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6.无AD BIM的竣工建模

生成没有AD BIM的设施的完整几何模型是一个复杂的问题, 主要是因为要处理的点云通常非常大，并且它包含大量需要识别的基础架构元素(例如墙、地板、窗口)，可能存在杂乱。检测和识别预定义的基础架构元素是竣工模型。然而，同样重要的是要素之间关系的建模，这有助于获得连贯的全局几何表示。

根据用于定义这种全局一致性的标准，几何建模中的现有方法可分为全局优化方法和局部启发式方法。前者通常是基于模型的，并且是关于整个场景的原因,试图找到在最大后验估计或能量最小化方面是最佳的全局几何解释。元素之间的关系可以用作全局模型的活性成分，允许注入关于场景布局的先前信息。例如，常见的关系是"相邻的墙彼此垂直"、"墙和地板垂直"、"门包含在墙内"等。与这种整体的方法相反，这种方法是非常复杂的模型式的和昂贵的计算式的，局部启发式方法使用自下而上的推理, 其中场景的元素被独立地处理并且可能关于元素之间的关系的先前信息被用作潜在错误的局部配置的拒绝标准。

在这两个类别中，很少有作品描述点云的完整建模过程，涉及计算机视觉、几何处理或土木工程社区。但是其他的处理已建模型的特定部分或一般几何模型问题的作品也值得关注，因此它们也将包括在我们的讨论中。然而，我们关注的是在自动获取BIM模型的过程中具有潜力的自动化方法或工作；我们不详述依赖于某种形式的用户交互的作品。
6.1全局优化法

迪克等人通过一系列论文提出了一种建筑点云几何建模的自动框架，其输出为建筑的体积表示，对象标记为“墙”、“门”、“窗”、“柱”等。他们的方法使用贝叶斯模型，其总体先验分布是通过建模由简单参数形状表示的每个建筑元素的先验分布以及他们的关系来获得的。在建模时，采用马尔可夫链蒙特卡罗(MCMC)算法来寻找使后验概率最大化的建筑要素参数。拉法基等人在城市建模中也使用了类似的整体推理。这些作品的主要优势在于它们直接挑明了场景对象的语义解释，以及它们之间的关系。

利用元素之间关系的先验信息的一种自然可能性是使用经过标记数据训练的图形模型，即使用标记为“墙”、“门”、“杂波”的元素的分段点云。在此基础上，借鉴这一思想，构造了一个条件随机场，对建筑物点状云提取的平面斑块之间的关系进行了建模。显式地建模场景元素之间的关系，提高了模型的准确性。另一种基于图形模型的公式被用于城市建模。作者首先从语义上将点云划分为四个不同的类别(“建筑”、“植被”、“地面”和“杂波”)，并最小化能量函数，以找到最佳配置。结果是参数形状(平面、圆柱体、球体或锥体)的组合来描述规则的屋顶截面，以及不规则屋顶的网格补丁。这种方法的紧凑性和表达能力使其在杂乱的情况下对建筑物建模很有吸引力。在类似的推理中，针对室内场景，作者首先将像素点语义分割为“地面”、“墙壁和天花板”、“家具”、“道具”，提取出粗略的场景结构，然后利用整数规划得到场景的细化优化配置，同时考虑场景元素之间的支持关系。同样以室内场景为目标，鲍等人利用点云和图像的线索，在一个试图估算房间布局的成本函数最小化问题中，区分了属于房间布局的(平面)表面和属于房间内物体的表面。

作者提出了一种将场景建模为一组由标签、功能和描述符组成的相互关联的网络的集成框架。虽然它允许在一个非常高的语义层次上对场景进行推理，但是框架降低了可移植性，对网络之间的相互作用进行建模;因此，这项工作的贡献主要在理论层面。

虽然没有具体解决语义点云建模问题，但在中提出的关于地质多模型拟合的工作与竣工建模相关。在这两种方法中，作者提出了一个全局能量最小问题，该问题考虑了多模型几何拟合作为最优标记问题，并利用图割法求解。

6.2局部试探法

为了获得更有效的算法，牺牲了统计最优性的概念，大量与构建模型相关的工作考虑了局部启发式方法。通常，这些方法利用建筑物的几何模型可以被相当地分解为简单的参数化曲面这一事实。典型的过程是从使用任意标准分割或聚类点云开始，然后在获得的段上拟合不同的参数形状。特定于体系结构场景(如正交性或对称性)的强提示通常用于指导启发式搜索，并丢弃异常配置。关于建筑物布局的先前信息用于将语义信息附加到检测到的元素。

