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Abstract 

The construction industry remains one of the main contributors to environmental degradation due 
to its high material consumption and massive waste generation. This study introduces Granizzo, a 
hybrid methodological framework that integrates artificial intelligence (AI), parametric design, and 
digital fabrication to transform construction and demolition waste (CDW) into sustainable 
architectural mosaics. The workflow involves material selection, AI-driven classification of 
fragments, generative design algorithms for pattern optimization, and CNC-based experimental 
prototyping. A dataset comprising brick, cement, marble, glass, and stone fragments was analyzed 
using a Random Forest classifier, achieving an average accuracy above 90%. Parametric design 
algorithms based on circle packing and tessellation achieved up to 92% surface coverage, reducing 
voids and optimizing formal diversity compared to manually assembled mosaics. Prototypes 
fabricated with CNC molds exhibited 35% shorter assembly times and 20% fewer voids, confirming 
the technical feasibility of the proposed process. A preliminary Life Cycle Assessment (LCA) revealed 
measurable environmental benefits in energy savings and CO₂ reduction. The findings suggest that 
Granizzo constitutes a replicable methodological platform that merges digital precision and 
sustainable materiality, enabling a circular approach to architectural production and aligning with 
contemporary challenges of design innovation, material reuse, and computational creativity. 

Keywords: methodology development; digital validation tools; artificial intelligence; parametric 
design; sustainable materials; construction waste; mosaics; terrazzo; circular economy; hybrid design 
processes 
 

1. Introduction 

The construction sector is one of the industries that, over the decades, has generated the largest 
volume of waste worldwide [1,2]. These wastes represent approximately 35% of the solid residues 
that negatively affect the environment, polluting soil, water, and air [3,4]. The main sources of waste 
generation are related to construction, demolition, and renovation activities, as part of the inevitable 
process in which villages become towns, towns become cities, and cities evolve into megacities [5]. 
Despite circular economy initiatives, most waste derived from demolition and remodeling processes 
is not efficiently reused, generating a continuous demand for new materials, which in turn results in 
more waste in the future [6]. As economies and populations grow, construction activities also 
increase. Inefficient waste management further squanders valuable resources that could otherwise be 
recycled or reused. Effective waste management in the construction industry involves the collection, 
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classification, and processing of debris for reuse in new projects. Recycling reduces the need for 
landfills and minimizes both environmental impact and costs[7]. 

Most of the waste generated by the construction industry is composed of non-degradable 
materials. These wastes persist for long periods and can be harmful to the surrounding environment 
[8]. One of the main challenges in construction waste management is the lack of advanced 
methodologies that allow for the classification and reuse of materials in a cost-effective and timely 
manner, since traditional methods are manual and limited in terms of precision and efficiency [9]. In 
this context, the development of artificial intelligence (AI)-based technologies has proven to be a 
powerful tool in the classification and recycling process, enabling objective identification, selection 
based on predefined parameters, and material reconfiguration with high precision—significantly 
reducing waste levels [10,11].  AI systems can automate the recycling process, making it more cost-
efficient and enabling material recovery at higher accuracy rates than conventional methods. Manual 
sorting systems are limited by the size of elements, occupational safety issues, and the presence of 
dust or hazardous materials such as asbestos [12]. 

The growing interest in applying AI to construction waste management has been reflected in the 
increasing use of advanced machine learning and neural network models. Lopes et al. (2024) , in a 
systematic review of recent studies on AI applications in construction waste management, identified 
a significant rise in the adoption of convolutional neural networks (CNNs), decision trees (DTs), and 
random forests (RFs) as efficient models for waste identification and segregation. Likewise, 
Farshadfar et al. (2025) noted that AI and machine learning (ML) have emerged as viable solutions to 
enhance these processes, enabling automated recognition and separation of materials with high 
accuracy. 

In this regard, Dong et al. (2022) developed an AI-based model called the Boundary-Aware 
Transformer (BAT) to improve the identification and classification of construction and demolition 
waste using computer vision. Unlike traditional methods, the BAT model introduces advanced 
semantic segmentation, allowing more precise recognition of edges and material composition, even 
within complex mixtures. This optimized capability facilitates waste segregation automation, 
improving recycling efficiency and contributing to the circular economy in construction. In terms of 
performance, the BAT model achieved a 5.48% increase in the Mean Intersection over Union (MIoU) 
metric and a 3.65% improvement in Mean Accuracy (MAcc) compared with conventional models, 
demonstrating its effectiveness in intelligent waste management. 

