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Mapping facade materials utilizing 
zero-shot segmentation for 
applications in urban microclimate 
research
Nada Tarkhan 1,3, Mikita Klimenka1,3, Kelly Fang2, Fabio Duarte2, Carlo Ratti2 & 
Christoph Reinhart1

To address the Urban Heat Island (UHI) effect—a significant urban climate challenge—detailed urban 
microclimate modeling is essential. Such modeling typically requires data on urban surface properties 
and morphologies from street canyons and buildings. Most urban surveying efforts have focused 
on morphological attributes such as sky view factor, vegetation or building surface ratio, while the 
mass-collection of facade materials has been hindered by the complexity of the segmentation task 
and the need for large and diverse labeled datasets. Recognizing the importance of mapping facade 
materials for urban thermal comfort, envelope heat emissions, and building energy studies, we employ 
computer vision-based state-of-the-art zero-shot learning paradigms for high-fidelity facade material 
extraction. Our approach circumvents the traditional need for extensive labeled training data, allowing 
for adaptation to a variety of urban contexts and material types. Tested in Dubai, Amsterdam, and 
Boston (three architecturally diverse cities), our algorithm successfully detects the predominant 
facade material in 68% of cases and identifies the top three present material classes in 85% of cases. 
Additionally, we show how material coverage identification is crucial for assessing outdoor thermal 
comfort, as evident in shifts in annual cold and heat stress hours across the climates of the three cities 
in a sample urban canyon.

In the context of urban climatology, quantifying urban characteristics plays an integral role in the advancement 
of various urban science studies. With shifts in climatic extremes, cities must analyze the effects of new and 
existing construction on local radiative fluxes and wind patterns at high spatial and temporal resolutions. In 
recent decades, the phenomenon of Urban Heat Islands (UHI) has emerged as a critical area of study within the 
urban planning and environmental science disciplines. The UHI phenomenon can be traced to the alteration 
of natural landscapes into built environments where the urbanization process replaces vegetation with asphalt, 
concrete, and buildings, surfaces that absorb and retain solar radiation more than natural landscapes. This 
retention of heat is further amplified by anthropogenic heat release from vehicles, industrial processes, and air 
conditioning units, contributing to temperature increases1–5. The UHI effect exacerbates the impacts of global 
warming on urban populations, making it a pivotal concern for sustainable urban development. Among the key 
drivers of the UHI effect are climate, anthropogenic heat, sky view factor, heat absorbing surface materials as 
well as building morphology6.

The implications of the UHI effect are profound, including but not limited to, escalated energy demands 
for cooling, increased emissions of air pollutants and greenhouse gasses, a rise in heat-related illnesses, and 
the degradation of thermal comfort7–9. These ramifications underscore the urgency of identifying effective 
strategies to mitigate the UHI effect and measure it accurately, thereby enhancing urban livability and resilience 
to climate change. Among the set of factors influencing the UHI phenomenon, the material composition of 
urban facades stands out due to its direct interaction with solar radiation. Properties such as albedo (the measure 
of reflectivity), thermal emissivity, and specific heat capacity determine the extent to which urban surfaces 
absorb, retain, and emit heat10. Materials with high albedo values, capable of reflecting a substantial portion 
of incoming solar radiation, present a promising avenue for UHI mitigation11. However, the heterogeneity of 
urban environments, composed of a vast array of materials, presents a significant challenge for systematically 
identifying and analyzing these surfaces on a large scale.
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To examine the implications further, especially on the nuanced assessment of urban thermal comfort, the 
role of albedo variations is intricately linked with Mean Radiant Temperature (MRT), a crucial determinant of 
surface temperature. Urban surfaces showcase significant diversity in albedo—for instance, brick could range 
from 0.2 to 0.4, concrete from 0.1 to 0.35 and untreated glazing from 0.07 to 0.1512,13. Although most building 
materials exhibit high long-wave emissivity, it’s the variability in albedo that notably affects MRT. High-albedo 
materials, while mitigating UHI through their reflective properties, can also redirect shortwave radiation 
through windows, potentially increasing building heat loads either through diffuse or specular reflection. This 
underscores the importance of a balanced approach in material selection to optimize for thermal comfort, both 
indoor and outdoor.

Although the integration of accurate material priors in the field of urban analytics holds promise in 
advancing several tracks of urban and building assessment research, limited studies have explored the detection 
of different material classes in urban environments due to the complexity of the problem. The proliferation of 
computer vision models has now enabled multiple challenges in urban detection to be overcome. One of the 
significant challenges in this domain is the exhaustive dataset requirement inherent to urban detection tasks. 
Data scarcity, compounded by the difficulties in collection, annotation, and inspection, poses a substantial 
barrier. Specifically, in the material detection problem, labeling large datasets of every material present in a 
facade is extremely challenging and time consuming. In addressing the challenges of urban material accounting 
and advanced compositional analysis, our research focuses on two pivotal attributes: the development of 
cost-effective methodologies for material categorization and segmentation through state-of-the-art zero-shot 
learning methods14 and scalability across diverse urban environments. Our proposed solution aims to diminish 
the model’s dependency on labeled datasets, a strategy central to the goals of zero-shot learning. This approach 
enables the model to classify unseen classes, offering an invaluable solution in contexts where large, annotated 
datasets are unavailable. Despite the method applicability, a critical challenge remains in the resolution of the 
material segmentation problem, specifically in determining the optimal encoding for multiple material features, 
which necessitates further investigation and experimentation for fine-tuned texture detection.

To enhance urban climate adaptation strategies and facilitate more precise urban thermal performance studies, 
our research leverages zero-shot learning for high-precision urban material classification and segmentation. This 
approach yields three key outputs:

	– Material classification: an identification of predominant material categories in a facade, providing a founda-
tional understanding of material presence on building facades.

	– Facade composition analysis: a quantification of the percentage distribution of materials on a facade, address-
ing the challenge as a multi-material segmentation issue that informs façade composition.

