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Abstract 
Current data gaps hinder an efficient sustainability transition of the construction sector. Simultaneously, at the 

intersection of data science and waste management, much research is being conducted to monitor quality 

factors of interest for material flows in recycling processes. In the past years, we developed and implemented 

a prototype sensor-based quality monitoring system to analyze the particle size distribution during processing 

of construction and demolition waste. In this work, we assess this prototype in terms of 1) contribution to data 

availability and thus closing the current data gap, and 2) its preliminary social, environmental and economic 

implications in the context of a circular economy. We find that our system can record data robustly, provide 

results timely and cover a significantly larger share of material (5.3–5.6 %) compared to the current state-of-

the-art (<0.01 %). Additionally, preliminary implications regarding the social, environmental and economic 

aspects support the potential of our system to positively contribute to the transitioning towards a circular and 

sustainable construction sector. Nonetheless, further research is needed to solve persisting limitations regarding 

fine fractions and bulk monitoring and carrying out a holistic LCSA is considered valuable. 

Keywords AI-based quality monitoring · quality management · construction and demolition waste · recycled 

building material · recycled concrete aggregates · particle size distribution · digitalization · environmental 

engineering · machine learning · deep learning · RGB-sensor · line scan recording 

1. Introduction 

In 2022, nearly 24 million tons of construction and demolition waste (CDW) were generated according to 

Germany’s Federal Statistics Office (Eurostat, 2022). Additionally, in a 2022 study, the World Wide Fund for 

Nature estimated reduction potentials of up to 60 megatons of CO2-equivalents and 66 megatons of resources 

(WWF Deutschland 2023). In the relatively new Substitute Building Materials Ordinance 

[Ersatzbaustoffverordnung] (EBV) (Bundesministerium für Umwelt, Klimaschutz, Naturschutz und nukleare 

Sicherheit, 2023) and several position papers, such as that of the German Council of Experts on Environmental 

Issues (Sachverständigenrat für Umweltfragen, 2026), the urgency of improving the environmental impacts 

the construction sector currently has is made clear. This is not just the case for Germany: recent estimates 

indicate CDW covering around 36 % of the overall global waste production (Alhawamdeh et al., 2024; Soto-

Paz et al., 2023) of which a significant share is still landfilled (Kabirifar et al., 2020). Closing the loop, i.e. 

changing from linear to circular material flows, is one possible solution and an important step towards a more 

circular economy (CE) (Bocken et al., 2016; Kirchherr et al., 2018; Moustafa et al., 2025). There are different 
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understandings of the CE concept, but a popular definition is provided by Kirchherr et al.: “[it] describes an 

economic system that is based on business models which replace the ‘end-of-life’ concept with reducing, 

alternatively reusing, recycling and recovering materials in production/distribution and consumption processes 

[...]” (Kirchherr et al., 2017). 

Improving circularity within the construction sector reasonably continues to be a popular focus in different 

research areas, such as designing sustainable buildings or structural elements (Kromoser et al., 2025; Mu et 

al., 2026; Tighnavard Balasbaneh & Ramadan, 2026), investigating selective demolition and its impact for 

reuse or recycling practices (Antunes et al., 2024; Bayram et al., 2025), or automation of material flow 

characterization for more transparent data on the quality of recyclable material in the post-use phase (Kroell 

et al., 2025). Since data availability is an important aspect of the CE (Bellini & Bang, 2022; Kirchherr et al., 

2018), the latter topic is relevant in the transition towards a circular and sustainable construction sector, where 

large data gaps exist to this day (Osei-Tutu et al., 2023). 

To fill these gaps, at the intersection of data science and waste management, much research is being 

conducted on how the combination of AI and physical sensors can be used to characterize features of interest 

from the construction and demolition waste (CDW) material stream. For instance, Li et al. describe a promising 

multi-sensor setup for material classification on laboratory scale (Li et al., 2022). With a similar focus on 

sensor-based sorting, Kronenwett et al. show the potential of using AI-based procedures by analyzing the 

classification and identification performance on a custom synthetic data set with different particle occlusion 

rates (Kronenwett et al., 2024). In a previous study, we investigated the performance of different deep learning 

architectures for predicting the volume-based particle size distribution (PSD) from single-particle grayscale 

volume (image) data acquired with a 3D-laser triangulation (3D-LT) sensor (Kroell et al., 2025). However, to 

the authors’ knowledge, studies describing the performance of sensor-based quality monitoring (SBQM) 

solutions in full-scale CDW processing plants or on data recorded in such plants are currently lacking. We 

consider this a crucial aspect for efficient development of such solutions for quality monitoring of CDW, given 

the high complexity of this material stream and the rough environment of CDW processing (Müller & Martins, 

2022) which are generally severely simplified during primary, laboratory-scale developments, thereby limiting 

easy transfer of developments onto higher-scale applications. 

As a building block in this research domain and to fill the current lack of research that describes upscaling 

AI- and sensor-based material flow characterization to function in full-scale plants, we conducted such 

investigations in the KIMBA project. Here, for the first time, a sensor- and AI-based quality monitoring system 

was implemented in a full-scale plant, over a conveyor belt, to investigate the feasibility of automating 

monitoring of the PSD — being one of the main quality indicators for recycled aggregates (RA) — for the 

output of mobile comminution plants. As such, in this work, the procedure and central results of the full-scale 

implementation of the quality monitoring system are described in the form of a case study, in particular 

regarding data availability. What is more, we describe the implications regarding acquired data for circular 

economy (CE) developments compared to the current status quo, i.e. manual sampling and at-line laboratory 

sieve analysis. So, the contribution of this work is two-fold. On the one hand, we aim to show the potential of 

the developed quality monitoring system. On the other hand, we also want to share our experiences and lessons 

learned during upscaling our SBQM system and finalizing its prototype development for a first full-scale plant 

implementation. This may boost efficient development of similar technical solutions that increase high-level 

recycling rates, thereby supporting transitioning towards a circular and sustainable construction sector. 

1.1. Related Work 
With AI and the required capacities becoming more widespread and accessible, deep learning technologies are 

increasingly being examined as potential solutions for the analysis of (optical) quality factors (Kroell et al., 

2022; Lubongo et al., 2024). For instance, the work by Chang et al. covers multiple quality factors, including 

the volume-based PSD (Chang et al., 2025). This work shows promising results of using 3D-LT scanning in a 

containerized setup away from the End-of-Life (EoL) crushing facility to estimate the PSD under controlled, 

pilot-scale conditions. Assuming distributional uniformity and consistency within the assessed material flow, 

point clouds were fitted into ellipsoidal models, which morphological information were then aggregated into 

PSDs. As the authors indicate in the limitations, implementation on a full-scale plant requires further 

developments, especially with respect to existing operational constraints, the significant computational 

demand, scalability and economic viability. 
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In terms of computational demand and corresponding environmental impacts, Falk et al. (Falk et al., 2026) 

have conducted a detailed multi-criteria cradle-to-grave analysis on one of the most common heavy-weight 

GPUs, namely a Nvidia A100 SXM 40 GB GPU, in the context of frontier Large Language Models (LLMs). 

In this study, they found among other things that training of two frontier models from 2022–2023 is equivalent 

to the planetary boundaries budget (European Commission. Joint Research Centre., 2018) of 53 to 11,500 

inhabitants, depending on the model and location of training. Because of the high energy demand of such 

models, similarly high impacts were found for the category (fossil fuel) resource use, with equivalence of 

planetary boundaries budget of 186 to 3,900 inhabitants. Even though the types of GPUs and AI models 

generally used for deep learning developments in the context of CDW monitoring are less heavy-weight or 

large compared to those used by Falk et al., taking such additional impacts into consideration is nonetheless 

important to determine whether the envisioned solution may truly be beneficial for the development of a 

circular and sustainable construction sector. 