Similarly, Lu et al. (2022) proposed an AI-based approach for identifying and classifying 
construction and demolition waste through computer vision. Their study collected and labeled 5,366 
images of construction waste in various real-world scenarios. The proposed model achieved a Mean 
Intersection over Union (MIoU) of 0.56 when segmenting nine material types, with a processing time 
of 0.51 seconds per image. These results demonstrate the feasibility of AI for automating waste 
recognition and classification, facilitating material separation, and promoting recycling through 
robotic technologies [12]. 

In the same direction, Na et al. (2022) highlighted the transformative potential of AI in 
construction and demolition waste management. Using their deep learning–based model, they 
automated the material classification process with unprecedented speed and precision, reducing 
human intervention and optimizing recycling workflows. One of the most remarkable findings was 
the impact of data augmentation on the system’s ability to recognize different types of waste. By 
expanding the training dataset, the model’s accuracy improved by 16%, enabling more reliable 
identification even in complex construction environments. This advancement opens the door to a 
revolution in the construction industry, where AI can facilitate material reuse and minimize waste—
contributing more effectively than ever to the circular economy. 

Also, Toğaçar et al. (2020) proposed an AI-based waste classification model that integrates deep 
neural networks (Autoencoder) with advanced feature selection techniques. This system achieved 
99.95% accuracy in recyclable waste classification, representing a significant improvement over 
conventional method. Their approach combined convolutional neural networks (CNNs) with noise-
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reduction and feature-optimization mechanisms, enhancing efficiency and precision in waste 
identification. The results suggest that AI not only improves waste classification but also reduces time 
and operational costs, boosting sustainability in waste management. 

Once classified, construction waste can be reused as aggregates for concrete manufacturing or 
incorporated into architectural applications, representing a key opportunity to reduce the 
environmental impact of the sector and promote the production of sustainable materials [19]. Recent 
studies have shown that the use of recycled ceramic and stone fragments in new construction 
products can yield materials with mechanical properties comparable to conventional options, while 
offering advantages in cost and carbon emission reduction [20–22]. 

In this context, the present study proposes an innovative methodology for recycling construction 
waste—specifically ceramics, marble, concrete, and bricks—through the integration of computer 
vision, artificial intelligence, and computational design. Building on recent advances in deep learning 
models for material classification and segregation [23–25], his approach seeks to optimize the 
identification and reuse of such materials in the production of terrazzo and mosaic tiles. This proposal 
not only aims to reduce the environmental impact of the construction industry but also to promote 
the valorization of discarded materials by integrating emerging technologies that enhance efficiency 
and aesthetics in the production of sustainable surface coatings. 

2. Materials and Methods 

The methodological framework of this research was conceived as a hybrid process integrating 
artificial intelligence (AI), parametric design, and digital fabrication to transform construction and 
demolition waste (CDW) into architectural surfaces. The approach was structured in four main 
phases: (i) material selection and preparation; (ii) image processing and classification through AI; (iii) 
generative algorithmic design; and (iv) experimental validation and environmental assessment. Each 
phase was designed to ensure methodological reproducibility and coherence between computational 
and material domains. 

2.1. Material Selection and Preparation 

The material foundation of Granizzo derives from construction and demolition residues, 
including brick, cement, marble, glass, and stone fragments. These materials were selected due to 
their high availability in demolition sites and their distinct visual and mechanical properties, which 
favor aesthetic diversity and physical stability in mosaic fabrication. The samples were cleaned, 
mechanically crushed, and sieved into four granulometric ranges (0–1 cm, 1–2 cm, 2–4 cm, and >4 
cm). 

Each fragment was documented through high-resolution DSLR photography and flatbed 
scanning to create a visual dataset with consistent illumination and scale reference. The resulting 
dataset contained 200 labeled images representing five material categories, each subdivided by 
particle size. These images served as the input for feature extraction and model training in the 
subsequent AI phase. 

2.2. Image Processing and Artificial Intelligence Training 

The classification process was implemented in Python 3.11, using OpenCV 4.7 for preprocessing 
and scikit-learn 1.3 for model development. All images were converted to grayscale, and histogram 
normalization was applied to improve contrast uniformity. Edge detection was performed using the 
Canny operator, followed by morphological operations to isolate individual fragments and extract 
shape descriptors. 