更具体地说，作者假设墙与地面正交，并且应用空间扫描算法来检测它们。相同的算法用于识别房间的平面结构。作者首先通过检测与其主要方向相关联的平面来自动推断场景的粗略模型。此粗略模型可指导检测更复杂的多面体对象(表示门窗)。

在一系列的论文中，斯塔诺斯和艾伦试图从距离扫描和未注册的图像中建立纹理几何模型。并行处理的这两个数据源以从范围扫描中提取3D线和从图像中提取2D线，然后通过匹配获得图像扫描数据，王和乔将边界检测为线段，并用它们来识别屋顶、窗户、门和墙壁。

该方法与上节课提到的基于模型的方法密切相关，被引入到城市建模中。使用图形来编码平面元素的连接性，并通过子图匹配来识别预定义的配置。在《基于知识的地面激光扫描重建模型》中，作者提取了平面，并将其划分为语义元素(“墙”、“门”、“窗”等)使用硬编码的先验知识。结果是建筑的多面体模型。在《遮挡与杂波作用下的内墙表面三维重建》中也使用了类似的方法，其中使用霍夫变换检测参数基元，并通过它们的几何特征(面积、相对比例尺、平面度分数等)，通过训练SVM分类器来识别开口类型，并与杂波进行区分。以前使用区域生长算法提取的平面，使用堆叠学习方法和上下文特征进行分类。与其相似，使用SVM分类器将开口与壁面上的闭塞区域区分开来。在《根据点云数据自动生成竣工几何民用基础设施模型》中，作者首先对平面和四边形进行检测，然后使用多类决策树对其进行分类。
针对仅包含平面的场景，肖和富鲁卡瓦通过处理2D水平层来生成点云的纹理用构造实体几何表示，以获得房间布局假设，然后将其合并以获得使用建筑结构的规律性约束的3D模型。作者采用一种稳健的方法：基于随机存取算法的鲁棒方法，将墙检测为由三维线包围的平面片，然后识别墙体内部的开口。

在最近的一项工作中，普利斯为城市点云的自动建模提供了一个完整的自下而上的框架。对元素类型或其关系的任何先前约束。通过贪婪区域增长的层次聚类允许将点云分割成表面，其边界使用图切割能量最小化来确定。在非常大的点云上的结果是令人印象深刻的，证明即使是简单的局部统计推理也能导致用于点云分割和参数基元提取的鲁棒技术。

6.3辅助试探法

本节描述了启发式几何建模工作,这些工作不提供场景的语义解释,但可以用作构建建模过程的构建块。

一些作者解决了获得更紧凑的点云表示的问题，而忽略了语义建模。在这一行中，作者检测替代网格规则部分的参数图元(平面、圆柱体、球体)，而网格高度详细的部分保持原样。此策略减少了内存需求，同时保留了建筑物的独特特性。在民用基础设施中,原始检测被用作不同框架的基础,用于操作和维修。
针对平面斑块的提取问题,采用稀疏子空间学习的方法,将点聚类成线性子空间，然后对检测到的每一段进行稳健拟合。在同样的工作中，已经提出了许多版本的区域增长算法来从点云中提取平面块，首先使用一些局部测量结果对点进行聚类，然后在得到的聚类上对平面进行融合。

为了将高阶参数图元拟合到点云数据，存在代数和迭代方法。代数方法接受封闭形式的解是有效的，但对不完全数据会有很大的偏差。为了获得更准确的估计，使用迭代方法来最小化几何误差或它的近似值。所提出的方法将NURBS拟合到预先分割的点云部分，提供了形状自由度，并对丢失的数据进行核算。如前面所描述的，可以使用区域增长算法的仅基于几何属性的无上下文分割方法来获得点云段。
针对多个不同几何模型对点云数据进行鲁棒拟合的问题，施纳贝尔等人提出了一种基于新的采样策略的RANSAC版本，并提出了一种提前终止方案，该方案提供了显著加速的效果。针对光照一致的非结构化点云平面曲面，提出了多重鲁棒拟合的另一种方法：J-连杆模型，每个点由其偏好集表示，该偏好集定义为一个公差范围内的点所满足的模型集。通过对具有相似偏好集的点进行聚类，对点云进行分割，检索底层模型。在同一系列作品中，努伦纳比等人提出了诊断鲁棒来局部拟合曲面，与其他方法相比，获得了更好性能：它能在有异常值存在的情况下准确地拟合平面，并计算出局部表面法线。
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6. As-built modelling without AD BIM

