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[bookmark: _Hlk151386837]Abstract: The diverse and irregular nature of architectural free-form surfaces presents a significant challenge in grid partitioning. The prevalence of explicitly coding-oriented methods tailored to specific free-form surface features has led to a lack of comprehensive exploration of the broader intrinsic patterns of these surfaces, thereby limiting the overall generality of these methods. Therefore, we introduce GridGAN to uncover the inherent patterns in the data and facilitate the grid partitioning for free-form surfaces. First, we innovatively propose utilizing the curvature and height cloud maps of free-form surfaces as inputs to GridGAN to obtain the corresponding grid structures. Then, we utilize self-developed codes to facilitate the data dimension conversion and obtain the desired free-form grid structures. Lastly, the exceptional merits of our proposed method have been thoroughly substantiated through 12 test samples and 2 cases and a comprehensive evaluation that seamlessly combines qualitative evaluation (expert perception) with quantitative evaluation (FID score and geometric properties) methods.
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[bookmark: _Ref150615949]Introduction
The concept of a free-form surface pertains to a three-dimensional entity with unrestricted form (with a wide range of shapes), and typically, such a surface is represented using Non-uniform Rational B-splines (NURBS) [1]. Meanwhile, the notion of a free-form grid structure entails the subdivision of a free-form surface into a grid pattern, allowing the grids to conform to the architectural free-form surface while also providing structural integrity to withstand loads [2,3]. There is a growing preference for large-span structures within the realm of public architecture. Nevertheless, as spatial grid techniques continue to mature, conventional, uniformly structured spatial grid structures no longer suffice, and people nowadays seek more visually striking structural forms. The very nature of a free-form grid structure, characterized by a more exquisite and captivating form, perfectly satisfies the aesthetic demand of the general public.
[bookmark: _Hlk164011787]The morphology of architectural free-form grid structures is undoubtedly gorgeous. Nevertheless, the inherent irregularity of their forms poses several challenges in grid partitioning [4–7], including aspects such as design, optimization, and reverse modeling. Of all these challenges, the most crucial and the one that garners the utmost attention from researchers is the design of grid structures. Research on grid partitioning falls within the early design phase, where mechanical properties are often overlooked for two main reasons: there is a strong emphasis on aesthetic perspectives, such as fluency and uniformity [4,6], and incorporating mechanical properties into grid partitioning can lead to grid distortion [7,8]. Various design methods have thus far been proposed to address the partitioning of grid structures on architectural free-form surfaces. The existing grid partitioning techniques, nevertheless, either rely on manual execution or automatic partitioning by explicitly coding [6,7,9]. Manual partitioning, due to its purely human-driven nature, exhibits versatility in its applicability. Yet, it entails a substantial expenditure of design time, which, to a certain degree, can be perceived as an economic loss. Therefore, it is a recourse taken out of necessity rather than an optimal solution for achieving grid partitioning.
Automated grid partitioning techniques by explicit coding, as opposed to manual grid partitioning, significantly enhance efficiency. Nevertheless, they present three conspicuous shortcomings. Firstly, it is imperative to identify the embedding point (prerequisites for the method to work) for the specific grid partitioning method proposed. Secondly, considerable effort must be expended to code for all conceivable characteristics of surfaces (in fact, it is hard to consider all scenarios). Thirdly, despite efforts to code for all possible conditions, the universality of the method remains suboptimal—resulting in a substantial number of surfaces that cannot be successfully grided. For instance, Paul [10] proposed the subdivision of surfaces through the iterative partitioning of sub-surfaces to ultimately achieve a grid structure. However, this methodology does not find the right way to calculate the intersection lines between two subdivided surfaces, overlooking specific surface characteristics. Additionally, the coarse control mesh needs to be determined empirically based on the target free-form surface, which is not an easy task. Su [7] introduced a method for grid partitioning based on the enhanced advancing front partitioning technique, utilizing the main stress trajectories to determine the partitioning direction. While this approach utilizes main stress trajectories to guide the partitioning direction, it tends to generate low-quality grids when applied to complex freeform surfaces (lack of universality). Similarly, Gao [11] utilized "guide lines" for grid partitioning. The quality of the grids in their research depends on selecting these guide lines, yet choosing appropriate guide lines is far from