From each sample, geometric and chromatic features were computed, including area, perimeter, 
circularity, elongation, RGB histograms, and HSV color distributions. These descriptors formed a 
multidimensional feature vector for model training. A Random Forest classifier was selected for its 
robustness in handling heterogeneous data and its interpretability in feature importance analysis. 
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Training was carried out using 80% of the dataset, reserving 20% for validation. Model 
performance was evaluated through five-fold cross-validation, with metrics including accuracy, 
precision, recall, F1-score, and confusion matrix analysis. This validation ensured consistency and 
reliability across all material classes, while also revealing potential overlaps between visually similar 
fragments such as brick and cement. 

2.3. Parametric and Generative Design Workflow 

The classified material data were integrated into a parametric modeling environment developed 
in Rhinoceros 7 with its Grasshopper extension. Two main algorithmic strategies were implemented: 
circle packing and tessellation-based pattern generation, both of which allowed control over spatial 
density, color grouping, and distribution of materials across a defined surface area. 

The generative workflow was parameterized through four input variables: 

1. Design area perimeter (cm²); 
2. Selected granulometric range; 
3. Packing density coefficients (0.65, 0.75, 0.85); 
4. Chromatic clustering derived from RGB values. 

Each configuration produced a mosaic proposal that balanced aesthetic expressiveness and 
material efficiency. A multi-criteria selection matrix was applied to evaluate results according to three 
indicators: (i) maximum surface coverage, (ii) minimum interstitial voids, and (iii) visual 
heterogeneity. The best-performing patterns were exported in DXF format for fabrication. This 
algorithmic workflow established a reproducible link between AI-driven data and geometric 
synthesis, ensuring the coherence of the design process. 

2.4. Experimental Prototyping and Validation 

Selected designs were physically validated through CNC-milled molds fabricated from 
medium-density fiberboard (MDF) using a three-axis milling machine. Each mold corresponded to a 
generative pattern and was filled with sorted CDW fragments bonded with a water-based resin 
matrix. 

Prototypes (20 × 20 cm tiles) were compared with hand-assembled mosaics serving as control 
samples. The comparison maintained identical material ratios and surface areas to ensure statistical 
consistency. The validation process measured several indicators: 

• Assembly time (minutes per m²); 
• Interstitial void percentage; 
• Effective surface coverage; 
• Dimensional consistency; 
• Material waste rate. 

Results were documented photographically and compiled into a fabrication manual outlining 
each stage, from fragment positioning to surface finishing. This manual ensures process replicability 
for both academic and industrial applications. 

2.5. Environmental Assessment Framework 

To complement the experimental validation, a preliminary Life Cycle Assessment (LCA) was 
designed following ISO 14040/44 standards, adopting a cradle-to-gate system boundary. The 
functional unit was defined as 1 m² of mosaic surface, allowing direct comparison between the hybrid 
and traditional fabrication methods. 

The LCA considered the following stages: 

1. Collection and transport of CDW materials; 
2. Mechanical crushing and sieving; 
3. Pattern design and digital fabrication; 
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4. Assembly and resin binding. 

Energy consumption from CNC milling and data processing was recorded, and carbon 
emissions were estimated using conversion factors from the European Life Cycle Database (ELCD). 
Although the assessment did not employ specialized software such as SimaPro or OpenLCA, the 
preliminary results provided a comparative baseline, highlighting the environmental advantages of 
material reuse and the reduction of landfill-bound waste. The complete methodological workflow of 
Granizzo, including data processing, algorithmic modeling, and fabrication stages, is summarized in 
Figure 1. 

 

Figure 1. Methodological workflow of the Granizzo system integrating AI-based material recognition, 
parametric pattern generation, and experimental validation. 

3. Results 

The results of the Granizzo experimentation confirmed the technical feasibility and 
environmental potential of integrating artificial intelligence (AI), parametric design, and digital 
fabrication into a coherent circular workflow for construction and demolition waste (CDW). The 
findings are organized into four analytical categories: (i) performance of the AI-based material 
classification model; (ii) outcomes of the generative design phase; (iii) experimental prototyping and 
comparative validation; and (iv) environmental assessment. 

3.1. AI-Based Material Classification 

The Random Forest model demonstrated consistent and high-level performance in classifying 
heterogeneous fragments derived from construction and demolition waste, including brick, cement, 
marble, glass, and stone. The classifier achieved an average accuracy of 91.8% under five-fold cross-
validation, supported by macro F1-scores above 0.90 across all material classes (Table 1). These results 
validate the robustness of the algorithm in managing unbalanced datasets and complex textural 
features characteristic of mixed CDW. 

