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Efficient management of construction and demolition waste (CDW) is essential for enhancing

resource recovery. The lack of publicly available, high-quality datasets for waste recognition limits

the development and adoption of automated waste handling solutions. To facilitate data sharing and
reuse, this study introduces *CDW-Seg’, a benchmark dataset for class-wise segmentation of CDW.

The dataset comprises high-resolution images captured at authentic construction sites, featuring skip
bins filled with a diverse mixture of CDW materials in-the-wild. It includes 5,413 manually annotated
objects across ten categories: concrete, fill dirt, timber, hard plastic, soft plastic, steel, fabric,
cardboard, plasterboard, and the skip bin, representing a total of 2,492,021,189 pixels. Each object was
meticulously annotated through semantic segmentation, providing reliable ground-truth labels. To
demonstrate the applicability of the dataset, an adapter-based fine-tuning approach was implemented
using a hierarchical Vision Transformer, ensuring computational efficiency suitable for deployment in
automated waste handling scenarios. The CDW-Seg has been made publicly accessible to promote data
sharing, facilitate further research, and support the development of automated solutions for resource
recovery.

Background & Summary
The construction industry is crucial in driving global economic growth, significantly contributing to gross
domestic product!. Rapid population growth, urbanisation, and industrialisation have intensified the demand
for housing, infrastructure, and urban environments® This surge in demand leads to substantial amounts of
construction and demolition waste (CDW) generated from building construction, renovation, demolition,
site clearance, and excavation activities**. CDW typically consists of large, heavy debris such as bricks, con-
crete, timber, metals, plastics, plasterboard, glass, and cardboard, presenting considerable challenges in waste
management and resource recovery>®. Efficient management and valorisation of CDW are essential for mini-
mising environmental impacts and promoting sustainable development, aligning with broader efforts in waste
management’.
CDW constitutes a significant waste stream in many countries, consuming around 40% of the total waste by
: weight!. For instance, it contributed 39% of solid waste across all sectors in Australia in 2022-2023% and 38.4%
of total solid waste in Europe in 2022°. The improper management of CDW poses significant environmental
challenges'. Landfilling CDW leads to extensive land degradation, loss of valuable landfill space, and increased
greenhouse gas emissions due to the decomposition of organic materials and the energy-intensive production
of new construction materials to replace discarded ones!!. Additionally, the leaching of hazardous substances
such as heavy metals, asbestos, and chemical additives from improperly disposed waste can contaminate soil
and groundwater, posing risks to ecosystems and human health!?. The extraction of virgin raw materials to meet
construction demands further exacerbates deforestation, biodiversity loss, and carbon emissions, intensifying
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climate change impacts'®. In contrast, recycling and reusing CDW can significantly reduce these environmental
burdens by conserving natural resources, lowering energy consumption, and mitigating pollution'*.

A significant portion of waste generated from large-scale construction and demolition projects is typi-
cally processed on-site or through off-site material recovery facilities (MRFs) to recover valuable materials'.
However, mixed waste loads originating from minor construction and demolition projects are often sent directly
to landfills'®. This is primarily due to the challenges of handling mixed waste, which relies heavily on manual
labour'”. The manual sorting process is not only labour-intensive but also time-consuming and costly, making it
less economically viable. Furthermore, manual waste handling is prone to occupational safety and health risks
due to prolonged exposure to contaminated materials'®.

The implementation of automation at MRFs has emerged as a viable and effective approach to overcome the
challenges in conventional waste handling'®. Recent advancements in automated systems powered by artificial intel-
ligence, deep learning, computer vision, and robotics offer promising solutions for efficient waste handling”-**. Deep
learning models based on computer vision can analyse the visual attributes of mixed waste streams to recognise and
categorise materials accurately®*. Once these materials are identified, robotic systems can be deployed to perform
sorting tasks®. Segmentation techniques are particularly crucial in this context, as they enable fine-grained waste rec-
ognition by providing spatial geometry and pixel-level information on the boundaries of waste materials?. Integrating
such advanced technologies into MRF operations can significantly optimise the CDW management process. This can
reduce the reliance on manual labour while improving safety and operational efficiency’.