On a lower technology readiness level (TRL) compared to the aforementioned work (Chang et al., 2025), 

we acquired promising results regarding the use of 3D-LT scanning and convolutional neural networks (CNNs) 

in a previous study (Kroell et al., 2025). Here, we transformed single-particle point cloud-based data to 

grayscale images embedding volumetric information and used these images to train several deep learning 

models. Validating this approach on unseen data resulted in PSD errors of merely 1 vol% for the best-

performing models. However, implementing this technology on a full scale, especially in the context of mobile 

comminution, has not yet been successful due to the rough environment and severe economic constraints 

concerning CDW processing (A. Di Maria et al., 2018; Kranert, 2024; Varli et al., 2026). 

In an ongoing Austrian project focused on the development of an autonomous mobile crushing unit, an 

RGB-D approach is taken, where multiple RGB sensors capture the material flow from different angles to 

predict the PSD at the feed hopper (input) and on the discharge conveyor. This method is to be validated on a 

real mobile comminution unit, but results of the laboratory digital twin analysis indicate the potential of using 

RGB instead of 3D-LT (Skosareva et al. 2026). That RGB may sufficiently capture features underlying the 

PSD is also indicated by one of the first works in this research area: Di Maria et al. describe how look-up 

catalogs can be used (F. Di Maria et al., 2016). Nonetheless, the look-up approach is inherently at- or off-line, 

rendering it unsuitable for real-time SBQM. 

Next to developments on the technical level, research is being conducted on the environmental, social and 

economic impacts that major changes in construction-related processing and recycling chains may have, 

including the impacts of recycled material quality (Backes & Traverso, 2021; Bayram et al., 2025; Bayram & 

Greiff, 2023). The three sustainability dimensions – environmental, social and economic – play an important 

role in the context of CE as its main goal is to accomplish sustainable development, which encompasses the 

simultaneous achievement of environmental quality, economic prosperity and social equity (Kirchherr et al., 

2017). Consequently, Padilla-Rivera et al. investigate which social indicators are most important when 

assessing CE strategies (Padilla-Rivera et al., 2021). They find that consumer health and safety is the most 

important indicator, which is a highly relevant factor in the construction sector. Additionally, Ruismäki et al. 

and Çetin et al. (Çetin et al., 2023; Ruismäki et al., 2025) investigate required information for digital product 

passports (DPPs) for construction products and material passports in the context of circularity in the 

construction sector. An aspect that is covered in both passports is the detailed information on material 

properties, which indicates downstream relevance of monitored aggregate production processes for material 

reuse. There are many factors related to the economic dimension, as indicated by Backes and Traverso (Backes 

& Traverso, 2021). In the context of CDW recycling plants and technical innovation, the willingness to pay 

(WTP) for recycled (concrete) aggregates (R(C)A) is one of the most important ones (Varli et al., 2026). In the 

discussion paper by Sterk (Sterk, 2023), an elaborate investigation on the WTP for RA in Germany is 

presented, where for instance clear labeling of the material leads to significant increase in the price a customer 

is willing to pay. This suggests that increased transparency at the start of the recycling process has implications 

for the economic as well as the social aspects, next to the environmental benefits optimal recycling and use of 

RA may bring. 

1.2. Aims and Research Questions 
Given the potential of RGB and encountered limitations of 3D-LT technology, as indicated in the related work 

that is part of the project on which this case study is based, we developed an RGB line scan-based quality 
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monitoring system targeting the weight-based PSD on the discharge conveyor of a mobile comminution unit. 

The development process of the customized deep learning architectures for the different parts of the data 

processing pipeline — i.e. segmentation as pre-processing step and the weight-based PSD prediction — are 

detailed in separate publications (Zhou et al., 2025) and (Göbbels et al., 2026), respectively. Instead, in this 

case study, the aim is to analyze the overarching technical aspects of the system as well as to provide a first, 

albeit non-exhaustive, valuation of the social, environmental and economic implications. Correspondingly, two 

research questions are central to this work: 

• RQ1: To what extent does the developed quality monitoring system contribute to data availability in the 

context of CDW processing for a circular and sustainable construction sector? 

• RQ2: How may the developed quality monitoring system affect the social, environmental and economic 

aspects at a CDW processing plant? 

To do so, we first focus on assessing the recording constancy, the data coverage at the end of the data 

processing pipeline, and the time it takes to process newly incoming images and output the predicted PSD. In 

the current work, it is impossible to exhaustively assess each individual aspect, however we deem it important 

to provide (post-hoc) insights into the impact our technical solution may have on the sector, when it comes to 

CE developments in the short- and medium-term. For the social aspect, we focus on two indicators (i.e. 

employee training and product labeling) that are important according to the literature and are feasible to 

determine post-hoc. For the environmental implications, we conducted a simplified, comparative, cradle-to-

gate life cycle assessment (LCA) to analyze the avoided impacts associated with the application of recycled 

concrete aggregate in road versus building constructions as opposed to primary gravel. Lastly, for the economic 

aspects we combine findings from our technical, social and environmental analyses with available cost and 

price ranges. Where possible, we aim to use data available from the project (Varli et al., 2026), but 

approximations are inevitable due the post-hoc nature of the CE-analysis. By considering all core aspects of 

developing a technological innovation for a CDW recycling plant in the context of the CE, we hope to boost 

efficient development of similar technical solutions that optimize the recycling flow and support transitioning 

towards a circular and sustainable construction sector. 

2. Materials and Methods 

2.1. Sampling Campaigns and Sieve Analysis 
During the project, several experiment campaigns have been conducted on a real CDW processing plant in 

Germany. For each campaign, the same mobile impact crusher was used, where the focus was on the output of 

the fine grain conveyor — above which the RGB sensor system was mounted. For the main sampling 

campaigns, we used 2,000 Mg of raw input material, containing mainly concrete, bricks and tiles. In Figure 1, 

the raw input material as well as the classified material are shown. Except for systematic adjustment of a subset 

of machine parameters and more frequent and methodical sampling, processing of the raw CDW input material 

remained similar to regular operation. 
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Figure 1. (a) Raw, non-comminuted input material (b) Material after comminution and sieve classification 

Each sample was taken using the same procedure: a small wheel loader equipped with a sampling hopper 

was positioned directly opposite of the material stream and 1) moved forward, 2) halted, and 3) moved 

backward in one flowing motion with a duration of 1 to 3 seconds, depending on the throughput. So, the aim 

was to acquire samples with approximately similar sizes. While taking a sample, a timestamp of the start of 

the sampling acquisition (i.e. when the first particles entered the hopper) was collected and documented, along 

with the duration of the sampling. After each sampling with the wheel loader, the sample was deposited in 90–

liter containers, after which the material was manually subdivided into buckets for easier sample handling — 

not to homogenize the sample, as this is irrelevant for the goal at hand. Using this procedure, two sets of 

experiments were conducted: A (experiments conducted in February 2025), and B (experiments conducted in 

April 2025). Experiments within each set took place on the same day to minimize confounding. 

Additionally, a demonstration experiment (C) was conducted in July of the same year. In two rounds, one 

with low throughput and the other with medium throughput ceteris paribus, the generic functionality of the 

system prototype was investigated. During this experiment, the sampling approach was adjusted slightly. More 

specifically, the sampling duration was extended to around 10 seconds to increase the span captured by the 

RGB sensor. RGB image data were acquired using custom python-based recording software. With this 

software, images were labeled with a nanosecond-specific GPS timestamp and saved for further analysis. This 

also allows additional developments on the pipeline (see Figure 2 for an outline) and deep learning models 

after the experiments have taken place. In Table 1, an overview of the main experiment campaigns is provided. 

In this case study, the target output fraction is unbound concrete mixture aggregate with size indication 

0/45. As such, the sampled material was processed in line with DIN EN 13285 (Deutsches Institut für Normung 

e.V., 2018). This includes size classification and determination of the percent by weight (wt%) of each class 

using laboratory sieve analysis. Following DIN EN 13285 and the procedure conducted by the laboratory 

personnel on the plant, the following screen undersizes were used: 0.063 mm, 0.5 mm, 1 mm, 2 mm, 4 mm, 

5.6 mm, 8 mm, 11.2 mm, 16 mm, 22.4 mm, 31.5 mm, and 63 mm. The sampling campaigns and subsequent 

sieve analysis were conducted to acquire information on the PSD, which can be linked to the images that were 

simultaneously being recorded. 
  