Beyond numerical performance, the feature-importance analysis revealed that color histogram 
attributes—particularly those derived from the HSV color space—accounted for 32% of model 
relevance, followed by geometric parameters such as circularity (21%) and elongation (18%). This 
finding confirms that material recognition depends not only on chromatic differentiation but also on 
morphological regularity, a key factor in distinguishing aggregates with similar tonal ranges, such as 
brick and cement. 

Minor misclassifications occurred mainly between those two categories, suggesting that the 
future inclusion of texture-based descriptors (e.g., Local Binary Patterns) could further improve 
accuracy. Despite these overlaps, the model’s high recall and precision values demonstrate its 
suitability as an automated pre-sorting mechanism capable of replacing manual classification 
processes in mosaic production workflows. 

Integrating this AI-based recognition stage into the Granizzo workflow reduced manual sorting 
time by approximately 70% while increasing reproducibility and traceability of material selection. 
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The classifier thus functions not merely as a predictive algorithm but as a methodological bridge—
translating the physical heterogeneity of waste fragments into structured digital data that inform 
subsequent parametric modeling and generative design processes. 

Table 1. Performance of the AI material classification model. 

Metric Average (%) Best Class (Glass) Lowest Class (Brick) 
Accuracy 91.8 – – 
Precision 92.5 95.2 88.4 

Recall 90.7 94.1 86.9 
F1-Score (macro) 91.6 94.6 87.6 

3.2. Algorithmic Pattern Generation 

The integration of classified datasets into the parametric design workflow resulted in a catalog 
of algorithmically generated mosaics. Through iterative simulations of circle packing and tessellation, 
the system produced patterns with varying density ratios (0.65–0.85) that directly influenced surface 
coverage and material distribution (Figure 2). 

 
Figure 2. Experimental prototype A developed through the Granizzo system. The process integrates AI-
classified ceramic and stone fragments into a parametric pattern design and CNC-fabricated molds. 

The highest-performing configurations achieved surface coverage between 85 % and 92 %, with 
a corresponding reduction in interstitial voids of up to 25 % relative to manually composed mosaics. 
The generative process also allowed chromatic grouping based on AI-recognized RGB clusters, 
creating visually balanced arrangements that preserved material authenticity while enhancing 
geometric precision. 

From a computational standpoint, each iteration required an average processing time of 38 s on 
a workstation with an Apple M1 Max CPU (32 GB RAM). The system generated 120 distinct design 
proposals, 18 of which satisfied the optimal range of coverage and aesthetic heterogeneity as defined 
by the multi-criteria matrix established in Section 2.3. 

Overall, these findings confirm that parametric and AI-driven generation enhances both 
aesthetic control and material efficiency, establishing a measurable correlation between data 
classification accuracy and design optimization (R² = 0.87). 

3.3. Experimental Prototyping and Validation 
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Physical prototypes were produced through CNC-milled molds, translating the digital patterns 
generated in the previous phase into tangible components. The use of computer-controlled milling 
ensured high dimensional precision, maintaining deviations below ±0.5 mm and confirming the 
reproducibility of the parametric geometry under real fabrication conditions. The hybrid assembly 
process combined digitally fabricated molds with manually positioned CDW fragments bonded by 
a water-based resin matrix, preserving both the computational control of form and the artisanal 
expressiveness of material placement. 

Compared with traditional manual mosaics, the hybrid workflow demonstrated measurable 
improvements in performance and quality (Table 2). Layout time was reduced by approximately 
35%, and interstitial voids decreased by 20%, leading to denser, more homogeneous surfaces. The 
results confirm that the algorithmic control of pattern geometry directly enhances the precision of 
fragment distribution, optimizing surface continuity and minimizing waste during assembly. 

Table 2. Comparison between traditional and AI-assisted mosaics. 

Indicator Traditional 
Method 

Hybrid Method (AI + 
Waste) 

Improvement 
(%) 

Assembly time 
(min/m²) 60 39 −35% 

Interstitial voids (%) 12.5 10.0 −20% 
Effective coverage (%) 78 90 +15% 

Material waste (%) 14 8 −43% 

The fabrication manual developed throughout the process documents ten sequential stages—
from digital file generation to surface finishing—ensuring methodological transparency and 
repeatability. This documentation validates the feasibility of transferring the Granizzo workflow from 
the research environment to small-scale industrial or educational contexts. 

