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Abstract 

The availability of 3D building models has been increasing, but they often lack detail at 

the architectural scale. This paper presents a method for reconstructing façade openings 

in 3D building models by integrating Street View imagery (SVI). Methodologically, the 

paper advances opening reconstruction in two key ways: first, by introducing a 

mathematically derived method for estimating unknown intrinsic camera parameters, 

enabling metric 2D-to-3D projection without relying on multi-view imagery or pre-

existing depth information. Second, the method extends single-image photogrammetry 

to accurately measure detailed façade openings, converting pixel coordinates into spatial 

coordinates. The proposed method is validated through case studies in Amsterdam. 

Quantitative evaluation using the Façade Re-projection Dice Score (FRDS) shows high 

spatial consistency between reconstructed openings and reference opening geometries, 

with most scores ranging from 0.84 to 0.98. Given the broad coverage of SVI, there is 

a significant potential for enhancing 3D city models in diverse urban contexts where 

current representations remain geometrically basic. 
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1. Introduction 

Highly detailed 3D building models provide precise representations of architectural elements. 

They offer substantial potential for a wide range of applications, spanning from individual 

buildings to entire urban landscapes. These applications include building energy modeling, indoor 

thermal comfort assessment, photovoltaic power analysis, illumination evaluation, and 3D 

visualization [1]. To assess the quality and detail level of building models derived from various 

production workflows, the concept of “level of detail (LOD)” has been established in CityGML, a 

standardized data format for storing digital 3D city models [2,3]. For building exteriors, the 

specification starts with LOD1, the basic grade in which buildings are represented as prismatic 

blocks and are usually derived by extruding footprints to a singular height. They have been popular 

and widely available thanks to the favorable relationship between ease of acquisition and wide 

usability. LOD2 models are also relatively basic, but they add generalized roof shapes that may 

contribute to their appearance and some use cases. LOD3 describes the highest level of detail in 

façade openings, playing a critical role in establishing physical connections between buildings and 

the outdoor environment, i.e., detailed façade elements such as windows are included [4]. These 

connections are indispensable for processes such as heat transfer, solar heat gain, air leakage, and 

ventilation [5]. However, building-related studies in real urban environments typically lack 

detailed façade opening information. For example, numerous urban building energy studies rely 

on roughly assumed window-to-wall ratios [6–9] or pre-defined ratios for specific prototype 

building models [10,11]. These assumptions can propagate non-negligible simulation errors, as 

window size, distribution, and performance significantly affect heating and cooling demand. 

Recent findings show that façade openings are among the most sensitive envelope parameters 

influencing building energy use, with window upgrades often yielding the largest single-measure 

savings in urban-scale simulations [10]. Therefore, there is a need to enhance widely used building 

models by incorporating realistic façade openings. The enhanced buildings align with LOD3.1 

defined by Biljecki et al [12], enabling unattainable or insufficiently reliable applications with 

lower LODs.  

Recent research highlights the growing interest in upgrading LOD2 to LOD3 representations 

to support urban-scale digital twins and simulation. For example, Xia et al. [13] introduced a 

pipeline that enriches LOD2 models with façade openings using oblique imagery and deep learning, 

while Hanke et al. [14] proposed the CM2LoD3 approach, leveraging semantic conflict maps for 
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large-scale automated reconstruction. UAV (unmanned aerial vehicle) -based frameworks have 

also been tested for automated LOD3 reconstruction [15], and Tang et al. [16] developed the 

Texture2LoD3 method that integrates panoramic imagery with low-level models to refine façade 

details. These advances indicate that LOD3 generation is increasingly feasible through diverse data 

sources, yet challenges remain in ensuring geometric consistency, semantic consistency, and 

computational scalability. 

Current methods for reconstructing façade openings encounter two main challenges. First, 

while numerous studies have achieved satisfactory reconstruction outcomes, the availability and 

quality of relevant data in actual reconstruction scenarios are difficult to guarantee. The fidelity to 

reconstructed images based on airborne or terrestrial imagery can be sensitive to the number of 

images captured, the degree of overlap, and where the images were captured [17], all of which 

vary across projects and reduce reproducibility. In addition, high-quality UAV imagery and 

LiDAR point clouds are frequently unavailable in many urban regions due to regulatory 

restrictions, high acquisition costs, limited technical capacity, or incomplete spatial coverage, 

particularly in developing regions and rapidly urbanizing cities. By contrast, street view imagery 

(SVI) is collected through a standardized and globally consistent acquisition pipeline. This 

systematic process ensures stable coverage and greatly reduces variability in data quality. Second, 

most existing approaches require either advanced equipment or dedicated surveying and mapping 

work, making them resource-intensive. Consequently, there is a critical need to develop strategies 

that exploit publicly available data to enable cost-effective and efficient reconstruction processes. 

The method proposed in this paper builds on these needs by applying easily accessible and 

widely available SVI to extract façade information and integrate detailed façade openings into 

existing building models. Even though SVI is broadly used for several tasks, including estimates 

of building height, materials, or land-use typology, existing façade reconstruction methodologies 

using ground-level imagery are not directly applicable to freely available SVI. This is because 

most current approaches require either known camera intrinsic parameters, dense multi-view 

coverage, or dense point cloud generation, conditions that are rarely satisfied in typical street view 

data. In practice, a building is often captured by only one or a few panoramas. In addition, camera 

intrinsic parameters are typically not disclosed. These limitations make metrically meaningful 

reconstruction of façade openings from a single panorama infeasible using conventional pipelines. 

As a result, existing street-view-based methods are largely limited to non-metric or approximate 
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representations, which constrain their applicability in downstream tasks, such as building energy 

simulation and urban digital twin applications. This limitation leads to several specific research 

questions: (1) How can the unknown intrinsic parameters of SVI cameras be estimated in a 

reproducible way without access to proprietary metadata? (2) How can façade-opening geometries 

be reconstructed from a single SVI panorama in a metrically consistent manner? (3) How can the 

recovered 3D openings be integrated consistently with existing city-scale building models to 

overcome the known limitations of LOD2 representations in façade-sensitive applications? 

Methodologically, this paper advances façade reconstruction in two distinct ways. First, it 

includes a mathematically derived method for estimating the unknown intrinsic parameters of 

panoramic SVI, allowing metric 2D-to-3D projection, without relying on multi-view imagery or 

pre-existing depth information. This paper explicitly establishes the geometric relationship 

between image space, camera space, and world coordinates, providing an analytically grounded 

solution to a long-standing limitation of publicly available street view data. Second, it allows for 

extending single-image photogrammetry reconstruction to measure detailed façade openings, 

converting pixel coordinates to spatial coordinates. This paper differs from conventional 

techniques, since these methods require a massive collection of multi-view images or a dense cloud 

of points. To our knowledge, no prior work has proposed a mathematically grounded estimation 

method that achieves metric projection of façade openings using just a single publicly available 

panorama. The contribution of this paper lies in a reproducible reconstruction workflow tailored 

for freely accessible SVI, without relying on depth maps, multi-view inputs, or the camera’s 

internal parameters.  

The rest of this paper is organized as follows. We begin with a literature review (Section 2), 

followed by detailed explanations of the proposed SVI-based method (Section 3). Section 4 

implements the method: in Section 4.1, mathematical derivation is employed to validate the 

assumptions made during the estimation of camera parameters, while Section 4.2 reports three case 

studies in Amsterdam that assess the reconstruction quality. Additionally, this paper demonstrates 

the benefits that enhanced building models bring to applications (Section 4.3). The final section 

examines the contributions and limitations of the proposed method and concludes with a concise 

summary of the main findings. 