straightforward (challenging to find the embedding point). The grid partitioning method based on discrete conformal mappings from surface meshes to cylinders or cones, as introduced by Rörig [12], also exhibits a deficiency in universality——it finds application solely in certain architectural projects or surfaces. Within the automated methodologies for grid partitioning, numerous methods [5,6,13] are influenced by physical model principles. Yet, these strategies also grapple with challenges concerning their lack of universality or difficulty finding the embedding point. The hybrid grid partitioning approach proposed by Peng proves effective [14]. Nevertheless, in pursuit of robust universality, it engages in exhaustive contemplation of diverse conditions, resulting in substantial programming efforts and complexity. Currently, there are many solutions for architectural free-form grid partitioning from different perspectives. Still, they all have the following problems in different degrees: the difficulty of identifying suitable embedding points, the complexity of accounting for all characteristics of surfaces, and a lack of methodological universality. The underlying cause, of the limitations mentioned above, is primarily rooted in the excessive emphasis on the superficial characteristics of free-form surfaces when attempting to solve grid partitioning problems through explicit programming, which inevitably results in codes lacking generality. We believe that the current dilemma of architectural free-form grid partitioning can be solved, and we strongly advocate using the power of artificial intelligence methods, such as deep learning, to address the predicament of free-form grid partitioning.
With continuous improvement in computing power and advancements in fields like computer vision and deep learning, artificial intelligence-based methods offer fresh insights and solutions to address complex problems in civil engineering. Artificial intelligence methods, with the dedicated efforts of researchers, have found broader applications in engineering construction, operations, and maintenance (particularly in areas like monitoring), and concurrently, there have been some preliminary applications within the realm of structural design [15–19].  When it comes to deep learning, Generative Adversarial Networks (GAN), a subset of deep learning, was first introduced by Ian J. Goodfellow in 2014 [20] and quickly became one of the most popular research directions in the field of artificial intelligence [21–24]. The core concept of GAN resides in their incorporation of the "adversarial" concept—the generator is to generate convincingly realistic results (particularly, images in the original GAN article), while the discriminator continuously learns to discern the authenticity of the results—ultimately achieving a Nash equilibrium. Through the game between the generator and discriminator, the generator is able to learn and uncover the underlying distribution patterns of the given data. Consequently, the generated data can closely resemble real data, sometimes even indistinguishable from the real data.
The capability of GAN to mine latent (or high-dimensional) data, along with their existing successful applications [23,25–27], has offered profound insights. We believe that the capability of GAN to extract latent patterns from existing data and generate novel data provides a significant approach to addressing pain points in the structural design phase of civil engineering (in our case, it is grid partitioning on free-form surfaces). The data generation capability of GAN can be applied to the structural design process, resembling the generation process of explicitly code-orient methods. But distinctively, the significant advantage of the GAN approach is that it eliminates the need for designers to consider and code for surface characteristics, a requirement that is both necessary and in vogue with the currently popular grid partitioning methods. The GAN-based method signifies a new paradigm, necessitating only the provision of data that can be learned. 
Nevertheless, constructing appropriate training data, the bedrock of data-driven methods like deep learning remains a challenging problem when we try to migrate and apply GAN to structural design (specifically, grid partitioning). In relevant research, Liao et al. [26–29] employed pix2pixHD [23], a variant of GAN, to successfully generate shear-wall structural drawings from architectural drawings. The ingenuity of their work lies in the fact that both architectural and structural design drawings are two-dimensional, aligning with the input-output format of the original pix2pixHD, reducing the challenges associated with data transferability. In more general scenarios, the obstacle, nevertheless, lies in constructing appropriate and rational forms of training data, which is one of the reasons for the limited application of deep learning in structural design. We, in order to create a rational data format, introduce the concept of dimension conversion—namely, converting free-form surfaces into two-dimensional representations using curvature as an intermediary. Our method can transform the data from three-dimensional to two-dimensional (Section 2.1), and make it possible to use it as the input for GAN. To further acquire free-form grid structures in spatial dimensions, self-developed codes are used to transform the two-dimensional free-form grid structures, generated by GAN, back into three-dimensional data (as outlined in Section 2.3). This step, finally, enables us to obtain free-form grid structures that possess spatial characteristics.