 Generating the full geometric model of a facility without an AD BIM is an intricate problem, mainly because the point cloud to be processed is generally very large and it contains a high number of infrastructure elements that need to be identified (e.g. walls, floors, windows), possibly in the presence of clutter. Detecting and recognising predefined infrastructure elements is the core of as-built modelling. However, of equal importance is the modelling of the relationships between elements, which can contribute in obtaining a coherent global geometric representation.

 Depending on the criterion used to define this global coherency, existing approaches in geometric modelling can be classified into global optimisation approaches and local heuristics. The former are generally model-based, and reason about the scene as a whole, trying to find a global geometric interpretation that is optimal in terms of maximum a posteriori estimation or energy minimisation. The relationships between the elements can be used as an active ingredient of the global model, allowing to inject prior information about the scene layout, e.g. common relationships are "adjacent walls are perpendicular to each other", "walls and floors are perpendicular","doors are contained within walls”, etc. Opposed to this holistic approach, which can be quite complex model-wise and expensive computation-wise, the local heuristic approaches use bottom-up reasonings, in which the elements of the scene are treated independently and possibly the prior information about the relationships between the elements is used as a rejection criterion for potentially erroneous local configurations .

In both categories, there exist few works that describe full modelling procedures for point clouds, pertaining to Computer Vision,Geometry Processing, or Civil Engineering communities. But other works that address either particular parts of the as-built modelling,or the geometric modelling problem in general, are also of interest,hence they will be included as well in our discussion. However, we focus on automatic methods or works that have potential in the process of automatically obtaining BIM models; we do not detail works that depend on some form of user interaction ;see e.g. for a presentation of these works.

6.1 Global optimisation approaches

Dick et al. proposed, through a series of papers, an automatic framework for the geometric modelling of point clouds of buildings, whose output is a volumetric representation of the building, with objects labelled as"wall","door", "window","column" etc. Their approach uses a Bayesian model, whose overall prior distribution is obtained by modelling the prior distribution of each building element represented through simple parametric shapes, together with their relationships. At modelling time, a Markov Chain Monte Carlo (MCMC) algorithm is used to find the parameters of the building elements that maximise the a posteriori likelihood. A similar overall reasoning is used by Lafarge et al. for urban modelling. The main strength of these works resides in the fact that they lead directly to a semantic interpretation of the scene objects, together with their relationships.

A natural possibility to exploit the prior information on relationships between elements is to use graphical models trained using labelled data, i.e. a segmented point cloud with elements labelled as "wall", "door", "clutter". Based on this idea and inspired, the authors of train a Conditional Random Field to model the relationships between planar patches extracted from point clouds of buildings. Explicitly modelling the relationships between the elements of the scene improves the accuracy of the overall geometric modelling process. A different formulation based on graphical models is used in for urban modelling. The authors start by semantically segmenting the point cloud into four different classes ("building", "vegetation", "ground", and "clutter")and minimise an energy functional to find an optimal configuration. The outcome is a combination of parametric shapes (planes,cylinders, spheres or cones) to describe regular roof sections, and mesh patches for irregular roofs. The compactness and the representation power of this approah make it appealing for modelling buildings in the presence of clutter.In a similar reasoning, but targeting indoor scenes, the authors of first extract a coarse scene structure by semantic segmentation of pixels into "ground", "walls&ceiling", "furniture", "props", then use integer programming to obtain a refined optimal configuration of the scene, while considering support relationships between the elements of the scene. Again targeting indoor scenes, Bao et al. distinguish between (planar) surfaces that belong to the room layout and those that belong to objects in the room, by using cues from both the point cloud and the images, in a cost function minimisation problem that seeks to estimate the room's layout. 

An integrated framework to model a scene as a set of interrelated networks of labels, functionalities, and descriptors, is proposed in. Although it allows to reason about a scene at a very high semantic level, the framework has reduced fexibilityin modelling the interactions between the networks; hence the contribution of this work is mostly at a theoretical level.