 

2. Literature review 
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Research on façade opening reconstruction covers a broad spectrum of themes and data 

sources, reflecting the diversity of objectives across architectural, photogrammetric, and urban 

modeling studies. Before examining specific techniques for reconstructing façade openings, it is 

necessary to outline the main methodological directions that shape current façade reconstruction 

research. The following subsections summarize the key approaches relevant to understanding how 

façade openings are detected and modeled. 

 
2.1 Façade opening reconstruction  

Research on façade opening reconstruction generally follows two complementary paradigms: 

top-down model-driven approaches and bottom-up data-driven approaches. Top-down methods 

rely on predefined template libraries, which contain reusable façade primitives such as windows 

and doors, or on parametric façade grammars to guide the reconstruction process. Representative 

examples include template-assembly frameworks [18], semantically enriched LOD3 façade 

templates [19], and parametric multi-source façade modeling [20]. These approaches benefit from 

structural regularity and interactive adjustment but lack flexibility when applied to heterogeneous 

building types because their predefined primitives restrict generalization across diverse 

architectural forms [18]. 

In contrast, bottom-up approaches extract façade components directly from observations. 

These techniques utilize BIM data [21,22], airborne/terrestrial laser scanning [23,24], or image-

based point clouds [25,26] to derive LOD3 façade details. While accurate, they typically require 

specialized hardware, controlled acquisition settings, dense multi-view coverage, or high-quality 

BIM files, which limit their scalability for city-scale reconstruction. Despite extensive advances, 

existing LOD3 façade opening reconstruction workflows remain constrained by data cost, 

equipment requirements, geometric completeness, and reproducibility. These limitations motivate 

the need for methods that operate robustly under sparse and heterogeneous data conditions. This 

gap directly supports the motivation, which aims to reconstruct façade openings using widely 

accessible street-view imagery without relying on dense point clouds or known camera parameters. 

 

2.2 Application of SVI in building reconstruction 
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SVI is a collection of sequential ground-level images taken along a street, which usually 

includes buildings. Companies such as Google and Baidu have collected billions of such images 

covering thousands of cities around the world, while crowdsourced platforms such as Mapillary 

and KartaView gather them from volunteers and also contain a large collection. Due to their high 

coverage and image quality [27], and offering detailed insights into buildings, they may be a viable 

data source to collect data on buildings. Existing studies have shown that SVI can be used to extract 

various geometric or semantic attributes, including building height [28], window/door elevations 

[29], window-to-wall ratios [30], etc. These works demonstrate the value of SVI for extracting 

individual façade attributes, but they do not address the full 3D reconstruction of façade openings. 

Early attempts to employ SVI for reconstruction primarily focused on point cloud generation 

from street-level imagery [31,32], which is computationally intensive and often unsuitable when 

only limited views of a building façade are available. Kim and Han [33] generated textured 

prismatic 3D models from panoramic sequences, while Pang and Biljecki [34] produced plausible 

single-image-based massing models but without reconstructing façade openings. More recently, 

Tang et al. [16] introduced the Texture2LoD3 framework to transform panoramic textures into 

semantically enriched LOD3 façades. However, the method still relies on high-quality textured 

LOD2 models and was mainly validated at the building scale. 

Across these studies, the core challenge remains: freely available SVI typically lacks known 

camera parameters and multi-perspective imagery, as a building may only appear in one or two 

panoramas. Consequently, most existing SVI-based methods are either (1) limited to coarse 

geometry or texture transfer, or (2) require auxiliary data such as multi-view images, point clouds, 

or textured 3D shells. This motivates the need for approaches capable of converting single SVI 

images into metrically meaningful 3D façade opening geometries, which is precisely the 

contribution of this paper. 

 

2.3 Single image-based methods for building reconstruction 

Single-image 3D reconstruction is a longstanding problem in computer vision [35], and 

building-related applications often combine footprint extraction and height estimation from remote 

sensing images [36]. Other efforts generate point clouds or mesh representations from single-view 

images [37,38]. While these methods demonstrate the feasibility of inferring spatial information 
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from single images, most of them are designed for remote sensing or controlled aerial imagery, 

where camera models and imaging geometry are well understood. 

With the growing availability of SVI, several recent works have explored single-image 

reconstruction from street-level views. Pang and Biljecki [34] showed that SVI can support rapid 

massing reconstruction. Wang et al. [39] used façade textures from LOD2 models to generate more 

detailed LOD3 façades, though the method depends on the availability of textured 3D models. 

Neural implicit representations such as NeRBuilder [40] and scalable façade parsers like SI3FP 

[41] further improve robustness through semantic priors or orthographic projections, but they still 

rely heavily on large annotated training sets and do not explicitly tackle 3D metric recovery of 

façade openings from single panoramic images. 

Overall, existing single-image approaches either require strong priors or textured 3D models 

or focus on massing rather than façade openings. The gap is no existing single-SVI workflow 

capable of transforming 2D opening detections into accurate 3D opening geometries without 

known camera parameters. 

 

3. Methodology 

Building upon the challenges and opportunities discussed in the previous sections, this paper 

proposes a systematic workflow for reconstructing façade openings using widely accessible SVI 

in combination with existing 3D building models. The methodology is designed to be both modular 

and scalable, enabling its application to individual buildings, groups of adjacent structures, or 

larger urban blocks, depending on the availability and quality of SVI. 

The process operates on a building-by-building basis to ensure precise geometric alignment 

between the extracted façade features and their corresponding 3D models. Taking a single target 

façade as an illustrative example, Fig. 1 outlines the overall workflow, which consists of six major 

stages: (1) data preprocessing to prepare SVI and building model inputs; (2) pixel-level 

localization to detect façade openings and their corners; (3) spatial coordinate calculation to project 

2D image features into accurate 3D positions; (4) storage and integration of reconstructed façade 

openings into the original building model; (5) quantitative evaluation of reconstruction quality; 

and (6) application of the enhanced models to potential use cases, such as building energy 

simulation. 
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In scenarios where a building has multiple façades facing different streets, each façade is 

treated as an independent target, and the reconstruction workflow can be repeated for each one. 

This modular design allows the method to accommodate varied urban forms and data conditions, 

making it adaptable for both small-scale and city-scale façade reconstruction tasks. 

 

 

Fig. 1. Workflow of the proposed method.  
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To ensure the reproducibility and interpretability of the proposed workflow, three key 

assumptions adopted during camera parameter estimation and façade opening reconstruction are 

summarized below: 

First, it is assumed that the target façade is largely planar and clearly visible in at least one 

street view panorama, with limited occlusion from vegetation, vehicles, or pedestrians. This 

assumption ensures that façade opening boundaries can be reliably detected and that the façade 

plane can be consistently identified in the 3D building model. Second, the workflow assumes that 

the selected and cropped perspective image represents a single dominant façade. The cropping step 

is designed to minimize panoramic distortion, privacy masking, and irrelevant scene content, and 

to ensure that the façade occupies the majority of the image area. While this step is currently 

performed manually to guarantee geometric reliability, it does not alter the mathematical 

formulation of the reconstruction and can be automated in future implementations. Third, during 

camera parameter estimation, the center pixel of the cropped perspective image is assumed to 

approximately correspond to the geometric center of the target façade. This façade center 

alignment simplifies the estimation of the translation vector between the camera and façade plane. 

