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Abstract. Segmenting aggregates in sedimentation images is crucial for assessing particle
distribution and stability characteristics. This study presents a deep learning-based approach
for concrete aggregate segmentation to overcome the challenges of traditional evaluation meth-
ods. A comprehensive dataset of concrete images with varying mix designs and W/C ratios
was curated. The dataset includes images from both the surfaces of cut concrete cylinders and
broken concrete cylinders subjected to mechanical testing. The DeepLabV3+ architecture, in-
tegrated with multiple DCNN backbones, is employed to accurately extract aggregate regions.
EfficientNet-B5 achieved the highest segmentation accuracy with mIoU and F1 scores of 0.92
and 0.96, respectively. The estimated aggregate proportions from segmented images closely
aligned with theoretical mix design values. The ability of the proposed method to analyze ag-
gregates from concrete fragments enhances its applicability in forensic investigations, enabling
rapid, non-destructive assessment without requiring specialized sample preparation.
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1 INTRODUCTION

The properties of concrete are significantly influenced by the shape, size, proportion and
spatial arrangement of coarse aggregates within the cement matrix. Petrographic analysis, as
outlined in ASTM C856, is a widely recognized method for evaluating various characteristics
of concrete, including composition and distribution of aggregates, W/C ratio, and air voids [1].
Traditionally, this analysis has been performed manually by experts who examine cross-sections
of hardened concrete to assess aggregate distribution and overall stability [2]. Aggregate sizes
are typically measured using mechanical sieving or manual calipers. However, these conven-
tional approaches are susceptible to human error, subjectivity, and inefficiencies due to their
labor-intensive nature. To address these limitations, researchers have explored imaging tech-
niques such as scanning electron microscopy (SEM), optical microscopy, and various image
processing (IP) methods for analyzing concrete microstructures and predicting mechanical per-
formance [3, 4]. While these methods offer detailed insights, they require advanced equipment
and specialized expertise, making them less accessible for routine analysis.

Although extensive research has been conducted on the segmentation of aggregates in asphalt
mixtures, studies on aggregate segmentation in concrete are still in their early phases. The
primary challenge stems from the similar color appearance of aggregates and cement paste.
Traditional methods use phenolphthalein dye to enhance contrast, simplifying segmentation.
However, few studies [5, 6] have applied deep learning (DL) for gray or colored aggregate
segmentation, and those that have relied on high-resolution microscopy images. These images
capture fine boundary details and intensity variations, aiding segmentation. Yet, the requirement
for specialized equipment limits their practical use in routine concrete quality control. With
advancements in imaging, affordable 4K and 8K sensors are now available and are being used
to measure the mechanical performance of concrete [7], but their effectiveness in capturing
aggregate details for concrete analysis remains unexplored. Moreover, previous research has
primarily focused on aggregate segmentation in cut concrete sections, requiring precise sample
preparation. In forensic analysis, after catastrophic events, such as earthquakes or structural
failures, the assessment of aggregate proportions from images of concrete fragment surfaces
needs to be explored.

This study introduces a novel approach by assuming concrete fragments for aggregate seg-
mentation, enabling the estimation of aggregate proportions in forensic analysis without the
need for specialized sample preparation. To achieve this, an image processing-inspired tech-
nique is developed for evaluating aggregate proportions in cut and broken concrete samples. A
deep learning approach for segmenting concrete aggregates is designed, implemented, and vali-
dated using the DeepLabV3+ [8] semantic segmentation framework. Various encoder architec-
tures, including InceptionResNetV2 [9], Xception [10], ResNet101 [11], and EfficientNetB-5
[12], are trained as backbone models in DeepLabV3+. A self-compiled dataset, specifically cu-
rated for concrete aggregate segmentation, is used to train these models. To facilitate practical
field application, image acquisition is carried out using a DSLR camera. Following segmenta-
tion, the extracted proportion of coarse aggregate particles is quantified.