	– Thermal impact assessment: a demonstration that enables the utilization of facade material coverage knowl-
edge for thermal assessments. Here we showcase an experiment to examine how variations in material prop-
erties affect outdoor thermal comfort, highlighting the significant influence of facade materials in an urban 
canyon utilizing the Universal Thermal Climate Index (UTCI)15.

This study presents several key contributions that differentiate it from existing research in urban material 
segmentation and climate studies. While prior works have mainly focused on urban morphology (e.g., sky view 
factor, vegetation, building surface ratios), our research tackles the underexplored challenge of urban facade 
material classification using state-of-the-art zero-shot learning methods. Unlike traditional approaches that 
rely on extensive labeled datasets and are restricted to specific regions or limited material classes, our method 
reduces the dependency on labeled data, enabling scalable segmentation across diverse urban settings such as 
Dubai, Amsterdam, and Boston. Furthermore, while urban heat island (UHI) research has primarily emphasized 
vegetation and geometry, the critical influence of facade materials always posed a data availability challenge. 
Our method addresses this gap by enabling large-scale mapping of material heterogeneity, which can unlock 
key insights into Mean Radiant Temperature (MRT) and outdoor thermal comfort. Lastly, by providing open-
source workflows, our framework is adaptable to other research domains, with potential applications in building 
retrofits, urban energy efficiency, and environmental monitoring.

Related work: urban material segmentation
Most street view segmentation tasks have leveraged segmentation networks that are pre-trained on large 
urban scenery datasets, such as ADE20K16. Utilized as benchmarks in computer vision, they have led to the 
improvement of various neural network architectures. Within the context of urban scenery analysis, ADE20K-
based segmentation networks have been used to detect the share of pixels belonging to sky, building facades, 
and vegetation in street view images. This approach is instrumental in studying the magnitude and impact of 
the UHI effect across urban environments. Due to its robustness for both perspective and fish-eye images of 
various distortions, ADE20K-based segmentation is especially applicable to this class of tasks which underscores 
its ubiquitous use in a variety of applications17,18. Some of these applications include urban sidewalk material 
segmentation and glazing area extraction from building facades19,20. However, such tasks come with several 
challenges, specifically related to; specialized applications centering on limited datasets that do not allow for 
robust training, highly specific geographic contexts or data formats and limited segmentation labels that require 
re-training if adapted to wider contexts and features.

Consequently, a resultant aspiration is to attain a large foundation dataset, akin to ADE20K, that could 
include more detailed material categories, yet a limited number of datasets exist. Some specific examples include 
a building facade materials dataset tailored to road views21 and a hyperspectral facade material segmentation 
dataset from light industrial environments22. However, since material surfaces have high texture encodings, 
the labeling strategy would need to be guided by the application domain: for instance, to pursue the goal of 
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understanding the impact of urban surfaces for urban heat island assessments, the grouping of materials by 
classes of similar thermal properties may be most useful, while for architectural studies, identifying facade 
elements may take precedence. As a result, universally representative datasets may pose a challenge beyond the 
logistics of data accumulation, in that the representative material classes need to cater to the application domain. 
Previous approaches to this problem have reduced building material detection to a classification task, choosing 
to identify overall material presence as opposed to compositional elements. These applications have included 
the classification of building structural typology for seismic risk monitoring or carbon accounting and urban 
circularity focused applications23,24. While these approaches may provide sufficient insight in the respective 
domain of applications, they do not allow for higher precision segmentation outputs. To address this gap, we 
introduce a workflow that goes beyond the classification task to focus on segmentation on a patch-level scale and 
explore the scalability to facades in diverse urban environments.

In recent years, the domain of computer vision and machine learning has been heavily leveraging foundation 
models which are large neural networks trained on vast arrays of diverse data and trained to encode input 
information to extract general patterns and subsequently be fine-tuned to a specific application domain. 
Originally applied to language-related tasks, these approaches made their way into the domain of computer vision. 
While foundation models initially were used for subsequent training at smaller scale and cost (fine-tuning), the 
combination of large visual and language models created zero-shot frameworks that can perform classification 
or object detection without any need to train or pre-train neural networks. This provides a notable advantage to 
our material segmentation problem where the goal is to produce high granularity instance segmentation without 
training reliance. Our approach to material segmentation in building facades has thoroughly assessed current 
emerging models to enhance the identification and localization of different materials—these models are outlined 
further in the methodology.

Methods
Zero-shot models
To address the challenges of urban facade material segmentation, this study employs a series of state-of-the-art 
zero-shot learning and foundation models, known for their robust capabilities in computer vision tasks. These 
models, originally designed for vast and diverse datasets, are adapted here to encode and extract patterns specific 
to urban material classification without the necessity for extensive labeled training data.

	– OpenAI CLIP: utilized for its zero-shot classification capabilities, leveraging text and image embeddings to 
match facade materials with textual descriptions25. Despite its proficiency in material recognition through 
text prompts, CLIP does not inherently localize material regions within images, necessitating supplementary 
mechanisms for detailed segmentation.

	– CLIPSeg: deployed to enhance CLIP’s capabilities, this model uses attention mechanisms to facilitate low-res-
olution segmentation of materials in images, highlighting specific weighted areas of the image that signifi-
cantly influence classification decisions26.

	– SAM (segment anything model): acts as a foundational tool for clustering surface types within images27. 
Although it does not specify material types that belong to the same class, it effectively segregates different 
surface areas and bounding regions, providing a reliable segmentation base.

	– Grounding DINO: this zero-shot framework complements the above models by optimizing object detec-
tion28. It iteratively finds the optimal bounding box containing the object of interest that is prompted through 
text inputs. It is capable of recognizing specific objects in an image but cannot process ubiquitous surfaces that 
are not explicitly concentrated in an object-like fashion. Once an object is detected, panoptic segmentation 
may be used to define its exact boundaries as opposed to simply drawing a bounding box29.

