CNNs consist of multiple layers, includ-
ing convolutional layers for feature extraction, pooling layers to reduce dimensionality, activation functions to 
introduce non-linearity, and fully connected layers for classification. Figure 6 represents the architecture of a 
typical CNN with convolutional, pooling and fully connected layers. The convolutional layer, a core component 
of CNNs, applies filters (kernels) that slide over the input image, performing element-wise multiplication and 
summation to produce feature maps. These maps emphasize key image characteristics, such as edges, textures, or 
complex shapes. While earlier layers capture low-level features like edges, deeper layers learn high-level patterns 
crucial for classification. Convolutional operations also minimize the number of learnable parameters by apply-
ing filters to local patches, preserving spatial information. Key hyperparameters such as kernel size, stride, and 
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padding significantly affect the resolution of the resulting feature maps. The pooling layers follow convolutional 
layers to downsample feature maps, retaining essential features while reducing spatial dimensions and computa-
tional complexity. Common pooling techniques include max-pooling, which selects the maximum value within a 
region, and average-pooling, which computes the average value. These methods enhance translational invariance, 
enabling CNNs to recognize patterns regardless of their location within the input image.

To introduce non-linearity, activation functions such as the Rectified Linear Unit (ReLU) are applied to the 
outputs of convolutional layers. ReLU replaces negative values with zero, accelerating training and mitigating 
vanishing gradient issues. After convolutional and pooling layers, the output is flattened into a vector and passed 
through one or more fully connected layers. These layers aggregate the extracted features and map them to class 
probabilities using functions like Softmax, which normalizes scores for multi-class classification. The training of 
CNNs involves forward propagation to compute predictions and backpropagation to update the network param-
eters by minimizing the prediction error. During forward propagation, the input image passes through successive 
layers, and the network generates an output. A loss function, such as cross-entropy loss, measures the discrep-
ancy between the predicted output and the actual label. Backpropagation then computes the gradient of the loss 
with respect to each weight using the chain rule and propagates these gradients backward through the network. 
Optimization algorithms like Stochastic Gradient Descent and Adam use these gradients to update the weights 
efficiently. Due to their ability to share weights across spatial regions and reduce the number of parameters, CNNs 
are highly efficient at learning rich and hierarchical feature representations. This makes them especially well-
suited for image-based tasks, often outperforming traditional fully connected neural networks.

The computationally intensive training process has been accelerated by Graphics Processing Units (GPUs) and 
frameworks like TensorFlow, PyTorch, and Keras, enabling parallel processing. These capabilities make CNNs 
particularly well-suited for analyzing concrete images. They are extensively used for tasks such as aggregate seg-
mentation, air void detection, and surface defect analysis. CNNs extract hierarchical spatial patterns from high-
resolution images acquired via X-ray Computed Tomography (XCT), Scanning Electron Microscopy (SEM), or 
digital cameras, facilitating automated defect detection, material characterization, and accurate predictions of 
concrete mechanical properties [38, 39].

3.2.1  Object detection and segmentation CNN models

Object detection and segmentation models are essential for identifying, localizing, and analyzing objects in 
images. These models not only detect objects but also segment them at the pixel level, providing detailed insights 
into their structure and features. By leveraging advancements in DL, these architectures achieve remarkable 
accuracy and efficiency, making them highly applicable in fields such as medical imaging, autonomous systems, 
and material analysis. Mask R-CNN [40] is a popular DL model for object detection, localization, and pixel-level 

Fig. 6  A typical CNN architecture with convolutional and pooling layers
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segmentation. It combines a Region Proposal Network (RPN) for region generation, a feature extraction back-
bone like ResNet with Feature Pyramid Networks (FPN) for multi-scale features, and region of interest (RoI) 
Align to maintain spatial accuracy. Its precision makes it ideal for applications in material analysis, autonomous 
vehicles, and medical imaging.

Faster R-CNN [41] extends Mask R-CNN by introducing a learnable RPN for efficient region proposal genera-
tion, replacing traditional methods. It uses a two-stage approach: RPN identifies regions, and the second stage 
classifies and refines bounding boxes. Its end-to-end training and compatibility with backbones like ResNet [42] 
and VGGNet [43] make it a standard in object detection. U-Net [44] is an encoder-decoder CNN for segmenta-
tion, widely used in biomedical imaging. The encoder captures context through convolution and pooling layers, 
while the decoder restores spatial details using up-sampling. Skip connections merge local and contextual fea-
tures, enabling high-resolution segmentation even with limited datasets. DeepLabv3 + [45] is a semantic segmen-
tation model that enhances boundary accuracy with Atrous Spatial Pyramid Pooling (ASPP) and a lightweight 
decoder. ASPP captures multi-scale spatial details, while depthwise separable convolutions reduce computational 
complexity, making it efficient for detailed segmentation in real-world applications.

The YOLO family of object detection models [46] has become one of the most prominent and widely adopted 
frameworks for real-time object detection and segmentation due to its exceptional speed and efficiency. Unlike 
region-based methods such as Mask R-CNN or Faster R-CNN, YOLO processes the entire image in a single pass, 
predicting bounding boxes and class probabilities simultaneously, making it highly suitable for time-sensitive 
applications [47]. Recent versions, particularly YOLOv9, YOLOv10, and YOLOv11 [47], have demonstrated 
significant improvements in detection accuracy, inference speed, and scalability. These advancements are driven 
by the integration of neural architecture search, quantization-aware training, and transformer-based components, 
enhancing their performance for edge deployment and resource-constrained environments. In concrete-related 
applications, these models have been increasingly employed for detecting surface defects like bugholes, classify-
ing aggregates in real time on conveyor belts, analyzing air voids, and monitoring concrete structures for dete-
rioration. Given their evolving architecture and balance of accuracy, speed, and resource efficiency, the YOLO 
family offers significant promise for advancing automated inspection and real-time structural health monitoring 
in the construction industry.

3.2.2  Backbone architectures for feature extraction

Segmentation models often rely on powerful backbone architectures for feature extraction, which serve as the 
foundation for various CV tasks. These backbones process raw input data to extract meaningful features, which 
are then utilized by more advanced layers for tasks like object detection, segmentation, and classification. Back-
bones are designed to balance computational efficiency with accuracy, enabling robust performance across a wide 
range of applications. AlexNet [48] is a breakthrough architecture that demonstrated the power of DL for large-
scale image recognition. It uses stacked convolutional layers for feature extraction, along with ReLU activation, 
max pooling, and dropout to improve performance and prevent overfitting. AlexNet laid the foundation for mod-
ern DL architectures and remains influential in feature extraction tasks. VGGNet [43] simplifies DL architectures 
with sequential 3 × 3 convolutional layers, enabling deeper networks without excessive complexity. Variants like 
VGG-16 and VGG-19 are widely used for tasks such as ImageNet classification. VGGNet excels in extracting 
hierarchical features and recognizing fine details, making it a common choice for foundational tasks in feature 
extraction. The Inception [49] network employs parallel convolutions at different scales, including 1 × 1, 3 × 3, 
and 5 × 5, to capture both local and global features. Dimensionality reduction via 1 × 1 convolutions enhances 
computational efficiency. Later versions like Inception-v3 and Inception-v4 include additional optimizations like 
factorized convolutions and auxiliary classifiers, making them effective for diverse tasks in feature extraction and 
image classification.

Building on these foundational backbones, other architectures have introduced innovative approaches to fea-
ture extraction and efficiency optimization, further expanding their applicability in CV. Xception [50] builds upon 
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the Inception architecture by replacing standard convolutions with depthwise separable convolutions, enhancing 
computational efficiency while retaining high accuracy. It is used in tasks like semantic segmentation and is often 
combined with models like DeepLabv3 + . ResNet [42] is an important backbone that introduces residual con-
nections to enable effective training of very deep neural networks by mitigating the vanishing gradient problem. 
Residual mappings simplify optimization and improve accuracy. Variants like ResNet-50 and ResNet-101 are 
widely used backbones in advanced models such as Faster R-CNN and Mask R-CNN, supporting applications 
in object detection, segmentation, and classification. DenseNet [51] connects each layer directly to every other 
layer, promoting maximum feature reuse and minimizing redundant computations. Its dense connectivity struc-
ture enhances gradient flow and reduces the number of parameters, making it highly efficient for deep networks. 
EfficientNet [52] is a family of models that balances accuracy and efficiency using compound scaling, which 
simultaneously adjusts the network’s depth, width, and input resolution. The original EfficientNet versions (B0 
to B7) use mobile inverted bottleneck (MBConv) layers and depthwise separable convolutions to achieve high 
accuracy with fewer parameters. These models have been employed in concrete image analysis tasks such as 
aggregate and air void segmentation due to their lightweight design and strong generalization capabilities. Build-
ing upon this, EfficientNetV2 [53] was introduced with further enhancements in training efficiency, parameter 
utilization, and accuracy. EfficientNetV2 utilizes a combination of fused MBConv and regular convolutions for 
faster training and better performance on smaller datasets, which is particularly relevant for concrete imaging 
where annotated datasets are often limited.

3.3  Evaluation metrics for CNN-based model assessment

To effectively assess and compare the performance of CNNs and image processing models used in concrete 
property evaluation, a variety of performance metrics are employed. These metrics provide quantitative insights 
into a model’s ability to accurately segment, classify, or detect features such as aggregates, voids, cracks, or sur-
face defects. Among the most commonly used metrics in the reviewed literature are Accuracy, Precision, Recall, 
F1-score, mIoU, mAP, and RMSE [54, 55], which are especially relevant in classification and segmentation tasks. 
Below is a detailed explanation of each.

3.3.1  Accuracy

Accuracy is the most intuitive and widely used evaluation metric. It measures the proportion of correctly pre-
dicted outcomes (both positive and negative) among the total number of predictions made by the model. Accu-
racy provides an overall measure of correctness. However, it can be misleading when applied to imbalanced 
datasets, common in concrete images where background pixels vastly outnumber feature pixels. In such cases, a 
model may achieve high accuracy simply by predicting the majority class. It can be mathematically expressed as

	
Accuracy = TP + TN

TP + TN + FP + FN
� (1)

where TP (True Positive) refers to correctly predicted positive instances (e.g., correctly identified aggregate 
pixels), TN (True Negative) denotes correctly predicted negative instances (e.g., correctly identified background 
pixels), FP (False Positive) represents incorrectly predicted positive instances (e.g., misclassified background or 
noise as aggregate), and FN (False Negative) indicates missed positive instances (e.g., actual aggregate pixels 
incorrectly classified as background).

3.3.2  Precision

Precision is the ratio of correctly predicted positive observations to the total predicted positive observations. It 
reflects the model’s ability to avoid false positives. Precision is important when false positives can lead to costly 
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or incorrect decisions, such as overestimating air void content or misidentifying bugholes on a surface. A high 
precision value means that the model produces fewer incorrect positive predictions, indicating better reliability in 
feature identification. The mathematical formulation is as follows:

	
Precision = TP

TP + FP
� (2)

3.3.3  Recall

Recall, also known as sensitivity or true positive rate, measures the model’s ability to correctly identify all rele-
vant instances of the positive class. High recall ensures that the most relevant features (e.g., air voids, aggregates) 
are detected. This is particularly important in safety–critical applications like structural health monitoring, where 
missing a defect could have severe consequences. A low recall means the model is failing to identify significant 
portions of the target feature. It is defined by the following equation:

	
Recall = TP

TP + FN
� (3)

3.3.4  F1-score

F1-score is the harmonic mean of precision and recall. It provides a balanced metric that considers both false 
positives and false negatives. The F1-score is particularly useful when there is an uneven class distribution or 
when a balance between precision and recall is desired. In concrete analysis tasks, such as segmentation of aggre-
gates or air voids, the F1-score provides a single metric that summarizes both the model’s accuracy in identifying 
features and its tendency to generate false alarms. The metric is calculated using the equation:

	
F1 Score = 2 · Precision · Recall

Precision + Recall
� (4)

3.3.5  Mean intersection over union

Mean Intersection over Union (mIoU) is a critical metric for evaluating semantic segmentation models. It mea-
sures the average overlap between the predicted segmentation mask and the ground truth mask across all classes. 
mIoU is one of the most commonly reported metrics in concrete image segmentation tasks, such as detecting 
aggregates, air voids, or cement paste phases. It provides a balanced measurement of how well the model seg-
ments each class. A higher mIoU indicates that the predicted areas closely match the ground truth, making it ideal 
for evaluating pixel-level accuracy in multi-class or binary segmentation problems. Mathematically, it is given as

	
IOU = TP

TP + FP + FN
� (5)

	
mIOU = 1

N

N∑
i=1

IoUi� (6)

where N  is the number of classes.

3.3.6  Mean average precision

Mean Average Precision (mAP) is a standard metric for evaluating object detection models. It combines preci-
sion and recall across different intersection over union (IoU) thresholds to assess how well a model can localize 
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and classify multiple objects. mAP is highly useful in concrete applications involving object detection, such as 
identifying aggregates, voids, or surface bugholes. It is especially critical for instance segmentation tasks where a 
model needs to not only identify the presence of an object but also accurately locate and delineate its boundaries. 
mAP@0.5 (IoU threshold of 0.5) and mAP@0.75 are commonly reported variants in reviewed literature. This 
metric can be quantified using the following expression:

	
AP =

1
∫
0

Precision (r) dr� (7)

	
mAP = 1

N

N∑
i=1

APi� (8)

where r is recall, N  is the number of classes.

3.3.7  Root mean square error (RMSE)

Root Mean Square Error (RMSE) is a regression metric that measures the average magnitude of prediction errors. 
It calculates the square root of the average squared differences between predicted and actual values. RMSE is 
often used in concrete research when predicting physical properties such as aggregate size, gradation, cement 
content, or compressive strength. It penalizes larger errors more than smaller ones, making it useful when outliers 
significantly impact model performance. It is mathematically represented as:

	
RMSE =

√√√√ 1
n

n∑
i=1

(ŷi − yi)2� (9)

where ŷi is the predicted value and yi is the true value.

3.3.8  Mean absolute percentage error

Mean Absolute Percentage Error (MAPE) expresses the prediction accuracy as a percentage. It calculates the 
average absolute percentage difference between predicted and true values. MAPE is commonly used in applica-
tions where interpretability in percentage terms is desirable, such as comparing estimated and actual material 
proportions or performance indicators. It is also employed in models predicting mechanical properties and micro-
structural distributions. Mathematically, it is given as

	
MAPE = 1

n

n∑
i=1

∣∣∣∣
ŷi − yi

yi

∣∣∣∣ × 100� (10)

where ŷi is the predicted value and yi is the true value.

4  Application of image processing and CNN for assessment of concrete properties

Image processing and CNNs have revolutionized the assessment and maintenance of concrete structures. These 
techniques have improved accuracy and efficiency by automatically detecting and quantifying concrete features 
such as aggregates, air voids, surface bug holes, and surface defects like spalling and delamination. Figure 7 
represents an overview of CV-based methods for various applications in concrete properties assessment. Image 
processing and CNNs analyze images to identify patterns and features, enabling the assessment of different con-
crete properties. In the following sections, this article comprehensively analyzes the segmentation of concrete 
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Fig. 8  CNN-based segmentation of concrete images for prediction and analysis

 

Fig. 7  A schematic view of the state-of-the-art CV-based operations in concrete properties assessment
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ingredients, aggregate characteristics, cement particles and hydration analysis, air voids, bugholes, segregation 
and mechanical properties of concrete.