2 LITERATURE REVIEW

Image processing techniques have been widely used in various studies to segment concrete
aggregates in images, enabling the analysis of their distribution. In the study by [13], OTSU
thresholding [14] was utilized to access the characteristics and distribution of coarse aggregate
after segmentation. To enhance aggregate recognition in microscopic and low-contrast SEM
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images, [15] employed K-means clustering along with the level set method (LSM), where LSM
demonstrated superior performance in aggregate identification. Meanwhile, the real-time com-
position of recycled aggregates was evaluated in [16] using the watershed algorithm to separate
aggregate particles and the background. In [17], a segmentation technique based on standard
deviation was implemented to process X-ray computed tomography (XRCT images) and dis-
tinguish aggregates from cement paste. Similarly, [18] applied a comparable method using
borehole camera technology to determine the characteristics of coarse aggregates. Color-based
thresholding was used in [19] for coarse aggregate segmentation to analyze the distribution of
aggregate sizes in color-treated hardened concrete samples. In [20], contrast enhancement and
morphological processing were applied to CT-scanned slice images to extract coarse aggregates,
facilitating the reconstruction of a mesoscale concrete model.

These studies primarily relied on traditional IP approaches [21], including K-means cluster-
ing, thresholding, edge detection, and morphological operations for segmentation and analysis
of aggregates. However, these conventional methods present several challenges. Edge detec-
tion is sensitive to noise and grayscale discontinuities, leading to weak anti-interference prop-
erties and incomplete boundary extraction. Thresholding and K-means clustering depend on
predefined threshold values which results in inconsistent segmentation outcomes. Morpholog-
ical operations like dilation and erosion can cause shape distortions. Moreover, factors such
as heterogeneous backgrounds, shadows, and image noise further hinder the accuracy of these
segmentation techniques.

With advancements in computational power, DL-based techniques have significantly im-
proved IP tasks, particularly in segmentation [22–24]. In the study by [25] , DL was success-
fully applied in petrographic analysis of concrete, where a deep convolutional neural network
(DCNN) was trained on high-resolution scans of various concrete mixtures to segment paste,
aggregates, and voids. A study in [5] introduced a segmentation method for concrete aggre-
gates, utilizing an encoder-decoder framework with a modified ResNeXt50 network for feature
extraction. Similarly, [26] employed a U-Net model to segment SEM images, facilitating the
evaluation of concrete microstructures. Instance-based segmentation for petrographic concrete
slice analysis was utilized in [6], where Mask R-CNN model was trained to detect aggregates
and air voids in microscopic images. Aggregate segmentation in stockpile images was achieved
through an object detection framework, as demonstrated in [27]. Moreover, a semi-supervised
segmentation technique incorporating prior knowledge via class distribution and auto-encoder
constraints was proposed in [28], enhancing segmentation accuracy. Further advancements in-
clude the cascaded DL model developed in [29], which utilized stereo vision for automatically
identifying and analyzing coarse aggregate particles, enabling accurate classification and size
measurement. In [30] a CNN-based DeepLabV3+ model with various backbones (e.g., Mo-
bileNet, Xception, EfficientNetV2-S) was used for segmentation of coarse aggregates. Among
these, the EfficientNetV2-S variant achieved the best performance with the highest mIoU value.
Moreover, [31] implemented a DCNN-based approach to segment stacked coarse aggregate
images, effectively differentiating aggregates based on material composition, size, and mixing
proportions.

3 OVERVIEW OF THE METHODOLOGY

The methodology begins with curating the image dataset of concrete specimens, followed
by the development of a semantic segmentation-based DCNN model to extract aggregates from
the images. After segmentation, IP techniques are applied to determine aggregate proportions.
This section outlines the details of the curated image dataset and the developed architectures of
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DCNN segmentation models.