Deviations from this assumption may introduce lateral shifts in reconstructed façade opening 

positions, particularly for façades observed at oblique angles. 

 

3.1 Data preprocessing 

The proposed façade opening reconstruction workflow primarily relies on two main data 

sources. The first is an existing 3D building model, which can be at LOD1 or LOD2, depending 

on data availability. Regardless of the level of detail, it is essential that the spatial location of the 

buildings and their associated coordinate system are clearly defined, as these provide the geometric 

reference framework for the reconstruction process. In this paper, the building models used already 

include an explicitly defined coordinate reference system provided by the dataset creator. Each 

CityJSON file specifies its reference system in the metadata field, which ensures that the geometry 

is correctly positioned in geographic space and can be aligned with the spatial information 

extracted from SVI. 
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The second source is panoramic SVI, which offers ground-level visual information critical 

for detecting façade openings. Each SVI contains essential metadata, including a unique panorama 

ID, geographic coordinates, capture date, image resolution, and the north rotation parameter, all of 

which facilitate accurate spatial alignment between the imagery and the building model.  To 

provide a reconstruction with confidence, the SVI used in this paper must fulfill a small set of 

simple requirements. The façade of interest should be clearly visible in at least one panorama with 

minimal obstruction from vegetation, vehicles, or pedestrians so that the segmentation network 

can accurately capture façade opening boundaries. The image resolution must be sufficient for 

window and door corner localization, and the SVI metadata must provide the camera location and 

the coordinate reference information. 

We used the Equirec2Perspec package [42] to split the equirectangular panorama into 

normal perspectives according to the given FOV, theta, phi, as shown in Fig. 2. FOV refers to the 

field-of-view angle in degrees. Theta and phi are polar coordinates in degrees, where theta 

corresponds to rotation around the vertical axis and phi represents rotation around the horizontal 

axis. In this paper, the Equirec2Perspec package is used only to generate perspective views from 

the panoramic SVI. The tool applies a standard spherical projection based on the specified field of 

view and viewing angles to create a rectified perspective image. Since this procedure is part of the 

package’s built-in functionality and not the methodological focus of our workflow, only a concise 

description is provided here. 

A notable aspect of our workflow involves manually selecting and cropping the SVI 

perspective to ensure that the target façade is captured clearly and with minimal occlusion. This 

step is necessary because panoramic street-level imagery often contains distortions, privacy masks, 

blurriness, or physical obstructions such as pedestrians, vehicles, and vegetation, all of which may 

propagate errors into subsequent automated stages. By manually refining the crop, the façade 

boundaries can be accurately aligned before entering the photogrammetric estimation process, 

ensuring that the extracted image provides reliable reference points for the 2D-to-3D spatial 

reconstruction. While this manual operation ensures high quality in the presence of inconsistent 

SVI quality and typical urban occlusions, it is not an intrinsic requirement of the workflow. 

Automating that manual cropping step could be implemented with two primary developments. 

First, automated façade-detection models to identify which façade segments are visible in each 

SVI panorama, and quantitative quality-screening indicators to evaluate occlusion, blur, privacy 
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masking, or extreme distortion. Second, incorporating such detection results would enable 

automated, robust view selection and cropping, allowing the workflow to scale efficiently to large 

urban areas. Future versions of the pipeline will integrate such automated modules to support city-

scale deployment. The cropped image provides the reference points for calculating the spatial 

coordinates of façade openings described in Section 3.3. 

 

 
Fig. 2. Preprocessing of a panoramic street view image to facilitate the acquisition of the 

façade. 

 

3.2 Pixel-level localization of façade-opening corners 

In this stage, the SVI cropped from the previous step is processed to localize the corners of 

façade openings. The localization follows a four-stage deep learning–based workflow. 

Stage 1 and 2: Semantic segmentation of façade openings and corner candidates. The first 

two stages apply semantic segmentation to detect façade openings (windows and doors) and the 

potential positions of their corners, as shown in Fig. 3(a) and Fig. 3(b). We adopted TernausNet 

[43], a U-Net variant with strong performance in pixel-level tasks, trained on the Amsterdam 
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façade dataset from the City of Amsterdam’s open data portal (https://data.amsterdam.nl/). The 

training dataset contains pixel-level annotations for windows and doors, which are treated as the 

representative façade openings in this paper. Other façade elements, such as balconies, ventilation 

outlets, or shopfront glazing, were not labeled and are therefore excluded from both model training 

and evaluation, as illustrated in Appendix A. Such detailed segmentation provides a robust basis 

for the subsequent corner extraction and 3D re-projection steps. To ensure adequate generalisation, 

the dataset was randomly divided into a training set comprising 90% of the samples and a 

validation set comprising the remaining 10%. TernausNet was trained using the Adam optimizer 

with an initial learning rate of 1×10⁻⁴, a batch size of 4, and cross-entropy loss. Following common 

practice in façade segmentation, the network was fine-tuned for 50 epochs. Training and evaluation 

followed the COCO evaluation protocol, reporting the mean Average Precision (AP) across IoU 

thresholds from 0.50 to 0.95 in 0.05 increments, along with AP50 and AP75 to represent more 

lenient and stricter localization criteria. The best-performing TernausNet model achieved AP = 

65.94%, AP50 = 90.47%, and AP75 = 76.04%. In façade segmentation tasks, an AP50 above 85% 

is generally regarded as excellent, indicating high reliability in capturing façade-opening 

boundaries [44]. 

Stage 3: Bounding box generation. One challenge in direct corner prediction is the absence 

of grouping information, and each detected corner is treated as an independent point without 

explicit association to its corresponding façade opening. To address this, we introduced a bounding 

box computation step: for each segmented opening, the extremal coordinates of its region are used 

to form a bounding box, as illustrated in Fig. 3(c). This enables grouping and spatial association 

between candidate corners within the same façade opening. 

Stage 4: Corner assignment and refinement. In the final stage, bounding box geometry is 

integrated with the detected corner set. For each façade opening, the detected corner closest to each 

bounding box vertex is assigned as that opening’s corner. In cases where a corner is missing, the 

bounding box vertex itself is used as a substitute, ensuring completeness of the structural 

representation. The filtered and assigned corners for each opening are shown in Fig. 3(d). 
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Fig. 3. Localization process of opening corners.  

 

3.3 Spatial coordinate calculation for façade-opening corners 

The objective of this section is to determine onto which façade the identified corners should 

be projected and to propose a projection method for calculating the spatial coordinates of these 

corners. 

 

3.3.1 Determination of the target façade in building models 

The determination process involves three steps. Initially, the normalized normal vector is 

calculated for each surface of the target building, pointing outward from the building. The surface 

with the normal vector (0, 0, -1) is considered as the building's footprint. Then, the view vector 

needs to be computed, which represents the direction from the building to the SVI camera location. 

Finally, the angle 𝛼, which is defined as the angle between the normal vector and the view vector, 

is calculated for each surface. The normal vector with the smallest 𝛼 is recognized as the normal 

vector for the target façade.  
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3.3.2 Estimation of camera parameters 

This section details the process of estimating SVI camera parameters and transforming 

recognized 2D opening positions into corresponding 3D spatial coordinates on the determined 

target façade using the single-image photogrammetric method. This technique utilizes four distinct 

coordinate systems:  the world coordinate system (WCS), camera coordinate system (CCS), image 

coordinate system (ICS), and pixel coordinate system (PCS) [45,46], as shown in Fig. 4.  

 

 
Fig. 4. Projection of point P onto the image plane.  

