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A B S T R A C T   

Recycled aggregates, obtained from construction and demolition waste (C&DW), are currently underutilized in 
the production of new concrete given the incidence of widespread leftover cement paste adhering to the surface. 
C&DW sorting facilities based on optical technology can be developed and applied on an industrial scale, 
improving the overall quality of this secondary raw material. In this study, we present a novel approach based on 
image analysis and mineralogical laboratory methods to determine the residual attached mortar volume. 
Through clustering analysis, we classify C&DW samples with a comparable cement content determined by the 
image analysis. The leftover cement paste from these C&DW classes is mechanically extracted and examined 
using X-ray Powder Diffraction and Rietveld refinement. To estimate the attached mortar volume and the 
carbonation of the cement paste, we present a novel mathematical model based on the mineralogical data. To 
overcome the bottleneck associate with the image analysis, we further incorporate a deep learning model to 
automate the determination of the mortar volume, which enables high-throughput screening of C&DW in real 
production.   

1. Introduction 

One of the most important steps toward achieving the circular 
economy in the construction industry is recycling and reusing con
struction and demolition waste (C&DW) in the production of new con
crete and new building materials. Recent literature identified at least 
two different types of recycled aggregates (RAs) which can be recovered 
from C&DW (Silva et al., 2014): (1) Mixed Recycled Aggregates, and (2) 
Recycled Concrete Aggregates. The latter is directly derived from the 
comminution of C&DW containing more than 90% of concrete. It is 
commonly acknowledged that RAs made from C&DW crushed concrete 
have the potential to substitute natural aggregates (NA) in construction 
projects (Fan et al., 2016; Wang et al., 2021a). This latter, compared to 
NA, can be often distinguished by the presence of residual cement paste 
bound to their surface. Due to its chemical composition, the attached 
mortar interacts with cementitious binders, forming a thin layer known 
as the interfacial transition zone in the area of surface contact. As a 
result of this effect, integrating RAs instead of NA often leads to inferior 
mechanical performances and reduced workability in the new concrete, 
depending on the amount of AM (Bai et al., 2020; H. Zhang et al., 2022). 

The addition of fibers (fiber-reinforced recycled aggregate concrete) 
represents a viable solution to inhibit the coalescence of the weak areas 
of the interface transition zone, at the same time their use is not always 
suitable in every engineering application due to costs and operating 
conditions ( Wang et al., 2022a; Wang et al., 2022b). 

Besides the pure content of residual cement paste attached to the 
C&DW aggregate, the bulk assemblage and composition of the residual 
cement itself has direct impact to define the correct and most efficient 
managing strategy to reuse RAs facing the AM impact. The composition 
of the attached mortar can be very diverse due to various aging, envi
ronmental circumstances during disposal, and the initial composition of 
the cement used. Mostly, the carbonation level of the residual paste 
attached has a significant impact on varying the mineralogical major 
phases (Georget et al., 2020; Shen et al., 2022). Therefore, the degree of 
carbonation of the layer itself also affects, together with the amount of 
AM, the possibility of reusing RAs in new cement paste (Lu et al., 2019; 
R. Wang et al., 2020). 

Because of the variability of the C&DW properties, these secondary 
raw-materials are currently underutilized in the manufacturing of new 
concrete, whilst they are mostly used for esplanades or as sub-bases and 
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bases of pavements/roads and highways. This can be labeled as down
cycling and greatly hinders the industry’s potential to transition to a 
circular economy since the net expansion of the road infrastructure is 
reducing and may eventually come to an end (C. Zhang et al., 2020). 

In the present scenario, C&DW concrete recycling relies mostly on 
industrial crushing and sieving techniques, often using jaw crushers and 
impact crushers in order to produce an unsorted granular product with 
the necessary size fractions (Ulsen et al., 2019). Mixed C&DW streams 
will have to be separated and extensively cleaned up before comminu
tion, in order to gain enough quality to reuse the different fractions. 
After conducing primary, and occasionally secondary crushing, an 
electromagnet is usually employed to remove any metallic components 
(such as rebars). Nevertheless, coarse RAs, obtained from recycled 
concrete, are often discharged because they still have residual cement 
paste clinging to the surface, despite being successfully sorted within 
C&DW. A step forward in sorting strategies, has just recently been 
outlined and discussed for the fine C&DW materials (<4 mm) based on 
mechanical system for extracting the RAs separating the cement-based 
fractions (Gebremariam et al., 2020). 

The development of advanced separation process for C&DW can 
improve the quality of this secondary raw material, reducing the overall 
heterogeneity, and enhancing the effectiveness of the reuse of these 
products in substitution to natural aggregates counterparts in concrete 
production. Optical sorting is one of the most advanced key technology 
for the coarse C&DW fractions (≥4 mm), even if still not extensively 
adopted world-wide in C&DW treatment plants (J. Li et al., 2022; 
Nežerka et al., 2024; Serranti et al., 2023). Therefore, to meet the effi
cient sorting of C&DW in industrial plants, advanced sorting-machine 
can be used for screening high-quality RAs, based on AM content, 
using RGB optical sensors and hyper-spectral imaging cameras (Bonifazi 
et al., 2018; Trotta et al., 2021). In order to increase performance, this 
strategy also needs a significant contribution from machine learning, 
specifically deep neural networks (DNN), which classify the acquired 
data (RGB or hyper-spectral) in agreement with the material composi
tion (Lau Hiu Hoong et al., 2020). 

The separation and further quantification of AM appears then as 
mandatory processes to assess the quality of RAs, and different methods 
have been proposed (mechanical, thermal, thermal–mechanical, chem
ical, microwave, ultra-sound) as summarized in (Braymand et al., 2017; 
Tam et al., 2021). In spite of those methods, an internationally stan
dardized procedure has not been established yet. 