3.1 Curation of Dataset

Two sets of concrete samples were prepared using five mix ratios (1:4:8, 1:3:6, 1:2:4, 1:1.5:3,
and 1:1:2) with gray aggregates. The reason for using gray aggregates, resembling cement paste
is to aid generalization in segmentation. Further, aggregates with gray color are widely used in
South Asia due to their availability and compatibility. Figure 1 illustrates the overall setup of
dataset curation. Each mix was prepared with three different W/C ratios (0.6, 0.5, and 0.4),
following ACI 318 [32] and ASTM C 94 [33], resulting in 15 unique mix designs. Table 1
presents an overview of the mix designs for concrete cylinders casting. One set of cylinders
with a height of 300 mm and diameter of 152 mm were sliced into three sections at 1/3rd and
2/3rd heights using a stone saw, resulting in the creation of six faces. The outer faces of the first
and third slices contained minimal aggregate and were excluded, leaving four usable faces for
imaging. The second set of cylinders were subjected to mechanical failure in order to obtain
broken concrete fragments.

Images of the cut concrete and concrete fragment specimens were captured in a controlled
setup using a Canon EOS 4000D (18 MP, ISO 1000) camera. Black sheets blocked external
light, while two 30 W LED bulbs provided uniform 2000 lux illumination. The camera, fixed
at 550 mm from the sample, captured 60 high-resolution images (5184×3456 pixels) for cut
specimens and fragments, respectively.
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Figure 1: Curation of dataset, from cylinder casting to image labeling.

The background was removed by cropping the central portion of each image to a size of
2048×2048 pixels. Aggregates and background were manually labeled in MATLAB Image
Labeler, using a graphics tablet. Each 2048×2048 image was segmented into 16 patches (512
× 512 pixels), yielding 1,920 images. The sample concrete and labeled aggregates images can
be observed in Figure 1, where white pixels denote aggregates.
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S.No. Mix Ratios
Proportions in kg/m³

Cement Fine Aggregate Coarse Aggregate Water Content
1 1:4:8 177.09 746.01 1544.04 70.84
2 1:4:8 177.09 746.01 1544.04 88.55
3 1:4:8 177.09 746.01 1544.04 106.25
4 1:3:6 230.22 727.36 1505.44 92.09
5 1:3:6 230.22 727.36 1505.44 115.11
6 1:3:6 230.22 727.36 1505.44 138.13
7 1:2:4 328.89 692.72 1433.75 131.56
8 1:2:4 328.89 692.72 1433.75 164.45
9 1:2:4 328.89 692.72 1433.75 197.33
10 1:1.5:3 418.59 661.23 1368.58 167.44
11 1:1.5:3 418.59 661.23 1368.58 209.30
12 1:1.5:3 418.59 661.23 1368.58 251.15
13 1:1:2 575.56 606.13 1254.53 230.22
14 1:1:2 575.56 606.13 1254.53 287.78
15 1:1:2 575.56 606.13 1254.53 345.34

Table 1: Overview of mix designs for sample casting.

3.2 Segmentation Architectures

Advancements in deep convolutional neural networks (DCNNs) have significantly improved
image segmentation tasks. Modern segmentation models often employ encoder-decoder archi-
tectures, as seen in fully convolutional networks (FCN) [34], U-Net [35], SegNet [36], and
DeepLab [8]. The encoder extracts image features, while the decoder generates segmentation
masks. Selecting an appropriate architecture is crucial for accurate concrete aggregate seg-
mentation. This study implements a customized DeepLabV3+ architecture to address the task.
DeepLabV3+ consists of three primary components: an encoder, an atrous spatial pyramid
pooling (ASPP) module, and a decoder. The architecture of the DeepLabV3+ model is shown
in Figure 2. The DCNN-based encoder extracts hierarchical features from input images. It pro-
gressively reduces spatial resolution while capturing high-level features. To enhance segmen-
tation accuracy, additional convolution techniques such as dilated convolutions and depthwise
separable convolutions improve computational efficiency.

The ASPP module aggregates multi-scale features by applying parallel atrous convolutions
with different dilation rates. This technique expands the receptive field without increasing com-
putational complexity, allowing the model to accurately segment objects of varying sizes. A
global average pooling operation further enhances contextual information.