(a) (b) 
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Table 1. Overview of the experiment campaigns  

ID Month, year  # Experiments Description  

A February, 2025  7 Data and sample collection  

B April, 2025  7 Data and sample collection  

C July, 2025  1 Assessment of generic system functionality, collection of two samples  

 

Figure 2. Graphical representation of the used quality monitoring system 

2.2. Methods 

2.2.1. Recording Constancy As part of the investigations on data availability, it is essential to analyze the 

recording frequency and to which extent this frequency fluctuates. To do so, as previously indicated, we 

documented the timestamp of each recorded image. This allows further analysis of the recording time series, 

in particular by means of time series analysis and visual interpretation. Additionally, during the campaigns the 

start and end time of each experiment was documented, which allows more targeted analysis. 

For each experiment, the number of images recorded per minute was determined, after which the time series 

was assessed in terms of autocorrelation and stationarity, by autocorrelation function analysis and performing 

the augmented Dickey-Fuller (ADF)-test, respectively. The former allows identifying the presence of 

correlation of the time series with itself, where autocorrelation bars exceeding the significance bounds indicate 

significant autocorrelation at that particular lag (i.e. delay between observed data point and preceding values), 

a gradual decline indicates long-term dependency, and regular spikes indicate seasonality (Blackledge, 2005). 

The ADF-test statistically assesses the likely presence of a unit root, implying non-stationarity. That is, a unit 

root indicates stochastic trends that drive a time series away from its mean value. In this test, the null-

hypothesis of non-stationarity is rejected when the test statistic is lower than the critical value at a specified 

significance level and the p-value is less than the specified significance level (Guo, 2023). 

To determine whether the range of fluctuations is similar for the different sets of experiments, Levene’s test 

for equality of variances is used. After identifying irregularities for each individual experiment in the previous 

steps, we can further clean this data and remove major irregularities, such as interruptions (e.g. due to power 

failure). Having both a minimally cleaned set as well as the original, we can compare the experiments 1) from 

the same day, 2) from different days, which is directly a different time of the year, and 3) the cleaned and 
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original data. Since the p-value stemming from the Levene’s test may be misleading for small samples, we 

also acquired the random test p-values on the basis of perturbation tests (Ludbrook & Dudley, 1998). If the p-

value is low (and the Levene statistic is high), the null-hypothesis of equality is rejected. So, this test is merely 

strong proof of non-equality, but thereby gives a weak indication if two or more sets may be equal. 

2.2.2. Data Coverage Since the prediction of the PSD is based on the visible top-layer of the material stream 

only, it makes sense to investigate to what extent the prediction covers the material stream compared to the 

whole and, not less important, compared to the current manual sampling. To this extent, we use the two best 

models from our previous work (Göbbels et al., 2026), as well as an additional model based on this architecture 

but equipped with a different – lighter, and thus faster – regression head to infer the particle weight and class 

from the particles segmented by ParticleSAM in the preceding pipeline module. We apply this procedure to 

set C in particular, since this set of experiments contains longer sampling durations and therefore more images, 

which minimizes the discrepancy between true sample and recorded material. Using the average of the weight 

prediction results of these models, we calculate the micro-average to get an idea of the overall, class-

independent coverage. This average is calculated by taking the average of the sum of weight predictions and 

dividing this by the true weight of the sample. Additionally, we use the (%𝛥 wt per class) results on the unseen 

test set, also from our previous work (Göbbels et al., 2026), as error or sensitivity bounds and compare these 

results with the results from our manual sampling and sieve analysis to approximate the likely coverage 

possible by the models. All three models achieved overall classification accuracies of around 82 % and MAEs 

of less than 7 grams when processing the data set from our previous study. It must be noted that this 

performance result is only indicative and does not present model validation in an industrial implementation 

setting, which is considered out of scope in the current study. 

2.2.3. Processing time For an analysis of the processing time of the different core components within the 

pipeline (see Figure 2), i.e. the image segmentation and the PSD prediction, we have transformed the pipeline 

in such a way that a live process can be simulated. This allows post-hoc analysis of the models’ inference time, 

but also the influence of different levels of verbosity. For this, all 296 images with a corresponding sample 

analysis result are used in this simulation. These images stem from all experiment sets, and thus images 

recorded on three different occasions. The simulation was run on a computer with a 16 GB RTX 4090 GPU, 

which is a relatively light and common GPU that can also be used in rugged industrial PCs that are suitable 

for the rough CDW processing environment. 

In total, the simulation has been run using four configurations with different levels of verbosity (see Table 2) 

on the model with an adapted, lightweight regression head: V00, V10, V20, and V01. Here, the former number 

refers to the verbosity of the segmentation module and the latter to that of the PSD prediction module. 

Table 2. Verbosity options for processing time simulation analysis  

Verbosity Module  Description  

0 Segmentation  No saving  

1 Segmentation  Save metadata  

2 Segmentation  Save metadata and highlighted map  

0 PSD prediction  Save metadata  

1 PSD prediction  Save metadata and PSD plot  

2.2.4. Preliminary implications for CE Developments Implementing a new technology in a real 

industrial process has many implications for the CE, which range from the operational energy demand and raw 

material footprint of the technology to downstream application of the produced material, the company’s 

investment ability and digitalization for e.g. material traceability. To provide insights into the impact our 

technical solution might have on the sector, we discuss three aspects related to the main goals of CE. 

Starting with the social aspects, we assess two of the most relevant social indicators based on Padilla-Rivera 

et al. (Padilla-Rivera et al., 2021): labor practices — training and education, and product responsibility — 

product and service labeling. For training and education, we compare the hours of training with and without 
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the implementation of the (digital) technology and determine the percentage increase. We base this 

approximation on the total hours of relevant training available through TÜV Nord (TÜV Nord, 2026a) and 

empirical estimations based on practical experiences from this case study. For product and service labeling, 

we base the implications on the data coverage results and relate it to the minimal necessary information for 

establishing a useful digital product passport (DPP) (Çetin et al., 2023; Ruismäki et al., 2025). 

Given that the environmental impact of the technological system in its use phase is predominantly 

determined by the system’s energy consumption, as part of this assessment, we determined the approximate 

energy demand of the pipeline. We performed this assessment on a computer with a 16 GB RTX 4090 GPU 

(as described in Section 2.2.3) and by utilizing the pynvml Python package for GPU demand calculations as 

well as a custom utilization-based approximation function to estimate the CPU demand: 

𝐸𝐶𝑃𝑈 ≈
𝑃𝐶𝑃𝑈 ⋅ 𝛥𝑡

3600
 

with 

𝑃𝐶𝑃𝑈 ≈ 𝑢𝐶𝑃𝑈,.0+
𝑢𝐶𝑃𝑈,.1 ⋅ 𝜌𝐶𝑃𝑈,.𝑖

100
 

and 

𝑢𝐶𝑃𝑈,.1 = 𝑢𝐶𝑃𝑈,.𝑇𝐷𝑃-𝑢𝐶𝑃𝑈,.0 

and 

𝑢𝐶𝑃𝑈,.0 = 𝑚𝑎𝑥(2.0, 𝑢𝐶𝑃𝑈,.𝑇𝐷𝑃) 

where 𝐸𝐶𝑃𝑈 is the energy demand (Wh), 𝑃𝐶𝑃𝑈 the power demand (W), 𝛥𝑡 the time difference between the 

start and end of the measurement (s), 𝑢𝐶𝑃𝑈,.0 the CPU demand when idle (W) with a minimum value of 2.0 W, 

𝑢𝐶𝑃𝑈,.1 the maximum utilizable CPU demand (W), and 𝑢𝐶𝑃𝑈,.𝑇𝐷𝑃 maximum utilization (W) based on the 

processor type (in this case Intel i7 13800H, 45 W). The total energy demand of the pipeline is determined by 

calculating the sum of the CPU and GPU demand. 

Based on the results of the processing time simulation analysis (see Section 2.2.3), the fastest and slowest 

configuration were used to determine the energy demand, where both configurations were run thrice with a 

duration of one hour per run. The results were then analyzed and averaged per configuration to get an idea of 

credible energy demands for the current pipeline and utilization on a relatively small-scale processing unit. 