Recent studies have increasingly focused on leverage of computer vision-based deep learning models to
identify and localise CDW by analysing their visual attributes through image data*"*. However, training such
state-of-the-art models requires extensive, high-quality datasets to ensure robust and accurate performance
across diverse scenarios?. These datasets must capture various visual features, environmental conditions, and
object variations to enable models to generalise effectively for real-world applications®®. Obtaining such datasets
presents significant challenges. Collection of large volumes of labelled data is time-intensive. It often demands
specialised expertise, particularly for complex tasks such as segmentation, which require detailed, pixel-level
annotations®. Furthermore, securing access to diverse and representative data can be challenging, especially
in domains like construction and demolition. These factors highlight the urgent need for collaborative efforts
in dataset creation and advanced computer vision models to automate waste recognition that can be utilised in
real-world applications. Table 1 provides a summary of most recent studies that have utilised computer vision
models for segmentation and detection of CDW, along with details of the datasets used in those studies.

The datasets utilised in recent studies are diverse and captured from various perspectives and environments,
offering varying levels of complexity and realism. Studies by Dong, et al.' and Driouache, et al.** employed datasets
with images of truckloads containing construction waste captured from weigh bridges, providing a broader per-
spective on mixed and single waste streams. However, the datasets are not accessible for further reseach and appli-
cations. In contrast, several other studies used datasets with images of individual or small to medium-sized waste
objects in lower to higher cluttered levels, often arranged on controlled or structured surfaces?®**2. Additionally,
some datasets focus on recycled materials with specific particle sizes®, offering insights into fine-grained material
handling but lacking the complexity of heterogeneous waste streams. While these datasets showcase a range of
imaging conditions, there is a notable variation in their ability to replicate real-world scenarios. Datasets contain-
ing small or single waste objects on uniform backgrounds may simplify the task for computer vision models but
fail to capture the details of mixed CDW typically encountered in practical scenarios.

This study employs a dataset named ‘CDW-Seg™**, specifically designed to overcome the limitations posed by
the lack of publicly available datasets for the segmentation of CDW in-the-wild. CDW-Seg**, comprising images
of skip bins filled with CDW captured at authentic construction sites, represents the intricate and cluttered
nature of real-world CDW scenarios. By addressing the challenges of class diversity, mixed material composi-
tion, and varying environmental conditions, CDW-Seg** provides a robust benchmark for training and evalu-
ating advanced computer vision models.

Methods

Data sources. A comprehensive and high-quality dataset is essential for training computer vision models,
enabling effective feature learning and generalisation to complex real-world scenarios*'. However, publicly avail-
able datasets featuring CDW in authentic cluttered conditions are limited. This presents a significant challenge
for developing automated waste recognition systems. To bridge this gap, we gathered 430 high-resolution images
depicting skip bins filled with mixed CDW collected from diverse active construction sites. These images were
captured at various active construction sites around Melbourne, Australia.

The images were deliberately captured from multiple angles, perspectives, and distances, including top-down,
oblique, and side views, to represent the visual variability typically encountered in CDW scenarios. This diver-
sity was incorporated to simulate the range of viewpoints that would be expected from CCTV and monitoring
systems used at MRFs, where camera placement, orientation, and hardware can vary widely. The images were
taken using a standard mobile phone camera, which provided flexibility in positioning and capturing images
under various natural lighting conditions and backgrounds, adding to the dataset’s practicality and applicability
across different waste monitoring environments. This intentional variation enhances the potential of the dataset
for training robust models suitable for deployment across a wide range of real-world MRF contexts.

The dataset focuses on skip bins and medium-range perspectives rather than full truckload views. This choice
was made to capture detailed visual features of individual and overlapping waste materials, which are often not
detectable from high-mounted surveillance systems. Such close-up imagery is particularly relevant for training
models intended for applications in robotic sorting, stationary inspection stations, or drop-off points, where
fine-grained, class-specific segmentation is critical.
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Source Methods Nature of the dataset Computer vision models
D 15 . . Images of construction waste truckloads captured from the perspective | CNNs, Attention modules,
ong, et al. Semantic segmentation £ ioh brid
of a weigh bridge Transformers
Driouache, et al.* Semantic segmentation Images of dump trucks captured from the perspective of a weigh bridge | DeepLabv3+

Sirimewan, et al.*°

Semantic segmentation

Images of CDW deposited skip bins captured at real construction sites

DeepLabv3+ and U-Net

Sirimewan, et al.”®

Semantic segmentation

Images of CDW deposited skip bins captured at real construction sites

Adversarial dual-view networks

Wang, et al.*!