 

The camera imaging process can be interpreted as a transformation from WCS to PCS. In this 

paper, the WCS aligns with the spatial coordinate system used by the building model. A point 𝑃 

in the 3D space is represented by coordinates (𝑋! , 𝑌! , 𝑍!) in WCS, corresponding to the pixel 

location (𝑢, 𝑣)  in PCS. The projection process in Eq. (1) can be understood intuitively as a 

sequence of coordinate transformations. A point in the real world is first represented in the camera 

coordinate system, which describes its relative position to the camera. 𝐾 denotes the intrinsic 

matrix, containing the internal parameters of the camera. The extrinsic matrix [𝑅|𝑡], comprising a 

rotation matrix 𝑅 and a translation vector 𝑡, describes the camera's position and orientation relative 
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to the WCS [47]. Definitions of all parameters and detailed derivations are provided in Appendix 

B. 

1
𝑢
𝑣
1
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𝑋!
𝑌!
𝑍!
1
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Now, moving on to the single-image photogrammetric process, which derives façade-opening 

corner locations in WCS from the respective positions in PCS. Theoretically, if (𝑢, 𝑣) of a point in 

PCS is known, (𝑋! , 𝑌! , 𝑍!) of this point in WCS can be derived from Eq. (2), transformed from 

Eq. (1), where 𝑅$% and 𝐾$% are inverse matrixes of 𝑅 and 𝐾, respectively. However, 𝑅, 𝑡, and 𝐾 

are unknown, estimating these parameters becomes a necessary part of the workflow. 

8
𝑋!
𝑌!
𝑍!
< = 	𝑅$%𝐾$% 1

𝑢
𝑣
1
3 − 𝑅$%𝑡	 (2) 

 

𝑅 can be calculated based on the view vector obtained in Section 3.3.1, as the direction of the 

𝑍&  axis is opposite to that of the view vector. The calculation formula is 𝑅 = 	𝑅" ∙ 𝑅# ∙ 𝑅', where 

𝑅", 𝑅# and 𝑅' are the rotation vectors of WCS around the x, y, and z axes, respectively. After 

rotating CCS 90° counter-clockwise around the 𝑋&  axis, the spatial distribution of CCS and WCS 

can be obtained, as illustrated in Fig. 5. (𝑋!(, 𝑌!(, 𝑍!() denotes the normal vector of the target 

façade. This figure also illustrates four possible orientations of the normal vector of the target 

façade on the 𝑋!𝑂!𝑌! plane. To align the coordinate axes of CCS and WCS, rotating around the 

𝑍&  axis is sufficient at present. In each subfigure in Fig. 5, the angle required for counter-clockwise 

rotation around the 𝑍&  axis is highlighted in red. This angle value is associated with 𝛽, which 

represents the angle between the orientation of the normal vector on the 𝑋!𝑂!𝑌! plane and the 𝑌! 

axis. 
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Fig. 5. Four possible orientations of the normal vector of the target façade. 

 

The translation vector 𝑡 represents the spatial position of the camera relative to the façade. 

Since intrinsic parameters are not available in SVI metadata, we assume that the center pixel 

location (𝑐" , 𝑐#)  corresponds to the center of the façade (𝑋!), 𝑌!), 𝑍!)) . This assumption 

simplifies the reconstruction process but may lead to inaccuracies when the camera is not 

positioned directly in front of the façade. In such cases, deviations from this assumption could 

cause shifts in the reconstructed façade openings, particularly when viewed at oblique angles. 

These distortions become more pronounced for façades viewed at sharper angles, potentially 

affecting the alignment of the reconstructed façade openings. Substituting both into Eq. (1), Eq. 
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(3) can be derived. Initial values of 𝑓" and 𝑓# in intrinsic matrix 𝐾 in Eq. (3) is 100, and Section 

4.1 verifies that these initial values do not affect the result of 𝑡. 

𝑡 = 	𝐾$% 8
𝑐"
𝑐#
1
< − 𝑅 8

𝑋!)
𝑌!)
𝑍!)

<	 (3) 

 

 

The intrinsic matrix 𝐾 can be further estimated by assuming the bottom left corner (𝑢%, 𝑣%) 

of the cropped street image in PCS is the bottom left corner of the corresponding target façade in 

WCS. The coordinate (𝑋&%, 𝑌&%, 𝑍&%) in CCS can be represented by substituting (𝑋!%, 𝑌!%, 𝑍!%) 

into Eq. (1), as shown in Eq. (4), and then the estimated values of 𝑓" and 𝑓# in the intrinsic matrix 

𝐾 are calculated by 𝑓" =	
*!$+"
,#!

 and 𝑓# =	
-!$+$
.#!

. 
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1
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Once 𝑅 , 𝑡, and 𝐾  are computed, Eq. (2) is used to convert the 2D pixel positions of all 

detected façade-opening corners into their corresponding 3D coordinates in WCS. This enables 

the reconstruction of façade openings from a single SVI panorama. 

 

3.4 Storage of corner information 

Once the spatial coordinates of the façade-opening corners have been calculated, the next step 

is to integrate this geometric information into the corresponding 3D building model. This stage 

serves as a bridge between the computational derivation of corner positions (Section 3.3) and the 

generation of an enhanced, application-ready building model. 

The integration process begins with extracting the geometric representation of the target 

building from the original dataset, ensuring consistency with the coordinate system used during 

the reconstruction process. Based on the calculated corner positions, façade openings are then 

created on the target façade by sequentially “punching” holes that correspond to the spatial layout 

of each reconstructed façade opening. Following this, the façade openings are refined by inserting 

the corresponding corner geometries, which ensure precise alignment and preserve the intended 

façade structure. Through this process, the original LOD1 or LOD2 building is transformed into a 
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seamless model that incorporates realistic façade openings, resulting in a higher level of detail and 

improved geometric fidelity. 

 

3.5 Evaluation metrics 

This paper uses the Façade Re-projection Dice Score (FRDS) [25] as the primary quantitative 

metric for evaluating the quality of reconstructed façade openings. FRDS measures the spatial 

overlap between two binary images by comparing the shape and distribution of objects, making it 

particularly suitable for assessing the consistency between reconstructed façade openings and their 

corresponding reference representations in image space. When the reprojection result perfectly 

matches the reference image, the FRDS value equals 1. In Eq. (5), 𝑟𝑝/ and 𝑔𝑡/ are the pixel values 

of reprojection and image reference, respectively. 

 

𝐹𝑅𝐷𝑆 = 	
2∑ 𝑟𝑝!𝑔𝑡!"

!
∑ 𝑟𝑝!# +"
! ∑ 𝑔𝑡!#"

!
	 	(5) 

The choice of FRDS is motivated by both the objectives of this paper and the characteristics 

of the available reference data. The proposed workflow focuses on reconstructing façade openings 

from single street view images and integrating them into existing 3D building models at scale. In 

such settings, metrically surveyed ground truth for façade openings is rarely available, and manual 

annotation of accurate 3D geometries is infeasible for large urban areas. Instead, reference façade 

opening geometries are obtained through image-based semantic segmentation of street-level 

imagery, which provides a scalable, consistent, and visually grounded benchmark for evaluation. 

FRDS directly quantifies how well the reconstructed façade openings, when re-projected to the 

camera viewpoint, reproduce the spatial extent and distribution of façade openings observed in the 

original imagery. Nevertheless, FRDS has inherent limitations that should be explicitly 

acknowledged. Because the reference data are derived from semantic segmentation rather than 

direct physical measurement, FRDS does not represent absolute geometric accuracy in real-world 

units. Its achievable upper bound is constrained by segmentation quality, including boundary 

smoothness, occlusion effects, and potential misclassification of façade elements. 