The quantification of AM based on image analysis methods (IAM) 
using digital cameras has been one of the early achievements in RAs 
scientific researches (Abbas et al., 2009; Ulsen et al., 2022; Wang et al., 
2021b). However, a bottleneck of the conventional IAM lies in the fact 
that this approach can be very sensitive to noise artifacts and blurring 
(Singh, 2015). In addition, segmenting the attached mortar in the image 
often requires constant human judgments (e.g., for readjusting the color 
threshold even when there is a slight change in the aggregate type or 
light conditions). Hence, despite the advances of conventional image 
analysis in recognizing the residue mortar, it is challenging to use this 
approach to overcome the above limitations for fulfilling high- 
throughput screening of recycled aggregates in real engineering 
projects. 

Alternatively, recent advances in artificial intelligence (AI) and 
computer vision open up new opportunities to rely on a computer to 
accomplish vision-based tasks such as object recognition or image 
perception (Pan & Zhang, 2021; Szeliski, 2022). This approach has been 
demonstrated to be successful in multiple fields in civil engineering (Xu 
et al., 2021) including phase analysis for concrete materials (Das et al., 
2022; Song et al., 2020). The rationale behind this approach is that AI is 
good at capturing the correlation between the input data and the pre
dicted target, including the explicit information that is utilized by the 
image analysis (e.g., color contrast) but also some implicit clues that 
may not be easily captured (e.g., material texture). To the best of our 
knowledge, however, the potential of AI has not been investigated for 

improving the detection of the residue mortar in recycled aggregates. 
To overcome the challenges associated with conventional image 

analysis, we leverage AI and computer vision techniques to enable a 
direct and robust inference of the residual mortar attached to the 
aggregate. To this end, a deep learning model is developed to leverage 
the advances of convolutional neural network (CNN) in recognition of 
the different phases in the aggregate image. In particular, our model is 
trained to predict the mass fraction of the AM on the recycled aggregate 
particles. 

In addition to determining the AM content, a quick, accurate, and 
repeatable method is provided to determine the RA’s degree of 
carbonation in order to categorize the C&DW and stimulate the final 
reuse. There are several methods for quickly evaluating the carbonation 
of concrete, but RAs specimens are unable to be utilized within the same 
measurements. To obtain accurate information on the carbonation front, 
laboratory tests are typically conducted (Georget et al., 2020; Tang 
et al., 2023) and usually combine scanning electron microscopy (SEM), 
X-ray diffraction (XRD), and thermogravimetric analysis (TGA). Even 
though they are highly accurate, these approaches are not appropriate 
for a quick evaluation of the carbonation degree. 

A novel mathematical model based on the outcomes of X-ray powder 
diffraction analysis is introduced for the first time in in order to cate
gorize the RAs based on a bulk volume materials reconstruction. As 
parameters to the equation, we propose quantitative phase analysis 
outcome, which is based on Rietveld modeling of diffraction patterns 
together with tabular mineral phase density data. 

Such a method has the potential to be industrially applied to quality 
control, as it has already been proposed in the mining industry to esti
mate the main parameters of minerals grade ore deposits as a faster and 
cheaper alternative to traditional wet chemistry methods, ensuring 
reproducibility and accuracy of prediction even when the ore feeding 
the plant is changed. (Melo et al., 2020; Mulder et al., 2013). The 
Rietveld approach is already well-established in the field of cement 
research for developing prediction models of newly-formed mineral 
assemblages in the kiln and in the hydration process. (Abzaev et al., 
2019; Mulder et al., 2013). The contribution in the field of C&DW is 
presented here for the first time. 

The identified hydrated minerals and anhydrous cement compo
nents, after only using XRPD, give a detailed in-deep description of the 
C&DW and a direct evaluation of the carbonation level of the connected 
cement paste. The output consists of a 3D volume reconstruction of the 
associated AM and on a direct assessment of the degree of carbonation of 
the layer resulting from the bulk microscopic crystalline mineralogical 
assemblage. 

The output of the research represents an innovative approach to 
determining the most effective strategies for the reuse of concrete-based 
C&DW based on the estimation of AM content and carbonation degree of 
the connected residual cement paste. 

2. Materials and methods 

2.1. Materials 

The C&DW acquired from a precasting facility in Perugia (Umbria 
District, Italy) was jaw-crushed on an industrial scale to produce the RAs 
under analysis. The crusher’s parameters were defined to produce ag
gregates with a diameter between 0 and 25 mm. For this reason, the jaw 
spacing was fixed at 22 mm for the jaw crusher, accordingly to a pre
vious work (Hubert et al., 2023). The beginning C&DW comprises more 
than 90% structural concrete (>40 MPa), resulting in a product that may 
be categorized as recycled concrete aggregates. (Silva et al., 2014). The 
collection of material samples followed the guidelines in standard UNE- 
EN 932–1, 1997. The RAs are homogenized and decreased in the lab 
using a quartering process according to UNE-EN 932–2, 1999. Following 
screening, an average of 70% of the material produced by industrial jaw- 
crushing of C&DW is formed of the coarse fraction of RAs (≥4 mm), 
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which is also the granulometric diameter with the greatest potential for 
recycling. (Pedro et al., 2017). This latter coarse RCA fraction is the 
selected portion of starting material which undergoes the following 
investigations. 

2.2. Methods 

2.2.1. Preliminary image analysis assessment of attached mortar 
Using a ZEISS stereomicroscope (SteREO Discovery V12) with an 

Axiocam 208 color camera mounting a fixed light source (CL 6000 LED) 
and a magnification of x10, digital images for more than 300 unique 
coarse RAs are acquired, being the most far-magnification feasible also 
by using high-resolution RGB camera. Following a first visual evaluation 
of the database, the population exhibits several forms of RAs (Fig. 1) 
within clean aggregates, intermediate mortar-covered aggregates, and 
full mortar-based aggregates. 