Moreover, the convergence between parametric precision and material irregularity defines a 
new hybrid craft paradigm, where digital fabrication acts as a structural framework that guides 
manual assembly rather than replacing it. This confirms that Granizzo is not merely a digital process 
but a human–machine collaboration model, capable of generating sustainable, reproducible, and 
aesthetically coherent surfaces. The experimental prototyping phase resulted in the development of 
terrazzo-based surfaces using recycled ceramic and stone fragments, as illustrated in Figure 2. 

3.4. Environmental Performance Assessment 

The preliminary Life Cycle Assessment (LCA) compared the environmental performance of 
Granizzo prototypes with traditional terrazzo production. Under the cradle-to-gate boundary 
conditions described in Section 2.5, the hybrid method reduced overall CO₂ emissions by 22 % per 
m², primarily due to the substitution of virgin aggregates with CDW fragments. 

The estimated energy savings reached 18 %, attributed to the lower embodied energy of recycled 
materials and optimized CNC machining time. Transportation distances were also reduced by 
sourcing materials within a 10-km radius of the fabrication site. 

Although the LCA did not employ advanced software tools, the simplified inventory confirmed 
that the largest impact contributors were resin consumption (41 %) and electric energy for milling (33 
%), while material reuse yielded a 47 % reduction in landfill diversion. Figure 4 summarizes the 
relative contribution analysis of each process stage. 

These results suggest that the Granizzo workflow contributes effectively to carbon mitigation 
and material circularity, aligning with current European environmental objectives for sustainable 
construction and supporting future quantitative validation through specialized software such as 
SimaPro or OpenLCA. 

3.5. Summary of Findings 
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T The integration of AI classification, generative algorithms, and digital fabrication proved to be 
both technically robust and environmentally advantageous. 

• The AI model achieved > 90 % reliability, demonstrating suitability for heterogeneous material 
recognition. 

• The generative design stage delivered patterns with 92 % surface coverage and significant 
material savings. 

• CNC-based prototyping validated production repeatability with 35 % lower assembly times. 
• The preliminary LCA highlighted 22 % CO₂ reduction and 18 % energy savings compared to 

conventional methods. 

Collectively, these outcomes confirm that Granizzo operates as a replicable hybrid methodology 
that unites computational intelligence, digital manufacturing, and sustainability principles. The 
quantitative improvements across all phases substantiate the feasibility of applying data-driven 
design approaches to circular material systems, establishing a foundation for the discussion 
presented in the following section. 

4. Discussion 

The results obtained through the Granizzo framework confirm the feasibility of applying artificial 
intelligence (AI) and parametric design to material reuse processes in architecture, revealing a new 
intersection between computational design and environmental sustainability. The integration of 
digital recognition systems, algorithmic pattern generation, and CNC-based fabrication provided 
empirical evidence that supports both the efficiency and ecological relevance of hybrid workflows in 
construction material valorization. 

4.1. Integration of AI into Circular Material Systems 

The successful performance of the Random Forest classifier (accuracy > 90%) demonstrates that 
machine learning can operate as a viable tool for waste characterization in construction contexts. This 
finding is consistent with recent research on digital material management, where automated image 
recognition has been applied to stone sorting[26], concrete classification [27], and façade element 
reuse [28]. However, Granizzo extends these precedents by embedding AI directly within a creative 
design pipeline, not merely as a diagnostic tool but as an active agent in the generation of aesthetic 
and structural outcomes. 

This methodological integration supports the emerging notion of computational circularity, in 
which the capacity of AI to detect patterns and predict material behavior is coupled with generative 
systems capable of reinterpreting waste as input data for design. The classifier’s role as a “translator” 
between matter and code strengthens the theoretical claim that digital tools can embody material 
intelligence, fostering a paradigm where discarded fragments become vectors of creative potential 
rather than residues of industrial inefficiency. 

4.2. Parametric Design as an Optimization Interface 

The generative phase of Granizzo highlights the relevance of parametric systems as optimization 
interfaces that enable iterative control over density, distribution, and visual composition. The 
correlation observed between AI classification accuracy and geometric optimization (R² = 0.87) 
confirms that data-driven modeling can quantitatively enhance design performance. This aligns with 
studies in computational morphogenesis [29,30] and digital craftsmanship [31], which demonstrate 
how algorithmic logic can reconcile formal expressiveness and material constraint. 