[bookmark: _Hlk164012011]This paper, to all of our knowledge, is the first to employ a data-driven generative design approach, as opposed to explicitly coding-orient methods, for accomplishing grid partitioning of free-form surfaces. A series of solutions are proposed jointly to realize the process. To tackle the inherent complexities in partitioning free-form grid structures, we propose the utilization of GAN and name our model GridGAN, which is an adaptation of the renowned pix2pixHD framework [23]. Furthermore, we explore the means of applying deep learning (GAN in our research) to the design phase, intending to tackle the drawbacks of explicitly coding-oriented methods and save time in the structural design process. We elaborate on the approach for designing the free-form grid structures using GridGAN (Section 2). This section encompasses several crucial parts, including the construction of the dataset, the modifications made to the original pix2pixHD model, the methodologies employed for data dimension conversion, and the diverse evaluation metrics used to evaluate the quality of the generated outcomes. In Section 3, an explanation subsequently is provided regarding the selection and considerations of GAN models. Moreover, the effectiveness of the proposed methodology in this study is substantiated by demonstrating its efficacy using four distinct evaluation methods in conjunction with the analysis of 12 illustrative cases. Then, in Section 4, two free-form surfaces from the reference are used as case studies, evaluated by quantitative evaluation metrics, which are used to further illustrate the validity, generalization capability, and university of the method. In Section 5, we provide a comprehensive summary of our research, including the conclusions drawn from our findings, the identified limitations of the study, and the potential directions for future research.
[bookmark: _Hlk164012152]The utilization of data-driven GAN methodology within this study effectively sidesteps the myriad challenges encountered in explicitly code-oriented methods during the grid partitioning process for free-form surfaces, markedly streamlining the grid design process and augmenting the universality of the method. In essence, this approach involves learning and extrapolating from existing data to generate solutions for novel scenarios. The procedural framework outlined herein has the potential to inspire analogous design processes within civil engineering. By fully leveraging existing design data, more efficient designs can be realized, thereby liberating productivity and reducing the reliance on experienced designers. Furthermore, this process of harnessing existing design data renders previously established "design" resources reusable.
[bookmark: _Ref150466491]Methodology
This section begins with an overview of the approach, furnishing an elementary introduction to the utilization and training of GAN-based methodology for grid partitioning, aimed at providing readers with an overarching grasp of the techniques delineated herein. Following this introduction, an in-depth presentation is conducted focusing on three critical aspects of the method: the preparation of the dataset, outlining the methodology for dataset preparation; the architecture of the GridGAN Model, detailing the structural composition of the GridGAN model; and the transformation of data dimensions, describing the process of converting the result generated by the model into the final aim—a free-form grid structure in three-dimensional space.
Approach overview
[bookmark: _Hlk163426911]By leveraging the advantages of data-driven models such as deep learning, we propose a structural design method centered around GridGAN, a variant of the Generative Adversarial Network, specifically the pix2pixHD [23]. In the application stage, the essential workflow of our method is illustrated in Fig. 1. Firstly, the free-form surface is converted into curvature and height cloud maps, which are subsequently inputted into the trained GridGAN to generate the architectural free-form grid structure image. The final three-dimensional free-form grid structure can be faithfully reconstructed in the spatial domain by extracting the grid nodes and the inter-node relationships (topological relationships) from the grid structure image. To obtain a reliable GridGAN model, it is imperative to train and evaluate the model through the following steps. In the initial step, we start by acquiring the architectural free-form surfaces and subsequently derive their corresponding architectural free-form grid structures, curvature cloud maps, and height cloud maps to establish the sample dataset. Afterward, we employ the constructed sample database of architectural free-form grid structures to train GridGAN. We then subject the trained model to rigorous evaluation using various assessment methods to determine its performance. The model is considered ready for practical implementation only upon achieving satisfactory results. For guidance on training and testing the model, please visit https://github.com/GeneralHou/OA_GridGAN.