Recent research efforts have focused on merging these models for unsupervised segmentation30,31. These 
innovative approaches, while promising, currently best suit simple scenes with minimal textures and are 
challenging for complex building facades. They tend to perform less effectively in delineating textures not 
confined within specific image areas. Panoptic segmentation offers advancements in delineating their image 
region contours, by carrying out pixel-wise segmentation while unifying the typically distinct tasks of semantic 
segmentation (pixel-level class labels) and instance segmentation (object instance detection and segmentation). 
Yet it primarily focuses on distinct well-clustered objects rather than dispersed textures, indicating a gap in 
addressing the nuanced requirements of building facade material segmentation. Few-shot learning (for both 
classification, detection, and segmentation), presents an extended approach, providing an ability to learn from 
a small dataset (2–30)32. This provides an alternative avenue, particularly when combined with fine-tuning 
large foundation models. However, this area of research is in active development and may exhibit catastrophic 
forgetting as well as domain bias33.

While zero-shot foundation models excel at their respective tasks they require further adaptation and tuning 
to match respective problem domains. Recent advancements in zero-shot learning have significantly expanded 
its capabilities across various domains. Notable among these are the developments in attention mechanisms 
integrated into models like CLIPSeg, which improve segmentation by focusing on the most relevant regions of 
an image, particularly useful in complex urban environments with diverse materials. These mechanisms help 
refine localization, addressing the challenges of delineating textures that are dispersed across a facade. While 
zero-shot models reduce the dependency on labeled data, they may still struggle with fine-grained textures or 
rare materials, whereas supervised approaches might excel in these areas but at the cost of requiring extensive 
labeled datasets and manual intervention.

Another key advancement is the use of semantic embeddings, which allow models to link visual information 
with high-level semantic descriptions. This technique has been widely employed in zero-shot object detection, 
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where models can detect unseen object classes by leveraging relationships between known and unknown 
categories34. In remote sensing, such semantic embeddings have enabled land cover classification with minimal 
supervision in remote sensing applications35,36, and in industrial material recognition, they have facilitated 
the accurate detection of novel materials in complex manufacturing settings as well as in textile applications37. 
The use of multimodal zero-shot learning in robotics is also noteworthy, where tactile texture recognition is 
performed without prior tactile training samples by combining visual and semantic information. This method 
has demonstrated the ability to classify previously unseen materials through tactile sensing, highlighting the 
versatility of zero-shot learning in recognizing complex material properties across domains beyond vision-
based tasks37. These technical developments are particularly relevant to urban material segmentation, where the 
heterogeneity of facade materials and the limited availability of annotated datasets pose significant challenges. 
By incorporating attention-based mechanisms and semantic embeddings, we improve the detection and 
segmentation accuracy in diverse urban environments, enabling more scalable and flexible urban material 
mapping.

Hence, the application of foundation zero-shot frameworks to urban surface mapping remains nascent. The 
method outlined in this paper aims to combine and extend existing zero-shot approaches into a joint workflow 
that specifically addresses the needs of the urban scientist. Specifically, we hope to leverage the strengths of the 
different models and assess their applicability to the different segmentation sub-tasks. Given the ever-evolving 
nature of computer vision frameworks, our goal is not to offer a definitive way to segment materials but rather to 
demonstrate the power of zero-shot models for urban material applications and offer one potential open-source 
strategy.

Workflow overview: image sourcing, detection and segmentation
The first step in the workflow is image sourcing and processing. The target images are those that show direct 
views of the facade with minor perspectival distortions, as these are the views that typically yield the highest 
clarity. StreetView 36038 was used to download high-resolution urban panoramas and subsequently warp the 
panorama to obtain corresponding frontal views of building facades. Panoramic images were selected for their 
capability to capture multiple buildings at once, increasing the efficiency of large-scale urban material analysis. 
It is also possible to implement multi-view integration to improve segmentation accuracy across different 
perspectives. We consequently use a semantic segmentation network trained on the ADE20K dataset to filter out 
all elements not related to urban facades such as streets and vegetation before we carry out façade segmentation. 
This is detailed in Fig. 1.

Fig. 1.  Workflow overview for Image sourcing, transformation and joint detection-segmentation of facade 
regions (materials) and objects (elements). This has two parts: image sourcing: A schematic detailing the 
preparation of street view panoramas for subsequent segmentation, utilized in the preparation of the validation 
dataset and subsequent neighborhood-scale material mapping. Detection and Segmentation: a layout of the 
segmentation workflow. At the stage of image fragment classification, we explore two approaches: (1) Utilizing 
CLIP to classify an image patch (2) Using CLIPSeg to calculate the class triggering the most attention within 
the identified object mask.
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In the datasets we collected, we identified the following types of materials present on facades, based on 
predominant construction classes, typically defined in thermal simulation studies; (1) Brick (2) Concrete (3) 
Glazing (4) Roof tiles (5) Metal panels (6) Wood siding (7) Plaster/stucco. It is important to equally detect 
façade objects, such as balconies and Air Conditioners for further analysis as they may also contribute to local 
microclimate conditions- for instance, balconies provide shading and ACs release heat into urban canyons 
contributing to anthropogenic heat. Therefore, these objects are detected initially and isolated from the regional 
segmentation task. The object classes are as follows; (1) AC (2) Storefront (3) Balcony (4) Door. We detect these 
object-based surfaces with Grounding DINO and feed them into the final panoptic segmentation prediction 
before we execute material segmentation. To account for facade occlusions, we rejected images with significant 
obstructions from our dataset and incorporated a process that automatically treats non-material classes, such 
as cars or lamps, as occlusions, ensuring only relevant materials are segmented. Additional automated methods, 
such as inpainting and object removal can also be integrated39.