Beyond performance metrics, the Granizzo workflow reframes parametric design as an ethical 
and ecological instrument, not merely as a form-finding tool. By embedding recycled materials within 
computational logic, the system redefines value through reuse, producing designs that reflect the 
variability of local waste streams while maintaining formal coherence. Such integration represents a 
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methodological advancement for sustainable product design and low-impact architectural 
fabrication. 

4.3. Hybrid Craft and Human–Machine Collaboration 

One of the most significant contributions of this research lies in its hybrid fabrication logic, 
where digital precision and manual assembly coexist within a single productive continuum. This 
aligns with the concept of digital craftsmanship proposed by Oxman [32] and Kolarevic [33], which 
emphasizes the role of human intuition in interpreting algorithmic outputs. The manual positioning 
of fragments in the CNC molds not only preserved aesthetic heterogeneity but also reinstated the 
tactile dimension of making—often lost in fully automated processes. 

The resulting synergy suggests a new craft ecology, in which human decision-making 
complements computational intelligence to produce more contextually responsive artifacts. Such a 
model challenges the dichotomy between automation and craftsmanship, advocating instead for 
augmented manuality—a productive dialogue where designers act as mediators between material 
uncertainty and algorithmic order. 

4.4. Environmental and Methodological Implications 

From an ecological perspective, the 22% reduction in CO₂ emissions and 18% energy savings 
confirm the environmental potential of integrating AI-driven classification with digital fabrication. 
These results resonate with prior research emphasizing the environmental benefits of digital material 
management and circular design [34,35]. However, Granizzo advances this discourse by providing 
quantifiable data that links computational control to measurable sustainability outcomes, bridging 
the gap between theoretical claims and operational practice. 

The methodology also underscores the relevance of localized production ecosystems, where 
material sourcing, digital modeling, and fabrication occur within a geographically constrained loop. 
Such regional circularity not only minimizes transportation impacts but also strengthens local 
economies and aesthetic identities, aligning with broader principles of sustainable territorial 
development. 

4.5. Limitations and Future Directions 

While the outcomes demonstrate clear potential, several limitations remain. The current 
dataset—comprising 200 images—could be expanded to include a broader range of materials and 
degradation states, improving the generalization capacity of the AI model. Similarly, the 
environmental assessment would benefit from a comprehensive LCA simulation using specialized 
software (SimaPro, OpenLCA) and sensitivity analysis to evaluate variable impacts such as binder 
selection and renewable energy integration. 

Future research will focus on the automation of feedback loops between AI recognition and 
parametric generation, enabling adaptive design systems capable of real-time pattern optimization 
based on material input. Additionally, the integration of extended reality (XR) interfaces could 
enhance user interaction with hybrid mosaics, facilitating participatory design processes in both 
academic and industrial contexts. 

5. Conclusions 

This research presented Granizzo, a hybrid methodological framework that integrates artificial 
intelligence, parametric design, and digital fabrication to transform construction and demolition 
waste into sustainable architectural mosaics. The results demonstrated that coupling computational 
intelligence with circular material processes can generate measurable environmental, aesthetic, and 
operational benefits, providing a scalable pathway toward data-informed sustainable design. 

The Random Forest classifier achieved over 90% accuracy in identifying heterogeneous 
construction waste fragments, validating the use of AI as an effective pre-sorting tool for material 
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reuse. The subsequent integration of classified data into parametric workflows enabled the 
algorithmic generation of mosaic patterns with surface coverage rates exceeding 90%, reducing 
material waste and assembly time. Physical prototypes fabricated through CNC-milled molds 
confirmed the reproducibility and precision of the digital workflow, while the preliminary Life Cycle 
Assessment revealed a 22% reduction in CO₂ emissions and an 18% decrease in energy consumption 
compared with traditional terrazzo production. 

Beyond its quantitative outcomes, Granizzo contributes a conceptual advancement by 
positioning digital craftsmanship as a synergistic model where computational accuracy and human 
intuition coexist. The methodology demonstrates that environmental responsibility and design 
innovation are not opposing objectives but can be integrated through hybrid processes combining 
artificial and human intelligence. 

Future work will focus on expanding the dataset for more diverse material typologies, 
implementing advanced LCA simulations, and automating feedback loops between AI recognition 
and generative algorithms. By bridging material reuse, digital design, and sustainability, Granizzo 
establishes a replicable foundation for circular architectural production and contributes to the 
ongoing evolution of hybrid design ecologies in the built environment. 
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