The RAs samples images collected are subjected to IAM using ImageJ 
Software (Schneider et al., 2012) following the method proposed by 
Wang et al., 2021b. Each sample’s image was analyzed to yield an 
estimation of the surface covered (SC %) from the attached mortar (for 
the entire collection of RAs images see Supplementary Materials). The 
initial stage of processing involves converting the RGB images to 8-bit 
grayscale, where each pixel is encoded using a grey scale from 0 to 
255 (256 values), where 0 is black and 255 is white. ImageJ software 
allows to easily perform the 8-bit greyscale transformation of the 
starting database and also to define the correct scaling of the pixel/size 
ratio which has been fixed at 0.4 mm/pixel for the present application, 
same used in the cited work. The grayscale values, after Wang et al., 
2021b, can be divided into three intervals, namely, 0–50, 50–175, and 
175–255, respectively, corresponding to the pixel values of background, 
aggregates, and adhered mortar (Fig. 2). 

The process of IAM can be divided into three steps: (I) image seg
mentation transformation, (II) filtering and denoising, and (III) bound
ary treatment. Segmentation is then conducted with a first cutoff 
threshold of 160, resulting in the individual RAs total area without the 
background. Furthermore, a consequent cutoff of 210 is applied to 
achieve a segmentation of the surface covered by AM. It is, afterwards, 
necessary to filter and denoise the greyscale image to remove impurity 
information in each region related to aggregate and adhered mortar 
after the segmental transformation of the grayscale image. Non-linear 
and component filters, such as median and opening filtering were 
used to deal with the grayscale image of RAs (Fig. 3). For an extended 
discussion of boundary treatment procedure and accuracy and precision 
of the used IAM see Wang et al., 2021b. 

The quantitative information concerning 2D area is derived from 
pixel counting following the threshold of the 8-bit greyscale pictures. 
ImageJ’s inbuilt tool “Analyze Particles” was used to carry out the 
measurements. Only regions larger than 1 mm2 are tallied, and the 
minimum Area Size identified (pixel2) is fixed at 50. Total Area (mm2) is 
connected to the background’s segmented surface, producing a figure 
for the bidimensional total area for each RAs. Instead, the value of Area 
Covered (mm2) results from the pixel count coming from the latter 

segmentation at 210, which is tied to the associated mortar. The 
parameter of Surface Covered percentage (SC %) is then calculated using 
(1): 

SC % =
Area Covered (mm2)

Total Area (mm2)
*100 (1)  

2.2.2. Gaussian mixture model clustering of samples 
Exploratory clustering analysis is used to determine the presence of 

subgroups of samples within the results obtained after the IAM (Section 
2.2.1). The outputs of the IAM’s Surface Covered Percentage (SC%) 
serves as a distinctive attribute for every single specimen in performing 
the analysis. Consequently, the initial RAs samples are divided into three 
distinct categories based on comparable AM content levels. The method 
of clustering chosen is the Gaussian Mixture Model (GMM), a parametric 
probability density function represented as a weighted sum of Gaussian 
component densities. GMM parameters are estimated with the iterative 
expectation–maximization (EM) algorithm using the Bayesian Infor
mation Criterion (BIC) for model selection (Yang et al., 2012). By 
employing BIC, we first establish K, which represents the total amount of 
Gaussian mixture components (Baudry et al., 2010). As a result, the best 
predicted model is displayed after a series of iterations. To explore the 
database, a starting model with two K components and full covariance is 
defined. In the end, clusters from the entirety of the population are fitted 
by independent Gaussian distributions. 

2.2.3. Separation and quantification of AM by mechanical treatments 
The groups of samples resulting from GMM clustering (Section 2.2.2) 

were individually processed to precisely quantify AM average percent
age in the bulk material within 10 RAs. The experimental method fol
lowed the protocol by Tam et al., 2021, involving mechanical treatments 
like impact and abrasion to remove AM layers from clast surfaces and 
determine the average AM mass ratio (AM wt.%). An autogenous 
cleaning technique was applied by placing RAs samples in a rotating mill 
drum loaded to 33% and revolved at 1400 RPM for 20 min. The AM 
powder detached was then sieved at 5 µm and weighed, referred to as 
AM detached (g). These values, in combination with the total mass of 
RAs before processing, RAs total mass (g), were used to calculate the 
mass fraction wt.% of AM as follows: 

Fig. 1. Image taken with a high-resolution RGB camera of three distinct RAs 
samples., where C means clean aggregate, M stays for mortar covered aggregate 
and D for mortar-based aggregate. 

Fig. 2. Spectrum of 8-bit colored greyscale intensity of three RAs with different 
amount of AM on the surface (here again C stands for clean, M for mortar- 
covered and D for mortar-based aggregates). 
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AM mass ratio (wt.%) =
AM detached (g)

RAs total mass (g)
*100 (2)  

2.2.4. Computer-vision-based prediction of the attached mortar 
To achieve a more accurate and robust analysis, AI is employed to 

replace conventional image analysis for predicting the amount of mortar 
attached to recycled aggregate particles. Herein, a deep learning model 

(convolutional neural network, CNN) is trained to infer the mass fraction 
of the attached mortar, based on the same image of individual aggregate 
particles that is obtained from Sec. 2.2.1. The CNN approach is selected 
because it is well-recognized for visual imagery with its dominant su
periority in accuracy and efficiency among all computer vision methods 
(Szeliski, 2022). Following the common practice, 80% of the images are 
used (i.e., training set) to train the model, while the remaining 20% of 

Fig. 3. Examples for M and D aggregates classes of the different IAM steps conducted: a) Original data (RGB), b) 8-bit transformed data (greyscale), c) Threshold for 
the 210 value, d) Filtering result, e) Pixel counted (Analyze Particle). 

Fig. 4. Illustration of the pipeline for training the AI model. During training, the model is regularized for good generalizability such that it can predict the mass 
fraction of the attached mortar for new aggregate images that are not involved in the model training. 
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images (i.e., test set) are kept hidden for testing the prediction accuracy 
of the trained model. To avoid the bias related to randomness, it is 
adopted a stratified sampling for splitting the training and testing im
ages (Song et al., 2020). 