To tackle the challenge of high texture complexity in the material segmentation task, we propose to apply 
zero-shot classification to separate smaller patches within the facade. To do so, we first parse the facade into 
separate segments using SAM. Next, we crop each segment out of the image and classify it as belonging to one 
of the material labels using OpenAI CLIP which distinguishes between material textures by using contextual 
information from an image patch, padded by twice the width and height of its bounding box. To improve 
detection inference, a low-level segmentation is performed provided by CLIPSeg that leverages regions of 
attention to specific materials. As noted previously, CLIPSeg is adapted to finding regions of attention in data 
from a base 225 × 225 transformer mask which makes it unsuitable for performing segmentation on large and 
complex scenes. However, given that our image fragment constitutes most of the data needed, it is sufficient for 
distinguishing which classes draw attention within the classification mask. To allocate a material class to the 
target patch, we compute the normalized sum of CLIPSeg attention that only falls within the boundaries of the 
mask and return the label with the highest result. Figure 1 details the full pipeline. With reference to detecting 
material classes, we compared the detection capabilities of OpenAI CLIP and CLIPSeg. CLIPSeg showed higher 
accuracy in detection across the seven material classes analyzed, hence it was selected for our workflow. In the 
glazing condition, two distinct approaches were adopted detecting them as both objects (distinct windows) and 
surfaces (fully glazed facades). This dual strategy allows for a more thorough representation.

For the segmentation process, we utilized image resolutions of either 1000 × 1000 or 912 × 912 pixels, 
depending on the complexity of the scene, and set the classification patch size to 1.3 times the bounding box 
around each detected element to improve material classification accuracy. For SAM, we fine-tuned several 
hyperparameters- specifically, we increased the number of points per side to 64 to achieve finer segmentation, 
set the prediction Intersection over Union (IoU) threshold to 0.75 for boosted accuracy, and raised the stability 
score threshold to 0.75 for more reliable segmentation results. CLIPSeg tuning involved crafting precise text 
prompts to accurately capture material classes, as some materials required multiple or more specific descriptions 
to improve segmentation accuracy. For example, ‘plaster’ and ‘stucco’ were both used to describe stucco walls, 
while ‘concrete’ was labeled as ‘exposed concrete’ for clarity. These prompt refinements, referred to as prompt 
engineering, are detailed in Table 1 in the supplementary data and explored further in the paper for their 
contribution to prediction accuracy. While the pretrained segmentation models are efficient during inference, 
computational complexity increases with image resolution and segmentation tasks. Our segmentation runtime 
depends on the performance of integrated models and includes: (1) semantic segmentation with ADE20K 
(0.4 ± 0.6 s/image); (2) patch detection with SAM (13.4 ± 1.5 s); (3) iterative classification of all patches across 
image with either OpenAI CLIP (3.9 ± 2.1 s) or CLIPSEG (23.8 ± 9.8 s). The total segmentation runtime is either 
17.6 s (OpenAI Clip) or 37.6 s (CLIPSeg) per image, as run on a single NVIDIA GeForce RTX 2080 Ti. The 
panoptic segmentation of windows and doors required us to run GroundingDINO on CPU, which added an 
additional 20.4 ± 0.2 s per image.

Class IOU Precision Recall

Miscellaneous 0.273 0.313 0.768

Vegetation 0.724 0.894 0.743

Glass window 0.471 0.776 0.496

Brick 0.587 0.694 0.603

Concrete surface 0.525 0.706 0.565

Concrete blocks 0.131 0.293 0.136

Metal 0.062 0.500 0.062

Door 0.255 0.278 0.278

Timber 0.003 0.004 0.030

Total 0.337 0.495 0.409

Table 1.  Performance by class on LIB-HSI dataset utilizing weighted IoU, Precision, and Accuracy as reported 
in the Methodology section. The segmentation classes were adopted from the superclass structure of the 
original LIB-HSI dataset.
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Model assessment
The evaluation of our urban facade material segmentation model was systematically conducted in three 
distinct phases to ensure robustness and applicability across different urban settings and scales. To explore the 
performance trade-off between zero-shot and pretrained models, we have also included a comparison with 
SegFormer40, a state-of-the-art segmentation network that we trained on our dataset.

Close-range image testing
The initial phase of testing involved a dataset comprising 393 close-range material segmentation images in 
light industrial environments (LIB-HSI)22. This dataset was specifically chosen to validate the model’s ability 
to accurately recognize and classify a wide variety of building materials under controlled conditions where 
texture delineations are more prominent. Besides the RGB images, it provides corresponding infrared images 
and is primarily targeted at exploring accurate material segmentation via joint RGB and infrared inputs. Here 
we compare the performance of our algorithm to the segmentation network trained on the RGB portion of the 
dataset.

Cross-city architectural representation testing
Subsequently, the model was tested on a more diverse set of images to evaluate its performance across varied 
architectural styles and urban environments. To explore the applications to diverse urban contexts we collected 
144 facade images (~ 50 from each city) from three cities: Boston (North America), Amsterdam (Europe) 
and Dubai (Asia). The intention was to obtain representative buildings in each material class. For instance, 
Amsterdam is characterized by a larger proportion of brick construction in its building stock, while some areas 
of Boston have higher proportions of single-family wood construction. These images were manually labeled 
using Segments.ai41 and will be used as ground truth when computing the assessment scores. This selection 
aimed to evaluate the model’s adaptability and accuracy in different global contexts. Alongside our model’s 
evaluation, the trained SegFormer model was also tested on this dataset to benchmark the accuracy of our 
approach across different urban contexts. Key model parameters used during training included seven material 
classes, a learning rate of 0.00006, and 10 epochs with a batch size of 10. The training set consisted of 144 images, 
which was split into 5 folds; 4/5 folds were the training set and 1/5 was the validation set.

Large-scale urban deployment
In the final phase, the model was deployed in a sample area in our assessment cities, measuring roughly 1 
km2 in area. This deployment aimed to assess the model’s effectiveness in mapping material distributions at a 
neighborhood scale. The focus was to showcase the spatial distribution of materials and their prevalence within 
typical urban blocks, providing insights into urban material distributions and potential impact on urban heat 
island effects. The assessment points each represent two panorama images with two viewpoints (0 and 180°). 
Within the spatially defined areas, about 1200 images were captured per city. The number of points per city 
varied slightly due to varying urban built-up densities.