The building model generated in Section 3.4 is utilized as the subject for evaluation. Based 

on the calculated 𝑅, 𝑡, and 𝐾, as well as Eq. (1), a virtual photo of the target façade taken at the 
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street view camera location can be obtained, where the pixel value is 1 for façade opening (white), 

and the rest is 0 (black), as shown in Fig. 6(a). This process can be called re-projection. Then, the 

façade opening binary images identified in Section 3.2 are treated as image reference in this paper, 

as shown in Fig. 6(b). By inputting both images into Eq. (5), the distribution of the calculated 

façade openings on the target façade is evaluated through FRDS. 
 

 
Fig. 6. FRDS score representation. 

 

4. Validation and results 

This section presents the validation and results of the proposed façade opening reconstruction 

workflow. It first examines the mathematical properties of the camera parameter estimation to 

verify the robustness of the underlying assumptions (Section 4.1). It then evaluates the 

reconstruction performance through a series of case studies in Amsterdam, Netherlands, covering 

individual buildings, multiple adjacent buildings, and larger urban blocks, with quantitative 

assessment using the FRDS (Sections 4.2.1–4.2.3). Finally, the section demonstrates the practical 

implications of the enhanced building models through a comparative building energy simulation 

before and after model augmentation (Section 4.3). 

 

4.1 Influence of initial values of 𝒇𝒙 and 𝒇𝒚 in intrinsic matrix 𝑲 
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From a mathematical point of view, this section aims to prove that the initial values of 𝑓" 

and 𝑓# do not have any effect on the estimation of 𝑡 in Section 3.3.2. In Eq. (3), this mathematical 

problem can be further transformed into the need to prove that 𝐾$% 8
𝑐"
𝑐#
1
< is a unique matrix. At 

present, 𝐾 can be represented by 8
𝑓" 0 𝑐"
0 𝑓# 𝑐#
0 0 1

<. According to the inverse matrix theorem, 𝐾$%𝐾 =

𝐼, where 𝐼 denotes the identity matrix. Therefore, when 𝐾$% is assumed to be 8
𝑘%% 𝑘%2 𝑘%3
𝑘2% 𝑘22 𝑘23
𝑘3% 𝑘32 𝑘33

<, 

𝐾$%𝐾 can be rewritten as Eq. (6): 

 

8
𝑘%% 𝑘%2 𝑘%3
𝑘2% 𝑘22 𝑘23
𝑘3% 𝑘32 𝑘33

< 8
𝑓" 0 𝑐"
0 𝑓# 𝑐#
0 0 1

< = N
𝑘%%𝑓" 𝑘%2𝑓# 𝑘%%𝑐" + 𝑘%2𝑐# + 𝑘%3
𝑘2%𝑓" 𝑘22𝑓# 𝑘2%𝑐" + 𝑘22𝑐# + 𝑘23
𝑘3%𝑓" 𝑘32𝑓# 𝑘3%𝑐" + 𝑘32𝑐# + 𝑘33

O = 8
1 0 0
0 1 0
0 0 1

<	 (6) 

 

Since the focal length of the camera does not equal to 0, if the result of multiplying a variable 

by 𝑓" or 𝑓# is zero, the value of this variable must be 0. Based on this, 𝐾$% can be represented by 

only four variables, 𝑘%%, 𝑘22, 𝑐" and 𝑐#, as shown in Eq. (7). 

 

𝐾$% =	8
𝑘%% 𝑘%2 𝑘%3
𝑘2% 𝑘22 𝑘23
𝑘3% 𝑘32 𝑘33

< = 8
𝑘%% 0 −𝑘%%𝑐"
0 𝑘22 −𝑘22𝑐#
0 0 1

<	 (7) 

 

Therefore, it can be seen from Eq. 8 that 𝐾$% 8
𝑐"
𝑐#
1
< is a 3×1 unique matrix8

0
0
1
<, which has no 

effect on the estimation of the translation vector 𝑡 in the estimation of camera parameters. 

𝐾$% 8
𝑐"
𝑐#
1
< = 8

𝑘%% 0 −𝑘%%𝑐"
0 𝑘22 −𝑘22𝑐#
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< 8
𝑐"
𝑐#
1
< = 	 8

0
0
1
<	 (8) 

 

4.2 Case studies on model augmentation 



 21 

To comprehensively evaluate the effectiveness and robustness of the proposed façade opening 

reconstruction method, we designed and implemented three representative case studies in 

Amsterdam, Netherlands. These case studies were structured to test the method’s applicability 

across varying spatial contexts: (1) individual buildings, (2) multiple adjacent buildings, and (3) 

larger, more complex urban blocks. The selection of Amsterdam as the study area was motivated 

by the ready availability of high-quality 3D building models (Peters et al., 2022), which can be 

directly obtained from the open-access 3DBAG platform (https://3dbag.nl/). In case studies, the 

criteria for selecting the target building are that the building's street façade must be almost 

completely captured by cameras without being obstructed by trees, cars, or other urban objects, 

and the building should have a corresponding building model available. To better maintain the 

model, this paper adopted the CityJSON format for storing building models. CityJSON is a JSON-

based encoding for a subset of the CityGML data model, which promotes the creation, reading, 

and modification of city models in a more accessible and manageable manner [48]. Then, we used 

cjio, a Python package, to extract the spatial geometry information of each target building [48]. 

For street-level imagery, Google Street View (GSV) served as the primary source, providing 

panoramic views enriched with metadata essential for spatial alignment. In the following case 

studies, GSV is used only as an illustrative example of a widely available panoramic imagery 

platform rather than as a strict requirement of the workflow. The proposed method is fully 

compatible with any street-view service that supplies panoramic imagery together with basic 

metadata such as geographic coordinates and viewing direction, including platforms such as 

Mapillary, KartaView, Baidu Street View, or other municipal street-level imagery archives. 

The three case studies are organized as follows. Section 4.2.1 focuses on reconstructing 

façade openings for individual buildings, labeled with the prefix “B.” Section 4.2.2 extends the 

approach to multiple adjacent buildings within the same block, labeled with the prefix “MB.” The 

selected cases, including each building’s panorama ID, camera location, capture date of the SVI, 

and the corresponding CityJSON building ID (CJID), are summarized in Appendix C. The 

uniqueness of the panorama ID and CJID ensures that both the imagery and 3D model can be 

retrieved by any user for verification. Notably, multiple adjacent buildings may map to several 

distinct entries in the original 3D city model, for example, case MB0 consists of MB0-0, MB0-1, 

and MB0-2. To provide a clearer overview of the case-study locations, Fig. 7 presents the spatial 

distribution of all selected buildings, offering an intuitive geographic reference that complements 
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the information listed in Appendix C. Finally, Section 4.2.3 addresses more complex urban 

contexts involving multiple urban blocks. These blocks were sourced as a single tile, randomly 

downloaded from the 3DBAG platform. The selected file, identified as tile 10-432-712, contains 

numerous LOD2 building models and is defined within the EPSG:7415 coordinate reference 

system, with a bounding box of (121570.340625, 484879.6545, 122106.952625, 485402.7195). 

This larger-scale case study tests the method’s scalability and adaptability to heterogeneous urban 

morphologies. 

 

 
Fig. 7. Spatial distribution of the selected case-study buildings. 