4.1  Segmentation of concrete ingredients

Segmentation of concrete ingredients is an essential step in concrete forensic analysis to gain insight into the 
distribution and properties of aggregates, air voids, and surface defects that may influence concrete strength and 
durability. The overall workflow of the CNN-based segmentation process is illustrated in Fig. 8, showing steps 
from imaging and data labeling to model training and morphological image analysis. Image processing and 
CNNs have proven to be highly effective for image segmentation tasks. Various authors have developed CNN 
models that can precisely detect and segment aggregates and air voids in concrete images. Table 1 represents a 
summary of CV-based segmentation of different features in concrete images. The Mask R-CNN model has been 
widely used to enhance segmentation accuracy for various concrete components. Zhang et al. [56] developed an 
improved Mask R-CNN algorithm to segment and analyze the pore structure of pervious concrete. The modified 
algorithm showed improvements in both convergence speed and edge segmentation precision and resulted in a 
more accurate structure analysis for smaller pores. Performance metrics like mean average precision (mAP) and 
intersection over union (IoU) verified that the enhanced Mask R-CNN outperformed traditional methods in seg-
menting and detecting pores properly.

In another study, Zhang et al. [57] explored Mask R-CNN for aggregate particle segmentation, achieving over 
92% accuracy for particles sized 2.36 mm to 16 mm. However, accuracy decreased slightly for smaller particles. 
The study also found that increased mud content had no significant effect on identification accuracy or precision. 
Tian et al. [58] proposed a method for segmenting meso-damage in concrete computed tomography images using 
Mask R-CNN, enabling quick segmentation without parameter adjustments. The model improved recognition 
accuracy with pixel-level instance segmentation of air voids and was validated on CT images under uniaxial 
compression. However, the method proposed in this study showed significant errors when extracting aggregates 
due to their complex shape characteristics. With the increasing complexity of concrete analysis, researchers 
have explored U-Net variations to enhance segmentation precision. Bangaru et al. [59] developed an automatic 
method for microstructure analysis of concrete using SEM images and U-Net-based semantic segmentation. 
The approach attained an accuracy of 94.43% for SEM images taken of seven different specimens under various 
magnifications. The U-Net model achieved a successful segmentation of the images into four different catego-
ries: aggregates, hydrated and anhydrous cement as well as pores. The approach gave a cost-effective solution 
for petrographic analysis concerning the investigation of failures in concrete. However, it struggled to distinguish 
pores from voids in some cases.

Wang et al. [60] presented a Mamba-based dual network enhanced by a triple-attention (TA-DCMamUNet), 
designed to segment concrete aggregates and evaluate their distribution uniformity. The model integrates Vision 
Mamba with a U-Net architecture, leveraging the state space module and a triple hybrid attention mechanism 
to enhance local and global feature extraction. TA-DCMamUNet was evaluated using both a publicly available 
dataset featuring colored aggregates and a custom-built dataset with gray aggregates. It demonstrated higher 
performance compared to other CNN and transformer-based approaches, achieving better F1 scores and mean 
IoU values. Additionally, it introduces a uniformity coefficient for assessing aggregate distribution uniformity, 
which demonstrates the model’s capability to handle complex concrete images effectively. Zhang and Wang [61] 
presented an innovative approach for analyzing reinforced concrete corrosion using XCT and a U-Net model.

By automating the segmentation of XCT images into phases like rebar, cement mortar, corrosion products, 
pores, and cracks, the study achieves high segmentation accuracy (99.18%) and IoU of 82.1%. The framework 
facilitates 3D visualization and quantification of non-uniform corrosion, and provides insights for durability 
assessment. Lux et al. [62] presented a novel lightweight instance segmentation network based on ResUNet-a 
architecture for segmenting individual aggregates. This method facilitated the isolation of each aggregate from 
images for subsequent analysis and characterization. The segmentation masks generated by the network were 
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Table 1  Summary of CV-based segmentation of concrete ingredients
References Dataset and image modality Image processing tech-

nique/CNN Model
Application focus Performance metrics

mIoU Precision Recall F1
Zhang et 
al. [56]

180 images with 512 × 512 pixel resolu-
tion of pervious concrete samples

Improved Mask R-CNN 
with FPN

Pore structure of 
pervious concrete

0.93 – – –

Zhang et 
al. [57]

1000 images 2048 × 2048 pixels 
resolution of aggregates, specifically 
limestone, basalt, and pebble

Mask R-CNN, ResNet-101, 
FPN

Aggregate particles 0.93 – – –

Tian et al. 
[58]

2400 CT scanned images with 512 × 512 
pixel resolution of concrete cylindrical 
samples

Mask R-CNN ResNet-101, 
FCN

Meso-damage in 
concrete, including 
voids and cracks

0.95 – – –

Bangaru et 
al. [59]

SEM Images with 256 × 256 pixels 
resolution

U-Net Porosity and degree 
of hydration in 
concrete

– 0.95 0.94 0.94

Wang et al. 
[60]

2,208 images of hardened concrete 
specimens with a resolution of 256 × 256 
pixels

TA-DCMamUNet Concrete aggregate 
segmentation

0.85 92.31 0.91 0.91

Zhang and 
Wang [61]

2032 XCT images with resolution of 
256 × 256 pixels of reinforced concrete 
specimens subjected to galvanostatic 
accelerated corrosion tests

Data augmentation 
techniques
U-Net, SegNet, FCN

Automated seg-
mentation of XCT 
images for steel 
corrosion analysis in 
concrete

0.82 0.917 0.827 0.87

Lux et al. 
[62]

Images with 256 × 256 pixels resolution 
of 6 classes of recycled aggregates

ResUNet Recycled aggregates – – 0.847 
(MAPE)

–

Wang et al. 
[63]

1144 subimages, each with a resolution 
of 480 × 480 pixels of concrete cylinders 
cut lengthwise

Otsu thresholding, 
U-Net, PSPNet, Modified 
ResNeXt50

Aggregates in con-
crete suspension

0.93 0.97 0.95 0.96

Song et al. 
[64]

Images with 800 × 800 pixels resolution 
of eight types of concrete mix cylinders

DeepLabv3 framework 
with ResNet-101 as the 
backbone

Air voids and aggre-
gates segmentation 
for petrographic 
analysis

0.92 – – –

Ullah et al. 
[65]

9572 images with resolution of 
512 × 512 pixels of concrete cylindrical 
samples with gray-colored aggregates 
and varying SCM content

DeepLabv3 + with encoders; 
ResNet101
MobileNet, Inception-
ResNetV2, Xception, 
EfficientNetV2-S
SegFormer
SwinTV2-S,
Feret diameter method, 
Nearest neighbor analysis

Coarse aggregate 
segmentation for 
forensic analysis of 
concrete

0.93 0.95 0.96 0.96

Saha et al. 
[66]

800 X-ray tomographic images of 
7 days cured concrete specimens

Thresholding by Otsu’s 
method

Air voids, aggre-
gates, and mortar

0.91 0.92 0.89 0.91

Zeng et al. 
[67]

1800 images with 256 × 256 resolution PANet (Path Aggregation 
Network), ResNet50

Fly ash microspheres 
in images,

0.82 
to 
0.92

- – –

Qian et al. 
[68]

180 patched SEM images with 800 × 800 
pixels resolution of cement Sample

Fully Convolutional Net-
works (FCN), PointRend 
and MidPointRend

Unhydrated regions 
in cement samples

0.81 – – –

Hilloulin 
et al. [69]

2024 images with 608 × 608 pixel reso-
lution of various concrete, mortar, and 
cement paste samples

Mask R-CNN with 
ResNet101

Air voids and aggre-
gates in concrete 
microscopic images

0.910 – – –

Huang et 
al. [70]

164 stockpile aggregate images col-
lected from various quarries

Mask R-CNN, FCN Stockpile aggregate 
images

0.93 0.95 – –

Arafin et 
al. [71]

5,187 images of concrete surfaces hav-
ing resolution of 224 × 224 pixels

U-Net, PSP-Net with 
VGG19, ResNet50 Incep-
tionV3 and EfficientNetB3 
as backbones

Concrete surface 
defects

0.91 0.94 0.97 0.95
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qualitatively accurate as indicated by low area mean absolute percentage error (MAPE) loss. This made it pos-
sible to measure morphological properties such as particle size distribution and angularity, which provide signifi-
cant insights into the nature of the aggregates.

DeepLab-based models have been employed to improve segmentation through encoder-decoder architectures 
and attention mechanisms. Wang et al. [63] addressed the drawbacks associated with traditional methods in 
evaluating concrete aggregates. In this work, an encoder-decoder architecture was employed by using a modified 
ResNeXt50 network as the encoder and the DeepLabv3 + decoder. A squeeze-and-excitation block was further 
added to perform dynamic fine-tuning of channel-wise feature responses for accurate feature extraction. Further 
improvement in model performance was achieved by applying a combined loss function that yielded better pre-
cision, recall, F1 and IoU scores on the concrete aggregate dataset. Song et al. [64] proposed an image-based 
concrete petrography analysis using a CNN model for the segmentation of concrete samples without any color 
treatment. The ResNet-101 served as the backbone in the DeepLabv3+ model and was tested on several sets of 
paired concrete images and labels. The segmentation accuracy was determined through manual identification and 
achieved an improvement in both accuracy and processing time over traditional color-based methods. Ullah et 
al. [65] carried out research work for segmenting gray-colored coarse aggregates from standard concrete images 
without color treatment or microscopy. Several encoders were utilized in the DeepLabv3 + architecture and 
trained on a self-curated dataset, and segmentation outputs were evaluated using metrics like recall, precision, 
and F1-score. Furthermore, the SegFormer model with a SwinTV2 + backbone was also trained and achieved 
the highest segmentation accuracy with an mIoU of 94.7%, surpassing the DeepLabv3 + architecture with the 
EfficientNetV2 + encoder. This indicates that Transformer-based architecture holds significant promise and mer-
its consideration in future research directions, particularly for complex segmentation tasks in concrete imaging, 
where CNNs may have limitations.

Further advancements in segmentation techniques have been achieved through hybrid and attention-based 
models. A two-stage image processing method was reported by Saha et al. [66] for segmenting voids, aggre-
gates, and mortar in concrete using images obtained from X-ray microtomography. In the first stage, voids were 
detected using gray value thresholding. In the second stage, a machine learning technique was applied for seg-
menting aggregates and mortar. Logistic regression was employed to model a decision boundary between the 
aggregate and mortar phases based on radial distance, gray value, and filtered embossed image features. The 
method achieved 95% accuracy in detecting aggregates. However, the proposed method has limitations in the 
precise detection of phases in concrete due to beam hardening and overlapping gray values. Zeng et al. [67] 
explored the PANet model for segmenting and analyzing fly ash microspheres using a simple optical microscope. 
This approach addressed limitations in traditional particle analysis methods by effectively minimizing errors 
caused by irregularly shaped particles, which can distort the overall particle size distribution in fly ash. Qian et 
al. [68] developed a segmentation framework for SEM images of cement paste samples. The key innovation was 
optimizing the PointRend algorithm to capture region boundaries. This resulted in more accurate and continuous 
segmentation. The framework was tailored to SEM images and outperformed methods like Fully Convolutional 
Networks (FCN) and Trainable Weka Segmentation (TWS).

It was also used to estimate the hydration degree of cement paste which aligned well with experimental data. 
However, on large images, it failed to include fine details and often gave a zig-zag boundary. This limitation 
shows that the framework might not be suitable for all image sizes and might need further fine-tuning for larger 
images. Hilloulin et al. [69] presented a modular DL segmentation model developed for the analysis of micro-
scopic concrete images. The model consisted of two CNN models dedicated explicitly to air-void and aggregate 
detection. The model was trained and tested on distinct images at various magnifications and different samples, 
including concrete, mortar, and cement paste and demonstrated perfect capability in the segmentation of air 
voids and aggregates in concrete images. Among the important contributions made by this study is a simplified 
approach for the calculation of protected paste volume, distance-to-air-void, and characterization of air-void 
systems related to freeze–thaw cycles. However, the algorithm performed poorly when tested for larger air voids 
due to the overlapping between images. Huang et al. [70] utilized Mask R-CNN for automated segmentation 
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and morphological analysis of densely stacked stockpile aggregate images. The model outperformed traditional 
methods like watershed segmentation in accuracy and robustness. It enabled the efficient extraction of particle 
size and shape metrics, achieving a high precision of 87.4% and a completeness of 80.2% for practical field appli-
cations in aggregate quality control.

Arafin et al. [71] presented a DL approach for detecting and classifying concrete defects using CNN-based 
classifiers and semantic segmentation. Three CNN classifiers (VGG19, ResNet50, InceptionV3) and two segmen-
tation models (U-Net and PSP-Net) with four backbone architectures including EfficientNetB3 and InceptionV3 
were evaluated. InceptionV3 achieved the best classification accuracy of 91.98%, while EfficientNetB3-based 
U-Net yielded the highest F1-score of 95.66%. The study highlights the effectiveness of encoder-decoder archi-
tectures and emphasizes the impact of optimizers and learning rates on performance.

4.2  Aggregate characteristics

Analyzing the characteristics of aggregates from digital images of concrete offers a highly efficient and automated 
method for quality assessment of concrete. Integration of image processing and CNNs into concrete forensic 
analysis significantly reduces the need for manual inspection and ensures precise identification and measurement 
of aggregate properties such as size, shape, distribution, roundness, and texture.