Based on the data sheets of the system’s periphery — the LED light bar (0.16 kW (planistar Lichttechnik 

GmbH, 2026)) and the RGB sensor (0.137 kW (JAI A–S, 2025)), respectively — we could calculate the total 

energy demand of the quality monitoring system. For the environmental impact of the utilized energy, we 

consider the electricity mix and corresponding carbon intensity (342 gCO2–eq/kWh) for Germany in 2025 

(Electricity Maps, 2026). 

However, merely assessing the technological system in terms of its energy demand-based environmental 

impacts does not cover the avoided impacts associated with the application of recycled concrete in road and 

building construction influenced by the technological system’s implementation. Given the persistent 

skepticism regarding the use of RA from CDW, we assume that — without the SBQM system — all RA is 

used for subbase layers in road construction (Tefa et al., 2022). With the implementation of the SBQM, we 

assume that the increased transparency about the quality of the RA will reduce this skepticism (Varli et al., 

2026) and may lead to a significantly higher usage of RA in concrete for building construction. The resulting 

choice between road and building applications therefore requires a comparative assessment of the 

environmental implications of both RA utilization pathways. As such, we conducted a simplified, comparative 

and attributional cradle-to-gate LCA to 1) quantify the environmental impacts of RA use in road and building 

construction relative to their respective primary aggregate (NA) alternatives and 2) compare the resulting 

avoided impacts. 

The LCA was conducted from the perspective of a German recycling plant comminuting CDW — the 

central case in this case study — which results are intended to support decisions regarding the assignment of 

the annual RA output to road or building construction. As visible in Figure 3, two levels of comparison are 

considered. First, within each application, the environmental performance of the product system with NAs and 



Journal of Circular Economy (2026) 4:3, No. 33 9 

 

RAs were compared (i.e. top and bottom system boundaries). Second, the environmental implications of using 

the annual RA output of the plant in road and building construction were compared (middle system boundary). 

Correspondingly, the geographical scope of the LCA is Germany. Moreover, the TRL represents current market 

standards except for the product system of RA in building construction, which is on a pilot plant level due to 

the SBQM. For the LCA, existing processes from the Ecoinvent 3.11 database (Wernet et al., 2016) were 

predominantly used and adapted to fit the technological and geographical scope. In the case of assignment for 

road construction, the corresponding process “road construction” was utilized: it starts with the production of 

primary, crushed gravel (i.e. NAc), which is then transported by train and lorry to the construction site and used 

for road subbase stabilization. For building construction, we adapted the Ecoinvent process “concrete 

production, 25 MPa for building construction, with cement, CEM II/B,” which requires round gravel (NAr) to 

produce concrete. 

 
Figure 3. Flowchart of the conducted simplified, comparative cradle-to-gate LCA and corresponding system boundaries 

To obtain the two product systems that recycle RA from CDW, we fully replaced NA with RA. In the 

product system of road construction, this implies substituting the crushed gravel by the RA, which is produced 

by mobile comminution (pre-sieving, crushing, and sieving). The production of one Mg RA requires 1.67 Mg 

rubble from the demolition process, as 40 % of this input is screened out and landfilled as inert waste. 

Furthermore, the comminution process consumes 13.88 MJ diesel, of which 2.75 MJ is used to load the rubble 

into the crusher (Fraj & Idir, 2017; Lachat et al., 2021) and 11.13 MJ to operate the machine (KLEEMANN 

GmbH, 2022). For the building applications, the comminution process remains similar but now includes the 

SBQM — approximated by a laptop with a lifetime of four years — and its energy demand (0.16 Wh/Mg RA), 

which is based on the previous calculation. Additionally, a further adjustment regards the water use: while the 

production of one cubic meter concrete with NA requires 175 kg water and 1.25 Mg NA, one cubic meter RA-

concrete consumes 204 kg water and 1.13 Mg RA (Verein Deutscher Zementwerke, 2022). A detailed unit 

process table of both comminution processes can be found in Appendix 1. 

The cut-off rule was applied, so no impacts from the construction and demolition of the original building 

but all impacts from the recycling process are applied to the RA. Furthermore, to resolve multi-functionality 

arising from the dual role of CDW, we used substitution to account for avoided emissions from keeping the 

CDW in the loop instead of landfilling. It should be noted that RA derived from CDW is chemically analyzed 

to assess the potential risk of pollutant leaching (Bisciotti et al., 2025). Since only a small sample is tested, we 

consider its environmental implications negligible and omit the process. Furthermore, following Ecoinvent, 

the mean transportation distances are assumed equal in all four product systems. The environmental impact 

categories considered in this work are climate change, material resources, particulate matter (PM) formation 

(Fantke et al., 2015), and water use. For the calculation of the category indicators, we used the EF v3.1 impact 

assessment method in accordance with the EU recommendations (European Commission, 2021). The impacts 

were calculated using the openLCA v2.6 software from GreenDelta (GreenDelta GmbH, 2026). As such, given 
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that the assessment is a simplified LCA, it aligns with, but does not fully conform to, the ISO 14040/44 standard 

for life cycle assessment (International Organization for Standardization, 2006). 

Three functional units (FUs) are defined: 1) for the road construction comparison, the FU is “constructing 

22,273,207.55 m • year road infrastructure including maintenance over the assessed service period of one 

year”; 2) for the building construction comparison, “producing 214,469.06 m3 of concrete used in building 

constructions”; 3) for the RA assignment comparison, “processing 401,600 Mg CDW.” To determine the FUs, 

a yearly output of 240,960 Mg RA is assumed, based on 200 Mg per hour production (KLEEMANN GmbH, 

2022) and 8-hour operation duration for 251 days per year (C. Varli, personal communication, December 5, 

2023). 

Finally, for the economic implications, we determined the total costs of implementing and operating the 

specific system used in this case study and use literature data, particularly those presented in the discussion 

paper by Sterk (Sterk, 2023) as well as recent prices for different material categories in Germany 

(Baustoffeliefern.de, 2026; Majuntke Logistik & Umwelt, 2026). Sterk describes realistic willingness-to-pay 

(WTP) values for three groups of interviewees (developers, organizations, and private individuals) for different 

measures, of which one is the presence of a label for (recycled) concrete aggregates. This information was 

used to determine the additional yearly revenue that could be made solely on the additional share of labeled 

material provided by the quality monitoring system. Additionally, for the medium-term prospective, we 

investigated how a shift in application may influence the yearly revenue. This assumption is based on expert 

discussions that took place during the KIMBA project, where it was argued that RA with sufficient quality is 

instead downcycled to a lower-grade application (Varli et al., 2026) For the (additional) operating costs, we 

consider the energy costs needed to operate the system, based on the calculated average energy demand and 

the average yearly energy costs (€89.33/MWh) for Germany in 2025 (Bundesnetzagentur, 2026; Electricity 

Maps, 2026). 

3. Results 

3.1. Recording constancy 
To investigate the fluctuations during execution of the campaign as well as to compare these fluctuations on 

different occasions within the year, we conducted different statistical tests performed a visual comparison. 

First, the ACF was plotted for each experiment. Visual inspection of these plots, which are presented in the 

Appendix 2, indicates short-range dependence (i.e. significant autocorrelation) for experiments A1 (lags 1–2), 

B2 (lags 1–3), and C (lags 1–2). All other ACF plots do not indicate the presence of autocorrelation. 