The decoder refines the segmentation mask by combining low-level spatial details with high-
level semantic features. The encoder output is upsampled and merged with early feature maps
via skip connections, preserving spatial accuracy. Bilinear interpolation is applied during up-
sampling, reducing computational cost without performance loss. A final convolution operation
generates the mask image, distinguishing regions of aggregate and non-aggregate.
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Figure 2: Architecture of DeepLabV3+.

4 EXPERIMENTS AND RESULTS

4.1 Model Training

To ensure robust model evaluation and avoid data leakage, the dataset of concrete images
and its corresponding ground truth images was partitioned randomly into three non-overlapping
subsets. 50% of the images were used for training, while 25% were used for validation and the
remaining 25% for testing. The segmentation models were built using PyTorch and trained on
NVIDIA RTX 3060 GPU. Optimization leveraged the Adam algorithm with a CosineAnneal-
ingLR learning rate scheduler, initialized at 2× 10−4. Since our dataset was distinct, the model
backbones, initially pre-trained using the PASCAL VOC dataset [37], were fully fine-tuned
over 20 epochs using the Dice loss function for optimization and a batch size of 32. Training
iterations involved epoch-wise data shuffling, with checkpointing based on validation accuracy
and loss metrics.

Common data augmentations were employed to enhance the model’s robustness. These oper-
ations included horizontal and vertical flips with a 40% chance, random translations within ±20
pixels, the addition of Gaussian noise (mean = 0, standard deviation = 0.01), and brightness ad-
justments. Such modifications contributed to improved generalization by simulating real-world
variations.
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4.2 Segmentation Performance Evaluation

Performance was evaluated using Intersection over Union (IoU), precision, recall, and F1-
score:

IoU =
TP

TP + FN + FP
(1)

Precision (P ) =
TP

TP + FP
(2)

Recall (R) =
TP

TP + FN
(3)

F1− Score = 2×
(
P ×R

P +R

)
(4)

where TP denotes correctly segmented aggregate pixels, FP are misclassified non-aggregate
pixels, and FN are missed pixels of aggregates.

4.3 Segmentation Results

The performance of DeepLabV3+ segmentation is strongly influenced by the selected DCNN
encoder. We trained the model using four different encoders, ResNet101 [11], InceptionRes-
NetV2 [9], Xception [10], and EfficientNet-B5[12]. These encoders differ in complexity and
layer structure as shown in Table 2. While deeper networks extract richer features, they may
also suffer from overfitting. Thus, we evaluated multiple backbones to determine the optimal
architecture for segmentation of aggregates in concrete.

DCNN Model Layers Trainable Parameters FLOPs (B) Inference Time (ms)
InceptionResNetV2 572 59.44 B 55.86 M 41.9
Xception 126 8.07 B 22.87 M 4.8
ResNet101 101 7.80 B 44.6 M 3.9
EfficientNet-B5 342 8.8 B 22 M 10.3

Table 2: Specifications of various DCNN models.

Table 3 shows the performance of DeepLabV3+ with different backbones, evaluated using
mIoU, precision, recall, and F1-score. EfficientNet-B5 achieved the highest mIoU of 0.92 and
F1-score of 0.96, demonstrating superior segmentation performance. The InceptionResNetV2
achieved the lowest values for the performance metrics. In Figure 3, ground truth and out-
put mask images generated by InceptionResNetV2 and EfficientNet-B5 are presented. False
negatives appear in green color, while false positives are depicted in pink color. The Incep-
tionResNetV2 struggled with segmentation as evident in higher false positives. In contrast,
EfficientNet-B5, developed using Neural Architecture Search (NAS) [38], delivered optimal
computational efficiency alongside segmentation precision. NAS enables the automatic dis-
covery of optimal network architectures, allowing EfficientNet models to balance accuracy and
computational cost more effectively than manually designed networks.
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Backbone DCNN mIoU Precision Recall F1-Score
InceptionResnetV2 0.83 0.93 0.89 0.95
ResNet101 0.90 0.94 0.93 0.95
Xception 0.88 0.93 0.91 0.96
EfficientNet-B5 0.92 0.95 0.94 0.96

Table 3: Performance metrics of aggregate segmentation with different DCNN encoders.