Figure  9 represents the image analysis of aggregate size and roundness and the nearest-neighbor distance 
distribution in a cut concrete section of a cylinder. Table 2 represents a summary of the CV-based assessment 
of aggregate properties. The analysis of aggregate characteristics in hardened concrete has been significantly 
advanced through image processing and CNNs. Pourebrahimi et al. [72] introduced a comprehensive method for 
analyzing the size distribution of aggregates from micro and macrostructure images of hardened concrete. A sim-
ulation using images has been created to evaluate how aggregates pass through sieve openings by analyzing their 
relative translational and rotational movements within the images. A 2D image analysis method is introduced by 
Han et al. [73] for the assessment of coarse aggregate characteristics in concrete, including particle size, grading, 
shape, orientation, distribution, and spacing, as well as mortar-to-aggregate ratios. The study validated 2D results 
compared to 3D data and checked the agreement with aggregate sieving curves and rheology-based segregation 
predictions. The impact of stochastic errors on homogeneity was evaluated, and measures were proposed for 
mitigating segregation in self-consolidating concrete. Baek et al. [74] investigated the Segment Anything Model 
(SAM) for analyzing coarse aggregate characteristics in hardened concrete. The study introduced a novel light-
ing-based method to separate pores misclassified as aggregates. The SAM achieved aggregate area ratio estimates 
with less than 7% error compared to actual volumes, though errors in size distribution were noted due to the 2D 

Fig. 9  Cut concrete cylinder (left), Aggregates size and roundness analysis (middle) and nearest-neighbor distance analysis 
(right)
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References Dataset source Image processing/CNN 
model

Application focus

Zhang et al. 
[57]

1000 images with 2048 × 2048 
pixels resolution of different types 
of aggregates, including diabase, 
limestone, basalt, and pebbles

Color enhancement, 
Gaussian noise addi-
tion, Mask R-CNN

Aggregate particle iden-
tification and gradation 
analysis

Lux et al. 
[62]

540 images with a resolution of 
8192 × 4096 pixels of 16 classes of 
recycled aggregates

Classical image analy-
sis, RACNET

Class, mass, size distribution 
and angularity of RA

Huang et al. 
[70]

164 Images of Stockpile aggregate 
images

VGG Image Annotat-
ing, Mask R-CNN

Equivalent sizes and flat and 
elongated (FE) ratios

Pourebra-
himi et al. 
[72]

160 flatbed scanned images with 
a resolution 600 dp of hardened 
concrete cross-section samples

Otsu thresholding, 
Sieve simulation 
and optimizing rules 
(SSOR),

Aggregate size distribution

Han et al. 
[73]

Images with 3456 × 2304 pixels 
resolution of concrete cylinder 
specimens

Thresholding methods, 
Otsu’s method

Aggregate size, grading, 
roundness, orientation, dis-
tributing homogeneity and 
mortar to coarse aggregate 
area ratio

Baek et al. 
[74]

Cross-sectional images of hard-
ened concrete specimens with 
a resolution of 16,320 × 12,240 
pixels

Segment Anything 
Model (SAM)

Coarse aggregates and mor-
tar in concrete sections

Wang et al. 
[75]

Borehole wall images Thresholding and 
binarization

Gradation, shape charac-
teristic parameters, and 
distribution uniformity of 
coarse aggregates in foamed 
concrete components

Hoong et 
al. [76]

36,000 images of individual grains 
classified according to their nature

Binarization, marker-
controlled water-
shed, ResNet34, 
ResNet50

Composition of RA

Hu et al. 
[77]

Images collected directly above the 
conveyor belt

Threshold segmenta-
tion, Watershed algo-
rithm, Mask R-CNN

Angularity, flatness, 
elongation and gradation of 
aggregates

Yang et al. 
[78]

3D point cloud data of the aggre-
gate on a conveyor belt

Multi-threshold seg-
mentation, PoinNet, 
ISRNet

Particle size classification 
and gradation detection of 
aggregates

Qin et al. 
[79]

550 images of 6720 × 4480 pixels, 
collected directly above the con-
veyor belt

Color enhancement, 
Gaussian noise addi-
tion, AS Mask R-CNN

Detection and classification 
of particle size of mixed 
aggregates

Ma et al. 
[80]

Images of 800 Brick-concrete 
recycled coarse aggregate

X-ray tomography 
imaging and Laser 
scanning technology 
method

Morphological characteris-
tics of RA

Ye et al. 
[81]

1784 images having a resolution 
of 640 × 640 pixels of steel slag 
concrete specimens

Canny Edge Detection, 
Segment Anything 
Model (SAM), 
improved YOLOv8

Evaluation of aggregate 
uniformity
Detection of segregation 
issues in steel slag concrete

Zang et al. 
[82]

1000 images of 416 × 416 pixels 
resolution of manufactured lime-
stone aggregates

Local threshold seg-
mentation, YOLOv4

Particle size distribution 
measurement

Liu et al. 
[83]

235 images with a resolution of 
608 × 608 pixels of aggregate in 
batching plant storage bins

YOLOv5x variant Non-contact measurement of 
aggregate level in concrete 
batching plant storage bins

Yuan et al. 
[84]

525 images with a 1920 × 1080 
pixels resolution of aggregates

Grayscale analysis, 
YOLOv5-Ytiny

Detection and classification 
of aggregate types (stones, 
small stones, machine-made 
sand, surface sand

Table 2  Summary of CV-
based assessment of aggre-
gates properties
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projection of 3D shapes. Despite challenges such as pore misclassification and resolution limitations, SAM offers 
a cost-effective, efficient alternative for concrete analysis, with potential for refinement through complementary 
algorithms to enhance 3D accuracy from 2D data. Wang et al. [75] presented a novel method for evaluating the 
size, shape, and distribution of coarse aggregates within concrete structures by using images captured with a 
borehole camera. The study also evaluated the distribution uniformity, gradation, shape characteristics, aspect 
ratio, inclination angle, and surface texture of the coarse aggregates.

Recycled aggregates present unique challenges and opportunities for characterization due to their variability 
in shape and composition. Zhang et al. [57] presented an innovative approach for aggregate particle identifica-
tion and gradation analysis using the Mask R-CNN framework. The proposed framework demonstrated high 
accuracy and robustness, even in the presence of interference factors such as mud content. A gradation analysis 
method was presented based on equating aggregates to ellipses or circles, which showed close agreement with 
sieving test results. Hoong et al. [76] proposed an automated approach to assess the aggregate composition in the 
construction industry. Marker-controlled watershed, ResNet34, and ResNet50 models were used to learn from 
a labeled database of 36,000 images of individual grains, which achieved a validation accuracy of 97%. Images 
were compared with manual sorting and showed less than 2% difference in mass for most recycled aggregates 
(RA). The authors reported that grains of a given nature have a constant form and density for determination of 
the mass of a grain may not always hold true due to variations in grain shape and density. Recycled Aggregates 
Characterization Network (RACNET) was developed by Lux et al. [62] to determine binary mask, class and mass 
of individual aggregates based on 2D images. The proposed method could support quick characterization and 
monitoring of recycled aggregates in recycling platforms. However, the method relies on a simplified geometrical 
approach to estimate mass, which may not be fully accurate in cases where the aggregate’s shape and density vary 
significantly. Online monitoring of aggregate characteristics in industrial applications has been enhanced through 
CV techniques. Mask R-CNN was utilized for stockpile aggregate image morphological analysis by Huang et al. 
[70]. Equivalent sizes and flat and elongated (FE) ratios of segmented particles were calculated through morpho-
logical analysis. The technique also gave an insight into particle size distribution and the distribution of the FE 
ratio, both of which are required to understand aggregate assemblies well regarding their composition and pack-
ing. Hu et al. [77] developed an online measurement method for coarse aggregate gradation in limestone mixtures 
with different proportions, water content, and mud content using the Watershed and Mask R-CNN model.

The particle shape parameters including maximum projected angularity, sphericity, elongation and flatness 
were calculated based on the boundary contour of each aggregate particle extracted. The Mask R-CNN proved 
more effective in achieving satisfactory segmentation results for different particle size ranges. The complexity of 
the background and stacking of objects resulted in traditional segmentation methods being less effective than the 
proposed methods. Yang et al. [78] introduced 3D point cloud and DL method for particle size classification and 
gradation of aggregate. The study proposed a multi-threshold segmentation that could reduce the amount of data 
that needed to be processed and improve prediction speed. The authors applied improved structure relation to 
improve the feature extraction capability of Improved Structure Relation Network (ISRNet) for aggregate point 
cloud and incorporated it with an adaptive sampling (AS) module that replaced the old Farthest Point Sampling 
to choose more important sampling points. Qin et al. [79] presented a noncontact, intelligent method for detecting 
aggregate size grading based on a background of big data. The authors presented an AS Mask RCNN model for 
hybrid stacked aggregate particle size detection through a fine-tuned migration learning training strategy. Three 
different experiments were performed and in all three experimental scenarios, the AS Mask RCNN network 
model achieved an accuracy of more than 89.13%. Morphological characteristics and fractal analysis of coarse 
aggregates obtained from construction and demolition waste were examined by Ma et al. [80] to understand how 
their type and size influence aggregate morphology and fractal dimensions. It was found that aggregate morphol-
ogy largely fits into a normal distribution, and the fractal dimension serves as an effective measure of the irregu-
larity and complexity of coarse aggregates.

Several YOLO-based models have been used to improve the evaluation, detection, and classification of aggre-
gates in concrete. Ye et al. [81] proposed an improved YOLOv8-based method for evaluating the uniformity of 
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steel slag aggregates in concrete. The model incorporates ConvNeXt V2-R and an efficient multiscale attention 
mechanism, achieving high segmentation accuracy with mAP50 of 98.3%. A comprehensive uniformity coef-
ficient was introduced to quantify aggregate distribution. The method proved effective for detecting segregation 
and assessing uniformity, especially at a 50% steel slag replacement rate. Zang et al. [82] developed a DL-based 
method using YOLOv4, distance transformation, and local thresholding to evaluate the size and shape of manu-
factured aggregates. The method achieved over 90% accuracy in segmenting overlapping particles and assessing 
roundness and axial coefficients, outperforming traditional image processing and U-Net models. Liu et al. [83] 
detected concrete aggregate levels in storage bins using monocular imaging and YOLOv5 DL. A single camera, 
angled at 45°, captures images to identify aggregate peak and valley positions. The method maps pixel coor-
dinates to actual heights through a projection model. Compared to traditional sensor-based or corner detection 
techniques, this approach achieved high accuracy (95.43%) and real-time monitoring, offering a low-cost, reli-
able solution for aggregate level detection in concrete batching plants. Yuan et al. [84] developed YOLOv5-Ytiny, 
a lightweight and efficient DL model for real-time detection and classification of construction aggregates. The 
authors significantly reduce model size and computation time by modifying the original YOLOv5 architecture 
and replacing the C3 module with a simpler CI module, compressing the Neck structure, and switching to a CIoU 
loss function. Despite its compact design, YOLOv5-Ytiny achieves a high mAP of 99.6% and outperforms other 
models in speed, making it ideal for real-time applications in resource-limited environments.

4.3  Cement analysis

Image processing and CNNs have revolutionized material characterization in cement and concrete technology. 
By enabling precise segmentation and feature extraction, image processing identifies critical parameters like 

References Dataset source Image processing tech-
nique/CNN Model

Application focus

Qian et al. [68] 115 SEM images with resolution 
of 3840 × 2400 pixels of cement 
paste samples

FCN, PointRend 
algorithm

Degree of hydration in 
paste samples

Sheiati et al. 
[86]

222 Images with resolution of 
1024 × 640 pixels of cement paste 
samples of various hydration ages

Histogram thresholding, 
median filter algorithm, 
VGG-Unet

Evolution of solid 
phases, porosity and 
hydration in hydrated 
cement paste samples

Wong and 
Buenfeld [87]

BSE images with 2560 × 2048 
resolution of OPC pastes with 
varying w/c ratios and curing ages

Histogram thresholding, 
Overflow method

Estimation of the origi-
nal cement content, and 
degree of hydration

Gaël et al. [88] SEM images with a resolution of 
640 × 480 pixels of cementitious 
by-products

Gray scale equalization 
segmentation, binariza-
tion, hole filling filter, 
open morphological fil-
ter, and minimal particle 
size filter

Quantifying the anhy-
drous cement propor-
tions in cementitious 
by-product

Zhao et al. [89] BSE images with 3 different 
magnifications of cement paste 
samples

Grey-level histograms, 
Image quantitative 
analysis

Volume fraction of unhy-
drated cement

Qian et al. [90] 3600 SEM images with magnifica-
tion 500 of cement paste mixtures 
and mortar samples

VGG16 End-to-end classification 
of cement paste and mor-
tar with different w/c and 
silica fume contents

Käthler et al. 
[91]

Flatbed scanned images with 300 
dpi resolution of polished concrete 
specimens

Trainable WEKA 
segmentation

Quantifying the cement 
content in concrete spec-
imens, Chloride analyses 
in concrete structures

Chen et al. [92] 150 images with various dimen-
sions of cement fragments of 
various sizes

Watershed, OTSU, 
HCN developed from a 
trimmed VGG net

Estimating cement frag-
ment distributions

Table 3  Summary of CV-
based analysis of cement in 
concrete
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particle size, shape, and distribution, which are essential for understanding cement reactivity and its impact on 
concrete properties. These methods facilitate accurate analysis, reduce manual effort, and provide insights into 
microstructural characteristics that influence hydration kinetics and performance prediction. The integration of 
image processing and DL offers transformative potential for real-time quality control, predictive modeling, and 
sustainable advancements in cementitious materials. Several studies provide insights and in-depth analysis of the 
application of image processing and CNN in analyzing cement particles in concrete. Table 3 shows a summary 
of the CV-based analysis of cement in concrete. Qian et al. [68] developed a DL-based segmentation algorithm, 
optimized from PointRend [85], for precise identification of cement particles in SEM images, using 2267 labeled 
particles from samples with 0.2 and 0.4 w/c ratios cured over various periods. The segmentation results enabled 
accurate hydration degree calculations, aligned well with experimental data, and facilitated the analysis of par-
ticle irregularity and roundness across different curing conditions. The VGG-Unet model was applied by Sheiati 
et al. [86] for solid phase and porosity recognition from hydrated cement paste BSE images. The model attained 
93% accuracy using 222 images across all hydration stages from 1 day to 2 years. A study was conducted by 
Wong and Buenfeld [87] using high-resolution field emission scanning electron microscopy (FE-SEM) in back-
scattered electron (BSE) mode to analyze hardened cement paste. Images at 500 magnifications were segmented 
to measure area and volume fractions of unreacted cement, hydration products, and capillary pores. A strong cor-
relation was observed between estimated and actual values for water content, cement content, and water-cement 
ratio across different samples and curing ages. Gaël et al. [88] quantified anhydrous cement in materials using 
SEM image analysis and particle swarm optimization. SEM images were analyzed for the anhydrous grain dis-
tribution of two cementitious by-products (CB1 and CB2). The method achieved noise elimination, prevented 
over-segmentation and allowed precise measurement of cement fragment sizes.

In addition to characterizatoin methods, CNNs models have been applied for process monitoring and predic-
tive modeling in cement production. Zhao et al. [89] developed a soft sensor model utilizing multivariate time 
series analysis combined with a convolutional neural network (MVTS–CNN) to monitor the free calcium oxide 
(f-CaO) content in cement clinker production in real time. The model was developed using a dataset of historical 
data from a cement plant. The methodology involved analyzing the coupling relationship in the production sys-
tem, selecting time series that may have direct impacts on the f-CaO content, and using a multivariate time series 
feature extraction method and a new timing matching method to deal with time-varying delay. Results indicated 
that, the MVTS–CNN model has high-quality control, high production process optimization, and intelligent con-
trol in the production of cement clinker.

The proposed model enabled the automation of phase quantification in cementitious materials with accuracy 
comparable to expert analysis. Qian et al. [90] developed a modified VGGNet model to classify cement pastes 
and mortars in SEM images. The dataset comprised 1300 SEM images of cement paste and mortar samples with 
varying water-to-binder ratios and silica fume contents. Three transfer learning strategies were applied toward 
getting better classification performance on a small dataset. The results indicated high accuracies, 99.86% for the 
training set and 91.87% for the test set.