Although not specically addressing the problem of semantic point cloud modelling, the works on geomeric multi- model fitting proposed in are relevant for as-built modelling. In both approaches, the authors formulate a global energy minimisaton problem, that considers the multi-model geometric fitting as an optimal labelling problem, solved using graph cuts.

6.2 Local heuristics

Sacrifcing the notion of statistical optimality, a large number of works related to as-built modelling consider local heuristics approaches, in order to obtain more efficient algorithms. Generally,these methods take advantage of the fact that the geometric model of a building can be fairly decomposed into simple parametric surfaces. The typical process starts by segmenting or clustering the point cloud using arbitrary criteria, and then fits different parametric shapes on the segments obtained. Strong cues specifc to architecture scenes like orthogonality or symmetry, are typically used to guide the heuristic search, and discard abnormal configurations.Prior information about the layout of the buildings are used to attach semantic information to the detected elements.

More specifically, the authors of assume that walls are orthogonal to the ground, and apply space sweep algorithm to detect them. The same algorithm is used in to recognise the planar structures of a room.The authors first automatically infer a coarse model of the scene, by detecting the planes associated to its principal directions. This coarse model guides the detection of more complex polyhedral objects, representing doors and windows.

In a series of papers, Stamos and Allen seek to build textured geometric models from range scans and unregistered images. The two data sources are processed in parallel to extract 3D lines from range scans and 2D lines from images, which are then matched to obtain images-scans data, Wang and Cho detect boundaries as line segments and use them to identify roofs, windows,doors and walls.

Targeting scenes containing only planar surfaces, Xiao and Furukawa generate a textured CSG representation of a point cloud by processing 2D horizontal layers to get room layout hypotheses, which are then merged to obtain the 3D model using regularity constraints about the structure of the building. The authors of adopt a robust approach based on RANSAC to detect walls as planar patches bounded by 3D lines, and then identify openings within walls.

In a more recent work , Poullis presents a full bottom-up framework for automatic modelling of urban point clouds, without any prior constraint on the elements types or their relationships. A hierarchical clustering through greedy region growing allows to segment the point cloud into surfaces, whose boundaries are determined using a graph-cut energy minimisation. The results on very large point clouds are impressive, proving that even simple local statistical reasoning can lead to robust techniques for point cloud segmentation and extraction of parametric primitives.

6.3 Auxiliary heuristics

This section describes heuristic geometric modelling works that do not provide a semantic interpretation of the scene, but which could be used as building blocks of the as-built modelling process.

Some authors addressed the problem of obtaining more compact representations of point clouds, while ignoring the semantic modelling. In this line of works, the authors detect parametric primitives (planes, cylinders, spheres) that replace the regular parts of the mesh, whereas the highly detailed parts of the mesh are kept as is. This strategy reduces the memory requirements,while preserving the distinctive features of the building.In civil infrastructure, primitive detection was used as the basis of different frameworks for tasks involved with operation and maintenance .

The authors address the planar patch extraction problem, and apply sparse subspace learning to cluster the points into linear subspaces , and then robustly fit planes to each detected segment. In the same line of works, many versions of region growing algorithms have been proposed to extract planar patches from point clouds, by first clustering the points using some local measurements, and then fitting planes on the resulted clusters.

To fit higher-order parametric primitives to point cloud data,algebraic and iterative methods exist. Admitting a closed form solution,algebraic methods are efficient,but can have strong bias on incomplete data. To obtain more accurate estimations,iterative methods are used which minimise a geometric error or an approximation of it. The method proposed fits NURBS to pre-segmented point cloud parts, offering shape freedom and accounting for missing data. The point cloud segments can be obtained using a context free segmentation method, as the one described,which employs a region growing algorithm based only on geometric properties.

Targeting the problem of robustly fitting multiple different geometric models to point cloud data, Schnabel et al. propose a RANSAC version based on a new sampling strategy together with an early termination scheme that provides a significant speedup. Another approach for robustly fitting multiple geometric models, J-linkage, is proposed in Photo-consistent planar patches from unstructured cloud of points : each point is represented by its preference set, defined as the set of models that are Ssatisfied by the point within a tolerance. By clustering points with similar preference sets, the point cloud is segmented and the underlying models retrieved. In the same line of works, Nurunnabi et al. proposed the Diagnostic Robust PCA (DRPCA) to locally fit surfaces,obtaining improved performance compared to other methods based on PCA, MSAC and RANSAC; it accurately fits planes in the presence of outliers and calculates the local surface normal.