The pipeline of the AI analysis is illustrated in Fig. 4, and all the 
relevant data processing and modeling work are programmed in Python. 
Prior to the model training, the raw aggregate image is pre-processed to 
mask the non-aggregate region. This step removes irrelevant informa
tion associated with the background, which essentially ensures that the 
model only learns to make predictions based on aggregate-related data. 
Otherwise, the model could fit irrelevant features appearing in the 
background. The background removal is done by filtering the raw image 
based on brightness, using basic functions in the OpenCV package an 
open-source computer vision library (Bradski, 2000). 

The model training is driven by minimizing the mean squared error 
(MSE) loss between the predicted and true mass fractions of the attached 
mortar, with careful consideration of several settings. In order to facil
itate a consistent learning process, a small learning rate of 0.0001 was 
adopted. This choice aimed to ensure gradual updates and prevent 
abrupt changes that may hinder convergence. Additionally, a weight 
decay of 0.0001 is implemented to effectively regulate the model’s 
learning process and prevent overfitting on the training data. To suffi
ciently capture the underlying patterns and optimize the model’s per
formance, the training was conducted over a total of 100 epochs, 
allowing for extensive iteration and refinement. To further improve the 
stability of the model prediction, the model training is repeated five 
times so as to obtain five individual models. Thus, the final prediction 
for a given input is based on the ensembled predictions yielded from the 
five individual models, by taking the average. The model predictions 
presented in the following sections are all based on the ensemble 
prediction. 

A common challenge faced by material studies lies in training ma
chine learning models with a small number of samples (e.g., less than 
tens of thousands of images). This issue also applies to the present study, 
as the limited size of the aggregate image dataset does not allow training 
a deep learning model from scratch. To overcome this issue, special 
attention is paid to addressing this issue. First, the ResNet-18 is adopted 
as the backbone model (He et al., 2015). In comparison to other deep 
learning models that usually have much deeper and more complex 
networks, ResNet-18 is selected because it is relatively simple, and re
quires less data to achieve decent training outcomes. In addition to 
ResNet-18, the model is trained based on the pretrained model param
eters from IMAGENET1k (Russakovsky et al., 2015). This approach, also 
known as transfer learning, is a popular technique in the field of com
puter vision for training deep learning models based on small datasets. 
The idea of transfer learning is that, while the pretrained model pa
rameters are originally optimized for other visual analysis tasks (e.g., 
recognizing different animals), some of them are generic for detecting 
shapes or patterns so that adopting the pretrained model parameters 
allows the new model to learn the task-specific features more effectively 
from the new dataset. To enable the use of the original ResNet-18 model 
for the purposes of this study, the structure is slightly modified. Instead 
of a one-hot output with the original size 1000 associated with 
IMAGENET1k, our model uses three fully connected layers with sizes of 
8, 4, and 1, with Rectified Linear Unit (ReLU) and batch normalization 
layers between each two. This allows our model to output a single value 
that represents the prediction for the mass fraction of the attached 
mortar. Given the small learning rate adopted for model training 
(0.0001), the transferred model is not frozen during retraining. 
Furthermore, during model training, the training images are augmented 
with image jittering (e.g., random rotation, flipping, etc.). Doing so al
lows an improved data variation, which contributes to enhancing the 
model robustness with a fixed number of training images. Readers 
seeking additional explanations on CNN, transfer learning, and image 
augmentation are referred to a previous publication (Song et al., 2020). 

2.2.5. X-ray powder diffraction analysis and Rietveld refinement 
The powder of AM obtained from each group resulting from me

chanical detaching (Section 2.2.3) is further analyzed using X-ray 
powder diffraction technique (XRPD). The XRPD patterns are collected 
at room temperature in the 2θ range of 5-90◦ using a Bruker D8 Advance 
Da Vinci diffractometer. Phase identification is carried out with 
DIFFRACT.EVA suite utilizing the Powder Diffraction File (PDF-2) 
database maintained by the International Centre for Diffraction Data 
(ICDD). An accurate quantitative phase analysis (QPA) is performed 
using the Rietveld profile fitting method applied to the X-ray diffraction 
patterns, using the Bruker TOPAS 5.0 software. In order to reduce dis
crepancies between a computed profile and the measured powder 
diffraction profile, the whole-profile Rietveld method employs a least 
squares minimization strategy. The Rietveld technique is developed to 
determine quantitative information of complex mixtures of crystalline 
phases using laboratory X-ray diffractometers. The weight percentages 
(wt. %) of each crystalline phase detected from XRPD are determined 
after performing the aforementioned Rietveld refining. The reader might 
look to a more specialized literature for an expanded discussion of the 
Rietveld refinement procedure. (Aranda et al., 2012; Le Saoût et al., 
2011). 

2.2.6. Rietveld based reconstruction of attached mortar 
Following XRPD, the reconstruction of AM volume and carbonation 

degree for every group of samples is performed from a novel mineral
ogical model introduced. Weight percentages of crystalline minerals 
resulting from Rietveld QPA provide essential “fingerprint” data for the 
average mineral composition across multiple samples, as described in 
Sections 2.2.1 & 2.2.2. The model incorporates the weight percentages 
of identified crystalline phases (Wt(i)), normalized to unity, and uses 
tabulated densities (g/mm3) from literature for silicates, carbonates, and 
synthetic cement product phases (Balonis & Glasser, 2009) as parame
ters in Eq. (3). Each parameter is a weighted mean based on the QPA- 
Rietveld percentages. Subsequently, the ratio of AM mass (g) 
measured after the detachment procedure is introduced to estimate AM 
Volume coverage in mm3, as described in Eq. (5). 

AM Volume
(
mm3) =

AM (g)
( ∑n

i=1Wt(i)*ρtab

)/
N

(3)  

Where AM is the mass of powder obtained from each group, ρtab is the 
tabulated density of mineral (i), Wt is value from 0 to 1 from wt.% of 
mineral (i) from QPA-Rietveld. 