Käthler et al. [91] proposed a method to quantify cement content in concrete specimens using image analysis. 
Concrete slices were colored, polished, and scanned and then the images were processed with Fiji software and 
the TWS plugin [93], classifying pixels into aggregates, cement paste, and air voids. Area fractions for aggregates 
and cement paste were computed, converting cement paste volume to mass percentage. Results indicated con-
siderable variability in cement content across specimens, impacting chloride analysis accuracy. Chen et al. [92] 
introduced a hybrid approach for cement fragment segmentation and distribution estimation, tackling issues like 
fragment overlap and image stains. The model was trained on a dataset of 150 images, with data augmentation to 
boost accuracy and multi-scale adaptability. The authors used a holistically nested convolutional network (HCN) 
for segmentation, applying morphological operations in post-processing to improve results. This method mini-
mized noise, prevented over-segmentation, and accurately measured cement fragment sizes, proving effective for 
industrial cement image segmentation.
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4.4  Air voids analysis

Air voids in concrete are an important feature that can affect the durability and strength of the material. Air voids 
are produced due to the presence of air bubbles or pockets within the concrete mixture, and their distribution and 
size can impact the overall performance of the material. Figure 10 shows the original concrete surface and cor-
responding air voids characterization. Specific amounts of entrapped air or air voids in concrete are essential for 
enhancing freeze–thaw resistance, durability and workability [94]. However, excessive air void proportion can 
lead to a decrease in mechanical properties [95]. Assessing the air void ratio in concrete is crucial for achieving 
the desired balance between durability and mechanical properties. Traditionally, the analysis of air voids in con-
crete has been largely based on visual or physical inspection. Recent innovations in image processing and CNNs 
have led to the development of automated systems for accurate analysis of air void characteristics in concrete. 
Table 4 represents a summary of CV-based analysis of air voids in concrete. Tao et al. [96] employed photometric 
stereo and DL for air-void detection in hardened concrete without contrast enhancement. The authors captured 
multiple images under varied lighting and used the photometric stereo technique to reconstruct a 3D surface 
normal map. This 3D map was input into a U-Net CNN model to segment air voids. Accuracy was assessed with 
the modified point count method showing that the CNN model detected air voids accurately, achieving over 0.9 
accuracy. Specific accuracy rates for air content, specific surface, and spacing factors were 0.92, 0.91, and 0.89, 
respectively.

A segmentation-based method was developed by Wei et al. [97] to detect air voids in concrete. It used a unique 
zero-angle light source and a modified PANet model. This light source highlighted air void features in concrete 
cross-sections, which are hard to capture with regular lighting. The modified PANet model effectively learned 
these features for improved detection and analysis. IoU values ranged from 0.599 to 0.926 with conventional 
lighting, and from 0.857 to 0.950 with the special light source. Tian et al. [58] proposed a Mask R-CNN model for 
segmentation of air voids and internal cracks in concrete CT images. Trained on 5000 high-resolution CT scans, 
the model achieved accuracies of 0.957 for voids and 0.931 for cracks. CT scanning and Mask R-CNN were used 
by Zhang et al. [56], for pore analysis in the pervious concrete. The improved Mask R-CNN model was applied 

Fig. 10  Original concrete surface image (left) and corresponding air voids characterization (right)
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for pore identification, achieving mAP scores of 0.9750 and 0.9410 for mAP50 and mAP75, respectively. The 
study found that larger dataset sizes improved model accuracy, with segmented pore edges aligning more closely 
with real pore structures. XCT has been widely used to analyze air voids in concrete.

Lu et al. [98] used XCT to determine air void size distribution in pipe insulation lightweight concrete. The data-
set included 3D XCT scans of industrial concrete specimens at varying resolutions. The active contour approach 

References Dataset source and image modality Image processing tech-
nique/CNN architecture

Application focus

Zhang et al. 
[56]

180 Images with 512 × 512 pixel 
resolution of pervious concrete 
samples

Improved Mask R-CNN 
with FPN

Pore structure of pervious 
concrete

Tian et al. 
[58]

5000 CT scanning images with 
512 × 512 pixels of concrete under 
uniaxial compression load

ResNet101 and FPN Characterization and 
quantification of concrete 
voids and cracks in con-
crete meso-damage

Tao et al. 
[96]

10,200 Images with 256 × 256 
pixels of concrete samples

U-Net Identification of air voids

Wei et al. 
[97]

1160 images with 2048 × 1536 
pixels resolution of cylindrical 
concrete samples cut horizontally

FPN used as the back-
bone in the PANet

Quantitative assessment 
of the air void structures 
in concrete

Lu et al. [98] X-ray CT images with 1018 × 1024 
pixels pixel resolution of Concrete 
Cylinders

Active contour line 
algorithm, grayscale 
thresholding, 3D spheri-
cal solidity thresholding

Size of entrapped air void 
and distribution in LWC

Yuan et al. 
[99]

500 high-resolution with 
1024 × 768 pixels resolution of 
concrete specimens cut lengthwise

Modified version of 
ResNet-50,

Characterization of air 
voids and frost resistance

Koenig [100] Incident light microscopy (ILM) 
and micro X-ray computed 
tomography images of mortars and 
concretes

Threshold segmenta-
tion, circle-similar voxel 
clusters

Distribution of micro air 
voids, specific surface and 
spacing factor

Chen et al. 
[101]

X-ray CT scanned images with 
27 μm/pixel resolution of lime-
stone and calcined clay-based 3D 
printable cementitious materials

Trainable Weka 
Segmentation

Characterizing air voids 
in 3D printed cementi-
tious materials in terms of 
content, shape, size, and 
distribution

Wolter et al. 
[102]

Images with pixel size of 5.97 µm 
of five concrete mixes cylinders

Photogrammetry tech-
niques for Point clouds 
generation, Delaunay 
triangulation

Detect and analyze 
air voids in concrete 
specimens

Hong et al. 
[103]

Images of Specimens inclosing 
Columnar limestone aggregates in 
mortar

Infrared Thermography 
with digital image cor-
relation methods

Detecting and assessing 
void defects in early-age 
concrete

Fonseca 
and Scherer 
[104]

Images with a resolution of 3200 
dpi of Mortar Samples with differ-
ent proportions

Otsu thresholding algo-
rithms for segmentation, 
and pixel connectivity 
analysis

Quantifying the air 
content, spacing, size 
distribution and specific 
surface of the bubbles in 
mortar samples

Murotani et 
al. [105]

Concrete slices images with 
30 μm/pixel obtained from prism 
specimens

Image analysis with 
ImageJ software, seg-
mentation of phases, 2D 
spatial point process

Quantifying the air voids 
distribution, estimate the 
spacing factor based on 
the characteristic distance

Ojala et al. 
[106]

Images with 1200 dpi resolution of 
concrete drilled core samples

Digital image analysis 
coupled with a stere-
ology mathematical 
algorithm

Characterizing the total 
air content. air-entrained 
voids, and specific surface 
of voids in hardened 
concrete

Kim et al. 
[107]

BSE images with 0.5376 µm 
per pixel resolution of concrete 
samples

Edge detection, bright-
ness thresholding, size 
and shape filters

Assessing the porosity of 
bonded mortar in recycled 
aggregate concrete

Table 4  Summary of CV-
based analysis of air voids 
in concrete
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helped set thresholds and a spherical solidity parameter to distinguish voids in paste and aggregates. A stepwise 
method simplified the process into two-phase grayscale thresholding, isolating lightweight aggregate particles 
on 2D slices. Thresholds were then applied between solid aggregate portions and paste, followed by a 3D shape-
based criterion to isolate air voids in the paste. Yuan et al. [99] developed a correlation between microscopic air 
voids and concrete’s frost resistance is explored using industrial CT. Concrete specimens were scanned with a 
microfocus X-ray source, achieving micro-level pixel resolution. Air content, average void diameter, air void 
distribution, and spacing factor were analyzed with VG Studio Max 2.2 software. The study examined air void 
characteristics under freeze–thaw cycles in salt solution. Results showed that industrial CT accurately measures 
microscopic air voids, offering insights into frost resistance. Air content measured by industrial CT was slightly 
higher than traditional pore structure analyzers. Koenig [100] proposed two methods, incident light microscopy 
(ILM) and micro-X-ray computed tomography to analyze air voids in cementitious materials. ILM detected air 
void parameters, while micro-X-ray computed tomography analyzed the size, surface, and location of individual 
air voids. The study examined the effects of sample preparation, resolution, and sharpness on image analysis. 
It concluded that micro X-ray computed tomography is suitable for analyzing single air void characteristics in 
cementitious materials. Chen et al. [101] studied air voids in 3D-printed cementitious materials, including lime-
stone and calcined clay. Optical image scanning and X-ray CT were used to quantify air void content, distribu-
tion, pore size, and shape. Results showed that smaller air voids (10–1000 μm) were uniformly distributed in the 
layer regions, while larger voids (1000–6000 μm) were mainly between printed filaments, resulting in higher 
local porosity. Alternative imaging techniques such as photogrammetry and digital image analysis (DIA) have 
been applied for air void characterization. Wolter et al. [102] explored automated air void analysis in hardened 
concrete using close-range photogrammetry without contrast enhancement. Polished concrete sections with dif-
ferent air contents were analyzed. Point cloud data were processed to identify air voids through steps like pre-pro-
cessing, surface identification, air void detection, and binary image generation. This digital method estimated air 
void parameters effectively. However, it struggled to capture smaller voids, suggesting a need for higher camera 
resolution and improved noise reduction in point clouds. Ojala et al. [106] used digital image analysis (DIA) and 
Schwartz-Saltykov conversion to examine size, shape, and distribution of air voids in hardened concrete samples. 
A stereology-based algorithm analyzed volume and area distributions of air voids. Key parameters, including 
total air content, specific surface, and Powers spacing factor, were calculated. The method effectively measured 
air void characteristics, proving useful for quality control of air-entrained concrete. Fonseca and Scherer [104] 
proposed an image analysis method using Otsu’s thresholding to assess air voids in mortar and concrete. Samples 
were prepared with black acrylic ink and white barium sulfate powder. A flatbed scanner captured the images 
and binary images were created using Otsu’s algorithm. Key air void properties air content, specific surface, size 
distribution, spacing were calculated using stereological analysis. The study also compared different darkening 
agents and white powders, recommending an optimal preparation method for improved accuracy.

Several studies have focused on the statistical and spatial analysis of air voids in concrete. Murotani et al. [105] 
examined air void distribution in concrete using spatial point process analysis. 2D images of air voids are trans-
formed into spatial points. Statistical methods, such as the K-function and L-function, analyze these points. The 
authors also propose a method to estimate air void spacing. Hong et al. [103] examined void and crack detection 
in early-age concrete using digital image correlation and passive infrared thermography. The study assessed how 
defect size affects temperature and analyzed the void impact on concrete’s mechanical properties. Both experi-
mental and numerical approaches were used to understand early-age concrete behavior and potential defects. 
This research provides valuable insights into concrete performance and durability. Kim et al. [107] explored the 
impact of bonded mortar content on the properties of recycled aggregate concrete using BSE imaging. The study 
quantified porosity and highlighted its inverse relationship with mechanical strength by employing a pore seg-
mentation technique and brightness histogram analysis.

1 3

26  249   Page 26 of 53



Neural Computing and Applications

https://doi.org/10.1007/s00521-026-12005-2

References Dataset source and image modality Image processing technique/
CNN architecture

Application focus

Liu and 
Yang [109]

Surface Images of Specimens having size 
of 150 mm × 150 mm × 150 mm

Image contrast enhance-
ment, OTSU thresholding

Detection of 
surface bugholes 
in concrete

Zhao et al. 
[110]

1000 images of concrete surfaces Extraction of a 108-dimen-
sional texture feature using 
Gabor filters and gray-level 
run lengths

Classification of 
surface bugholes 
in concrete sur-
face images

Yoshitake 
et al. [112]

Images with 5184 × 3456 pixels resolu-
tion of Tunnel-lining concrete surfaces

Thresholding, RGB color 
analysis

Bughole distribu-
tion in tunnel 
lining concrete

Liu et al. 
[113]

Surface Images of Specimens having size 
of 150 mm × 150 mm × 150 mm

Image contrast enhance-
ment, OTSU thresholding

Factors influenc-
ing bugholes

Wei et al. 
[114]

428 raw images with 256 × 256 pixels 
resolution of concrete surface bugholes

Mask R-CNN, instance 
segmentation

Bughole detection 
and quantification

Wei et al. 
[115]

3,215 images with 256 × 256 pixels reso-
lution of concrete surface

Data augmentation 
techniques,
Mask R-CNN

Concrete quality 
assessment based 
on bughole rating

Sun et al. 
[116]

16,662 images with 256 × 256 pixels res-
olution of concrete surface of buildings

Deeplabv3 + with Xcep-
tion-65 as encoder

Bughole detection 
and quantification

Zhou et al. 
[117]

4000 concrete surface images with 640 × 
480 pixel resolution

DeepLabv3 + with Xception 
as encoder backbone

Evaluating pore 
size distribution

Wei et al. 
[118]

10,000 sub-images with 512 × 512 pixels 
resolution of concrete specimens

Otsu Thresholding, DCNN 
inception modules

Automated detec-
tion and evalua-
tion of bugholes

Yao et al. 
[119]

800 images with resolution of 256 × 256 
pixels of concrete surface

Otsu Thresholding, DCNN Bughole detection

Tian et al. 
[120]

980 images with resolution of 640 × 640 
pixels of bridge pier surfaces

OTSU thresholding, 
YOLOv5s

Bughole detection

Table 5  Summary of CV-
based analysis of surface 
bugholes

 

Fig. 11  Original concrete surface image (left) and corresponding Bughole quantification (right)
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4.5  Surface bughole analysis

Bugholes are undesirable voids or holes that appear on the surface of concrete structures, affecting their aesthet-
ics and durability. The presence of bugholes can lead to issues such as reduced adhesion properties of materials 
applied to the surface and premature degradation of reinforced concrete structures [108]. Bugholes also pose 
challenges for subsequent processes like painting, as they need to be filled before coating application, adding 
labor-intensive and costly steps. Figure 11 shows the analyzed image with detected and labeled air voids along 
with their measured parameters. Various research studies have focused on methods for quantitatively evaluating 
concrete surfaces using image processing and CNNs to detect and quantify bugholes on concrete surfaces. Table 
5 represents a summary of CV-based analysis of surface bugholes. Traditional image processing techniques have 
also been used for bughole analysis. Liu and Yang [109] proposed image processing techniques such as gray 
conversion, enhancement, threshold segmentation, and filtering for bugholes detection on the concrete surface. 
The evaluation parameters were the area ratio and maximum diameter of the bugholes. A MATLAB-based soft-
ware for bughole detection was developed evaluating the quality of concrete surface quality. A variable selection 
method was used by Zhao et al. [110], to classify concrete surface voids with Gabor filter and gray-level texture 
features. The variable selection strategy involves seven steps, including base classifier selection, sample divi-
sion, scoring, variable ordering, variable selection, evaluation metrics, and ensemble classification. This method, 
tested on 1,000 concrete texture images, outperformed the L-SHADE-SVM-SVD method Hoang and Nguyen 
[111], with accuracy, precision, and recall of 0.919, 0.904, and 0.938, respectively.

Yoshitake et al. [112] used color image analysis to improve bughole evaluation on tunnel-lining concrete. 
Small bugholes (less than 1 mm) were detected, which visual inspection often misses. This method enhanced 
area calculations of randomly distributed bugholes on concrete surfaces. Liu et al. [113] used image processing 
to analyze the effects of concrete properties on bughole area ratio, size distribution, and maximum diameter. The 
authors found that an increased W/C ratio reduced the area ratio of large bugholes and increased the number of 
small ones. For W/C ratios between 0.3 and 0.4, bugholes larger than 4 mm decreased their number and the area 
ratio as well. Correspondingly, with W/C ratio increments, smaller bugholes (0–2 mm) increase their number and 
also the area ratio. The author reported that superplasticizer added to sand and fly ash gave a successful reduction 
in bughole formation. Several studies have employed CNN models for automatic detection and quantification 
of bugholes. Wei et al. [114] modified Mask R-CNN to detect and quantify bughole defects in concrete surfaces 
using a dataset of 428 images. The model achieved an average precision of 0.89, outperforming traditional meth-
ods. In their quantification test on 70 bugholes, over 68% had an area error rate below 10%, and more than 74% 
had a diameter error rate below 10%.