Evaluation metrics
The first metric computed is a domain specific computer vision metric that assesses the extent of segmentation 
accuracy. The weighted Intersection over Union (IoU) is an adaptation of the standard IoU metric used 
extensively in image segmentation tasks to evaluate the overlap between predicted segmentation masks and 
ground truth masks. This modified metric is particularly relevant to material segmentation where the presence 
of various materials may be unevenly distributed across an image, influencing their impact on performance 
metrics. In the context of material segmentation, where different materials can significantly vary in their surface 
coverage and impact on the building’s thermal properties, using a weighted IoU ensures that the evaluation 
metric aligns with the practical implications of correctly or incorrectly segmenting each material. The weighted 
IoU is reported per material class and also as an aggregate score using Eq. (1). We also document precision and 
recall scores to measure positive predictions42.

	
W eighted IoU =

∑n

i=1 wix (IoUi)∑n

i=1 wi
� (1)

where IoUi is the IoU for each material class and wi is the weight based on computed pixel ratio of the class.

Additionally, we implement a material presence threshold to check predicted material classes that occupy only a 
few pixels of the image ensuring that minor false positives do not skew the evaluation.

To advance the interpretability further of the detected facade materials, we propose two material-specific 
metrics that report different granularities. Each of these metrics provides a different insight through which the 
effectiveness and comprehensiveness of material segmentation can be assessed, to tackle more performance 
domain specific applications. This approach is particularly relevant in areas where both the detection (presence) 
of objects or materials and the accuracy of their spatial localization are critical for the application domain- this is 
only relevant to the cross-city facade validation. This allows researchers and urban planners to focus on precision 
where it matters most, ensuring that critical material knowledge is derived. They are as follows:
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Predominant material class
This metric identifies the material that covers the largest area of the building’s facade, indicating the primary 
material. This could potentially be used to infer construction and surface coverage for higher level studies.

	
Pr edo min antMaterial = m ∈ arg max

m
Am� (2)

where Am is the area covered by the material m and M is the set of all detected materials on the facade.

Material presence
This metric measures the completeness of material detection by calculating the percentage of correctly identified 
materials present on the facade. We utilize this metric to check the presence of the top three material classes 
present in the facade with the largest area coverage.

	
Material Pr esence =

(
N det ected

Ntotal

)
× 100%� (3)

where Ndetected is the number of materials correctly detected on the facade, and Ntotal is the total number of 
different materials actually present on the facade.

UTCI impact measurement
To demonstrate the impact of material coverage in our studied cities, the Universal Thermal Climate Index 
(UTCI) was calculated to compute the annual thermal comfort, heat stress and cold stress hours in a test urban 
canyon. The UTCI is a measure that integrates the effects of air temperature, wind speed, humidity, and MRT 
to evaluate human thermal exposure in outdoor environments. MRT was sourced from the building surfaces, 
representing the average temperature of all surfaces surrounding the midpoint in the canyon area, weighted 
by the angle of exposure and emissivity of the assigned material. MRT and UTCI were calculated utilizing 
ClimateStudio43, a plugin for environmental studies which provided hourly surface temperatures based on 
physical models of solar radiation, surface properties, and environmental conditions, utilizing the EnergyPlus 
solver44. The canyon geometry measured 5 m in width and 9 m average building height. The adjacent enclosing 
walls were North and South facing. Nine scenarios were simulated to study the effect of three material classes 
(brick, glass, and wood) in the three selected cities (Dubai, Amsterdam, and Boston). We assume an 80% facade 
glazing coverage in the glass setup and model the wood scenario as light-colored siding. The material properties 
utilized are provided in Fig. 5 along with the results. All other geometric and simulation-based settings were 
kept constant across the cases. The outcomes helped in understanding the impact of material properties on the 
surface temperatures and subsequent human thermal comfort levels.

Results
As detailed in the methodology, we showcase the model’s performance capabilities in both close-range and 
context-based images from urban settings. For each subsection, we discuss optimizing prompt input labels to 
enhance performance- the material classes present in both validation outputs are representative of the labels in 
the annotated dataset.

Close-range material facade segmentation (LIB-HSI)
The results of this dataset are represented in reference to computed weighted IoU per material class in Table 1. 
We report that brick, glass, concrete blocks and vegetation have the highest detection accuracies as indicated by 
the higher scores, within the range of 0.525 to 0.724. At close range, material textures of concrete and brick are 
clearer, contributing to higher detection accuracy. The lowest scores are found in the metal and timber classes. 
A possible explanation is that the algorithm is not sensitive enough to make fine-tuned distinctions between 
concrete surfaces and concrete blocks, resulting in the lower scores. Inspecting outputs further, we observe 
effective material segmentation mask outputs as shown in Fig. 2.

Method comparison across material classes
To evaluate our zero-shot pipeline, we compared the IoU scores across four different methods, including our 
full pipeline with CLIPSeg (Method 1) and OpenAI CLIP (Method 2), a direct application of CLIPSeg without 
the full pipeline (Method 3), and the SegFormer model trained on a small labeled dataset (Method 4). This 
comparison illustrates how each method performs in the contexts of Amsterdam, Boston, and Dubai across all 
material classes. Results are shown in aggregate in Table 2.

The comparison of methods highlights key performance differences across the evaluated segmentation 
approaches. Method 1 (Pipeline + CLIPSeg) achieved the highest overall IoU score (0.366), demonstrating the 
benefit of incorporating the full pipeline, which includes SAM and Grounding DINO for enhanced segmentation 
accuracy. Method 2 (Pipeline + OpenAI CLIP) yielded a slightly lower IoU score (0.312), indicating that 
while OpenAI CLIP provides strong classification capabilities, its performance is slightly below CLIPSeg in 
segmentation tasks when applied within the pipeline. Method 3 (Only CLIPSeg) performed the weakest (0.232 
IoU), confirming that applying CLIPSeg directly without the support of SAM and Grounding DINO leads to 
suboptimal results, particularly for complex facade scenes. Method 4 (SegFormer) achieved a total IoU score 
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of 0.281. While better than Method 3, it falls short of the full zero-shot pipeline, underscoring the advantage 
of zero-shot learning in material segmentation across diverse urban settings without the need for extensive 
labeled data. Method 1 achieved the highest IoU for glass, siding and plaster, demonstrating its strength in 
detecting diverse materials. Doors were omitted in the SegFormer method because they are treated as objects in 
the framework utilizing Grounding DINO.