4.4 Aggregate Proportion

The ratio of coarse aggregates in concrete is crucial for concrete’s rheology, strength, stabil-
ity, and durability. The mask output images generated by the trained DeepLabV3+ architecture
are used for analysis of aggregate proportion in concrete. Cavalieri’s principle [39] indicates
that the proportion of area of any object observed in 2D images approximates the volume per-
centage in 3D. Previous studies validate the use of 2D imaging for capturing 3D aggregate
characteristics [13, 40, 41]. Thus, our analysis assumes that 2D coarse aggregate properties
represent their 3D counterparts.

Figure 3: Output Mask generated by DCNN models.

Aggregate area percentage was quantified through pixel-wise analysis of the segmented bi-
nary masks, where foreground pixels (representing aggregates) were counted and normalized
against the total image pixels. This computational approach aligns with stereological princi-
ples, translating planar measurements into volumetric approximations. To validate the accuracy
of the DeepLabV3+ segmentation pipeline, the derived aggregate area percentages were sys-
tematically compared with theoretical values calculated from concrete mix design ratios, which
define the expected volumetric proportions of constituents. The results in Table 4 show that the
aggregate proportion predicted by the IP-based method for cut concrete samples closely aligns
with the theoretical mix design values. However, in fragmented concrete samples, the estimated
aggregate proportion is lower, especially in low-strength concrete. This deviation occurs due
to the dislodgement of some aggregates, leading to a reduced count in the segmented images.
Additionally, in low-strength concrete, failure primarily occurs in the cement paste rather than
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the aggregates, meaning the aggregates remain intact and are not broken. Many of these in-
tact aggregates remain surrounded by cement paste, making them difficult to distinguish and
label, which resulted in underestimation of aggregate proportion. In high-strength concrete mix
ratios, the results are relatively more accurate, as the stronger cement matrix ensures better co-
hesion, reducing aggregate displacement and allowing the broken surface to reveal aggregate
information for a more precise estimation of aggregate proportion.

Mix Ratio Aggregate Proportion at Mixing Time
IP-based Aggregate Proportion

Cut Concrete Fragments Concrete
1:4:8 0.615 0.593 0.475
1:3:6 0.600 0.587 0.541
1:2:4 0.571 0.552 0.518

1:1.5:3 0.545 0.538 0.506
1:1:2 0.500 0.512 0.487

Table 4: Comparison of proportion of coarse aggregates.

5 CONCLUSION

This study proposed a deep learning-based methodology for the segmentation and analysis of
coarse aggregates in concrete, tailored for both laboratory-prepared specimens and post-failure
fragment samples. A curated dataset encompassing varying mix designs and different w/c ratios
enabled robust training and testing of the DeepLabV3+ segmentation model. The EfficientNet-
B5 backbone outperformed other architectures, achieving high mIoU and F1-scores. The model
also performed well on fragment concrete surfaces with cracks, spalling, and shadows, demon-
strating its applicability in forensic investigations. The aggregate proportions of cut concrete
specimens, estimated from segmented images, closely aligned with theoretical proportions de-
rived from the actual mix ratios, showing only minor discrepancies. This consistency confirms
that 2D measurements from digital images reasonably approximate volumetric ratios in con-
crete, in most cases. However, in low-strength concrete fragments, the aggregate proportion
values deviated due to the dislodgement of some aggregates from the surface, leading to de-
pressions and uncounted aggregates in the image segmentation process.

Future research should expand the dataset, considering variations in aggregate colors, sur-
face finishes, and environmental lighting conditions, to enhance model generalization. Fur-
thermore, statistical validation, particularly through an Analysis of Variance (ANOVA) test, is
recommended to assess the consistency and statistical significance of the aggregate proportion
measurements.

The proposed method’s ability to estimate aggregate proportions from fractured concrete
surfaces eliminates the need for specialized sample preparation, making it highly valuable for
post-earthquake assessments, forensic investigations, and structural failure analysis. Overall,
the findings highlight the potential of deep learning-based image analysis as a practical tool for
rapid, non-destructive evaluation of concrete structures.
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