The volume (%) of attached mortar in RAs groups can be obtained by 
combining AM Volume (mm3) data from QPA-Rietveld with IAM results 
(Section 2.2.1). Despite some deviations from the theoretical descrip
tion, the presence of 10 individual RA exemplars in each group corrects 
the overall data, yielding average values for Total Area in mm2 (1) used 
to calculate the sample average radius from (4): 

RA radius =
̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
Total Area (mm2)

4π

√

(4)  

and then a measurement of the volume is easily obtained with (5): 

RA volume =

(
4
3

)

π * (RA radius)3 (5)  

The final volume (%) of attached mortar which covers the RAs surface 
(3DC%) is then obtained as (6): 

3DC % =
AM volume (mm3)

RAs volume (mm3)
*100 (6)  

In conclusion the final database (See Section 3.4 and Supplementary 
Materials) consists for each group of a calculated average total volume of 
the RAs (mm3) resulting from combined IAM and QPA-Rietveld. 
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3. Results and discussion 

3.1. ImageJ analysis and GMM clustering 

Following the IAM method, the starting dataset of 300 RAs is divided 
into three subgroups (for the individual values of SC% see Supplemen
tary Materials), primarily as a result of the GMM clustering procedure 
used (Fig. 5). The quantile–quantile plot (Q-Q plot) in Fig. 6 shows a 
linear trend by dispersing the quantile distribution among the beginning 
data with the predicted mixture distribution reflecting the model’s 
effectiveness in fitting after 10,000 iterations. Following the first IAM 
quantitative analysis, a first batch of 100 individual samples provided 
SC% values of 0. As a result, they were categorized as clean RAs (C-RA) 
and aren’t shown in plots. Following that, the GMM model’s imple
mentation produced a first Normal Distribution that described a popu
lation of unique RAs with a mean value of 47 SC% that were ascribed to 
the M− RA group. The model simultaneously fits a second Normal Dis
tribution with a mean of 67 SC% allowing to classify these data as D-RA. 

Eventually, the initial RAs samples are separated into three groups 
called C-RA, M− RA, and D-RA based on comparable AM content levels. 
In order to group 300 individual RAs-analyzed samples into 30 groups 
with similar SC% values, 10 singular clasts were used (Fig. 7). In total, 
there are ten groups in each of the three major categories (C from 1 to 
10, M from 1 to 10, and D from 1 to 10). The division of the RAs into 
three distinct macro-groups (C, M, and D) is consistent with earlier 
research (Kim, 2022; Liu et al., 2022; Mazhoud et al., 2022) within: 
mortar-free RAs (C-RA) being similar to natural aggregates, mortar- 
covered RAs (M− RA) which only has partial areas of surface AM, and 
mortar-based RAs (D-RA) which is primarily comparable to pure hy
drated cement paste. 

3.2. Detaching AM by mechanical treatment 

Following the mechanical treatment based on rotational milling and 
sieving tests the following values are obtained for the sub-groups 
composed of 10 individual RAs merged from the IAM and GMM clus
tering technique (Table 1 and complete set on Supplementary mate
rials). The powder amount mechanically detached and collected from 
each group represents an accurate measurement of average AM content, 
presented as AM mass ratio (%). The results obtained for the samples 

belonging to the C-RA category mainly confirm the IAM procedure’s 
findings that AM is not present in C-RA groups. In fact, no powder was 
found within the aforementioned specimens following the detaching 
procedure. After the same treatment, the M− RA category displaying an 
intermediate AM content exhibiting an average RAs total mass of 7.11 g 
and of 0.25 g of pure AM, which is equivalent to a mean AM mass ratio of 
3.51 wt%. Finally, for the D-RA category, which according to GMM has 
the greatest AM content, an average total mass of 5.31 g and of 0.54 g of 
pure AM is reported, which is equivalent to a mean percentage of de
tached powder of 10.11 wt%. The average density of the surface layer of 
the AM is 1.8–2.2 g/cm3 due to the high inherent porosity of the dried 
cement paste, whereas the value for the natural mineral pieces of ag
gregates embedded is around 2.8–3.0 g/cm3 (Bai et al., 2020; Xiao et al., 
2006). 

Fig. 5. Gaussian Mixture Model clustering of samples, dark line defines the Normal Distribution for D-RA and light line defines the Normal Distribution for M− RA, 
dotted line stands for the Cumulative Distribution calculated. 

Fig. 6. Q-Q plot of the quantiles from original samples vs the estimated mixture 
distribution. 
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3.3. XRPD powder analysis and QPA-Rietveld 

The XRPD pattern collected involved the subgroup M− RA and D-RA, 
being in total composed of 20 distinct samples of AM powders removed 
after the mechanical treatment among 10 individual RAs within each 
group. The occurence of residual cement minerals and other secondary 
crystalline phases is indentified from peak positions (vaterite, aragonite, 
ettringite, AFm phases, namely the calcium aluminate ferrite hydrates 
both tri- and mono-substituted) which represent the hydration and 
carbonatation products of the cement paste. The occurrence of feldspars 

and quartz likely stands for micro-aggregates powder embedded inside 
the AM. The presence of calcite can be present either as micro-aggregate 
(primary), or more important as a main carbonatation product (sec
ondary) together with vaterite and aragonite. The occurrence of both 
primary and secondary calcite is revealed by the asymmetry of the main 
peak of calcite (at 29.6◦ 2θ) which was modeled using two types of 
calcites with different crystallite sizes: a type-1 calcite with an average 
crystallite size of 80 nm and a type-2 calcite with a value of 25 nm 
(Fig. 8). The formation of bimodal crystallite size of calcite (the sec
ondary with 25 nm), and of the CaCO3 polymorphs (vaterite and 
aragonite), can be due to different cement type used, CO2 partial pres
sure, or the carbonatation of different hydrated products, namely C-S-H, 
ettringite, or AFm (Auroy et al., 2018; Goñi et al., 2002; Y. Li et al., 
2020). The anhydrous cement phases (C3S, C2S, C4AF, C3A) represent 
unreacted crustal of cement paste, which are always found together with 
the hydration product inside the matrix. Following QPA-Rietveld each 
identified mineralogical phase is quantified (wt. %) in every sample 
analyzed (see Supplementary Materials for the complete list). 