A Mask R-CNN model was developed by Wei et al. [115], for detecting bugholes on concrete surfaces. A 
dataset of 3,215 images was collected using mobile cameras. The model was tested against the CIB scale for 
bughole rating. It achieved a bughole mask precision of 90.8%, allowing automatic detection and area calculation 
of each bughole for surface quality assessment. Sun et al. [116] developed a modified DeepLabv3 + model for 
detecting cracks and bugholes simultaneously. Transfer learning optimized the model with pretrained Xception 
backbones. It achieved 97.63% AP for cracks, 93.53% for bugholes, a mAP of 95.58%, and an MIoU of 81.87%. 
This model outperformed standard DeepLabv3 + and FCN in detecting small defects. Zhou et al. [117] analyzed 
bugholes larger than 10 µm in concrete using the DeepLabv3 + , deep learning model. The model demonstrated 
high accuracy, achieving an IoU of 0.83, and effectively analyzed structural parameters such as bughole size, 
porosity, and shape factor. Compared to other models (e.g., FCN and SegNet) and traditional techniques, the pro-
posed approach was found to be faster, more robust to lighting and spatial transformations, and required minimal 
preprocessing.

Other studies have focused on the application of CNNs for enhanced bughole recognition. Wei et al. [118] 
applied an image-based approach using DCNN for automated bughole detection on concrete surfaces. The pro-
posed method effectively detected both large and small bugholes with high pixel accuracy. Above 99% pixel 
accuracy was achieved with a precision and recall of 89.46% and 83.87%, respectively. The compressive strength 
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of concrete was also assessed based on relating attributes of bughole numbers to the compressive strength. Yao et 
al. [119], utilized a DCNN using inception modules to detect bughole regions. The network was trained on 800 
images (256 × 256 pixels) and outperformed traditional methods like Otsu and Laplacian of Gaussian algorithms. 
The DCNN achieved 96.55% accuracy, while Otsu and Laplacian of Gaussian achieved 87.93% and 82.76%, 
respectively. Tian et al. [120] proposed an improved YOLOv5 model for detecting surface bubbles in fair-faced 
concrete. The model introduces area-based K-means for better anchor box generation and integrates the effi-
cient channel attention mechanism and feature fusion to enhance feature extraction. Tested on a custom dataset 
of 980 images, the model achieved superior accuracy compared to YOLOv5s, YOLOv6s with a 7.1% increase 
in mAP50. This approach offered fast and accurate detection, making it suitable for real-time concrete quality 
assessment.

4.6  Segregation analysis

The separation of coarse and fine aggregates during the mixing and placing process affects the quality and dura-
bility of concrete. Aggregate segregation is visually analyzed through aggregate distribution, as shown in Fig. 12. 
The uneven distribution of aggregates and cement paste results in areas with different strengths and durabil-
ity. Researchers have been actively exploring innovative ways to monitor and detect segregation in concrete. 
The application of image processing and CNNs. utilize the power of CV and DL to automatically identify and 
measure segregation within concrete samples as shown in Table 6. Several studies have focused on using image-
based methods to quantify segregation in lightweight aggregate concrete (LWAC). Solak et al. [121] introduced 
a segregation index to quantify segregation in LWAC and evaluated its performance against methods like ultra-
sonic pulse velocity, density measurements, and other segregation indices [122–125]. Using binarized images of 
LWAC specimens, the segregation index (SI) was calculated through a point-counting approach. This involved 
computing a local aggregate index (LAI) for each section (ratio of black to total pixels) and a global aggregate 

Fig. 12  Concrete segregation 
analysis showing original and 
segmented images and aggregate 
distribution regions [126]
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index (GAI) for the entire image. The SI was derived by comparing LAI and GAI, offering a reliable image-based 
alternative to traditional experimental methods.

An image analysis method proposed by Solak et al. [127], assessed the impact of segregation on the compres-
sive strength of LWAC. The study calculated a local aggregate volumetric index and local absolute difference 
coefficients from binary images to derive the Solak Index, quantifying segregation levels. Results indicated that 
single-layer versus two-layer molding significantly influenced LWAC’s mechanical properties. Excessive segre-
gation led to well-defined compression cones in 90% of cases, with cone size increasing alongside segregation 
intensity. Tenza-Abril et al. [128] developed a smartphone app for analyzing segregation indices in LWAC using 
image analysis. The app captures and processes images of LWAC samples, counting aggregate (black pixels) and 
cement mortar (white pixels) to calculate local and overall segregation indices. However, the simplified binariza-
tion process used in the algorithm may lead to overestimating or underestimating the black-and-white matrices, 
which could impact the accuracy of the segregation analysis results.

Other studies have focused on the analysis of static segregation in high-workability concrete (HWC) and self-
consolidating concrete (SCC). Cui et al. [129] evaluated static segregation in HWC by analyzing 2000 × 2000 
pixel cross-sectional images to identify aggregates in hardened concrete. Convex hulls and Delaunay triangula-
tion were applied to calculate aggregate distribution characteristics, examining factors like aggregate gradation, 

References Dataset source and image 
modality

Image processing technique/CNN 
architecture

Application focus

Solak et al. 
[121]

202 images with resolution 
of 4752 × 3168 pixels, lon-
gitudinally saw-cut LWAC 
specimens

Contrast and threshold adjust-
ments, Binarization, Matrix data 
extraction for aggregate and 
mortar identification

Estimation of segregation 
index in LWAC

Solak et al. 
[127]

Images obtained from cylin-
drical samples of LWAC

Generation of a binary matrix and 
Calculation of aggregate volumet-
ric fraction and local aggregate 
volumetric fraction

Analyzing the influence 
of segregation caused by 
excessive vibration on the 
compressive strength of 
LWAC

Tenza-Abril 
et al. [128]

Images obtained from cylin-
drical samples of LWAC

Binarization, cropping, and filter-
ing methods from the Catalano 
framework

Segregation indices in 
LWAC

Cui et al. 
[129]

60 images with resolution 
of 2000 × 2000 pixels of 
concrete slices

Calculation of geometric param-
eters (centroid, area, roundness) 
using convex hulls and Delaunay 
triangulation

Evaluating the static 
segregation of concrete 
aggregates and under-
standing the distribution 
of aggregates within 
concrete

Yoon et al. 
[130]

Cross-sections of hardened 
self-consolidating concrete 
(SCC) specimens

Global thresholding, Image 
binarization

Evaluating the degree of 
segregation in self-con-
solidating concrete (SCC)

Nili et al. 
[131]

Cylindrical concrete speci-
mens 600 pixels per inch

Binary thresholding and dynamic 
thresholding methods (Otsu’s 
method)

Evaluating the segrega-
tion resistance of self-
consolidating concrete 
(SCC)

Ozen and 
Guler [132]

Pixel size measuring 
0.169 mm × 0.169 mm

Grayscale segmentation, thresh-
olding for object extraction, 
and morphological processing 
(erosion-dilation cycles) to clean 
the binary images and separate 
overlapping particles

Quantifying segregation 
in Portland cement con-
crete based on the spatial 
distribution of aggregate 
size fraction

Ojala et al. 
[126]

Digitally treated images of 
concrete, having a resolu-
tion of 9000 × 3000 pixels

Manual Segmentation and auto-
matic calculation of the ratio of 
coarse aggregates

Evaluating the segrega-
tion of self-consolidating 
concrete (SCC)

Li et al. 
[133]

51,950 patched images of 
resolution 300 × 300 pixels 
of actual construction sites

Improved EfficientNetV2 Real-time monitoring of 
concrete vibration quality

Table 6  Summary of 
CV-based assessment of 
concrete segregation
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maximum diameter, and mortar rheology. Results indicated that higher large aggregate content reduced stability, 
increasing the risk of uneven distribution and static segregation in HWC. Similarly, Yoon et al. [130] used 3D 
point cloud analysis and digital image processing, including grayscale conversion, segmentation, and binariza-
tion, to assess segregation in SCC. This involved comparing the volume of segregation regions from 3D point 
cloud data with static segregation from image processing, achieving strong agreement and a 2.4% average error, 
affirming method reliability according to ASTM and AASHTO standards. Nili et al. [131] used image processing 
and Otsu thresholding to evaluate SCC segregation resistance by measuring aggregate distribution and mortar 
layer thickness in fly ash and silica fume mixes, finding enhanced resistance with these additions. Ozen and 
Guler [132] developed a digital imaging segregation index based on aggregate size distribution in concrete cross-
sections, using maximum Feret diameters for size distribution analysis across binary images.

Another innovative approach for segregation analysis involved AC impedance spectroscopy combined with 
image processing. Ojala et al. [126] used ACIS alongside image processing to examine how coarse aggregate 
ratios varied at different depths in concrete specimens subjected to varying vibration times. The image analysis 
revealed significant segregation differences, even when specimens were vibrated under the same frequency and 
duration, despite using similar concrete mixtures. Li et al. [133] proposed a novel machine vision-based method 
for real-time monitoring of concrete vibration quality. The approach integrates an improved EfficientNetV2 model 
with image patching and a temporal fusion strategy to classify vibration quality into four levels: unqualified, mid-
dle, qualified, and over-vibration. The method achieved a high classification accuracy of 96.47%, outperforming 
other mainstream models. Temporal fusion significantly improved accuracy and robustness under varying light-
ing conditions. The approach can be successfully deployed in real-world construction settings, demonstrating its 
practical viability and potential to replace subjective human judgment in vibration quality assessment.

4.7  Mechanical properties prediction

An accurate prediction of mechanical concrete properties, i.e., compressive strength, tensile strength, elastic-
ity, durability, thermal conductivity, etc., is vital for designing SHM sustainable and resilient structures that can 
withstand various environmental conditions, loads, and stresses. Compressive strength fc and tensile strength 
ft are the main indicators used in structural health assessment [134]. Traditionally, the mechanical properties of 

Fig. 13  Testing setup for assessing mechanical properties of concrete; Compressive strength test using a universal testing 
machine (left), Ultrasonic pulse velocity (middle), Rebound hammer test (right)
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References Dataset source and image 
modality

Image processing tech-
nique/CNN architecture

Application focus

Lee et al. 
[138]

332 DSLR camera images with 
a resolution of 4,096 × 2,160 
pixels and
300 microscopic images with 
a resolution of 1,920 × 1,080 
pixels

AlexNet Assessing concrete com-
pressive strength using sur-
face image characteristics

Fan et al. 
[135]

Geopolymer Concrete samples 
having size of 1000 × 1000 
pixels

Mesostructure model 
based on threshold seg-
mentation of images

Assessment of the 
mechanical characteris-
tics (peak stress, strain 
at peak stress and elastic 
modulus,) of geopolymer 
concrete and the impact of 
aggregate composition on 
its properties

Li et al. [136] Fractured surface images of split 
cubic concrete samples

binarization, and opening 
operation processing

Influence of heterogeneity 
on the splitting process of 
concrete

Woldeam-
anuel et al. 
[137]

Infrared and true color images 
1000 images from construction 
sites

FCN, SegNet, Deep-
Labv3 + , ResNet-18 and 
ResNet-50

Early age strength of 
concrete and optimize 
formwork removal times 
in construction projects

Dogan et al. 
[139]

96 images with 3888 × 2592 
pixels resolution of cylindrical 
samples

Image digitization, 
Segmentation, ANN; 
Levenberg–Marquardt 
(LM) back-propagation 
algorithm

Compressive and tensile 
strength of concrete 
samples

Waris et al. 
[140]

324 images with 6000 × 4000 
pixel resolution of 54 different 
concrete cylinders

ANN; Levenberg–Mar-
quardt (LM) back-prop-
agation algorithm and 
Adaptive Neuro-Fuzzy 
Inference System

Compressive and tensile 
strength of concrete 
samples

Celik and 
Ozdemir 
[141]

1453 surface images with 
resolution of 256 × 256 pixels, 
captured from 203 core samples

MPaConvNet, SVR Prediction of compressive 
strength of concrete

Jang et al. 
[142]

5145 images with resolution 
of 1,920 × 1,080 captured with 
portable digital microscope, of 
27 Cylindrical specimens

AlexNet, GoogLeNet, 
and ResNet

Compressive strength of 
concrete samples

Kozubal et al. 
[143]

1000 standardized images of 
concrete interface surfaces with 
resolution of 224 × 224 pixels

Deep classifier, Alexnet 
and Resnet-50

Concrete interface 
strength based on surface 
morphology

Shiuly et al. 
[144]

120 images of mortar samples 
and 100 images of concrete 
samples of size 1600 × 1200 
pixels

AlexNet, GoogleNet, 
VGG19, ResNet, and 
Inception-ResNet-V2

Compressive strengths 
of mortar and concrete 
samples

Fang et al. 
[145]

1080 images with resolution 
of 3264 × 2448 pixels of split 
concrete cylinders

Morphological operations
Canny edge detection
U-Net, SegNet, PSPNet

Impact of mesoscopic pore 
features on the splitting-
tensile Strength of cellular 
concrete

Güçlüer [146] Images of hardened concrete test 
samples produced with different 
types of aggregates

Image enhancement,
Threshold Segmentation

Relationship between 
the shape characteristics 
of aggregates and the 
mechanical behavior of 
concrete

Mahankali 
and Valikala 
[147]

Surface images of concrete cube 
samples

Histogram analysis Assessing the compressive 
strength of concrete using 
NDT and image processing

Table 7  Summary of CV-
based assessment of con-
crete mechanical properties
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concrete are predicted through destructive and non-destructive testing as shown in Fig. 13. Civil engineers and 
construction professionals rely on accurate predictions of these properties to ensure the safety, reliability, and 
efficiency of buildings, bridges, dams, and other infrastructure. However, traditional testing methods, while accu-
rate, are often time-consuming, destructive, and require extensive sample preparation. These limitations make it 
difficult to perform continuous monitoring or large-scale assessments.

In contrast, the integration of CNNs and image processing techniques offers a non-destructive, efficient, and 
scalable alternative for predicting concrete mechanical properties. Numerous recent studies have utilized CNNs 
and image processing to assess the concrete mechanical properties as summarized in Table 7. Fan et al. [135] 
presented a rapid method for predicting geopolymer concrete properties using image processing. Processed gray 
images and threshold segmentation generated mesoscopic models for numerical simulation, achieving low pre-
diction errors of 1.50% (peak stress) and 9.70% (elastic modulus).