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[bookmark: _Ref149947037]Fig. 1 The schematic diagram depicting the process of generating a free-form grid structure using GridGAN. Preprocessing: preprocessing free-form surface (to transform them from 3D to 2D); Design: generation of the grid structure; Postprocessing: retrieval of the spatial free-form grid structure (from 2D to 3D).
Dataset preparation
For generative neural networks models like GAN, the construction of appropriate training data pairs (model inputs and outputs) and a large amount of training data are crucial prerequisites for model convergence. When referring to proper training data pairs, the focus is on quality, indicating a stronger inherent logical connection between the input and output of the model. Meanwhile, having an abundant volume of training data emphasizes quantity, facilitating the model to extensively unearth various intrinsic logical connections among the data.
[bookmark: _Hlk163599520]The objective of this article is the design of grid partitioning on architectural free-form surfaces. Therefore, the output of the model is the free-form grid structure. Unfortunately, as there has no existing research for reference, it becomes imperative to choose a suitable format as the input for GridGAN carefully. In the realm of differential geometry, curvature serves to quantify the local degree of bending of a surface [30,31]. Additionally, the curvature value at a point on the surface remains unchanged regardless of changes in the viewing angle. Concurrently, previous studies have indicated that curvature can effectively describe and reconstruct surfaces [32–35]. We, therefore, posit that curvature, which encompasses the essential geometric properties of surfaces, can be employed as a suitable input for the model. Specifically, the first step involves calculating the curvature values at various locations on the free-form surface and visualizing the curvature of the free-form surface as a curvature cloud map, which serves as the input for GridGAN. Additionally, we suggest including a height cloud map as one of the model inputs to complement the curvature information, for it provides insights into the height changes of surface points. This additional integration serves to enrich the input information of the model, enabling it to capture the geometric characteristics of the surface more comprehensively. Ablation experiments on model inputs can be found in Section 3.2.
[bookmark: _Hlk163426377]For a given series of free-form surfaces, we utilize explicitly coding-orient methods (for instance, [5,36,37]) to perform grid partitioning, and obtain the corresponding grid structure of the free-form surfaces, which are then used as the output for GridGAN in the training state. Note that we refer to the explicitly coding-orient methods as the traditional methods for convenience. Simultaneously, utilizing the provided series of free-form surfaces, we generate the corresponding curvature (specifically, employing the maximum principal curvature) and height cloud maps. The process above mainly encompasses surface partitioning, calculation of the maximum principal curvature (or height), and data visualization (Fig. 2). For details on creating curvature and height cloud maps for free-form surfaces, see Appendix A and visit https://github.com/GeneralHou/OA_GridGAN/ for dataset usage in the model.
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[bookmark: _Ref149947011]Fig. 2 Illustration depicting the procedural generation of curvature and height cloud maps.
[bookmark: _Hlk163761135][bookmark: _Hlk163932673]The insufficiency of training data is a common challenge and obstacle faced by different scientific fields when adopting data-driven methods, which rely heavily on large-scale datasets [26,38–40]. Acquiring authentic engineering drawings for free-form grid design is challenging due to practical constraints (such as commercial confidentiality). Moreover, even if the design drawings for free-form surfaces and grid partitioning are available, the quantity of such drawings is insufficient for training neural networks. To tackle the issue of inadequate training data and the scarcity of data sources, A three-step approach is adopted to obtain the ultimate training and testing datasets for GridGAN. To begin with, a preliminary set of 15 free-form surfaces with significant variations in shape is constructed. Owing to the lack of explicit categorization criteria (especially from a visual standpoint) for free-form surfaces, we introduce two approaches for developing diverse free-form surfaces: firstly, generating new free-form surfaces by modifying their outlines (from the top-down point of view); and secondly, for a given free-form surface, the variation in its shape is achieved by manipulating the control points of the surface. Simultaneously, it is crucial to ensure that the height variation—the difference between the highest and lowest surface points after the operation—falls within the 10 to 25-meter range. This height variation constraint is based on the height differences observed in real-world architectures with free-form surfaces. Following the way above for the construction of free-form surfaces, geometric shape transformations are subsequently applied for each surface in this series, generating 20 derived free-form surfaces. As a result, a total of 300 different free-form surfaces are obtained (alongside their corresponding curvature and height cloud maps). In the second step, an explicitly coding grid partitioning method (the equal chord length method from [36], if not specified, is the default method) is utilized to perform grid partitioning on the aforementioned 300 free-form surfaces, and address the difficulty of obtaining real engineering design drawings for free-form grid design. The third step involves adopting data augmentation techniques commonly used in computer vision to augment the dataset size (Fig. 3, steps are elaborated in the following paragraph). 