Fig. 7. Violin plot distribution of the 30 groups resulting from the GMM divided into C-MA, M− RA and D-RA.  

Table 1 
Results of Mechanical Treatments conducted on M− RA and D-RA.  

Sub-Group 
(from 1 to 
10) 

Average RA 
Tot. mass (g) 

Average AM 
mass (g) 

Average NA 
Weight (g) 

Average AM 
mass ratio (%) 

C-RA  5.63 0  5.63 0 
M− RA  7.11 0.25  6.86 3.51 
D-RA  5.31 0.54  4.77 10.47  

Fig. 8. XRPD pattern of D-RA compared to M− RA and bimodal crystallite site of two types of calcites identified.  
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3.4. QPA-rietveld based model reconstruction of attached mortar and 
carbonation degree 

To generate a mineralogical model and to obtain the volumetric 
crystalline assemblage (mm3) of the studied AM powders, bulk tabulated 
density parameters from mineralogical components discovered using 
XRPD are encompassed (the used values are provided in the Supple
mentary Materials). From the solutions of Eq. (3), AM volumes for 
M− RAs are determined to be around 50 and 125 mm3, whereas AM 
volumes for D-RAs are found between 125 and 300 mm3. Thus, the 
outcomes of Eq. (5)’s image analysis total volume reconstruction 
demonstrate that the mean total RAs volumes for M− RA and D-RA are 
470 mm3 and 418 mm3, respectively. Ultimately, using Eq. (6), it is 
possible to obtain information that falls within a wide range of AM 
volume ratio (3DC%) values, enabling comparison of the extent of AM 
reconstructed from the model with the entire RAs volume calculated for 
each sample under consideration. The comparison of the 3DC% volume 
coverage with the AM mass ratio (wt. %) obtained for the same samples 
after mechanical detaching shows a good linear correlation (R = 0.94), 
and almost all the values are contained inside the standard deviation of 
the dataset (Fig. 9). This investigation demonstrates that the micro
scopical assemblage acquired from XRPD QPA-Rietveld may be utilized 
to rebuild the volume of AM covering the surface of RAs throughout a 
whole range of values (from 9 to 95%). A substantial boundary sepa
ration between the two GMM-generated subgroups is still there after 
charting the findings. A first compact cluster of scatter data related to 
M− RA exhibit an estimated volume coverage ratio ranging from 9% to 
23%, while a second, more scattered group of samples associated to the 
D-RA ranges from 25% to 95%. 

Furthermore, using the same model it was possible to determine and 
quantify the level of carbonation of the AM cement paste. From the QPA- 
Rietveld fitting model of the bimodal crystallite size of calcite (25 nm) 
and the CaCO3 polymorphs (vaterite and aragonite) we obtained 
quantitative information on the wt.% of carbonation products for each 
sample. In Fig. 10, the results of computing the Carbonation volume 
ratio (CARB%) of the AM using the total sum of weights (%) of 

carbonation products after XRPD studies are shown. The values are 
obtained employing again the Eq. (6), based on the mineralogical model 
proposed in Eq. (3). The fraction of AM that is carbonated among the 
two subgroups is essentially uniform, having a mean value throughout 
the whole range of 20.61%. This can be explained by the homogenous 
source of waste stream taken as a sample in the present study. Instead, 
due to various aging, environmental circumstances during disposal, and 
the initial composition of the cement used, the carbonation level of the 
residual paste attached may vary substantially. 

Fig. 9. Relation between calculated AM volume ratio (3DC%) obtained from a QPA-Rietveld based model and the values of AM mass ratio (AM%) from the me
chanical detaching from the surface of RAs. 

Fig. 10. Results of the estimation of the carbonation volume (%) of the 
attached mortar within the samples. 
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3.5. Computer-vision-based prediction of attached mortar 

To enable a high-throughput classification of the recycled aggregate, 
a deep learning model is developed and trained to predict the mass 
fraction of the attached mortar based on the sole input of the photo of 
individual aggregate particles. In the context of our study, it is worth 
noting that, although predicting a 3D-based concept (i.e., mass fraction 
of the attached mortar) from 2D data (i.e., photo of the recycled 
aggregate) may not immediately appear intuitive. However, it is not 
uncommon for latent correlations to underlie the feasibility of such a 2D- 
to-3D mapping. Most likely, the aggregate samples of similar mortar 
attachments tend to exhibit comparable 2D appearances—for instance, 
an aggregate with even, brownish color is more likely to be coated with a 
thick layer of mortar than that showing a mix of different colors. Other 
examples include but are not limited to aggregate size, surface texture, 
and origin. 

The model is trained using 80% of the images collected in this study 
(see Sec. 2.2.1). Upon completion of the model training, the accuracy of 
the model was tested based on the remaining 20% of images. This 
evaluation of the test set images offers insight into the model’s effec
tiveness in predicting the AM of new aggregate samples that were not 
previously included in the model’s training phase. In Fig. 11 is displayed 
the evolution of the model accuracy on both training and test sets over 
the 100 training epochs (i.e., 100 iterations of model training). As a 
common practice, the model accuracy in this plot is indicated by the 
mean squared error (MSE) loss, where lower loss means higher predic
tion accuracy. It can be seen that, as the training proceeds, the model 
loss decreases exponentially and plateaus at around 60 epochs. After 
that, model performance gradually converges to a steady stage where a 
small divergence between training and test sets is observed. This low 
level of overfit is deemed to be acceptable considering the limited size of 
the training dataset. 