We conducted three sensitivity analyses to investigate the performance of our CLIPSeg model under different 
conditions: (1) altering the patch factor, (2) excluding prompt engineering, and (3) reducing image resolution. 
Altering the patch factor from 1.3 to 2.0 resulted in a performance degradation, with a 9.6% decrease in IoU, 
indicating that larger patches reduce the model’s ability to capture fine-grained material information. Reducing 
the patch factor to 1.0 also led to a decrease in IoU, although less severe than the patch factor of 2.0. Excluding 
prompt engineering reduced the IoU by 8.2%, highlighting its importance for better material classification and 
segmentation. Finally, lowering image resolution to 75% led to a significant drop in performance, with a 14.9% 
decrease in IoU, demonstrating the model’s sensitivity to image quality for accurate segmentation. These results 
emphasize the need for careful optimization of model parameters to achieve robust material segmentation 
performance.

Cross-city facade segmentation dataset
Using the formulated zero-shot pipeline with CLIPSeg (Method 1), we investigate the performance across 
different cities by computing the weighted Intersection-over-Union (IoU) metric and aggregating it for each 
material class within the studied cities. The results are presented in Table 3.

When looking at the city-specific metrics, a clear ordinal trend is evident where the glass, brick and door 
classes consistently display the highest IoU scores, with lower scores seen for materials like metal panels, siding, 
and plaster/stucco. The lower IoUs for certain materials are largely due to their scarce presence in the dataset. 
In 68% of the cases, the algorithm accurately detects the predominant material on the façade, and for the top 
three material classes, an 85% detection accuracy is observed, highlighting the strong alignment between ground 
truth and predictions. Among these, brick stands out with a 92% accuracy in identifying it as the predominant 

Class Method 1: Pipeline + CLIPSeg Method 2: Pipeline + OpenAI CLIP Method 3: Only CLIPSeg Method 4: SegFormer

Glass 0.610 0.601 0.530 0.444

Concrete 0.165 0.121 0.043 0.074

Brick 0.479 0.436 0.379 0.437

Siding 0.448 0.196 0.100 0.274

Plaster 0.304 0.234 0.252 0.243

Metal 0.092 0.132 0.086 0.215

Door 0.463 0.463 NaN NaN

Total (weighted) 0.366 0.312 0.232 0.281

Table 2.  Aggregate performance across different detection methods. Table 2 shows the aggregate performance 
(measured in IoU) of various detection methods (Pipeline + CLIPSeg, Pipeline + OpenAI CLIP, Only CLIPSeg, 
and SegFormer) across multiple material classes, highlighting the overall performance against Method 1: 
Pipeline + CLIPSeg which is the one implemented.

 

Fig. 2.  Example of performance on the LIB-HSI dataset against the superclasses. The examples reveal that 
some low scores are due to the inconsistency between the class morphology and material surface properties. 
The ceiling in column 3 is identified as timber, but belongs to the ‘miscellaneous’ class in the LIB-HSI 
superclasses. Despite the inconsistencies between Door, Timber, and Metal classes, the network succeeds at 
differentiating between brick, concrete, vegetation, and metal surfaces.
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material across the analyzed conditions, indicating the robustness of the model for well-represented materials. 
This indicates a high alignment in composition between ground truth and predictions. The conditions with the 
lowest scores are images where classes of materials may not be distinct enough to differentiate, often found in 
the case of plaster and concrete. To quantify these differences, we conducted an analysis of variance (ANOVA) 
followed by a post-hoc Tukey test, which revealed statistically significant variations (p < 0.05) between material 
types. Glass (IoU = 0.711) and brick (IoU = 0.578) showed significantly higher IoU scores compared to concrete 
(IoU = 0.157) and metal panels (IoU = 0.252). Significant differences were also observed between cities, with 
Boston outperforming Dubai, particularly for materials like plaster and stucco, where Dubai’s scores were 
significantly lower (p < 0.05). The detailed calculations are provided in the supplementary data.

We display the performance across representative material classes for a sample subset of the results in Fig. 3. 
In addition to this, urban obstructions and distortions in viewing angles may also contribute to lower scores. 
Within diverse urban contexts we also note that resolution of images plays a large role specifically in larger street 
widths such as those present in Dubai. This is one possible explanation behind the lower aggregate IoU score 
present there. Another explanation for lower detection accuracies in Dubai can be attributed to the presence of 
visually challenging construction typologies, dominated by a wide variation in plaster and stucco coatings. In 
contrast, Amsterdam exhibits the highest scores, given the large representation of glazing and brick, two of the 
model’s highest-performing classes.

To investigate the correlations with morphological attributes in the analyzed images and their impact on the 
model’s performance, we explored the relationship between scene morphological elements and IoU scores. The 
analysis shows that building fraction has a positive correlation with IoU (r = 0.33), where r represents Pearson’s 
correlation score, indicating better model performance when a larger portion of the image consists of building 
facades, particularly when the building fraction exceeds 0.8.In contrast, sky view factor (r =  − 0.29) and scene 
elements fraction (r =  − 0.22) both have negative correlations with IoU, suggesting that higher content of sky or 
scene elements (e.g., cars, trees) reduces the model’s performance. This is likely due to the decreased relevance 
of non-building features for facade material segmentation. These results emphasize the importance of clear 
building visibility for accurate model performance and highlight how morphological features can influence 

Fig. 3.  Example output segmentations on panoramas in Amsterdam, Boston, and Dubai across diverse 
material types.