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[bookmark: _Ref149947292]Fig. 3 Schematic of the data augmentation process.
Data augmentation techniques are applied to augment the dataset, thereby increasing the amount of data available for model training. After the completion of the initial dataset consisting of 300 samples, it is partitioned into training and testing sets in a proportion—15 samples are randomly chosen as the testing set, with each sample derived from one of the 15 basic free-form, and the remaining are allocated to the training set. The initial data is exported in PDF format, with the export resolution set to 1200 PPI. The viewpoint for the architectural free-form grid structures, curvature cloud maps, and height cloud maps are set to a top-down perspective to ensure consistent scaling and positioning of the architectural free-form surfaces across the three images. Then, the self-developed Python codes are employed to augment the training set. The code executes mirroring (with/without horizontal flip), rotation (with four different degrees: 0°, 90°, -90°, and 180°), and translation (horizontal displacement with distances: -1/3, 0, and 1/3 of the surface width) operations on each set of grid structure images, curvature cloud maps, and height cloud maps. The dataset size for model training is increased to 6840 samples following the data augmentation. Finally, the augmented images are saved in the .png format with a resolution of 2048 p × 1024 p.
GridGAN model
Once the preparation of the model training dataset is finished, it can be utilized to train the GAN model. Whereas, the dataset generated in Section 2.1 cannot be directly employed to train pix2pixHD, for it does not support the simultaneous use of two images as inputs [23]. Hence, it is necessary to modify pix2pixHD, and we name the modified version as GridGAN. The main differences between GridGAN and pix2pixHD lie in the generator and discriminator components, as depicted in Fig. 4. In GridGAN, the generator incorporates an additional image input interface to the existing single-image input. It merges the intrinsic information from the curvature and height cloud maps modules by concatenating them through the color channels, thereby blending the inherent information from both images. The modifications to the discriminator, meanwhile, involve two parts: applying identical modification methods to both the input interface of the real free-form grid structure image and the input interface of the fake free-form grid structure image generated by the generator. The modification of the discriminator aligns with that of the generator—by adding one more image input interface and concatenating the information of the two images through the color channels.
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[bookmark: _Ref149947541]Fig. 4 Schematic of the network structure of GridGAN.
[bookmark: _Hlk163462607][bookmark: _Hlk163461566]Now, with GridGAN, the improved version of pix2pixHD, aligned with the training database, the training of GridGAN can be conducted. The training process primarily involves adjusting the hyperparameters (such as the learning rate, number of epochs, network layers, and learning rate decay strategies). Nevertheless, almost all the neural network models have numerous hyperparameters, each of which affects the model to a different extent. Therefore, in this study, we refer to [26,27] and carefully select the most critical hyperparameters for analysis, including the learning rate, number of training epochs, and number of layers in the neural network. After the adjustment of hyperparameters, we have obtained the optimal parameter settings as follows: during the initial 50 epochs of training, the initial learning rate is set to  and remains constant, and the learning rate linearly decays to 0 in the subsequent 50 epochs (please refer to Table 1 for detailed information)， and the parameters not specified herein align with those in the original pix2pixHD [23]. Furthermore, we have also performed the same model modifications on the conventional GAN (pix2pix [25] and cycleGAN [41]), and the model hyperparameters have been set identical to GridGAN. Through this, we aim to demonstrate that not all GANs can achieve grid partitioning design for architectural free-form surfaces simply through model modifications and hyperparameter optimization. The reasons in detail are provided in Section 3.
[bookmark: _Ref150613668]Table 1 The hypermeters employed in GridGAN
	Hyperparameters types
	Values