Semantic segmentation

Images of construction waste collected from different sources/
synthetically generated images

Transformer-based architectures

Dong, et al.*®

Semantic segmentation

Images of construction waste truckloads captured from the perspective
of a weigh bridge

Transformer-based architecture

Lu and Chen®

Semantic segmentation

Images of construction waste truckloads captured from the perspective
of a weigh bridge

DeepLabv3+

Sirimewan, et al.'”

Prompt-guided segmentation

Images of CDW deposited skip bins captured at real construction sites

Segment Anything Model

Wu, et al.?

Instance segmentation

Images of recycled aggregates (particle size range 0 mm - 45 mm)

U-Net-based multi-star algorithm

Prasad and Arashpour®

Instance segmentation

Images of recyclable objects arranged on a flat, dark surface

Mask-RCNN-based fusion model

Prasad and Arashpour?®

Instance segmentation

Images of recyclable objects arranged on a flat, dark surface

YOLO-seg versions and FastSAM

Prasad and Arashpour®

Instance segmentation

Images of recyclable objects arranged on a flat, dark surface

Mask-RCNN-based fusion model

Na, et al.* Instance segmentation Images of waste collected at dump site and through web scraping YOLACT
Heo and Na* Segmentation Images of construction waste captured on different backgrounds Segment Anything Model
Demetriou, et al. Object detection Images of waste objects arranged on a conveyor belt YOLOVS
Yang, et al.*! Object detection Images of construction waste objects arranged on a structured surface FE-YOLO

Demetriou, et al.”

Object detection

Images of waste objects arranged on a conveyor belt

SSD, YOLO, Faster-RCNN

Li, et al.*

Object detection

Images of CDW objects arranged on a conveyor belt

Mask-RCNN-based fusion model

Chen, et al.”

Object detection and sorting

Images of waste objectes arranged on a flat white surface

Morphology-based segmentation

Table 1. Recent studies on automated CDW recognition.

Data processing. Following data collection, a careful preprocessing step was performed to ensure dataset quality.
Images that exhibited poor visual clarity or inadequate resolution were reviewed and excluded, leaving a refined set of
high-resolution images (each 3000 x 4000 pixels) clearly capturing the boundaries and visual characteristics necessary
for precise annotation. The dataset comprises 5,413 annotated waste objects, collectively covering a total pixel area of
2,492,021,189 pixels, distributed across ten distinct classes commonly encountered in CDW contexts. These include
concrete, fill dirt, timber, hard plastic, soft plastic, steel, fabric, cardboard, plasterboard, and the skip bin itself. The
classes were selected based on their prevalence and importance in construction and demolition activities.

To generate accurate ground-truth segmentation masks, manual annotation was performed using Labelme®®,
an open-source annotation tool. This detailed and labor-intensive process involved carefully tracing polygons
around the edges of individual waste materials within each image and assigning class-wise labels using distinct
colours. Annotation of an individual image required an average of 25 minutes, highlighting the detailed effort
invested to ensure the accuracy of annotations. Annotation was carried out following a semantic segmentation
approach, which involves assigning each pixel within an image to a specific category label, thereby enabling
detailed differentiation between individual waste materials and the background. Pixel-level masks generated
through semantic segmentation provide precise ground-truth labels for each image, facilitating model training
for accurate identification and localization of waste materials. The annotated categories reflect the typical compo-
sition of CDW, enhancing the relevance and applicability of the dataset for automated waste handling practices
within the construction and demolition industry.

The annotated waste materials in these masks were represented using colour-coded regions correspond-
ing to their assigned categories, as presented in Fig. 1. The unannotated areas were visually indicated in
black. This colour-coding scheme enhanced the interpretability of the segmentation results, effectively
distinguishing annotated categories from the unannotated regions. Figure 1 presents a sample of the
CDW-Seg**, including source images, corresponding ground-truths, description of classes and class distri-
bution histograms. Following annotation, the dataset was partitioned into three subsets for training (75%),
validation (15%), and testing (10%) to systematically facilitate the training, validation, and testing pro-
cesses. This partitioning strategy ensures balanced data distribution across subsets, enhancing the robust-
ness and generalisation capabilities of the trained model.