 

City Amsterdam Boston Dubai

Class IOU Precision Recall IOU Precision Recall IOU Precision Recall

Glass 0.711 0.824 0.831 0.550 0.651 0.796 0.564 0.703 0.758

Concrete 0.157 0.253 0.231 0.080 0.200 0.100 0.015 0.140 0.097

Brick 0.578 0.629 0.807 0.450 0.552 0.591 0.092 0.138 0.245

Siding – − – 0.172 0.254 0.313 – – –

Plaster 0.217 0.321 0.326 0.342 0.608 0.424 0.273 0.418 0.327

Metal 0.252 0.295 0.446 0.044 0.050 0.104 0.184 0.308 0.333

Door 0.571 0.734 0.656 0.527 0.670 0.580 0.409 0.476 0.461

Total (weighted) 0.414 0.509 0.550 0.310 0.427 0.415 0.256 0.364 0.370

Table 3.  Aggregate performance across material categories and target cities utilizing weighted IoU, Precision, 
and Recall. Glass and brick surfaces have the highest IOU.
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model accuracy, with a general correlation observed between larger street widths and an increase in scene 
elements and sky view factor.

Mapping material distribution in the assessment cities
To demonstrate the applicability and scalability of the workflow on the city-level scale, we show the material 
distributions in a sample neighborhood in the three selected cities (Boston, Amsterdam, and Dubai) and spatially 
document the distribution of materials across urban panoramas. In addition to material classes, the visuals 
indicate percent coverage of the facade per material class. In Boston, brick construction is the most prominent 
material, with an average coverage of approximately 24%, followed by glazing at 16%. The presence of stucco 
and siding is minimal, averaging 8% and 6.7%, respectively. These values are consistent with the architectural 
style of the area, which emphasizes brick-based structures. In Dubai, the distribution is quite different, as 
stucco dominates with an average coverage of 34%, reflecting the region’s architectural style. Glazing follows 
with an average of 16%, while brick and concrete are less present. These findings confirm general architectural 
observations in each city and demonstrate the utility of this method in capturing both local material knowledge 
and detailed distributions at a granular level (shown in Fig. 4).

Use case: impact on outdoor thermal comfort in an urban canyon
This experiment is designed to showcase the impact of material choices on outdoor thermal comfort across the 
material variations, noting that generally an inverse relationship exists between albedo and surface temperature 
(Surfaces with high albedo, such as white roofs, reflect a larger portion of solar radiation, absorbing less heat and 
hence remaining cooler). The results show that for the hottest assessed climate in Dubai, the glazing material 
shows the highest heat stress in the canyon due to the absorbed and re-emitted solar radiation. The annual heat 
stress hours are about 5% higher (220 additional hours) than in the lowest stress hours, wood surface condition. 
No cold stress is experienced in Dubai. In Amsterdam where the climate is temperate, we see less variation across 
the material classes, yet we note that the glazing coverage exacerbates both hot and cold stress hours annually 
when compared to other material coverages. The wood surface has the lowest heat and cold stress annual hours. 
Finally, in Boston we see a similar trend where the glazing coverage results in the highest annual discomfort 
hours. However, when it comes to brick and wood, we note that while the wood coverage reduces the heat stress 
hours, the cold stress hours are higher than in the brick condition by about 17.5% (174 additional hours). This 

Fig. 4.  Visualization of material distributions in Boston, Amsterdam, and Dubai for three most characteristic 
materials. The distributions corroborate the general observations of the urban morphology. In Boston (Central 
Cambridge), for example, residential siding buildings concentrate away from the central street (Massachusetts 
Avenue), while brick and glazing are more predominant along the main street and closer to the MIT Campus. 
In Dubai, most glazing is observed in the more densely populated area in the north, while stucco and masonry 
are ubiquitous across the area.
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is largely due to brick having thermal mass properties and higher conductivity that allows for the retention and 
release of heat during colder periods. The results are shown in Fig. 5.

Discussion
Outdoor thermal comfort performance and wider applications
While our method provides evidence of the effective use of zero-shot learning to the material segmentation task 
to extract dominant materials present as well as multi-class material compositions, we would like to note that 
utilizing this insight in urban heat island and thermal comfort research would require additional validation. 
With the proliferation of various composite materials, surface coatings and cool wall solutions, the extraction 
of advanced material properties such as thermal emissivity, roughness and conductivity becomes increasingly 
challenging. As a result, the inference of exact MRT and albedo values may not be directly possible. Nevertheless, 
as demonstrated by the surface temperature results under the different material classes, identifying the 
predominant material coverage can still provide substantial knowledge. On the use cases surrounding outdoor 
thermal comfort, extensive literature has studied the effects of material properties on UTCI metrics45,46- here we 
utilize our simulation outputs to demonstrate the importance of material selection, especially in more extreme 
climates as indicated by the higher stress hours in Dubai and Boston.

For extended validation, a noteworthy method involves integrating the material-specific temperature profiles, 
obtained through simulation software or physical testing. This approach enables a direct comparison between 
predicted material effects on urban thermal environments and their real-world thermal behaviors. Furthermore, 
envelope thermography offers a robust approach for validating the thermal impact of detected material classes47. 
By overlaying thermal images with segmented material maps, researchers can visually and quantitatively assess 
how different materials contribute to surface temperatures within urban landscapes. Such validation not only 
reinforces the reliability of the segmentation results but also provides tangible evidence of the materials’ roles in 
urban heat dynamics.

By integrating this method into urban planning tools and energy modeling software connected to platforms 
such as Rhino 3D, stakeholders can evaluate how material choices affect thermal comfort and surface 
temperatures, and even indoor conditions through construction typology inference,  supporting decisions 
around retrofitting initiatives, and climate adaptation strategies. This approach can also be applied in regulatory 
frameworks to enforce building codes related to energy efficiency and urban resilience. For example, planners 
could use material segmentation results to prioritize the use of high-albedo surfaces in existing developments, 
helping to mitigate the Urban Heat Island (UHI) effect. The ability to perform large-scale, automated assessments 
could help governments and municipalities prioritize interventions based on material composition where it’s 
most critical.