Even though the ACFs allow interpretation of the stationarity of the time series, we assessed this separately 

by performing the ADF test. These results are presented in Table 3. This assessment indicates that stationarity 

is supported at the 5 % significance level for most experiments. There are seven time series where no 

stationarity can be assumed at the 5 % level: A1, A3, A4, A7, B2, B3, and B6. This coincides with our visual 

inspection of the time series: A1, A4, A7 and B3 show some negative drift over time. Additionally, there are 

visible irregularities with clearly distinguishable valleys for A1, A3, A7, B2, and B6, particularly towards the 

end of each series. For B2, the source of the irregularity is known, as there was a power outage after around 

six minutes. This is visible in the time series plot. These plots are available for each experiment in the 

Appendix 3. The ADF test’s conservative nature means that seven cases are identified as potentially non-

stationary, but further inspection confirms that only four experiments exhibit persistent drift. Furthermore, 

these results indicate that acquiring strong stationarity is not trivial given the rough conditions, but is 

nonetheless achieved for most experiments and, in particular for the experiment with the longest recording 

duration (C), where the ADF result is most informative given its lower power for shorter series. 
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Table 3. Results of the ADF test. Abbreviations: ADF = Augmented Dickey–Fuller; CV = critical value  

Experiment ID ADF statistic p-value CV 1 % CV 5 % CV 10 % 
Stationary 

at 5 % level 

A1 -0.86 0.80 -3.68 -2.97 -2.62  

A2 -3.92 <0.01 -5.35 -3.65 -2.90 ✓ 

A3 -1.62 0.47 -3.81 -3.02 -2.65  

A4 -0.46 0.90 -4.94 -3.48 -2.84  

A5 -3.63 <0.01 -4.14 -3.15 -2.71 ✓ 

A6 -5.10 <0.01 -3.68 -2.97 -2.62 ✓ 

A7 -2.80 0.06 -3.68 -2.97 -2.62  

B1 -3.26 0.02 -3.71 -2.98 -2.63 ✓ 

B2 -1.52 0.53 -3.64 -2.95 -2.61  

B3 -2.73 0.07 -3.89 -3.05 -2.67  

B4 -3.13 0.02 -3.89 -3.05 -2.67 ✓ 

B5 -3.74 <0.01 -3.74 -2.99 -2.64 ✓ 

B6 -0.52 0.89 -3.74 -2.99 -2.64  

B7 -5.42 <0.01 -3.81 -3.02 -2.65 ✓ 

C -3.42 0.01 -3.54 -2.91 -2.59 ✓ 

In Figure 4, an overview of the frequency distribution for all experiments is provided, which shows overall 

high similarity between the sets of experiments. The difference in median between the different sets stems 

from re-calibration of the acquisition speed settings in the camera, which were adjusted to better match the 

speed of the conveyor belt. Furthermore, it can be seen that B1 has particularly narrow bounds (i.e. low 

variation), which matches the previous statistical findings. Similarly, A1 and B2, in particular, are in line with 

the interpretations from the statistical tests and show high variance. For B2, the influence of a power outage 

on the variance is clearly indicated: the overlay boxplot — where all values within the time range of the power 

outage are removed — shows narrower bounds and a slightly higher median. Finally, the resulting distribution 

for experiment C is important, as this is the demo experiment where data have been recorded without 

interruption during a longer time period compared to the other experiments. It can be seen that the bounds 

remain small, indicating recording stability for this duration. 

 

Figure 4. Horizontal boxplot of the recording frequency distribution for each experiment. For B2, a light blue overlay is 

added, which contains the information when ignoring the values during the power outage. Red and orange bars: median; 

boxes: interquartile range (IQR); whiskers: data points within 1.5 times the IQR; circles/diamonds: outliers. 
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With Levene’s test for equality of variances, we have assessed whether the variance for the sets of 

experiments is equal on the 95 % confidence level. In Table 4, the results are shown. If the p-value is lower 

than 0.05, it means that there is proof for non-equality of the variances. As such, it is a weak indicator for 

equality of the variances from the respective sets in the case of p ≥ 0.05. As indicated in the methods, severe 

irregularities have also been removed. More specifically, for A, experiment A1 has been excluded due to the 

large fluctuations (see also Figure 4). Similarly, for B, experiment B2, which contains the power outage 

interruption, has been excluded entirely. All other time series have not been adjusted to avoid confounding or 

misleading results. For most of the sets, in particularly those with seemingly spurious time series (A1 and B2) 

removed, non-equality cannot be assumed. This indicates that generally, fluctuations in the recording 

frequency are similar during the course of a day (row 1 and 2) and on different days across the year (row 6–8 

and 10). 

Table 4. Results of the Levene test for equal variances. Abbreviations: RT = random test (permutation-based);  

A = experiment A1–A7, Aadj = experiment A2–7; B = experiment B1–B7, Badj = experiment B1, B3–B7; 

C = experiment C  

Row  Set ID  
Levene 

statistic 
p-value (RT) p-value Equality possible? 

1  (Aadj)  0.62 0.69 0.68 ✓ 

2  (Badj)  1.80 0.11 0.14 ✓ 

3  (A, B)  2.55 0.10 0.11 ✓ 

4  (A, C)  10.70 <0.01 <0.01  

5  (B, C)  14.98 <0.01 <0.01  

6  (Aadj, Badj)  1.30 0.25 0.26 ✓ 

7  (Aadj, C)  0.50 0.48 0.48 ✓ 

8  (Badj, C)  2.37 0.13 0.13 ✓ 

9  (A, B, C)  8.02 <0.01 <0.01  

10  (Aadj, Badj , C)  1.44 0.22 0.24 ✓ 

3.2. Data Coverage 
For an estimation of the data coverage, three models were used to analyze the images corresponding to samples 

1 and 2 of set C. Each model has different sensitivities towards the different classes, which allows the 

calculation of a conservative average coverage, as well as best and worst cases. The results of these calculations 

are presented in Figure 5. The relative coverage is similar for both experiments (or samples), for all classes 

except 45–63 mm. The latter class also suffers from large variation in the relative coverage due to high or full 

insensitivity by some of the models and high sensitivity by others. Additionally, there is low coverage for 

particles in the class 31.5–45 mm by all three models, which corresponds to the results presented in our 

previous study (Göbbels et al., 2026), where a relatively large classification error (i.e. ~50 % switched between 

31.5–45 mm and 45–63 mm) for this class was present. 

Overall, the micro-average coverage of the models is 8.6 % and 7.9 % for particles ranging from 4 mm to 

63 mm, respectively, when aggregating the true sample weight and the predicted weight for each analyzed 

instance. Interestingly, for both samples, the micro-average is similar, with a slightly lower %–coverage by 

weight for sample 2. This corresponds with the slight difference in the total weights of the samples: 212.1 kg 

(sample 1) and 223.5 kg (sample 2). However, besides the particles in the range 4–63 mm, there is also a fine 

fraction, which has thus far not been taken into account, as the segmentation model is unable to identify 

particles smaller than 4 mm. The remaining fine fraction corresponds to 73.6 kg or 34.7 % for sample 1 and 

73.2 kg or 32.8 % for sample 2. When including the fine fractions into the calculation of the coverage, it would 

mean that 5.6 % and 5.3 % are covered, respectively. 

Given the latter micro-averages and assuming an average production of 200 Mg/h input and 120 Mg/h 

output for eight hours a day and five days a week based on empirical values, it would mean that approximately 

51–54 Mg of output material can be monitored each day, accumulating to 254–269 Mg each week. Given that 



Journal of Circular Economy (2026) 4:3, No. 33 13 

 

around 80 kg are manually sampled each week, the yearly weight of material that is covered in addition to the 

manual sampling sums up to around 13.2–14.0 kilotons. 

 

Figure 5. Plot for the visualization of approximate data coverage in terms of wt% of the material flow (based on 

samples C1 and C2). Abbreviations: 𝜀 = error; S1 = sample C1; S2 = sample C2. 