Data Record
The CDW-Seg dataset is available at Figshare (https://doi.org/10.6084/m9.figshare.28573229)**. The dataset con-
sists of three main folders: Original_Images_and_Annotation_Files, Ground_Truths_VOC_Format and Ground_
Truths_COCO_Format as presented in Fig. 2. Since this study employs semantic segmentation, the ground-truth
annotations are primarily provided in Pascal VOC format®*. However, to enhance usability and facilitate further
research, the dataset has also been converted into the COCO format®’. The structured dataset ensures compat-
ibility with various computer vision-based deep learning networks, supporting a wide range of segmentation
tasks, including semantic segmentation and instance segmentation.

The Original_Images_and_Annotation_Files folder contains high-resolution images and their corresponding
manually annotated JSON files. The Ground_Truths_VOC_Format folder includes subfolders for low-resolution
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Distribution Histogram

Class Description Colour 1000
Concrete Pieces of concrete/ mortar . 853 892
792
Fill dirt Stone/ gravel/ aggregate/ rubble/ soil/ sand . 8001 763
0 695
Timber Wood/timber (processed wood)/ chipboard - E_
. /PVC - § 600
Hard plastic = HDPE/PV ; 52
Softplastic | LDPE/PET or PETE/ polystyrene . £
2 400
Steel Ferrous/ aluminium/ non-ferrous - :_“93 306 295
Fabric Carpets/ cushions . 200 174 161
Cardboard Anything made from cardboard and paper -
0 T T T T T T T T T
Plasterboard | Plasterboard or drywall . & & & & & g &z\ R
¢ D & N N 2 o o'
Bin Bin that collects and transports waste to . & = % Q@«"Q @&Q ¢ c;o‘bv q\ﬁ“‘v

MRFs

CDW Classes

Fig. 1 Overview of the dataset. (a) source images, (b) ground-truths (c) ground-truths overlaid on source
images (d) description of classes and (e) class distribution histogram.

images, semantic and instance segmentation masks, and visual overlays to support interpretability. The Ground_
Truths_COCO_Format folder contains the same image set, overlay visualisations, and a comprehensive annota-
tions.json file following the COCO standard. The availability of both Pascal VOC and COCO formats ensures
that researchers can apply different deep learning architectures to the dataset, enhancing the scope of automated
CDW recognition tasks.

Technical Validation

The CDW-Seg dataset™ was developed to support high-quality, class-wise segmentation of CDW materials.
We used a representative model architecture and evaluation pipeline to validate the utility and reliability of the
dataset for training segmentation models as detailed below.

The recent studies have explored various deep learning architectures for CDW recognition including con-
volutional neural networks (CNNs) and transformer-based architectures. However, the potential of large-scale
vision foundation models remains underexplored in this domain. Our technical validation focuses on demon-
strating that the CDW-Seg dataset™ is suitable for use with such models, particularly in resource-constrained
environments like MRFs. We employed a fine-tuned version of the Segment Anything Model 2 (SAM2)*® with
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a hierarchical Vision Transformer (hiera-ViT)-based image encoder to validate the applicability of the dataset
as illustrated in Fig. 3. The encoder which is pretrained on large-scale datasets, was kept frozen to preserve
general visual features, while lightweight adapters were introduced in each stage for task-specific fine-tuning
as illustrated in Fig. 3. The segmentation labels used for training and validation were sourced directly from the
SegmentationClassPNG folder of the dataset in Pascal VOC format, which ensures consistency with the anno-
tations described in the Data Records section.
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Fig.4 (a) Mean segmentation performance, (b) confusion matrix and (c) class-wise segmentation performance
in terms of precision, recall and F1-score values.