Li et al. [136] investigated the mechanical behavior of concrete under uniaxial compression and tensile split-
ting tests using image processing techniques. Threshold segmentation converts fracture surface images into 
binary form, enabling interface reconstruction in a numerical model. The heterogeneous model, assigning mate-
rial properties to different regions, better replicates fracture initiation and splitting sequences, achieving a tensile 
strength of 3.770 MPa with 1.5% error, compared to 6.6% error in the homogeneous model. Woldeamanuel et 
al. [137] proposed a method to estimate concrete strength by integrating thermography and image segmentation. 
A thermal imaging camera and a trained segmentation model identify the concrete area, which is mapped onto a 
thermal image to analyze temperatures. Using a maturity-based equation, early-age concrete strength (1–7 days) 
was predicted with ± 3 MPa accuracy, achieving over 80% prediction accuracy and a 30% cost reduction.

Several studies have combined image processing techniques with ANN and other machine learning methods 
to predict concrete’s mechanical properties. Dogan et al. [139] proposed a method combining image processing 
and ANN to predict concrete’s mechanical properties. Statistical features extracted from images of cylindrical 
samples were used as ANN inputs, achieving a correlation of 97.18% to 99.87% with experimental results. This 
highlights the approach as an effective alternative to traditional testing methods. Waris et al. [140] proposed an 
image processing and neural networks method, integrating image processing and ANN to predict the compres-
sive and split-tensile strength of hybrid concrete. High-resolution images (6000 × 4000 pixels) of 162 concrete 
samples with cement replacement ratios (0%, 15%, 25%) were analyzed for statistical features like mean, skew-
ness, and entropy. Trained with destructive test (DT) results and calibrated with non-destructive tests (NDT) like 
ultrasonic pulse velocity and smith hammer, the ANN and Adaptive Neuro-Fuzzy Inference Systems models 
achieved R2 values of 99.7% and 97.8%, respectively. Celik and Ozdemir [141] presented a novel non-destruc-
tive technique for predicting concrete compressive strength by integrating CNN and SVR methods. The pro-
posed CNN architecture, MPaConvNet, analyzes 1453 surface images of concrete core samples, captured under 
diverse real-world conditions, to extract critical features, which are then utilized by the SVR model for accurate 
strength estimation. The method demonstrates outstanding performance with an R2 value of 0.9959 and a low 
error rate (MAPE = 0.0209), surpassing traditional and existing AI-based approaches. Using Gradient-weighted 
Class Activation Mapping, the model identifies significant image regions influencing compressive strength, such 
as aggregate size and void ratio. This efficient and cost-effective model shows great promise for SHM and post-
earthquake damage assessments.

Lee et al. [138] explored the application of DCNNs, AlexNet model, to predict the compressive strength 
of concrete from surface images taken with a DSLR camera and a microscope. They created 4,709 and 3,846 
image datasets for the DSLR and microscope categories, respectively. The performance of the DCNN models 
was assessed by comparing their results to those obtained NDT methods. The DCNN model using DSLR images 
yielded lower RMSE (3.779) and MAPE (12.25%), indicating better prediction accuracy. In contrast, the DCNN 
model using microscope images showed higher RMSE (4.875) and MAPE (18.31%). These findings suggest that 
the DSLR images, which have a broader range, are more effective for feature extraction and achieving greater 
accuracy in predicting concrete compressive strength. Jang et al. [142] introduced a model using CNNs with 
portable digital microscope images to estimate compressive strength. Compared to ANN-based models, DCNNs, 
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especially ResNet, showed superior accuracy (R2 = 0.96), lower RMSE (2.08 MPa), and MAPE (5.98). Kozubal 
et al. [143] proposed a framework to evaluate concrete-to-concrete interface strength using surface morphology 
analysis. Standardized concrete surface images and experimental data were used to develop a deep classifier for 
quick assessment. Deep features from AlexNet and ResNet-50 with classifiers demonstrated high precision and 
accuracy, with ResNet-50 showing robust performance. A strength model and assessment flowchart were also 
presented, highlighting the method’s potential for estimating shear strength via surface texture properties. Shiuly 
et al. [144] investigated the use of SVM alongside five DCNN)models, AlexNet, GoogleNet, VGG19, ResNet, 
and Inception-ResNet-V2 to assess their effectiveness in predicting the compressive strength of cement mortar 
and concrete based on digital microscopic images. Among the models tested, Inception-ResNet-V2 yielded the 
most accurate strength predictions, achieving R2 values near 0.9 for mortar and approximately 0.85 for concrete. 
The RMSE was also calculated for each model, and Inception-ResNet-V2 produced the smallest RMSE values.

Surface morphology and aggregate characteristics extracted by image processing have been considered by 
some studies for strength estimation. Fang et al. [145] examined how pores affect the splitting-tensile strength of 
cellular concrete using specimens with controlled porosity. A deep-learning-based framework quantified meso-
characteristics of pores on splitting surfaces, revealing that higher porosity and pore size reduce tensile strength. 
Key factors influencing strength were identified as pore size and surface porosity, leading to an empirical model 
for strength prediction. Güçlüer [146] examined the relationship between aggregate shape properties and the 
mechanical properties of concrete using image analysis to transform 2D aggregate behaviors into 3D. It evalu-
ates geomechanical properties, surface roughness, and their effect on bond strength, compressive strength, and 
ultrasonic pulse velocity. Findings show that increased aggregate aspect ratio, roundness, and surface roughness 
enhance compressive strength and ultrasonic pulse velocity. Mahankali and Valikala [147] utilized high-reso-
lution image processing to quantify air voids, cement, and aggregate proportions, aiding in strength prediction. 
Digital image analysis effectively predicts compressive strength, with results closely matching destructive and 
non-destructive methods like the rebound hammer and ultrasonic pulse velocity tests, showing minimal discrep-
ancies with the SonReb method (-0.0028%) and image analysis (-9.382%) at 28 days.

5  Discussion

The studies reviewed in this paper demonstrate the application of various image processing techniques and CNN 
models, for the detection and characterization of various properties of concrete. Table 8 shows the merits and 
limitations of image processing and CNN in predicting various properties of concrete. CNN Models such as 
Mask R-CNN, U-Net, and DeepLabv3 + have demonstrated remarkable accuracy in segmentation, over tradi-
tional thresholding and morphological techniques, with mIoU values consistently exceeding 90% [56, 64]. The 
comparative analysis of different segmentation models reveals that incorporating modules like attention mecha-
nisms and hybrid approaches can improve segmentation results [60, 63]. However, CNN struggled to distinguish 
overlapping phases or materials due to similar gray scales in images, especially in SEM or X-ray tomography. 
Furthermore, the performance of these models degrades when dealing with small and overlapping air voids [59, 
69].

Traditional image processing techniques such as thresholding, watershed segmentation, and binarization work 
well for aggregate characterization in concrete due to their simplicity and computational efficiency [72]. How-
ever, these techniques primarily classified aggregates based on size and area but failed to capture more detailed 
shape and texture characteristics. CNN-based segmentation achieved high precision over traditional image pro-
cessing techniques, even in complex aggregate distributions, as demonstrated by Zhang et al. [57] who used Mask 
R-CNN for gradation analysis and achieved robust performance despite the presence of mud content. Hybrid 
approaches that integrate image processing with CNN offer a more comprehensive understanding of aggregate 
distribution and uniformity [75, 76]. However, hybrid models involve complex architecture, increasing compu-
tational requirements and processing time. Three-dimensional imaging techniques such as XCT and point cloud 

1 3

34  249   Page 34 of 53



Neural Computing and Applications

https://doi.org/10.1007/s00521-026-12005-2

analysis provide the most detailed morphological insights into aggregate properties. Unlike 2D methods, 3D 
imaging predicted aggregate shape, size, texture, and spatial distribution with higher accuracy [78].

CNN models such as VGG-Unet and FCN, outperformed traditional image processing techniques in cement 
analysis, especially in identifying hydrated and unhydrated cement particles [68]. Integration of Otsu threshold-
ing with CNN significantly reduced over-segmentation errors in cement fragment analysis [92]. MVTS-CNN 
provided a base for real-time monitoring and process optimization of cement clinker production [89]. These 
approaches enhanced quality control and eliminated manual testing errors, making them a valuable tool in indus-
trial applications. CNN models, while offering superior performance in cement analysis are dependent on high-
quality labeled SEM/BSE images [87].

In air void detection and classification, CNN models showed superior performance compared to image pro-
cessing techniques such as Otsu thresholding and histogram-based segmentation [103]. Combining photometric 
stereo techniques with the U-Net model significantly improved air void detection accuracy [96]. XCT images 
with grayscale thresholding and active contour methods achieved precise quantification of entrapped air voids 

Concrete property Merits Limitations
Segmentation 1. Reduces manual intervention, speed-

ing up processes
2. Attention mechanisms improve fea-
ture extraction
3. Provides detailed measurements (pore 
structure, aggregate size, hydration)

1. Requires large, labeled datasets, which 
are costly and time-consuming
2. Difficult to distinguish overlapping 
phases or materials due to similar gray 
scales in images, (e.g., SEM, X-ray 
tomography)
3. Image quality, resolution, and noise 
affect accuracy

Aggregate 
characteristics

1. Robust characterization of recycled 
aggregates, even with high mud content
2. Automated methods provide near 
real-time results, enhancing field-scale 
evaluations and reducing reliance on 
labor-intensive processes
3. 3D data and multi-feature fusion 
improve gradation detection

1. Overlapping aggregates and low con-
trast affect detection accuracy
2. Variations in aggregate shapes, sizes, 
and compositions across different regions 
reduce the generalizability of certain 
models
3. Fine-grained aggregates are challeng-
ing to detect in 2D

Cement analysis 1. Enables rapid, automated phase 
quantification (hydration, porosity in 
cement paste)
2. Adaptable to various imaging meth-
ods i.e., SEM, BSE and hyperspectral 
analysis

1. Distinguishing similar phases (overlap-
ping fragments, stains) is difficult
2. Results from complex analyses like 
hyperspectral imaging can be non-trivial, 
and a lack of standardized protocols can 
limit reproducibility

Air voids 1. Reduces manual labor compared to 
traditional methods like ASTM C457
2. Combining infrared thermography 
and DIC enable detection of air voids 
and cracks in early-age concrete

1. Equipment like industrial CT scan-
ners and zero-angle light sources can 
be expensive, limiting accessibility for 
routine testing
2. The method struggles with capturing 
the smallest air voids

Surface bugholes 1. Supports grading against standard 
scales (e.g., CIB reference)
2. Multi-scale analysis improves detec-
tion in poor conditions

1. Despite improvements, these methods 
still struggle with artifacts like dust, sur-
face discoloration, or mixed imperfections
2. Techniques for small samples may not 
scale to large surfaces

Concrete 
segregation

1. Provides detailed measurements of 
aggregate segregation
2. Correlates segregation with material 
properties (size, gradation)

1. Limited to hardened concrete, not 
usable for fresh concrete
2. Relies on uniformity assumptions, 
which may not always hold

Mechanical 
properties

1. Avoids physical damage to structures, 
suitable for ongoing projects
2. Techniques like infrared thermog-
raphy and CNN-based segmentation 
provide faster results compared to 
traditional destructive methods

1. Sensitive to variations in concrete mix 
design, requiring re-training
2. Gray color aggregates can lead to 
poor segmentation and CNNs may lack 
the important feature needed for precise 
mechanical property prediction

Table 8  Merits and limita-
tions of image processing 
and CNN in concrete prop-
erties assessment
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[98]. Mask R-CNN and DeepLabv3 + have demonstrated superior performance in bughole detection and quan-
tification compared to traditional image processing methods [117, 118]. Hybrid approach that integrated DCNN 
with inception modules, reduced false positives and enhanced model generalization across different surface tex-
tures [119].

Mask R-CNN models have successfully detected aggregate distribution patterns in concrete, reducing the 
reliance on manual inspections and improving the objectivity of segregation analysis. Image-based segregation 
indices, such as the local and global aggregate indices, have provided more reliable and consistent evaluations 
compared to conventional experimental methods [121] Three-dimensional point cloud analysis has proven effec-
tive in detecting static segregation in SCC, achieving low error rates and confirming the reliability of image-based 
segregation monitoring [130]. The use of convex hulls and Delaunay triangulation techniques has provided sig-
nificant insights into aggregate distribution [129].

Image processing and CNNs enable non-destructive and real-time prediction of mechanical properties, which 
is crucial for SHM and ensuring the safety and reliability of infrastructure. The analysis of image-based features, 
including pore size, aggregate distribution and surface roughness is crucial in determining mechanical properties 
[139]. The hybrid CNN models such as MPaConvNet and CNN-SVR utilizing these features have demonstrated 
exceptionally high accuracy in compressive strength of concrete, with correlation values exceeding 0.99 [141]. 
Similarly, ANN models integrated with image processing techniques have also achieved predictive accuracy 
above 97%, indicating the effectiveness of these techniques in estimating concrete strength [140]. Despite these 
advancements, the CV-based methods for the prediction of mechanical properties of concrete are sensitive to 
variations in concrete mix design and may require re-training or calibration for different datasets. Furthermore, 
concrete with gray-colored aggregates may cause CNNs to fail in extracting important aggregate features neces-
sary for precise mechanical properties prediction.

5.1  Datasets

While the advancement of image processing and CNN-based models is central to the non-destructive evaluation 
of concrete properties, the foundation of these models lies in the quality, size, and diversity of the datasets used 
for training and evaluation. The performance and generalization capability of these models are directly influenced 
by the datasets they are trained on. Datasets enable models to learn critical spatial and textural features associated 
with concrete aggregates, air voids, cement phases, and surface defects. Therefore, the development of accurate 
and reliable CV models requires rich, well-annotated, and representative datasets.