3.3. Processing Time 
For the processing time, both the mean and median have been calculated after letting the simulation iterate 

through 296 images for each verbosity configuration. The results are presented in Tables 5 and 6. It can be 

seen that the processing time for the procedures not affected by changes in verbosity (i.e. model loading and 

analysis), remain stable across all four simulations, with the exception of one outlier value during V10: here, 

both the segmentation and PSD prediction module went idle without shutting off, leading to one image taking 

5,500 s to be analyzed. Since this was the only occurrence of idling, an adjusted mean — without the outlier 

— is also provided. Loading ParticleSAM at the start of the segmentation takes around 0.8 s and the 

identification of the instances generally takes around 18 s. However, given the many instances per image, for 

which the masks need to be generated as well as processed and saved for the subsequent model, the data 

processing and saving procedure in the segmentation module takes nearly two minutes at the minimum. When 

increasing the verbosity, i.e. saving additional information, this results in an increase of around 5 s for metadata 

saving and around a minute when saving both the metadata as well as a highlighted map, which is necessary 

for direct visual assessment of the segmentation results. The processing time of the PSD prediction module is 

clearly lower, with around 6 s for the entire AI-based PSD prediction procedure and 14 ms for saving of the 

results. Interestingly, there are no clear increases here when increasing the verbosity, i.e. when additionally 

saving a graphic of the predicted PSD. 
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A similar trend is also visible for the median, which is calculated to provide results that are more robust to 

outliers. The median values are slightly lower and even more stable compared to the mean values, but show 

the same trend: high stability across configurations with around 5 s increase when saving segmentation 

metadata and around a minute additional processing time when saving both the highlighted map and the 

metadata in the segmentation module. Summing the results for the fastest configuration (V01) and the slowest 

(V20) leads to a mean range of 137.4–214.8 s and a median range of 134.8–209.3 s. So, with the current 

pipeline, it is feasible to provide a new PSD every four minutes in a live monitoring context. Besides the live 

monitoring, images that are being recorded during processing can be stored separately in parallel, for instance 

for delayed at-line analysis. 

Table 5. Mean processing time (s) for each procedure in the main modules, segmentation and PSD prediction. 

Abbreviations: V = verbosity; (00, 10, 20, 01) = verbosity configurations, where the first number refers to segmentation 

verbosity and the last number to the PSD prediction verbosity (see also Table 2); adj. = adjusted, value after removing 

outlier.  

Configuration  
Segmentation PSD Prediction 

Loading model Analysis (adj.) Saving Analysis (adj.) Saving 

V00  0.774 18.633 120.711 6.258 0.014 

V10  0.794 36.580 (17.750) 125.102 24.561 (5.761) 0.014 

V20  0.850 18.729 188.879 6.373 0.014 

V01  0.793 17.963 112.879 5.785 0.014 

Table 6. Median processing time (s) for each procedure in the main modules, segmentation and PSD prediction. 

Abbreviations: V = verbosity; (00, 10, 20, 01) = verbosity configurations, where the first number refers to segmentation 

verbosity and the last number to the PSD prediction verbosity (see also Table 2)  

Configuration 
Segmentation PSD Prediction 

Loading model Analysis Saving Analysis Saving 

V00 0.763 16.345 119.926 5.284 0.014 

V10 0.770 16.480 124.151 5.326 0.013 

V20 0.816 16.823 186.423 5.212 0.013 

V01 0.774 16.633 112.182 5.192 0.014 

3.4. Preliminary implications for CE Developments 
To get a preliminary idea of the social impacts the technology may have, we focus on two specific aspects: 

training, and product labeling. Moreover, we included PM formation as one of four investigated environmental 

impact categories in our LCA. This category is directly linked to downstream health effects, given that PM is 

one of the main contributors to the global human disease burden. These results are presented in Figure 6(b) 

and discussed in the corresponding paragraph. For the first aspect, we identified a total of 8 work days per year 

of basic and recurrent training that are specifically relevant for workers on recycling plants based on the 

available courses on TÜV Nord (TÜV Nord, 2026a). We assume instructions on handling the new system, 

including learning to interpret the results, would take approximately one day, which coincides with a similar 

course (“Einführung Data Science”) provided by TÜV Nord (TÜV Nord, 2026b), which also takes one day. 

This would mean there is a 12.5 % increase in training, given that previous training cannot be reduced. 

For the product labeling that stems from increased transparency on the material quality, we utilize two 

proposed DPPs for construction and concrete products, which is the work that comes closest to high-grade 

applications for the produced RC material. Ruismäki et al. (Ruismäki et al., 2025) identify four main 

categories, with in total 15 subcategories. Çetin et al. (Çetin et al., 2023) list six main categories with 48 

subcategories. This makes it possible to calculate a plausible range of additional information, since in both 

DPPs, information on product properties is included. As the PSD is only a part of the product’s properties, we 

use DIN EN 13242 (Deutsches Institut für Normung e.V., 2008) to determine the exact share of properties the 

PSD covers: in total there are 13 characteristics that need to be determined, of which the PSD is one. Taking 
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into account the data coverage (5.3-5.6 %), the share the PSD covers in terms of properties (7.7 %), and the 

share of particle properties in both versions of the DPP (assuming equal importance), leads to an approximate 

additional information availability of up to 0.1 % on the DPP level when taking only the category product 

properties or product data into account. Although this increase is minimal, it indicates that even having 

information on merely 5 % of the material stream for one quality factor has impacts on downstream information 

availability. 

For the environmental implications of the SBQM system itself, we focus mostly on the energy demand 

during the use phase and refer to the detailed study of Falk et al. (Falk et al., 2026) for information on the 

additional impacts through manufacturing and the EoL phase, which should be taken into account during the 

decision-making process of implementing such technology. The results of the simulation analysis (see 

Section 2.2.4), are described in Table 7, which shows the average energy demand for each of three runs for the 

two selected configurations. Using the global average (19.23 Wh), the total hourly average energy 

consumption would sum to 0.316 kWh. Assuming 251 work days and 8 hours of operation per day, the total 

average energy consumption in one year would be 635 kWh for the entire system. This would equal a carbon 

footprint of 217 kgCO2–eq. per year. 

Table 7. Mean energy demand (Wh) for each simulation. Abbreviations: V = verbosity; (00, 20) = verbosity 

configurations, where the first number refers to segmentation verbosity and the last number to the PSD prediction 

verbosity (see also Table 2).  

Run  
Total energy demand (Wh) 

V00 V20 

1  19.59 17.07 

2  21.01 16.38 

3  22.93 18.40 

Mean  21.18 17.28 

The results of the environmental implications based on the LCA are presented in Figure 6. For both 

applications, the environmental impacts associated with the utilization of NA are always higher than for RA. 

So, regardless of assignment, the deployment of RA has the potential to avoid emissions for each assessed 

impact category. For both applications, the biggest impact reduction is for water use: 18 million cubic meters 

(61 %) for building and 5 million cubic meters (58 %) for road construction (see Figure 6(b)). This can be 

explained by the considerable amount of water required during mining and production of NA (gravel). 
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Figure 6. Bar charts with the emissions and corresponding avoided emissions when utilizing RA. (a) Climate change 

emissions and avoided emissions expressed as kilograms CO2-equivalent per functional unit. (b) PM formation 

emissions and avoided emissions expressed as disease incidence per functional unit. (c) Material resources emissions 

and avoided emissions expressed as kilograms Sb-equivalent per functional unit. (d) Water use emissions and avoided 

emissions expressed as cubic meters world equivalent deprived per functional unit. Abbreviations: FU = functional unit; 

NA = with natural aggregates; AE = avoided emissions; RA = with recycled aggregates. 

When comparing the impact reduction potential of RA in absolute terms, utilizing RA in road construction 

has a slightly larger potential for reduction in all categories except water use, which can be partially explained 

by the additional electricity required for the SBQM system during production of RA for building construction. 

However, when comparing the relative potentials, RA in building construction leads to higher relative 

reduction of PM formation: 47 % compared to 6 %. This difference reflects the higher baseline PM impacts of 

road construction. This result is also relevant for the social dimension: (fine) particulate matter is a major 

environmental factor that contributes to global human disease burden, so lower PM formations through the use 

of RA may have direct effects on downstream employee or consumer health. Furthermore, the RA assignment 

comparison indicates that RA and NA production are not the main contributors to, in particular, the climate 

change and material resources impacts associated with building construction. 

For an indication of the economic impacts, we focus on two scenarios that implementation of the SBQM 

system may lead to in the medium-term: 1) additional WTP values for the larger share of material that contains 

a specific label, and 2) higher selling price due to the material being sold for higher-grade applications. In both 

scenarios we take into account the one-time payment to buy the system components, totaling € 26,000 (net 

costs, own information), as well as the additional energy costs to operate the system. Given 251 work days and 

assuming 8 hours of operation per day, the total average energy costs would sum to €56.68 for a year. 