The dataset supports both semantic and instance segmentation tasks. Semantic segmentation masks were
manually annotated using Labelme®, assigning a unique class label to each pixel. This level of granularity enables
the development of high-precision models, which we tested using standard evalution metrics. To assess annota-
tion quality and segmentation consistency, we measured the precision (Eq. 1), recall (Eq. 2), F1-score (Eq. 3), and
weighted intersection over union (WIoU) (Eq. 4) between the predicted and ground-truth masks. These metrics
provide a robust evaluation of how well the dataset enables a model to learn accurate segmentation boundaries.

o True Positives(TP)
Precision =
True Positives(TP) + False Positives(FP) (1
Recall = _r

TP + FN ()

Flscore = L
2TP + FP + FN (3)

¢ - TP

wiou = L. et TR)

C Yo - (TR + FR + FN,) )

where c is the number of classes, w, is the weight for each class, whereas TP, FP.and FN. are the true positives,
false positives, and false negatives for class c, respectively.

SCIENTIFIC DATA | (2025) 12:885 | https://doi.org/10.1038/s41597-025-05243-x 6


https://doi.org/10.1038/s41597-025-05243-x

www.nature.com/scientificdata/

(#1) (#2) (#3) (#4) (#5)

Concrete . Fill Dirt . Timber . Hard Plastic . Soft Plastic .

Steel B Fabric . Cardboard  [Jj ' Plasterboard B sBn []

Fig. 5 Qualitative results of CDW segmentation (a) source images, (b) ground-truths, (c) predictions and (d)
predictions overlaid on source images.

Quantitative analysis. Figure 4(a) presents the segmentation performance across the CDW-Seg dataset™,
with the model achieving a mean precision of 0.80 and a WIoU of 0.73. Classes such as concrete, timber, and
plasterboard performed strongly, while fill dirt, cardboard, fabric, and soft plastic also achieved precision scores
above 0.75. Lower precision was observed for steel and hard plastic, mainly due to their high variability in appear-
ance. These results underscore how consistent visual features contribute to better segmentation accuracy, while
variability in material characteristics can challenge the model’s performance.

The confusion matrix in Fig. 4(b) highlights several class-wise misclassifications, reflecting the inherent complex-
ity of CDW materials. Notable confusions include concrete vs. fill dirt (12%), hard plastic vs. steel (11%), and steel
vs. cardboard (14%). These misclassifications can be attributed to overlapping visual features such as texture, colour,
and surface finish. For instance, materials like glossy cardboard may look like steel, and timber and cardboard (11%)
often share similar colour tones in dusty site conditions. These findings underscore the challenge of distinguishing
between visually similar waste types, especially when materials are mixed or partially obscured. They also highlight
the practicality of the dataset and suggest that future models may benefit from enhanced contextual feature extrac-
tion and data augmentation strategies. Figure 4(c) visualises segmentation performance across all classes.

Qualitative analysis. Figure 5 provides qualitative visualisations of the model’s predicted segmentations,
illustrating both its strengths and limitations. The model accurately segmented many CDW classes, confirm-
ing its ability to recognise and localise diverse waste materials. However, consistent with quantitative results,
some misclassifications were observed. For instance, confusion between fill dirt and concrete (sample #3) due to
overlapping aggregate features, and between glossy cardboard and steel (sample #5) because of similar surface
textures. These examples reflect the visual complexity of CDW in real-world settings and highlight the need for
further refinement in handling material variability and inter-class similarities.
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Computational effciency. The proposed model uses the hiera-ViT-large encoder with an adapter-based
fine-tuning strategy to enhance computational efficiency. This results in reducing the number of trainable param-
eters from 225.4 million to 3.94 million, which is approximately 1.75% of the total model size. This approach pre-
serves the encoder’s pre-trained semantic features while enabling task-specific learning for CDW segmentation.
It significantly lowers the computational resources including high memory and processing power, making the
model suitable for semantic segmentation tasks in resource-constrained environments such as MRFs, without
compromising the performance.

Usage Notes

The dataset includes original high-resolution images, manually annotated segmentation masks, and correspond-
ing ground-truth annotations created using Labelme? (https://github.com/wkentaro/labelme). The annotations
provide semantic segmentation labels, enabling detailed class-wise recognition of CDW. This dataset can be uti-
lised in computer vision-based deep learning models for automated waste classification and segmentation tasks.
Additionally, the structured annotations support further research in deep learning-based waste recognition and
can be extended to real-time waste handling applications.

Code availability
The code was implemented in Python using PyTorch* framework for training and evaluating the segmentation models
on the CDW-Seg dataset®. The code is publicly available at: https://github.com/DianiSirimewan/SAM2-Adapter-CDW.
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