 

4.2.1 Façade opening reconstruction of individual buildings 

The target buildings in this section are B0-B3. Fig. 8 shows the preprocessing results of SVI 

and CityJSON information related to these target buildings, including cropping the perspective 

from SVI and extracting the geometric information from the original building model through CJID.  
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Fig. 8. Data preprocessing results of B0-B3. 

 

The TernausNet models were then utilized to sequentially identify the façade openings and 

façade-opening corners of the cropped perspectives. The results of semantic segmentation for the 

four target buildings are shown in Fig. 9, with two columns representing segmented openings and 

corners. Based on segmented openings, the bounding boxes were further generated and served as 
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the prototype for identified façade openings. Combining these boxes with segmented corners, the 

final filtered corners in Fig. 9 were obtained. 

 

 

Fig. 9. Pixel-level localization of façade-opening corners for B0-B3. 
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By utilizing the camera location of SVI along with the original building model as inputs, the 

target façade of each building can be determined. Subsequently, the filtered corners were projected 

onto the target façade. Through the single-image photogrammetric method, the rotation matrix 𝑅, 

translation vector 𝑡 , and intrinsic matrix 𝐾  were back-calculated. By applying Eq. (2), the 

corresponding coordinates of the façade-opening corners in WCS were then determined. Finally, 

these façade openings were integrated into the original building model, resulting in the 

visualization presented in Fig. 10. All updated building models can be validated by val3dity [49]. 

 

 

Fig. 10. Visualization of B0-B3 with reconstructed façade openings. 

 

The binary images representing the image reference were created using the segmented 

opening in Fig. 9. The reprojection binary images were generated by simulating the perspective of 

standing on a camera location and capturing the 3D building depicted in Fig. 10. This camera 

image formation process was achieved by inputting the previously calculated 𝑅, 𝑡 and 𝐾 into Eq. 

(1). Fig. 11 displays the two binary images generated for each building. By substituting both 

images (matrices) into Eq. (5) to obtain the FRDS, the results are shown in Table 1. The FRDS 

values range mostly between 0.86 and 0.92, indicating that the calculated spatial locations of the 

façade openings are relatively accurate. As for errors, the segmented openings may not perfectly 

represent the actual geometric shape of the façade openings, as they are usually irregular and only 

provide a rough outline. This discrepancy between segmented openings and boundary boxes used 

for the final corner generation could be a potential source of error. 
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It is important to clarify that the quantitative evaluation presented in this paper is designed to 

assess relative improvement over low-LOD baseline building models rather than to establish 

absolute geometric correctness of reconstructed façade openings. Consequently, FRDS values 

should be interpreted as indicators of how effectively the reconstructed façade openings enhance 

the spatial realism and façade-level detail of existing low-LOD models. Within this context, the 

consistently high FRDS scores demonstrate that the proposed method yields substantial relative 

improvement in façade representation while acknowledging that absolute geometric accuracy 

remains constrained by the quality of the reference data and imaging conditions. 

 

 

Fig. 11. Binary images representing image reference and reprojection of B0-B3. 

 

Table 1. 

Façade Re-projection Dice Score of B0-B3. 

Building ID FRDS 
B0 0.872 
B1 0.921 
B2 0.865 
B3 0.920 
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4.2.2 Façade opening reconstruction of multiple adjacent buildings 

In the bustling cityscape of Amsterdam, it is common for buildings within the same block to 

be closely situated next to each other. Interestingly, from a human visual perception standpoint, a 

single building with a uniform color and architectural style may correspond to multiple CityJSON 

buildings. In this case, one question arises: how can the façade openings of these buildings be 

reconstructed solely using a panoramic street view image? The preprocessing results of Fig. 12 lay 

the foundation for this work. The reconstruction process proceeds building by building, requiring 

a meticulous match between building instances in the normal perspectives and those in CityJSON 

data. Note that the quantity of target buildings coincides with the number of buildings specified in 

the CityJSON model. 

 



 28 

 

Fig. 12. Data preprocessing results of MB0-MB3. 

 

According to the workflow of Section 3.2, Fig. 13(a) showcases the outcomes of the semantic 

segmentation process applied to the façade openings and opening corners on each building façade. 
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This process leads to the generation of bounding boxes and filtered corners. By employing Eq. (2), 

the corresponding coordinates in WCS of the filtered corners were obtained. These coordinates 

were then integrated into the original building model, as depicted on the left side of Fig.13(b). 

Subsequently, this paper utilized cjio to merge each building model containing façade openings. 

As a result, the reconstruction of the façade openings for multiple adjacent buildings has been 

completed. The final multiple adjacent building models can also be checked by val3dity to ensure 

they are free of any geometric errors. Additional reconstruction examples for MB1–MB3 are 

provided in Appendix C. 

The evaluation procedure involves re-projecting the target façade of each building onto a 

virtual camera and utilizing the segmented openings presented as the image reference, as shown 

in Fig.13(c). After substituting both into Eq. (5), FRDS scores were calculated, listed in Table 2. 

The findings reveal that the FRDS scores surpass 0.84 for all façades, with some façades even 

exceeding 0.92, indicating a strong similarity between the plane distribution of façade openings 

captured by the camera in the real world and the virtual photos obtained from the generated 3D 

building models. The value of FRDS is largely affected by the angle 𝛼 between the view vector 

and the normal vector of the target façade. The larger 𝛼 is, the higher probability that the photo of 

the corresponding building would be stretched and deformed. An example can be observed in Fig. 

13(a), where the generation of the boundary box for MB0-2 exhibits a noticeable deviation from 

the original segmented opening, resulting in a reduction in FRDS. Compared with Section 4.2.1, 

Section 4.2.2 shows that the reconstruction process of individual buildings is not fundamentally 

different from that of multiple adjacent buildings, except that the latter requires integrating the 

reconstruction results of multiple buildings. 

In addition, the derived camera parameters directly influence the reprojection-based 

evaluation because they determine the geometric mapping between 3D façade openings and their 

2D projections. Although the parameter estimation procedure is designed to be stable, small 

deviations in the estimated intrinsic parameters may slightly shift the projected opening boundaries, 

which can lower the FRDS value. These deviations are most evident when the façade is viewed 

from an oblique angle, where projection distortions are more sensitive to parameter inaccuracies. 

The consistently high FRDS values across all cases indicate that such parameter errors remain 

limited and do not materially affect the overall reconstruction quality. 
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Fig. 13. Segmentation, corner detection, 3D integration and re-projection evaluation for MB0. 

 

Table 2. 

Façade Re-projection Dice Score of MB0 - MB3. 



 31 

Building ID FRDS Multiple building ID FRDS 
MB0-0 0.910 

MB0 0.894 MB0-1 0.928 
MB0-2 0.845 
MB1-0 0.922 MB1 0.887 
MB1-1 0.852 
MB2-0 0.888 

MB2 0.889 MB2-1 0.859 
MB2-2 0.920 
MB3-0 0.893 

MB3 0.888 MB3-1 0.881 
MB3-2 0.889 

 

4.2.3 Façade opening reconstruction of urban blocks 

To further test the robustness and generalization capability of the proposed reconstruction 

method, this section applies the workflow to a larger and more heterogeneous urban context 

comprising multiple urban blocks in Amsterdam. Unlike the previous case studies, which focused 

on individual or adjacent buildings, this large-scale experiment evaluates the method’s 

performance when handling dense and morphologically diverse city environments. The dataset for 

this case was sourced from the 3DBAG platform (https://3dbag.nl/) as a single CityJSON tile, 

randomly selected to avoid bias in building morphology or SVI coverage. The chosen file contains 

628 LOD2 building models, as shown in Fig. 14(a). Within the surrounding street network of these 

buildings, a total of 2,200 SVI panoramas were available, providing a rich but varied set of inputs 

for façade detail enhancement. 