For the two scenarios we calculated best and worst cases in terms of yearly revenue based on a total 

production of 120 Mg/h for 8 hours per day and 251 days per year given the available data. For the first 

scenario, we have calculated the approximate coverage (see Section 3.2), which we keep as fixed value. 

(a) (b) 

(c) (d) 
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Instead, we use the lowest and highest WTP value described by Sterk (Sterk, 2023) to acquire a plausible range. 

That is, the lowest WTP is +€11.33/m3 (lower limit for developers) whereas the highest WTP equals 

+€28.33/m3 (upper limit for developers). WTP values for organizations and private individuals all fall within 

these bounds. Since our calculations are based on product weight, instead of volume, we utilize the 

corresponding assumption of €150/m3 for concrete as average price (Sterk, 2023). This would mean that the 

price increase lies between 7.6 % and 18.9 %. Assuming a similar price increase is back-calculated to the 

selling of the RA, currently priced at around €6.05/Mg (Baustoffeliefern.de, 2026; Majuntke Logistik & 

Umwelt, 2026), a yearly additional revenue of €6,069–€16,008 may be possible given the additional share of 

labeled material. The former value stems from multiplying the lowest yearly coverage (13.2 kilotons) with the 

lowest price increase (7.6 %) and the latter from multiplying the highest yearly coverage (14.0 kilotons) with 

the highest price increase (18.9 %). 

For the second scenario, we use the detailed price list of Baustoffe-liefern (Baustoffeliefern.de, 2026) as 

best case, where an overview of all mineral material types including prices across Germany in 2026 is provided. 

The status quo of our case study is 𝐺𝐵,0/45 or “RCL I 0/45”, a lower-grade product which is priced at €6.05/Mg. 

With increased transparency due the quality monitoring system, the material may instead be sold as the higher-

grade option “RCT 0/45” at €15.71/Mg. However, as is also visible from the many options in the 

aforementioned source, it should be taken into account that prices fluctuate across geographical locations and 

time, partially due to material availabilities. Additionally, it should be noted that better monitoring of the PSD 

alone may not be enough: data on chemical, mechanical and further regulatory compliance may be necessary 

(Müller, 2018), which can lead to increases in processing costs of RA for the highest-grade applications. When 

using the price increase of €9.66/Mg, it would mean that an additional total yearly revenue of €127,512–

€135,240 could be achieved. The calculations based on WTP are more conservative, but seemingly closer to 

real scenarios. Even in the case of acquiring additional yearly revenue of around €6,000, it means that there is 

a return on investment of the system within approximately 4.5 years. 

3.5. Limitations and Future Work 

3.5.1. Recording Constancy In terms of recording constancy, it should be noted that the use of a line scan 

sensor poses some limitations to the interpretability of the results. Even though we have not used an encoder 

to automatically match the line scanning frequency to the speed of the conveyor belt, which is advantageous 

for independent recording frequency assessment, manual adjustments have taken place to better match the 

frequency and get higher-quality image recordings, as this was the main priority during the experiments. These 

differences are, however, clearly visible between the experiment sets. Nonetheless, the overall results indicate 

recording stability for most of the experiments, even when this aspect was not the main focus. Further 

optimization of the stability can be achieved by adjusting the field of view (FOV): in the case study, the sensor 

was always recording at full resolution, partially recording non-moving parts of the conveyor, as well as saving 

the image data in a heavy, non-compressed file format. Later investigations however resulted in the finding 

that the FOV for this particular plant can easily be reduced to half the width without compromising valuable 

parts of the image and that saving with minimal compression in a different format significantly reduces the 

memory occupation without going below the minimal resolution necessary for subsequent processing. 

3.5.2. Data Coverage The results provide first insights into the share of material being analyzed by the 

pipeline, however, more research is necessary in this regard. For instance, the current values, in particular 

between best and worst case, diverge significantly, which hampers the determination of weighing factors for 

each class to come to a final PSD that closely approximates the entire material flow, instead of just the top 

layer. Moreover, the low sensitivity for class 31.5–45 mm suggests the need for further performance 

optimization of the models, especially in the context of larger imaging distortions of the (bigger) particles due 

to external influences such as the significant machine vibrations. For instance, on the basis of statistical process 

control, a warning system to avoid heavily distorted images entering the processing pipeline could be 

developed. This is an important aspect for many AI-based processing pipelines, as neural networks inherently 

lack robustness and are thus susceptible to even minor input perturbations (König et al., 2024; Szegedy et al., 
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2013). Furthermore, since no new model performance assessment was conducted in the present study, relevant 

insights could be acquired when validating the performance of an optimized version of the model in an 

industrial setting. Additionally, likewise, further research should focus on the error propagation between 

modules and on the validation of the segmentation module in an industrial context in particular, since it may 

well be that there are errors in segmenting the particles belonging to e.g. the class 31.5–45 mm. 

Moreover, the presence and share of fine fraction classes are relevant topics for the industry but have been 

largely ignored in this study due to the impossibility of the segmentation model to identify these smaller 

particles. For future research, investigating the potentials of adding an additional sensor, for instance with a 

different zoom configuration — this is possible on the currently used RGB since it has sufficient resolution, to 

monitor the fine fraction in parallel, would be relevant. This would allow the use of the processing pipeline, 

but with different calibration factors or even with a specially adjusted PSD module to adjust for the change in 

spatial resolution. Additionally, a parallel system adjusted for fine fraction monitoring could be positioned on 

the fine fraction output conveyor directly after pre-sieving to potentially optimize the recycling for this specific 

fraction. Even though larger coverage is desired, having continuous monitoring of the largest size fractions 

may nonetheless already be valuable for more timely identification of problematic changes regarding these 

fractions and corresponding adjustment of the machine parameters or input composition. The experiment 

campaigns conducted in this case study indicated that granular convection occurs on the output conveyor, 

which suggests that many large particles are visible to the SBQM system, but further research is required to 

investigate actual correlations between the monitored top-layer share of the stream and the full output stream. 

In this regard, it is also interesting to investigate generalizability, which could not be assessed in this work due 

to its case study nature. 

3.5.3. Processing Time In terms of processing time, the relatively heavy-weight segmentation module turns 

out to be the main bottleneck, limiting the monitoring to 4-minute sampling intervals. Even though this 

frequency is sufficient for current industry demands, for instance in the context of adaptive process control, it 

should be optimized further for adequate live coverage. Alternatively, investigations could focus on 

fluctuations in the material stream — in particular the top layer, as this is being recorded — to determine 

adequate intervals. Nevertheless, looking at the remaining components and the differences of low and high 

verbosity settings, processing times remain stable across configurations and modules. Especially interesting is 

the low analysis duration for the two models given the high-resolution and particle-dense images: 16 and 5 

seconds (median) for the segmentation and PSD prediction models, respectively. 

3.5.4. Preliminary implications for CE developments With respect to the identified implications for CE 

developments, we would like to highlight that these are merely preliminary indications of the positive and 

negative aspects the quality monitoring system may have upon implementation in practice. For a more 

exhaustive view, conducting further analyses such as a holistic life cycle sustainability assessment (LCSA) is 

essential. However, given that the scope of the case study has been to post-hoc describe the technical aspects 

of implementing the developed system while at the same time taking into account the broader aspects of CE, 

it was infeasible to systematically execute an exhaustive LCSA or the like. 

Even though many relevant social impact indicators are described in literature (e.g. (Padilla-Rivera et al., 

2021)), it was only possible to estimate two of them given the data available to us from this case study. Even 

though the indicators regarding employee training and product labeling show slightly positive impacts, it is 

not enough to draw solid conclusions on the overall social impacts. For instance, the consumer health and 

safety has not been taken into account as an indicator, but is relevant in the wider context of using RA for road 

or building construction (Padilla-Rivera et al., 2021) when relying more on the results of the monitoring system 

instead of frequent, but labor-intensive manual sampling. Such trade-offs can be a consideration for future 

social-LCA-focused investigations. 