In concrete analysis, dataset characteristics vary widely depending on the imaging modality (e.g., digital cam-
era, SEM, X-ray computed tomography), the type of features being analyzed (aggregates, pores, cement, etc.), 
and the complexity of the segmentation or classification task. Datasets used in segmentation tasks, particularly 
at the pixel level, are often much smaller than classification datasets due to the labor-intensive nature of manual 
annotation. Annotating features like pores or overlapping aggregates demands a high degree of precision, which 
increases both time and cost. To facilitate comparison across studies and to guide researchers in dataset selection, 
Table 9 summarize several key datasets reported in the literature. The table includes information such as dataset 
name (or source reference), image resolution, number of samples, type of concrete properties analyzed, annota-
tion level (pixel-level, object-level, etc.), and key limitations. Manual labeling remains a significant challenge in 
concrete image datasets. For instance, segmenting air voids or differentiating between hydrated and anhydrous 
cement in SEM images often requires expert knowledge and meticulous effort. Similarly, capturing variations 
in aggregate shape, size, and texture under different lighting or imaging conditions adds to dataset complexity. 
The size and diversity of datasets greatly affect the robustness of CNN models. Larger and more heterogeneous 
datasets help models learn more generalized features, minimizing overfitting and enhancing performance on 
unseen data. Conversely, models trained on small, narrow datasets may perform well in controlled environments 
but fail under real-world variations. For example, models trained only on colored aggregate images may struggle 
when applied to grayscale or X-ray computed tomography images unless adequately generalized. Researchers 
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Dataset 
referenceS

Characteristics Annotation type Strengths Weaknesses

Zhang et al. 
[56]

180 images with 512 × 512 
pixel resolution of pervious 
concrete samples

Pixel-level 
manual annota-
tions of pores

1. Accurate representation of internal 
pore structures
2. Useful for pore segmentation tasks
3. Supports quantitative analysis

1. Requires specialized CT imaging 
equipment
2. Limited variability in aggregate 
materials
3. Few external conditions captured

Wang et al. 
[60]

2,208 images of hardened 
concrete specimens with a 
resolution of 256 × 256 pixels

Pixel-level man-
ual annotations 
of aggregates

1. Reflects realistic construction 
scenarios
2. Suitable for evaluating robustness
3. Enables uniformity distribution 
analysis
4. Varying aggregate shapes/sizes

1. Image heterogeneity complicates 
annotation
2. Annotation quality varies

Zhang and 
Wang [61]

2032 XCT images with 
a resolution of 256 × 256 
pixels of reinforced concrete 
specimens

Pixel-level 
manual annota-
tions of steel 
rebar, corrosion 
products, and 
pores

1. Detailed, non-destructive imaging
2. Good for corrosion visualization
3.Enables 3D reconstruction

1. Limited scenarios
2. Quality is dependent on XCT 
settings
3. Requires advanced imaging 
equipment

Ullah et al. 
[65]

9572 images with a resolu-
tion of 512 × 512 pixels of 
concrete cylindrical samples 
with gray-colored aggregates 
and varying SCM content

Pixel-level 
manual annota-
tions of coarse 
aggregates

1. Easy capture, suitable for the field
2.No special treatments
3. Realistic conditions
4. Variety in mix designs

1. Difficult differentiation of similar 
colors
2. Lower detail than microscopy

Hilloulin et 
al. [69]

2024 images with 608 × 608 
pixel resolution of various 
concrete, mortar, and cement 
paste samples

Pixel-level man-
ual annotations 
of aggregates and 
air voids

1. High segmentation accuracy
2. Microstructural insights
3. Enable freeze–thaw resistance 
analysis

1. Requires skilled sample 
preparation
2. Less scalable
3. Limited field usability

Song et al. 
[64]

Images with 800 × 800 pixels 
resolution of eight types of 
concrete mix cylinders

Pixel-level man-
ual annotations 
of aggregates, 
paste, and air 
voids

1. Reduces segmentation time
2. No color treatments required

1. Requires polished surfaces
2. Quality varies with prep 
techniques
3. Limited external variability

Wang et al. 
[63]

1144 subimages, each with a 
resolution of 480 × 480 pixels 
of concrete cylinders cut 
lengthwise

Manual, pixel-
level annotations 
for aggregates

1. Robust to complex backgrounds 1. Limited to sedimentation test 
images
2. Generalization to other aggregates 
is untested

Qian et al. 
[68]

180 patched SEM images 
with 800 × 800 pixels resolu-
tion of cement Sample

Manual, pixel-
level annota-
tions for cement 
particles

1. Effective boundary segmentation
2. No preprocessing needed
3. Detailed particle shape analysis

1. Performance is dependent on high-
quality SEM images
2. Limited to cement particles

Bangaru et 
al. [59]

SEM Images with 256 × 256 
pixels resolution

Manual, pixel-
level annotations 
for aggregates, 
and pores

1. Comprehensive microstructure 
segmentation (aggregates, hydrated 
cement, anhydrous cement, pores)

1. Magnification sensitive
2. Limited dataset diversity
3. SEM-dependent

Saha et al. 
[66]

800 X-ray tomographic 
images of 7 days cured con-
crete specimens

Manual, pixel-
level annotations 
for aggregates, 
mortar, and voids

1. Clear differentiation of voids, 
aggregates, and mortar phases

1. Limited scalability to diverse 
concrete mixtures,
2. Requires significant manual setup

Zhang et al. 
[57]

1000 images with 
2048 × 2048 pixels resolution 
of aggregates

Manual, pixel-
level annotations 
for aggregate 
particles

1. Accurate particle identification and 
gradation analysis
2. Robustness improved via transfer 
learning

1. Transfer learning needed for 
robustness across aggregate types
2. sensitive to image quality

Tian et al. 
[58]

2400 CT scanned images 
with 512 × 512 pixel resolu-
tion of concrete cylindrical 
samples

Manual, pixel-
level annotations 
(masks) for 
cracks and voids

1. Good repeatability
2. allows detailed 3D reconstruction

1. Limited to CT scan images
2. Performance is sensitive to crack 
and void shape complexity

Table 9  Summary of image datasets for concrete properties predictions
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Dataset 
referenceS

Characteristics Annotation type Strengths Weaknesses

Huang et al. 
[70]

164 stockpile aggregate 
images collected from vari-
ous quarries

Manual, pixel-
level annotations 
for aggregate 
particles

1. Efficient segmentation of overlap-
ping aggregates
2. Good correlation with manual 
methods
3. Practical field applications

1. Depending on image angle and 
lighting conditions,
2. May miss deeply stacked particles

Zeng et al. 
[67]

1800 images with 256 × 256 
resolution

Manual, pixel-
level annotations 
for fly ash spheri-
cal particles

1. Rapid, on-site application
2. High accuracy for spherical par-
ticle segmentation
3. Directly correlates to quality 
parameters

1. Potential issues with varying fly 
ash particle density
2. Limited applicability beyond 
spherical particles

Qin et al. 
[79]

550 images of 6720 pix-
els × 4480 pixels, collected 
directly above the conveyor 
belt

Manual, instance 
annotation 
(pixel-level) for 
aggregates

1. High resolution
2. Various moisture and sand 
conditions
3. Real-time applications

1. Limited diversity (specific peb-
bles), 2. Time-consuming annotation

Yang et al. 
[78]

3D point cloud data of the 
aggregate on a conveyor belt

Manual, point 
cloud segmenta-
tion for coarse 
aggregates

1. Rich 3D geometric data
2. Adaptable to real-time grading

1. Requires specialized equipment
2. Data processing complexity

Hoong et al. 
[76]

36,000 images of individual 
grains classified according to 
their nature

Manual, 
bounding-box 
annotation, grain 
classification

1. An extensive labeled dataset
2. Suitable for real-time classification

1. Requires preprocessing (washing, 
drying)
2. Assumptions on grain shapes and 
densities

Hu et al. [77] Images collected directly 
above the conveyor belt

Manual, pixel-
level annota-
tions for coarse 
aggregates

1. Effective in real-time environments
2. Robust against overlapping 
aggregates

1. Illumination sensitivity
2. Limited generalization to different 
conditions

Baek et al. 
[74]

Cross-sectional images of 
hardened concrete speci-
mens with a resolution of 
16,320 × 12,240 pixels

Manual, pixel-
level annotations 
for coarse aggre-
gates and pores

1. Minimal preprocessing required
2. Effective separation of aggregates 
and pores

1. Limitations in distinguishing 
complex aggregates

Chen et al. 
[92]

150 images with various 
dimensions of cement frag-
ments of various sizes

Manual, pixel-
level annota-
tion for cement 
fragments

1. High segmentation precision
2. Improved accuracy in fragment 
size calculation
3. Robust against noise

1. Overlapping fragment issue
2. Manual selection of thresholds 
required
3. Sensitive to staining

Qian et al. 
[90]

3600 SEM images with a 
magnification 500 of cement 
paste mixtures and mortar 
samples

Manual, pixel-
level annotations 
for cement paste 
microstructure

1. Good generality across mixtures 1. Dependent on SEM quality and 
preparation

Sheiati et al. 
[86]

222 Images with a resolu-
tion of 1024 × 640 pixels 
of cement paste samples of 
various hydration ages

Manual, pixel-
level annotations 
for cementi-
tious phases and 
porosity

1. Reliable quantification of hydra-
tion phases
2. Variation in imaging conditions

1. Grey-level overlap
2. Initial manual annotation intensive

Wei et al. 
[114]

428 raw images with 
256 × 256 pixels resolution of 
concrete surface bugholes

Manual, pixel-
level bugholes

1. Enables quantification of area and 
diameter of defects

1. Requires intensive initial manual 
labeling
2. Limited dataset size

Sun et al. 
[116]

16,662 images with 256 × 256 
pixels resolution of concrete 
surface of buildings

Manual, pixel-
level. Cracks, 
bugholes

1. Large-scale
2. Diverse defects
3. Supports transfer learning 
strategies

1. Limited generalization to different 
conditions
2. Requires preprocessing like 
contrast enhancement, thresholding 
complexity

Yuan et al. 
[99]

500 high-resolution with 
1024 × 768 pixels resolution 
of concrete specimens cut 
lengthwise

Manual, 
pixel-level
Air voids

1. Enables precise measurement of 
air void morphology and distribution

1. Complex handling and setup
2. Requires preprocessing like 
contrast enhancement, thresholding 
complexity

Table 9  (continued) 
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must carefully evaluate the applicability, resolution, and annotation quality of datasets before employing them in 
model development. Choosing datasets aligned with the specific imaging conditions and structural characteristics 
of the concrete under study is essential for reliable predictions.

5.2  Practical implications and pathways for implementation

Recent advances in CV have demonstrated remarkable potential for assessing concrete properties. However, 
translating these advancements into everyday engineering practice requires making the technology accessible to 
practitioners. Many CV-based models proposed in research studies rely on high-end computational resources or 
require specialized expertise, hindering their widespread adoption in the field. To bridge this gap, the focus must 
shift toward user-friendly solutions that integrate into existing workflows. In practice, civil engineers, site manag-
ers, and quality control engineers should be able to leverage vision-based tools without requiring expert knowl-
edge of machine learning or programming. The goal is to make these technologies as accessible and intuitive as 
traditional testing methods, enabling practitioners to visualize, quantify, and monitor material characteristics with 
minimal setup. For professionals new to CV, the following step-by-step pathway offers a practical roadmap for 
gradually implementing these methods in real-world applications.

Dataset 
referenceS

Characteristics Annotation type Strengths Weaknesses

Lee et al. 
[138]

332 DSLR camera images 
with a resolution of 
4,096 × 2,160 pixels and 300 
microscopic images with a 
resolution of 1,920 × 1,080 
pixels

Pixel-level sur-
face features

1. Limited dataset size
2. Controlled laboratory conditions
3. Reduced quality in microscopic 
images

1. High-quality, realistic images 
(DSLR)
2. Dual modality (DSLR & 
microscope)
3. Wide range of image features

Celik and 
Ozdemir 
[141]

1453 surface images with 
a resolution of 256 × 256 
pixels, captured from 203 
core samples

Surface features 
(voids, aggregate 
distribution)

1. Variability in image quality due to 
uncontrolled conditions
2. Potential annotation 
inconsistencies
3. Complexity due to heterogeneity 
of real-world structures

1. Large and diverse real-building 
samples
2. Variety in lighting and angles
3. Represents practical construction 
scenarios

Dogan et al. 
[139]

96 images with 3888 × 2592 
pixels resolution of cylindri-
cal samples

Surface features, 
voids

1. Limited diversity (controlled lab 
setup)
2. Smaller dataset size
3. Lack of real-world variability

1. Comprehensive parameter 
variation
2. Consistent imaging conditions
3. High-resolution surface imaging

Woldeam-
anuel et al. 
[137]

Infrared and true color 
images 1000 images from 
construction sites

concrete regions, 
thermal areas

1. Difficulty in precise alignment of 
dual image types
2. Interference from external factors 
(shadows, weather Dependence on 
thermal camera specifications

1. Real construction site images
-2. Integration of thermal and visual 
data
3. Wide area coverage per image

Güçlüer 
[146]

Images of hardened concrete 
test samples produced with 
different types of aggregates

Surface features 1. Diverse aggregate textures
2. Rich variety from different crush-
ers; clearly distinguishable aggregate 
properties

1. Limited to aggregate textural data
2. Does not cover concrete internal 
microstructure or defects

Fang et al. 
[145]

1080 images with a resolu-
tion of 3264 × 2448 pixels of 
split concrete cylinders

Surface features, 
pores

1. Precisely controlled pore 
characteristics
2. Ideal for studying pore structure 
effects

1. Limited variability due to con-
trolled lab conditions
2. Not representative of diverse field 
conditions

Shiuly et al. 
[144]

120 images of mortar 
samples and 100 images 
of concrete samples of size 
1600 × 1200 pixels

Mortar and con-
crete microstruc-
tures’ surface 
features

1. High-resolution images with 
multiple scales
2. Good diversity of mortar and 
concrete mixes

1. Sensitive to microscope calibration
2. Labor-intensive sample 
preparation
3. Limited dataset size

Kozubal et 
al. [143]

1000 standardized images of 
concrete interface surfaces 
with a resolution of 224 × 224 
pixels

Surface features 
and interface sur-
face roughness

1. Unique imaging of surface 
roughness
2. Standardized illumination 
enhances data consistency

1. Highly controlled, lacks real-world 
variability
2. Heavily dependent on precise 
lighting conditions

Table 9  (continued) 
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5.2.1  Identify the use case and imaging needs:

Concrete properties to be evaluated should be identified first, as this will dictate the type of images required. For 
visible surface features (such as bugholes or areas of honeycombing/spalling), a standard digital camera or smart-
phone is usually sufficient. Images should be captured under typical field conditions to ensure that subsequent 
models or analyses remain representative of real construction scenarios. For evaluating mechanical properties or 
internal features like air voids and aggregate dispersion in a polished concrete sample, higher-resolution imaging 
(e.g., a flatbed scanner or optical microscope image of a concrete cross-section) may be needed.

5.2.2  Collect and prepare example images:

A diverse image dataset should be compiled to capture the full range of conditions relevant to the intended assess-
ment scenario. The dataset should include concrete surfaces exhibiting varying textures, lighting conditions, and 
defect severities, along with defect-free samples for reference. A scale or reference object should be included 
in some images for accurate calibration. For aggregate or void analysis, images should display a clear contrast 
between different phases. This can be achieved through consistent lighting or by using a plain background when 
photographing loose aggregates or polished sections.

5.2.3  Choose an appropriate model or technique

With the image dataset prepared, an informed choice between a pre-trained learning model and a classical image-
processing pipeline should be made. For more straightforward or specialized tasks, a classical approach might 
suffice, for example, thresholding a grayscale image of a concrete slice to measure air-void content or using 
edge detection to find specific features. For complex and variable tasks, pretrained DL models are recommended 
because they can handle variations automatically. For instance, when segmenting aggregates or identifying sur-
face defects, a pre-trained segmentation model such as Deeplabv3, U-Net, Mask R-CNN variant, or an object 
detector such as YOLO, may be used. However, when pre-trained models or readily available tools do not meet 
specific requirements, programmers or machine learning engineers can be engaged to develop customized CNN 
architectures or fine-tuned models tailored to the particular images at hand. This collaboration ensures optimal 
performance and enables field practitioners to benefit from robust AI solutions without requiring advanced cod-
ing expertise.