The sampling mechanism followed a rule-based and reproducible selection procedure. For 

each building, all associated SVI panoramas were examined and evaluated against a predefined set 

of quality criteria. A building was considered suitable for reconstruction if at least one panorama 

satisfied the following conditions: the target façade was largely visible with limited occlusion from 

trees, vehicles, or street furniture; the angle between the camera view vector and the façade normal 

vector was within a moderate range to avoid excessive perspective distortion; and the camera was 

not located at extreme proximity to the façade, which would otherwise result in severe geometric 

deformation after perspective projection. When multiple panoramas satisfied these criteria for a 

given building, the panorama with the smallest angle between the façade normal vector and the 
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camera view vector was selected to minimize projection distortion. If only a single panorama was 

available and it failed to meet the quality requirements, or if none of the panoramas provided an 

adequately observable façade, the building was excluded from the reconstruction process. These 

exclusion rules were applied uniformly across the entire CityJSON tile. Following this systematic 

filtering process, 460 out of the 628 buildings were retained for façade opening reconstruction. 

The resulting sample, therefore, represents all buildings within the selected urban block that are 

observable under realistic street view imaging conditions and meet the methodological 

assumptions of the proposed workflow.  

Validation for this experiment was conducted on a substantial dataset of building models 

across multiple urban blocks, with reference façade opening geometries obtained through a semi-

automated image-based façade analysis of street-level imagery. These reference datasets do not 

represent flawless ground truth. Nevertheless, they provide a scalable, consistent, and practically 

applicable benchmark for evaluating reconstruction performance at the city scale. The final 

enhanced building models are illustrated in Fig. 14(b), and the corresponding distribution of FRDS 

scores for all reconstructed openings is shown in Fig. 14(c). Most FRDS values fall within the 

range of 0.84 to 0.98, with a strong concentration above 0.90. This indicates that the majority of 

reconstructed façade openings exhibit a high degree of spatial correspondence with their reference 

geometries under diverse and realistic urban conditions. The mean FRDS score of 0.9148 and the 

median score of 0.9160 represent the central tendency of the reconstruction quality, demonstrating 

that most reconstructed façade openings exhibit high spatial consistency with their reference 

geometries. The variance of 0.0003 reflects the low degree of variability across the dataset, 

indicating that the reconstruction method performs consistently well across different urban blocks. 

Given the inherent uncertainties in the reference data, these values should be interpreted as 

indicators of relative reconstruction accuracy. They should not be regarded as absolute error 

metrics. Nevertheless, the consistently high FRDS scores across a dense and morphologically 

heterogeneous urban setting demonstrate that the proposed method maintains robust performance 

and scalability from individual buildings to large, complex city environments without significant 

degradation in reconstruction quality. 
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Fig. 14. Façade opening reconstruction of urban blocks in Amsterdam. 

 

4.3 Comparative analysis of building energy simulation before and after model augmentation 

This section evaluates the performance of augmented building models in practical 

applications, using building energy simulation as an example. Incorporating façade openings alters 
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the material composition of the building envelope and facilitates thermal exchange between indoor 

and outdoor environments [50], thereby providing more realistic physical conditions for simulation.  

Using the B0–B3 examples from Section 4.2, each CityJSON model was imported into 

SketchUp and converted to an EnergyPlus Input Data File (IDF) via the OpenStudio plug-in. The 

Python package eppy was then used to batch-assign thermal zone settings based on the large-office 

prototype model from the U.S. Department of Energy (DOE). The simulations were run in 

EnergyPlus with the Amsterdam typical meteorological year (TMY) weather file, ensuring all 

building models were water-tight. While enriching publicly available 3D city models with 

reconstructed façade openings holds substantial potential for energy modeling, daylight analysis, 

and broader urban simulation applications, this paper positions the simulation primarily as a 

methodological demonstration. Integrating such enriched models into operational urban datasets 

requires coordination with data providers and rigorous quality control, which is beyond the scope 

of the present work. 

Fig. 15 compares monthly heating and cooling loads before and after augmentation. Results 

show that heating demand dominates in Amsterdam, while augmented models produce higher 

heating and cooling usage. Annual heating energy increased by 0.93–6.10%, and cooling energy 

by 49.04–73.53%. These findings align with Troup et al. [5], confirming that higher window-to-

wall ratios elevate total energy use, especially cooling loads. In cooling-dominated climates such 

as Hong Kong or Singapore, this effect would be even greater. Importantly, these results should 

not be interpreted as evidence of improved accuracy with respect to real-world energy 

consumption. Building energy performance depends on many interacting factors beyond façade 

geometry, including occupancy behavior, internal loads, system efficiencies, and operational 

schedules. Instead, the purpose of this experiment is to demonstrate improved physical realism and 

increased sensitivity of the simulation outcomes to façade opening characteristics. By replacing 

generic envelope assumptions with geometry derived from observable façade evidence, the 

augmented models respond more realistically to variations in window-to-wall ratio, a parameter 

widely recognized as one of the most influential factors in building energy performance. Overall, 

the augmented models produce thermal behavior more consistent with physical expectations for 

buildings with higher window-to-wall ratios, suggesting improved physical realism, though they 

also reveal the environmental implications of increased openings. 
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Fig. 15. Monthly heating and cooling energy use before and after the B0-B3 model 

augmentation, suggesting the benefit of our work. 

 

5. Discussion 

The absence of façade opening information remains a critical limitation in most existing 3D 

building datasets. As highlighted by Wysocki et al. [51], only five of fifty-eight global datasets 

include such details, largely due to the significant acquisition time, cost, and data preparation effort 

required [12,52]. This constraint severely limits the capacity of urban models to support fine-

grained simulations and applications. From a practical perspective, the reliance on globally 

available street view imagery represents a key advantage of the proposed workflow. Many state-
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of-the-art façade reconstruction approaches depend on UAV imagery, terrestrial laser scanning, or 

airborne LiDAR data, which require specialized equipment, regulatory approval, and substantial 

financial investment. As a result, their applicability is often limited to well-funded projects or cities 

with advanced geospatial infrastructures.  

This paper addresses this gap by leveraging widely accessible panoramic SVI in combination 

with 3D building models. This approach enables scalable façade opening reconstruction without 

the prohibitive overhead of survey-based methods. Reconstruction quality, evaluated using the 

FRDS, consistently exceeded 0.84 across three case studies in Section 4.2, spanning individual 

buildings, multiple adjacent buildings, and urban blocks. These results demonstrate that the 

reconstructed façade openings align closely with their reference geometries derived from image-

based façade analysis, despite the inherent limitations of street-level imagery, which is generally 

captured from drivable roads and may not provide perfectly frontal views. To clarify how accuracy 

should be interpreted in light of these limitations, we distinguish spatial consistency and geometric 

agreement. The FRDS metric quantifies how well reconstructed façade openings match the 

reference shapes within the façade regions actually visible in the SVI. Although occluded or 

unobserved façade sections cannot be reconstructed, this incompleteness does not affect the 

correctness of the façade openings recovered from visible areas. By examining FRDS values across 

all buildings, we also capture the variability of reprojection performance under different 

geometries and viewing conditions. The consistently high scores reported in Table 1, Table 2, and 

Fig. 14 indicate low statistical variance and stable reprojection behaviour. The remaining 

uncertainties primarily stem from segmentation quality, the degree of façade visibility, and the 

SVI viewing angle, which together define the confidence bounds of the reconstruction. While there 

is no established single-image benchmark for direct comparison, the upper bound of achievable 

FRDS is constrained by the segmentation accuracy of the underlying model, reflected by AP, AP50, 

and AP75, which offers an indirect reference for assessing reproducibility. 