Fig. 5.  Impact of Material on UTCI-based thermal comfort in urban canyon across climates. Annual results 
are showcased in a simulation-based canyon setup to investigate the effect of three main material coverages on 
outdoor thermal comfort across the three climates. The UTCI metric is utilized and the material assumptions 
and properties are documented.
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Limitations and improvements
One major limitation of the method is its reliance on patch-based image processing, which is dependent on 
high-resolution panoramas. Obtaining high resolution street view imagery globally remains a challenge, yet 
crowd sourcing avenues in some contexts provide promise48. Another challenge lies in erroneous data labeling 
that may arise from unclear material patches, difficult to discern visually. Additionally, despite the fact that our 
workflow is based on zero-shot algorithms, some preliminary tuning and decision-making is still required to 
adapt it to new contexts. This primarily relates to segmentation intensity within SAM and the choice of class 
labels for materials. Finally, as our workflow is based on processing individual patches, it requires invoking a 
zero-shot classifier for every fragment of the image, which may take significant time for very complex façade 
scenes.

Another inherent limitation of zero-shot learning is its reliance on generalized representations, which may 
not always adapt well to specific urban contexts. These models, trained on broad datasets, may struggle with 
local variations in urban environments such as lighting conditions, weather patterns, and facade degradation. 
For instance, shadows cast by tall buildings or reflective surfaces can skew material detection results, while 
weather events like rain or fog may obscure material textures. Furthermore, facade wear and degradation 
over time (e.g., surface peeling, staining) can alter the visual appearance of materials, introducing additional 
challenges to accurate classification. Pretrained models may also exhibit biases due to geographical limitations 
and privacy restrictions in cities with stricter street view imagery protocols, which can result in uneven training 
data availability and raise ethical concerns about fairness in model performance across different cities.

Zero-shot models may exhibit domain bias, where well-represented materials from the pre-trained data are 
favored, potentially leading to misclassification of less common/unseen materials. This can reduce detection 
accuracy in cities with unique architectural styles or underrepresented materials. For instance, in Dubai, detection 
accuracy is lower due to wider streets leading to lower resolution images and a building stock dominated by 
facade coatings such as plaster and stucco, which present challenges due to their variation in texture and color. 
Future work could focus on fine-tuning the model by incorporating few-shot learning to improve detection of 
local materials, especially in cities with distinct architectural styles. However, even with additional training, 
certain material classes may continue to pose detection challenges. These namely include metal panels that do 
not have apparent reflection, or difficult distinctions between concrete and plaster. While our results show that 
the zero-shot framework outperforms SegFormer on the same small dataset, this could change with a larger 
training dataset, though the extensive time required for labeling such a dataset underscores the advantage of 
zero-shot frameworks.

Future work
The limitations discussed above are inherently connected to the nature of the material segmentation problem in 
street view-based facades. In this paper, we aimed to demonstrate the high potential of zero-shot computer vision 
models to advance the collection of urban data and the study of building surface properties, a challenge to urban 
thermal assessments. We anticipate that the workflow shared will be further improved, adapted, and tailored to 
various applications to the urban science community as capabilities of computer vision tools advance further. 
While we performed material distribution mapping throughout the urban areas and highlighted pathways for 
implementation, we see broader potential in affordable applications of ubiquitous material mapping to urban 
simulation tools. One possible avenue is inputting this information into the Urban Weather Generator (UWG)49 
for higher precision micro-climate approximations. The method can also be extended to derive solar orientations 
of detected surfaces and couple that with the knowledge on urban surfaces to identify potential hotpots (such as 
in South facing, low albedo facades).

Conclusion
This paper presents a comprehensive zero-shot learning pipeline that segments material classes and facade 
regions in urban buildings, advancing our understanding of urban texture detection and its implications for 
UHI approximations and outdoor comfort studies. Our results demonstrate the effectiveness of zero-shot 
learning in this domain, with the model accurately detecting the predominant facade material in 68% of cases 
and identifying the top three material classes in 85% of the dataset. These results highlight the model’s capacity 
to capture material compositions at a high level of detail. One of the key contributions of this study is the ability 
to scale the model across diverse urban contexts, as tested in cities with varying architectural styles and climate 
conditions—Boston, Amsterdam, and Dubai. By leveraging material segmentation for thermal comfort studies, 
our method illustrates the significant impact of material choices on outdoor thermal comfort, particularly in 
extreme climates like Dubai. We also tested our approach against a state-of-the-art detection model, SegFormer, 
and demonstrated improved performance with a 32% increase in aggregate IoU. These insights demonstrate the 
practical utility of material segmentation in informing urban design and climate adaptation strategies.

In addition, the scalability of this approach provides a powerful tool for large-scale urban material mapping, 
offering granular insights into local material distributions and facilitating evidence-based urban planning and 
policy interventions. While the results are promising, this study also acknowledges limitations related to image 
resolution, lighting conditions, and material variations, especially in cities with more complex facade textures. 
Future work will focus on improving the adaptability of the model by fine-tuning it for specific urban contexts 
and exploring the integration of additional material properties, such as emissivity and thermal conductivity, to 
enhance predictions in thermal comfort assessments. Additionally, efforts to optimize computational efficiency 
and expand the model’s applicability to broader datasets will further support its integration into real-world 
urban applications.

Overall, this study illustrates the potential of zero-shot learning in addressing the challenges of urban material 
detection, paving the way for more precise urban climate simulations and policy-driven interventions.
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Data availability
The full segmentation pipeline code, along with the dataset, can be accessed at the following link: ​h​t​t​p​s​:​​​/​​/​g​i​t​h​u​​b​
.​c​o​​m​/​N​a​d​a​​t​a​r​k​h​​​a​n​/​Z​e​​​r​o​-​s​​h​o​​t​-​F​a​c​​​a​d​e​-​M​a​t​e​​r​i​a​l​-​S​e​g​m​e​n​t​a​​t​i​o​n​.​g​i​t.
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