As an assessment of the model’s performance after the training, 
Fig. 11 shows its predictions for both the training and test samples. Here, 
the presence of vertical patterns in the plot is attributed to the fact that, 
during the mechanical test (refer to Section 2.2.3), each of the ground 
truth values is obtained as the mass fraction averaged over the 10 
samples of the same set. In terms of the model prediction for the training 
samples, we note that the scatters are distributed tightly along the line of 
equality, indicating that the model can fit the training samples well. At 
different levels of the mortar fraction along the x-axis, the predicted 

values vary within a certain range. In addition to the variation of the 
aggregate appearance, this is also related to the noise in the dataset, for 
example, it is difficult to obtain an ideal focus for the whole aggregate 
particle consistently for each sample under the stereological microscope. 
Nevertheless, with the sole input of the 2D aggregate image, it is 
encouraging that the model can yield fairly accurate predictions for 
most of the training samples, especially given that the prediction target 
depends on the aggregate volume in 3D. 

Regarding the prediction for the test samples, the results indicate 
that the model can still yield reasonably accurate predictions, where the 
root mean square error (RMSE) on the test set samples is merely 2.8%. 
Regarding the model accuracy, Fig. 12 indicates that the model exhibits 

Fig. 11. Evolution of mean squared error (MSE) loss of the model with the increase of training epoch, based on both training and test sets. The model loss here 
indicates the improvement of the model accuracy as a function of the training iterations. 

Fig. 12. Prediction of the mass fraction of the attached mortar for the different 
samples in the recycled aggregate dataset. The blue scatters correspond to the 
80% samples in the training set and the 20% samples in the test set, 
respectively. 
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fairly high accuracy on the samples within the C-RA and M− RA groups, 
as well as most of the samples in the D-RA group up to about 10%. To 
assess the model’s robustness more comprehensively, we present the 
distribution of prediction errors (i.e., predictions minus true values) for 
the test set samples in Fig. 13. The analysis reveals that the distribution 
of the prediction errors is roughly symmetric, with approximately 40% 
of the test samples falling within a deviation of ± 1%. This observation 
indicates no significant bias in the model’s predictions on the test set, 
underscoring the robustness of its predictive capabilities. 

From Fig. 12, it can be also seen that the predicted values are 
somewhat capped at about 10%, indicating that the model does not 
generalize well for aggregates that are heavily coated with the mortar. 
This should be attributed to the fact that there are limited samples with 
very high fractions of the attached mortar within the present dataset. 
Thus, the model is not sufficiently trained to extrapolate beyond the 
aggregates containing more than 10% of the attached mortar. In addi
tion, it is also possible that aggregates appear very similar after reaching 
a certain fraction of attached mortar (such as color tone and surface 
texture). In such a case, it becomes intrinsically challenging to predict 
the samples of very high AM% regardless of processing methods. 

3.6. Empowering the high-throughput screening of recycled aggregates 
with artificial intelligence 

Based on the results presented in Sec. 3.6, we now discuss the po
tential of using our deep learning model to enable the high-throughput 
classification of recycled aggregates. We first note that the trained model 
exhibits fairly accurate predictions on the recycled aggregate dataset 
curated in this study. This is not only observed from the samples used for 
training the model, but also for most of the test set samples that are 
never involved with the model training. To this end, the results pre
sented in Fig. 9 are further analyzed to obtain a confusion matrix to 
reflect the model performance in differentiating the three classes of 
recycled aggregates with different AM amounts—namely, Low: <2%, 
Medium: 2-to-5.1%, and High: >5.1%, as shown in Table 2. Note that, to 
obtain a fair assessment of the model accuracy on predicting samples 
that are not seen during training, all the results presented in Table 2 are 
solely based on the test set samples and intersection over union (IoU) is 

considered as the metric for classification accuracy. 
Considering the noise in the dataset and the intrinsic difficulty in 

inferring the mass fraction of the attached mortar based on 2D images, 
the deep learning model offers a desirable classification accuracy. In 
comparison, the model performs best in detecting the C-RA and D-RA, 
where only 2 out of 20 samples in both of those groups are misclassified. 
Furthermore, no aggregate from the D-RA group is misclassified into the 
C-RA group. In comparison, the model exhibits inferior accuracy in 
recognizing the samples in the M− RA group. With the IoU accuracy 
almost 20% lower than the other two classes, 20% and 15% of the 
M− RA samples are predicted to be C-RA and D-RA, respectively. This 
can be attributed to two reasons. Firstly, the averaged AM% values for 
each set of samples may not accurately capture the variation of attached 
mortar in the individual samples under each set. Secondly, the variation 
in model predictions leads to confusion due to the gradual transition in 
appearance between C-RA, M− RA, and D-RA, which is exacerbated by 
the much smaller band of values occupied by the category. 

Despite the above-mentioned challenges faced by the model pre
diction, we highlight several significant advantages of our proposed 
computer-vision-based model in addressing the critical requirement for 
rapid classification in high throughput screening of recycled aggregates. 

1. By leveraging the deep learning, we are able to provide instanta
neous predictions of the AM% for a given aggregate image. Notably, 
as a regression model, it demonstrates commendable accuracy, 
yielding reliable inferences of the AM mass ratio (%) within a range 
of up to 10%.  

2. Meanwhile, when converting the predicted values into aggregate 
classes, our model exhibits an impressive 90% recall rate in accu
rately predicting the C-RA and D-RA aggregate categories.  

3. An additional strength lies in the fully automatic training process of 
the deep learning model, eliminating the need for manual judgments 
such as determining color thresholds for specific image datasets. 

3.7. Enhancing RAs recycling by deep learning and mineralogical models 

In addition to classifying the waste according to the predicted AM 
fraction using deep learning, another step is done to increase the like
lihood of recycling and reusing C&DW in new construction materials. 
While determining the best strategies to recover C&DW from old con
crete, the AM content is not the only factor to consider.  

1. The mineralogical composition of the AM can vary abundantly, being 
primarily affected by the degree of carbonation of the layer itself due 
to various aging, environmental circumstances during disposal, and 
the initial composition of the cement used. The final result is a va
riety of raw material byproducts with various chemical and physical 
characteristics, depending on the degree of carbonation.  