In addition to spatial consistency and geometric agreement, the computational efficiency of 

the workflow provides further evidence of its scalability. Using a standard laptop (12th Gen Intel 

i7-12700H, 20 cores, NVIDIA RTX 3060), the largest case in Section 4.3 was processed, involving 

460 buildings. The semantic segmentation required 406.83 seconds, the single-image 

photogrammetric conversion required 146.62 seconds, and the integration of façade openings into 

the CityJSON model took 4.75 seconds, resulting in a total of approximately 9.3 minutes for the 
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entire urban block. Because each module in the workflow is independently parallelizable, the 

pipeline can be further accelerated and extended to city-scale processing without the need for high-

performance computing clusters. As illustrated in Fig. 16, the proposed workflow achieves a 

favorable balance between accuracy, efficiency, and scalability when compared with three state-

of-the-art approaches [16,25,39], highlighting its capability to deliver precise and computationally 

efficient façade reconstruction across large urban areas. 

 

 
Fig. 16. Comparison with state-of-the-art façade reconstruction approaches. 

 

Furthermore, comparative building energy simulations confirmed that the augmented models 

enhance the representation of façade characteristics, improving heating and cooling load 

estimations and underscoring the method’s practical utility. From a broader perspective, the single-

image photogrammetric approach developed here is not limited to SVI. It can be applied to any 

image source, provided that clear façade photographs and accurate capture locations are available. 

This flexibility allows for supplementing or replacing SVI with alternative imagery, such as 

handheld camera photos, to address coverage gaps or occlusions caused by urban elements. 

Moreover, with the integration of LOD2 building models in this paper, the method now supports 
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structures with complex roof geometries. In practice, when a LOD2 model contains multiple sub-

façades, additional preprocessing is required to ensure correct correspondence between each sub-

façade and its associated imagery. 

    

6. Conclusion 

This paper presented an effective and scalable workflow for enriching existing 3D building 

models with façade-level opening information by integrating panoramic SVI with a single-image 

photogrammetric approach. Although widely available low LOD models provide essential 

geometric foundations for urban analysis, their lack of façade openings has long limited their 

usefulness in applications requiring realistic building-envelope representation, such as energy 

simulation, thermal assessment, and microclimate modeling. The proposed workflow reconstructs 

metrically meaningful window and door geometries from a single SVI perspective and integrates 

them into CityJSON building models, enabling façade-aware applications at the city scale. The 

absence of intrinsic camera parameters in publicly available street view data represents a 

fundamental barrier to metric reconstruction. This challenge is addressed in this paper through the 

rigorous mathematical framework that establishes explicit geometric relationships between image 

space, camera space, and world coordinates. By grounding the reconstruction process in 

reproducible mathematical formulations, the proposed approach enables robust metric projection 

and façade opening reconstruction from a single panorama. 

Validation across diverse buildings within Amsterdam demonstrates a high degree of spatial 

consistency and geometric agreement between reconstructed façade openings and reference 

geometries derived from image-based façade analysis. The reported FRDS values range from 0.84 

to 0.98, with the majority exceeding 0.90, indicating that the reconstructed façade openings 

reliably reproduce the spatial distribution and relative geometry observed in street view imagery 

across different urban contexts. These results should be interpreted as measures of relative 

geometric agreement rather than absolute physical accuracy, as the evaluation relies on 

segmentation-derived reference data rather than independently surveyed ground truth. 

The performance of this method is highly dependent on the quality of the input SVI and the 

conditions under which the façades are captured. The method works particularly well when the 

façade is clearly visible and captured from moderate viewing angles. However, the reconstruction 
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quality may decrease if the façade is obstructed, highly distorted, or viewed from extreme angles, 

such as sharp oblique perspectives. Users should expect FRDS values in the range of 0.84 to 0.98, 

with most results exceeding 0.90 under ideal conditions. For façades with limited visibility or those 

captured at high angles, lower FRDS values may occur due to projection distortions. These 

findings underline the importance of ensuring sufficient image quality and camera alignment for 

optimal reconstruction results. 

The innovations brought forward in this paper can be summarized as follows: (1) a 

reproducible method for estimating intrinsic parameters of panoramic SVI to enable metric 3D 

reconstruction from widely accessible imagery; (2) a single-image photogrammetric workflow that 

converts 2D façade opening detections into 3D façade geometries without requiring multi-view 

observations or depth data, and integrates them directly into CityJSON building models to enhance 

their usefulness for downstream analytical applications. These contributions highlight the practical 

value of the presented method and position SVI as a viable data source for façade-level model 

enhancement. 

Despite the demonstrated effectiveness of the proposed workflow, several limitations should 

be acknowledged to clarify its applicability boundaries. First, reconstruction completeness 

depends on the quality and viewing conditions of street view imagery. The method performs 

reliably when façades are clearly visible and captured under moderate viewing angles, even with 

partial occlusion. However, it becomes unreliable under severe obstruction, extreme camera 

proximity causing strong distortion, heavy blurring, extensive privacy masking, or highly oblique 

viewpoints, where insufficient geometric cues prevent stable corner extraction. Accordingly, 

acceptable reconstruction requires a largely unobstructed façade view, adequate image resolution, 

and accurate camera metadata. Second, the current workflow relies on manual selection and 

cropping of façade views from panoramic imagery. This step was adopted to ensure geometric 

reliability under variable image quality, but it introduces sensitivity to user judgment and limits 

full automation and scalability. While this does not affect the methodological validity, automated 

façade visibility assessment and view selection remain necessary for large-scale deployment. Third, 

the deep learning model is optimized for detecting predominantly rectangular façade openings and 

shows reduced effectiveness for non-rectangular or architecturally complex façade elements, such 

as arched or irregular openings. These geometries are underrepresented in the training data and are 

therefore not consistently captured by the current segmentation strategy. Fourth, the segmentation 
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model was trained exclusively on façade imagery from Amsterdam. Although the geometric 

reconstruction framework itself is city-agnostic, segmentation performance may degrade in urban 

contexts with substantially different architectural styles, materials, or opening configurations. Such 

domain shifts can propagate uncertainty into subsequent reconstruction stages, partially 

constraining generalization. Fifth, reconstruction quality is evaluated using segmentation-derived 

reference data rather than surveyed ground truth. While this enables scalable city-level evaluation, 

it inherently limits the upper bound of measurable accuracy. Reported metrics, therefore, reflect 

relative geometric consistency rather than absolute physical precision. Finally, although panoramic 

images are converted into perspective views to mitigate distortion, the simplified pinhole camera 

model does not explicitly account for non-linear distortions from equirectangular projection or 

multi-lens panoramic systems. Residual geometric deviations may persist, particularly for façades 

captured under high obliquity. 

Overall, this work provides a reproducible, scalable, and data-efficient solution for enhancing 

low-LOD building models with detailed façade openings. Given the increasing global availability 

of SVI and the applicability of the proposed workflow across different urban contexts, the method 

offers a promising direction for future research and practical deployment in large-scale urban 

modeling. 
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