5.2.4  Set up software and hardware:

A practical setup for CV-based concrete assessment can be achieved with readily available tools and moderate 
computing resources. A standard workstation or laptop is generally sufficient, especially when using efficient 
models like the smallest YOLOv8 [148] segmentation model. This model is optimized for fast inference and can 
run on regular CPUs or modest GPUs commonly available in engineering offices. The software environment 
should include essential libraries when using Python-based implementations, such as Ultralytics YOLO [149], 
TensorFlow [150], PyTorch [151], and OpenCV [152]. These frameworks provide detailed documentation and 
ready-to-use examples, making configuration and initial experimentation straightforward. For practitioners opt-
ing for a no-code solution, open-source platforms like Fiji or ImageJ [153] offer a convenient alternative. These 
tools operate on standard computers and support plugins or macros for measurement and feature extraction with-
out requiring programming expertise. For large-scale computation such as training DL networks or processing 
extensive image datasets, access to cloud-based GPUs or online computing services offers a cost-effective option.
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5.2.5  Pilot test and calibrate

Before full implementation, the selected vision-based system should be tested on representative samples and its 
outputs compared with conventional measurements or expert evaluations. This preliminary validation builds con-
fidence in the system’s accuracy and ensures its results align with established engineering practices. For instance, 
when developing an image-based approach to evaluate aggregate gradation, a sample batch can be photographed 
and analyzed using the vision model and then subjected to a standard sieve analysis on the same material. The 
resulting gradation curves should show close agreement between both methods. Similarly, when analyzing air 
void parameters from concrete section images, automated results such as air content, void size distribution, and 
spacing factor should be compared with those obtained through ASTM C457 [154] microscopic analysis or 
benchmarked against typical acceptable ranges.

In cases where discrepancies arise, system calibration is essential. A standard calibration involves establishing 
a pixel-to-millimeter scale to ensure that image-derived dimensions accurately represent real-world units. This 
can be achieved by including an object of known size within the image to compute the necessary scale factor. 
Adjustment of model parameters may also be required, for example, refining the detection confidence threshold 
that classifies a feature as a void, aggregate, or cement matrix. These pilot trials also offer an opportunity to fine-
tune lighting conditions, camera angles, and algorithmic settings to enhance consistency and robustness. Once 
this calibration phase is completed, the system should produce reliable outputs that correspond closely with 
conventional measurements, within an acceptable margin of error, ensuring readiness for broader application in 
practical engineering contexts.

5.2.6  Integrate into workflow and upscale

Once validated and calibrated, the CV system can be integrated into routine inspection and quality control work-
flows. Incorporation into daily operations may be as simple as adding a step to existing inspection routines, such 
as capturing images of specific structural elements after a site visit and processing them through the model to 
generate an automated condition report. At the early stage of implementation, the automated workflow should 
operate in parallel with manual inspections to confirm that key observations and defects are consistently detected. 
This parallel phase helps establish trust in the model’s outputs and ensures alignment with established quality 
control practices.

5.3  Challenges for computer vision implementation in concrete properties assessment

5.3.1  Data imbalance and limited training datasets

One of the major issues that need to be addressed in implementing CV for the assessment of concrete proper-
ties is the imbalance and scarcity of diversified high-quality datasets. Factors like pore shape, aggregate type, 
and surface defects have very wide variations because of factors such as material mixtures, exposure to weather 
conditions, and method of curing [155]. All this calls for extensive fieldwork, data collection under varying 
conditions, and detailed annotation, which is highly time-consuming and resource-intensive [63]. Further, most 
datasets pertaining to concrete quality are highly imbalanced; for example, some types of defects (e.g., fine air 
pores) are vastly lower in number than others (e.g., cracks on the surface) [156]. This could train the model in 
a biased manner such that the algorithm is optimized to detect the more common types while not looking for 
subtle or infrequent features that are also important for structural evaluation [65]. Moreover, the existing publicly 
available datasets on concrete property evaluation are relatively small and narrow, primarily concentrated on 
particular applications[157, 158]. Such limitations have held back the formation of general models that can take 
up diversified tasks from cement analysis to segmenting aggregates and air voids.
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5.3.2  Variability in concrete properties and environmental conditions

Variability in concrete properties and environmental conditions is a huge challenge to the deployment of CV 
techniques for the assessment of concrete properties. Surface textures can range widely in concrete structures 
because of variations in composition, mix design, modes of curing, and characteristics of aggregates [159]. 
Morphological variations due to the above-mentioned factors are further diversified, based on the influencing 
environmental parameters like weather conditions, lighting, and surface contamination which make imaging data 
noisy and inconsistent [80]. Contrast variation with changes in lighting conditions and shadows on the surface 
of the concrete produces an often striking visual impression. The size of the aggregate, its type, and distribution 
in a sample of concrete can also cause differences that impair the robustness of the model in CV. Another major 
reason which further complicates the accurate detection and quantification of air voids and bugholes is the effect 
of the season and environmental factors [118]. Rain, fog, and dust are such additional factors under which defect 
detection becomes more challenging. Surface wetness may mask the defects and voids as their shadows or glaring 
artifacts from imbalanced illumination may appear as defects. Before these preconditions, the assessment may be 
such that it gives a false positive or a false negative thereby reducing the reliability.

5.3.3  Defect overlap and complexity

The overlapping and complex relationship between features and defects in concrete structures presents major 
challenges for CV systems to do proper identification, classification and quantification. For instance, concrete 
surfaces exhibit sometimes overlapping features such as crack intersections with voids and discoloration blend-
ing with spalling or rough textures that hide microcracks [96]. Such overlapping can lead to a wrong result of 
misclassification or not being detected fully.

Different features often look alike. For example, under some conditions, bugholes can look like surface discol-
orations or fine gray color aggregates can look like air voids. Such morphological resemblance adds complexity 
to defect classification so the models need to be based on subtle features for differentiation [66].

5.3.4  Lack of standardized imaging protocols

Simple photography to advanced and sophisticated techniques such as scanning electron microscopy, X-ray com-
puted tomography, and thermal imaging are some examples of concrete imaging methods [90, 160]. The reso-
lution, depth, and contrast characteristics of each method can be so distinct that it may affect the detection and 
quantification of concrete defects or properties. Data inconsistencies can arise due to a lack of standardization, 
which hinders the interoperability of CV systems across different datasets and use cases. Furthermore, images 
are greatly influenced by the imaging protocols in the field conditions, such as variations in lighting, angle, and 
distance of the camera [161]. Such variations could distort the appearance of the features, such as aggregates, 
bugholes or air voids, thus leading to errors in detection and classification. Minor details might be concealed by 
inconsistent lighting, and oblique angles may alter perspective distortion. The lack of standardized scales for 
capturing and analyzing images complicates feature quantification and model training.

5.3.5  Influence of additives on computer vision-based assessment

The incorporation of supplementary cementitious materials (SCMs) and chemical admixtures introduces com-
plexities in CV-based assessment of concrete properties. SCMs such as fly ash, silica fume, and slag alter key 
attributes like color, surface roughness, and void structures[65]. Additionally, SCMs and chemical admixtures 
affect workability and aggregate distribution [162]. Hydration and curing-induced temporal changes can influ-
ence defect characteristics such as pore size. A limited dataset representing only standard concrete means that 
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the model is not as robust and would require retraining for different applications. These variations challenge the 
accuracy that can be achieved with CV-based assessment, particularly in air void and cement analysis in concrete.

5.4  Future research directions

5.4.1  Benchmarking with the latest vision architectures

Future research should focus on benchmarking existing concrete datasets using the latest DL architectures to 
establish performance baselines and enhance reproducibility. Advanced one-stage detectors such as YOLOv10 
[163], YOLOv11 [164], and YOLOv12 [165] offer significant improvements in inference speed and quantization 
awareness, supported by transformer-assisted attention mechanisms. Similarly, Vision Transformer (ViT)–based 
models, including Swin Transformer V2 [166], SegFormer [167], and ConvNeXt V2 [168], provide global con-
text modeling that overcomes the local-feature bias of CNNs. Hybrid approaches that integrate traditional IP 
with transformer-based models and hierarchical classification can further enhance multi-class feature detection 
and segmentation. These methods can enable more precise recognition and categorization of complex concrete 
features such as aggregates, air voids, and surface defects across multiple scales and environmental conditions. 
Applying and systematically comparing these architectures on diverse concrete datasets identified in this review 
will help establish a unified benchmarking framework and guide future model development in this domain.

5.4.2  Integration of multi-modal imaging

Ultrasonic testing, thermal imaging, computed tomography, and ground penetrating radar are some of the advanced 
NDT techniques. All these NDT techniques can be integrated with CV algorithms to give a more holistic view 
of the subsurface anomalies. Such volumetric data, once acquired, can include void boundaries and irregularities 
within them, providing volumetric information that can significantly enhance void detection and characterization 
for CV algorithm processing. The performance of these systems in real-world applications needs to be validated 
for conducting a thorough and accurate assessment of a structure.

5.4.3  Synthetic data generation

Synthetic data generation has emerged as a pivotal solution to the challenges posed by limited and imbalanced 
datasets in CV. Techniques such as generative adversarial networks enable the creation of realistic representa-
tions of defects like cracks, voids, and spalling under diverse conditions. Synthetic data offers advantages such as 
addressing data imbalance by generating rare defect scenarios, reducing costs and time associated with manual 
data collection, and tailoring datasets to simulate specific conditions.

5.4.4  Integration with smart infrastructure

Integrating CV with smart infrastructure modernizes concrete assessment and health monitoring by combining 
IoT sensors, real-time analytics, and CV-based detection. CV systems process data from cameras, drones, and 
thermal or LiDAR sensors, enabling autonomous analysis and reporting through IoT platforms. This integration 
supports automated alerts, predictive maintenance, and lifecycle assessments while enhancing decision-making 
through combined visual and performance data. Future research should focus on developing lightweight CV 
algorithms, data fusion, and standardization which will ensure efficient, reliable, and durable infrastructure health 
monitoring.
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5.4.5  Potential use of video data

Most existing approaches in concrete properties assessment focus solely on static images, neglecting the potential 
of video data. High-definition videos can provide richer temporal and spatial information for detecting surface 
bugholes in concrete structures. Future research should explore processing video frames as sequential datasets 
using RNNs. This approach can enhance the accuracy and robustness of SHM systems in real-world applications.

5.5  Economic and sustainability considerations

Implementing advanced CV-based inspection and monitoring systems does entail a significant upfront invest-
ment. High-resolution cameras and computing hardware need to be deployed, and substantial effort is required to 
collect and label training data. However, these initial costs are offset by the following long-term benefits.

5.5.1  Reduced labor and inspection costs

Once operational, automated visual inspection drastically lowers the need for labor-intensive manual checks. 
AI-driven systems can continuously monitor structures without large inspection crews, cutting down on labor 
expenses and time. Besides cost savings, it also minimizes the safety risks to personnel by reducing the frequency 
of dangerous on-site inspections.

5.5.2  Savings from non-destructive testing

The CV approach is inherently non-destructive as it evaluates concrete quality and detects defects without harm-
ing the structure. This avoids the costs of extracting samples or drilling cores required by traditional testing 
methods. By preventing damage during testing, engineers save on repair expenses and keep the structure fully 
serviceable during inspections. Furthermore, frequent monitoring can be performed with minimal disruption, 
providing a more complete picture of structural health at a lower overall cost.

5.5.3  Preventative maintenance and extended lifespan

Automated inspection enables a shift from reactive fixes to proactive maintenance. Early detection of defects 
allows engineers to intervene with minor repairs before problems escalate. Such preventive upkeep is far less 
expensive than emergency repairs after a major failure. Over time, this approach extends the service life of 
critical infrastructure by preserving its condition. In fact, continuous SHM and timely maintenance can increase 
intervals between major overhauls without compromising safety, yielding longer effective lifespan for bridges 
and buildings.

5.5.4  Sustainability and global priorities

Enhancing infrastructure durability through such technologies contributes to major sustainability goals in engi-
neering. Global initiatives in civil engineering emphasize maximizing the service life of existing structures rather 
than resource-intensive new construction. By ensuring high construction quality and enabling timely repairs, 
CV-based methods help structures reach their full design life with safe performance. This reduces the need for 
premature replacements and the associated consumption of materials like cement and steel, whose production 
carries heavy environmental costs. The CV-based approach is a key enabler of a more sustainable construction 
industry as it promotes efficient use of resources, minimizes waste from demolition or over-maintenance, and 
curbs the carbon footprint of infrastructure through extended longevity.
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6  Conclusion

This review examined the application of image processing and CNNs in assessing various concrete properties. 
The integration of image processing and CNNs has revolutionized these assessments, offering automated, non-
destructive, and precise methodologies. A structured review approach was followed, with a bibliometric analysis 
using Scopus to identify relevant studies. A total of 82 peer-reviewed journal articles were selected based on a 
predefined set of exclusion criteria. Seven major applications of image processing and CNNs are identified in this 
review, including segmentation, aggregate characteristics, cement, air voids, surface defects (such as bugholes), 
segregation, and mechanical properties like compressive and tensile strength. The key insights from this review 
are summarized as follows.

Advanced CNN-based models, including Mask R-CNN, U-Net and DeepLabv3 + , have demonstrated improve-
ments in segmenting concrete components such as aggregates, air voids, cement particles, and bugholes. The 
Encoder-decoder architectures, such as DeepLabv3 + with EfficientNetV2, have achieved superior segmentation 
accuracy, particularly in challenging tasks involving gray-colored aggregates. Attention mechanisms and multi-
scale feature extraction techniques have further enhanced model robustness in distinguishing complex concrete 
microstructures. Studies utilizing CT scanning, industrial X-ray tomography, and CV-based segmentation have 
provided more detailed assessments of air void characteristics, including size, shape, and distribution. The use 
of photometric stereo imaging combined with U-Net models has enabled more precise air void detection without 
contrast enhancement. CNN models like PANet, Mask R-CNN, and ResUNet have enabled automated quanti-
fication of aggregate size distribution, gradation, and roundness, reducing reliance on labor-intensive sieving 
methods. Multivariate time series analysis combined with CNNs has provided a novel approach for real-time 
monitoring of cement clinker quality. Image-based methods have successfully introduced segregation indices to 
quantify aggregate distribution uniformity, particularly in SCC and LWAC. AC impedance spectroscopy com-
bined with image processing techniques has also proven effective in detecting aggregate segregation in fresh 
concrete mixtures. The prediction of concrete mechanical properties has been significantly enhanced through CV 
techniques. The hybrid CNN models, such as MPaConvNet and CNN-SVR, utilizing the aggregate distribution 
features have demonstrated exceptionally high accuracy in the compressive strength of concrete.

The review emphasizes practical implementation pathways that enable engineers to adopt vision-based inspec-
tion systems. Integrating these approaches into quality control workflows allows real-time, non-destructive eval-
uation of concrete structures. Moreover, the economic and sustainability discussion highlights that although 
initial investments in imaging and computation are required, automated inspection significantly lowers labor and 
testing costs, minimizes material waste, and enhances long-term sustainability by extending structural lifespan 
and reducing carbon-intensive maintenance. Furthermore, the review identifies critical challenges and future 
research directions in CV-based concrete properties assessment. The application of CV in concrete properties 
analysis faces challenges such as data variability, limited standardized datasets, and the complexity of overlap-
ping features. These issues can be addressed by the integration of multi-modal imaging, synthetic data generation, 
and enhanced feature detection frameworks. The incorporation of real-time analytics through IoT and smart infra-
structure can present a promising direction for autonomous and comprehensive SHM. Future research should 
prioritize the development of robust, scalable models capable of handling diverse environmental conditions and 
mix designs. The applicability and reliability of these techniques in real-world scenarios can be enhanced by 
leveraging video data, exploring hybrid DL architectures and integrating CV with traditional non-destructive 
testing methods. This review underscores the pivotal role of CV in modernizing concrete forensic analysis and 
provides valuable insights for researchers and practitioners to advance the field of concrete properties prediction.
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