2. After using the QPA-Rietveld mineralogical model and utilizing the 
methodological technique based on GMM clustering of samples and 
mechanical detachment of AM, the best suited methods to reuse the 
C&DW can be established in customized application. This step could 

Fig. 13. Distribution of the prediction error for the test set samples. Here, the 
deviation of model prediction is defined as the difference in the mass fraction of 
the attached mortar (i.e., prediction – true). 

Table 2 
Confusion matrix of the deep learning model for classifying the recycled 
aggregate samples in the test set (i.e., 20% of the samples at each AM% level), 
along with the intersection over union (IoU) accuracy.  

Confusion 
matrix  

Predicted AM% IoU accuracy 
[%]   

C- 
RA 

M− RA D- 
RA  

True AM% Low (<2.0%) 18 1 1 75  
Medium 
(2.0–5.1%) 

4 13 3 57  

High (>5.1%) 0 2 18 75  
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represent the final stage of a decision-making process in terms of 
choosing a technological and organizational solution in the field of 
concrete waste management (Sobotka & Sagan, 2021). This data 
structure can be combined and integrated with actual project 
workflows, including time, cost, and other supply chain indicators 
that aid in informed decision-making (Sivashanmugam et al., 2023).  

3. If the optimum way to reuse C-RA is always to employ them as brand- 
new aggregates in fresh concrete, suggesting a similar procedure for 
M− RA and D-RA could be not advantageous. The two parameters 
that needs to be taken into account simultaneously are the AM 
content and the carbonation degree of the connected residual cement 
paste (Fig. 14). 

4. The materials classified as M− RA can be categorized as natural ag
gregates with less than 25% volume ratio of cement paste connected 
(Fig. 9), and the reuse as RAs can be determined depending on the 
AM’s degree of carbonation. If the materials present a low- 
carbonation of the AM the best solution is to reuse them as RAs 
after removing mechanically, chemically or thermally the old 
interfacial transition zone layer (Ouyang et al., 2020; R. Wang et al., 
2020). Instead, a positive interaction forms when the components 
are utilized inside fresh cement paste if the AM layer has a high 
carbonation degree (Stefaniuk et al., 2023). The carbonation process 
led to the formation of silica gel which transforms the materials in a 
pozzolanic source, giving to the new cement matrix a recovery of 
latent performances of the available cement phases (Lu et al., 2019; 
R. Wang et al., 2020).  

5. The D-RA class display a volume of AM that is never suitable for use 
as new aggregates in concrete, superior to 25% volume ratio (Fig. 9). 
Once more, if the materials exhibit a modest degree of carbonation, 
they can be used as by-products of raw-mix materials for the clinker 
production since they are a good supply of carbonate and silico 
aluminate to be used in the kiln (De Schepper et al., 2013). Instead, if 
they exhibit a high carbonation level, they once more constitute a 
reliable supply of pozzolanic materials and can be then included as 
supplemental cementitious materials in a mixture with new clinker 
(Moreno-Juez et al., 2021;Stefaniuk et al., 2023). 

4. Conclusions 

The approach based on IAM, machine learning and mineralogical 
laboratory methods to determine the residual attached mortar volume 
and to estimate the carbonation degree led to the following conclusions:  

1. Although the use of IAM to estimate the amount of AM on the surface 
of RAs seems to be a trustworthy way to quantify the AM content, it is 
nevertheless susceptible to inaccuracies from human sources. The 
improvement made from the computer-vision-based model gives less 
uncertainty and higher accuracy in predicting the AM content on 
surface of RAs. 

2. By leveraging the deep learning, we are able to provide instanta
neous qualitative predictions of the AM content for a given aggregate 
image. Notably, as a regression model, it demonstrates commendable 
accuracy, yielding reliable inferences of the AM mass ratio (%) 
within a short range of values. 

3. Our model shows an impressive 90% recall rate in correctly pre
dicting the C-RA materials and D-RA aggregate categories when 
converting the predicted values into aggregate classes. This result 
shows that a portion of high-quality secondary raw materials (C-RA) 
can be extracted from the C&DW unsorted waste stream using an 
optical-based sorting plant that employs artificial intelligence. These 
RAs can be fully reused in the production of concrete without 
compromising the overall engineering properties due to the presence 
of residual AM, making them perfectly comparable to those derived 
from nature’s resources.  

4. The mineralogical model introduced to reconstruct the volume of 
attached mortar paste on the surface of RAs from XRPD and Rietveld 
refinement displayed a strong correlation (R2 0.94) with the 
measured attached mortar mass, representing a valid and viable 
method to estimate this parameter.  

5. By using the same model, it is possible to obtain an indication of the 
degree of carbonation of the connected residual cement paste. Even 
though this data is less precise and sensitive than other known 
analytical technique and methods currently available, it may 
nevertheless be more usefully utilized for a fast evaluation and 
categorization of the secondary materials.  

6. Different potential final uses for the C&DW are discussed, depending 
on the AM concentration and cement paste carbonation level, it is not 
possible to rely solely on one of them in order to achieve the effective 
reuse of these materials. Because both of these factors are significant 
to define tailored reuse of RAs, toward the sustainable development 
of the building material sector. 

It is worth mentioning that despite more testing is required to better 
calibrate the procedure with industrial operating conditions, such as 
high fluxes of simultaneous materials to be analyzed, dry and wet con
ditions and RGB camera settings, the technology proposed has the po
tential to be scaled in large-scale optical sorting plants for C&DW. It is 
essential to validate all these results in the real-world application. 

The future objective of this research is to establish an extensive 
laboratory characterization of AM on C&DW sorted materials for veri
fying the accuracy of the prediction’s outcomes, as well as to conduct 
continuous test on the reuse of these secondary raw-materials in 
different building materials applications based on the mineralogical 
method proposed. 
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