Similarly, for the environmental aspects, the sector would benefit from an exhaustive LCA with more 

detailed scenario analyses, especially in the context of Germany’s EBV, which further regulates the production 

and application of RA from CDW (Bundesministerium für Umwelt, Klimaschutz, Naturschutz und nukleare 

Sicherheit, 2023). Moreover, since environmental impacts for CDW are highly dependent on transport and the 

substitution potential (Bayram et al., 2025), we consider performing a more detailed LCA beneficial. In 

addition, the present LCA assumes all RA produced with the support of SBQM can be used in concrete 
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production, which may not be realistic as suitability of the material depends on additional properties such as 

eluate concentrations. Future analyses should therefore account for the share of RA meeting all relevant quality 

requirements. Combining these sector-specific aspects with the frequently-overlooked cradle-to-grave impacts 

of high-end technology (Falk et al., 2026) such as GPUs, industrial PCs, but also advanced sensor systems, 

may provide relevant new insights on the environmental trade-offs embedded in the implementation of new 

technology. 

For holistic cost analysis, life cycle costing or similar modeling approaches should be conducted to get a 

more exhaustive view of the actual economic impacts. For instance, due to the post-hoc assessment with 

limited information, we have restricted ourselves to mostly literature data as well as price increase scenarios 

that may not easily occur in practice or are bound to additional costs, such as further laboratory tests for added 

chemical quality factors for high-grade products. However, both findings in literature as well as from this case 

study indicate that higher transparency and an increase in information about the material quality increases the 

consumer’s willingness to pay and trust in the product (Bellini & Bang, 2022; Osei-Tutu et al., 2023; Sterk, 

2023). So, it is safe to argue that there is value in closing the information gap of true material quality. 

4. Conclusions 

In this work, we show that the developed quality monitoring system prototype contributes to data availability 

in the context of monitoring material on the discharge conveyor of a mobile CDW comminution unit. Our 

investigations on recording constancy, data coverage and processing time show overall promising results, but 

further room for optimization remains. With stationarity and high probability for equal variances for most 

experiments, data acquisition has turned out to be generally robust, even in the demanding environment while 

operating the sensor at full resolution throughout the experiments. In terms of data coverage, a clear increase 

in the monitored share of the material stream is possible compared to the manual sampling-based procedure, 

but further research is necessary to identify ways to make valid estimations of the entire stream. This also 

includes an industrial implementation performance validation study for the used prediction model, which is 

considered out of scope in this work. The segmentation module suffers from long processing time compared 

to the other modules, but this can be explained by the heavy data load embedded in the processing of the 

identified particles for the subsequent module. Given the current industry demands, the resulting interval of 4 

minutes is deemed sufficient for a range of applications, such as adaptive process control, but should be 

improved for true live monitoring. 

A first set of preliminary implications for the CE is provided by addressing several social, environmental 

and economic aspects. With slightly positive impacts on employee training and a minor increase in information 

for downstream DPPs, both investigated social aspects give a weakly positive view. For the environmental 

aspects, the use of RA provides environmental benefits in both road and building construction across all 

considered impact categories. The relative reduction potential, however, differs between applications: RA 

deployment in road construction achieves bigger reductions in climate change and material resource impacts 

(12 % and 32 %, respectively), whereas deployment in building construction offers more prominent reductions 

in water use (61 %). The investigated scenarios on the potential economic impacts suggest that such 

investments may be economically viable under the assumptions considered, particularly if increased 

transparency leads to additional revenues without substantial additional (laboratory) testing or processing 

costs. Moreover, similar results can probably be achieved by an RGB sensor with lower resolution, which may 

lower the investment costs significantly. So, in this work, we provide a multi-faceted analysis of the developed 

SBQM system for monitoring the PSD during CDW comminution, which has been implemented in a real 

CDW processing environment on a full-scale mobile comminution machine. This analysis shows the potential 

of our system in the context of the CE and may provide vital insights that support the transitioning towards a 

circular and sustainable construction sector. 
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Appendices 

Appendix 1: Unit process tables 

Table A1. Unit process table of the mobile comminution (pre-sieve, crusher and sieve), without sensor, DE  

Table A2. Unit process table of the mobile comminution (pre-sieve, crusher and sieve), with sensor, DE  

 

Economic flows, in 

Amount  Unit  Product  Activity  Area  Data source  Process  

1.39E+01  MJ  
Diesel, burned in 

building machine  

Market for diesel, 

burned in building 

machine  

GLO  

Lachat et al. (2021); 

Fraj & Idir (2017); 

KLEEMANN GmbH 

(2022)  

Loading into 

crusher and 

371 kWh for 

operation  

1.00E+00  Mg  
Inert waste, for 

final disposal  

Market for inert 

waste, for final 

disposal  

CH  This study  Avoided emissions  

1.00E-01  Mg • km  

Transport, 

freight, lorry 

> 32 Mg, 

EURO4  

Market for 

transport, freight, 

lorry > 32 Mg, 

EURO4  

RER  
Lachat et al. (2021); 

Fraj & Idir (2017)  
Internal transport  

Economic flows, out 

Amount  Unit  Product  Activity  Area  Data source  Process  

1.00E+00  Mg  
RA, without 

sensor  
-  DE  This study  Reference flow  

Economic flows, in 

Amount  Unit  Product  Activity  Area  Data source  Process  

1.39E+01  MJ  
Diesel, burned in 

building machine  

Market for diesel, 

burned in building 

machine  

GLO  

Lachat et al. (2021); 

Fraj & Idir (2017); 

KLEEMANN GmbH 

(2022)  

Loading into 

crusher and 

371 kWh for 

operation  

1.04E-06  Unit  Computer, laptop  
Market for 

computer, laptop  
GLO  Ecoinvent  4 years lifetime  

1.60E-04  kWh  
Electricity, low 

voltage  

Market for 

electricity, low 

voltage  
DE  This study  

19.23 Wh for the 

operation of 

computer and 

sensor  

1.00E+00  Mg  
Inert waste, for 

final disposal  

Market for inert 

waste, for final 

disposal  

CH  This study  Avoided emissions  

1.00E-01  Mg • km  

Transport, 

freight, lorry 

> 32 Mg, 

EURO4  

Market for 

transport, freight, 

lorry > 32 Mg, 

EURO4  

RER  
Lachat et al. (2021); 

Fraj & Idir (2017)  
Internal transport  

Economic flows, out 

Amount  Unit  Product  Activity  Area  Data source  Process  

1.00E+00  Mg  
RA, without 

sensor  
-  DE  This study  Reference flow  
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Appendix 2: Autocorrelation Functions 

 

Figure A1. ACFs for each experiment. Figures (a)–(o) correspond to experiments A1–7, B1–7, and C in that particular 

order. The grey area in each plot refers to the significance bounds (i.e. outside the grey area means the autocorrelation is 

significant) 

  

(a) (b) (c) 

(d) (e) (f) 

(g) (h) (i) 
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Figure A1 (Cont.). ACFs for each experiment. Figures (a)–(o) correspond to experiments A1–7, B1–7, and C in that 

particular order. The grey area in each plot refers to the significance bounds (i.e. outside the grey area means the 

autocorrelation is significant) 

  

(j) (k) (l) 

(m) (n) (o) 
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Appendix 3: Time Series 

 
Figure A2. Time series plots for each experiment. Figures (a)–(o) correspond to experiments A1–7, B1–7, and C in that 

particular order 

(a) 

(b) 

(c) 

(d) 
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Figure A2 (Cont.). Time series plots for each experiment. Figures (a)–(o) correspond to experiments A1–7, B1–7, and 

C in that particular order. 

  

(e) 

(f) 

(g) 

(h) 
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Figure A2 (Cont.). Time series plots for each experiment. Figures (a)–(o) correspond to experiments A1–7, B1–7, and 

C in that particular order. 

  

(i) 

(j) 

(k) 

(l) 
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Figure A2 (Cont.). Time series plots for each experiment. Figures (a)–(o) correspond to experiments A1–7, B1–7, and 

C in that particular order. 

 

(m) 

(n) 

(o) 
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