	Batch size
	1

	[bookmark: OLE_LINK26]Input number of channels
	3

	Input height of channels*
	3

	Lambda feature
	10

	Load image size
	1024×512

	Learning rate
	0.00025

	Number of iterations
	50

	Number of iterations (decay to zero)
	50

	Number of blocks global
	9

	Number of downsample global
	4


Note: Input height of channels* is added to incorporate the height cloud map
Data dimension conversion
[bookmark: _Hlk167906379][bookmark: _Hlk167905760]By utilizing GridGAN, which has undergone rigorous evaluation, the architectural free-form grid structures are obtained by inputting curvature and height cloud maps to the deep learning model. Nevertheless, a challenging problem is how to convert the architectural free-form grid structure image obtained from the deep learning model (two-dimensional structural data) into three-dimensional structural data (the required data format in structural engineering). After analyzing the characteristics of the free-form grid structure, it can be observed that it consists of two essential elements— nodes and the connections between nodes. Therefore, taking it a step further, we transform the problem into acquiring three-dimensional Cartesian coordinate points in space and their interconnections (the topological relationships). To address the problem above, we develop the corresponding Python codes that perform data dimensionality conversion. After obtaining the three-dimensional coordinates and their topological relationships, we can finally get the free-form grid structure in the space domain. We provide a brief overview of the acquisition of grid node coordinates and the extraction of topological relationships between nodes here (please refer to Appendix B for more details, and code implementations are available in the FindCoordinate and Project3dm2Json repositories at https://github.com/GeneralHou).
Firstly, the obtaining of the grid nodes coordinates. Essentially, extracting the grid node coordinates is to locate the coordinates within the free-form grid image generated by GridGAN. We have attempted to write codes to accomplish this task directly, but found that existing algorithmics, such as the classical Harris corner detection [42], struggle to obtain node coordinates efficiently. Furthermore, their capability to extract different forms of free-form surface structures is also limited. To tackle this challenge, we propose leveraging the generation ability of original pix2pixHD to accomplish node labeling tasks that cannot be effectively performed by classical algorithms. We utilize the same training method and parameters as pix2pixHD [23] for our task. The only difference is that we train the pix2pixHD model using our self-built dataset. The input of the model is free-form grid structure images generated by GridGAN, while the output is free-form grid structure images in which the nodes are marked by red pixel dots (as shown in Fig. 5).
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[bookmark: _Ref151590761]Fig. 5 Grid nodes labeling based on pix2pixHD [23]: the model takes the two-dimensional grid structure image generated by GridGAN as input and produces a labeled grid structure image as output.
The process of extracting grid coordinates involves the following steps: first, input the free-form grid structure image (generated by GridGAN) into the pre-trained pix2pixHD model. This produces a grid image with nodes marked by red dots (Fig. 6a). Then, filter the RGB values to retain only the red pixel dots in the image (Fig. 6b). By using functions like cv2.findContours in OpenCV-Python [43], extract the geometric centers of these red dots. These centers represent the pixel coordinates of the free-form grid structure (Fig. 6b). These pixel coordinates, nevertheless, are the positions of the grid nodes in the image but not their actual coordinates on the real free-form surface. To address this, we extract the corresponding corner points from the 3D real free-form surface and the planar grid structure (Fig. 6c). Using these corner points, we determine the baseline parameters—translation and scaling in x and y directions—to transform the pixel coordinates into planar real coordinates (Fig. 6b).
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[bookmark: _Ref167529414]Fig. 6 Acquiring planar node coordinates: (a) Label grid nodes with red dots; (b) Extract planar real coordinates; (c) Calculate baseline parameters for translation and scaling.
Projecting the planar real coordinates onto the actual free-form surface allows us to obtain the 3D coordinates of the grid nodes (Fig. 7a), which are ultimately the ones we seek. Specially, when projecting boundary nodes onto the surface, there may be instances where the projection line from the planar node does not intersect the surface. Hence, we propose the method illustrated in Fig. 7b, in which the planar node is adjusted until it intersects with the surface.
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[bookmark: _Ref167540630]Fig. 7 Node projection: (a) Project planar nodes into three-dimensional space; (b) Adjust the projection of boundary node.
Simultaneously, another crucial step is extracting the topological relationships (Fig. 8). We identify the topological relationships of the nodes based on the pixel coordinates (acquired from Fig. 6b) and the grid structure image with red dots. Initially, we sequentially select a node according to the pixel coordinates (Fig. 8a) and crop out the selected node (Fig. 8b). To determine the number of rods connected to the node, we erase the red pixel dot (Fig. 8c). Then, using cv2.connectedComponentsWithStats from Open-CV-Python[43], we calculate the number of rods (a rod is depicted as a line in the image) connected to the selected node (namely ) and find their geometric centers (Fig. 8d). Lastly, starting from the geometric centers of the rods, we search in the direction away from node . When we encounter a red pixel, it indicates the connected node (for instance,  in Fig. 8e). By applying these operations to all pixel coordinates, we can establish the topological connections of all nodes (Fig. 8f).
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[bookmark: _Ref167544105]Fig. 8 Node topological relationships extraction.
Evaluation metrics
To adequately assess the quality of the generated free-form grid structure by GridGAN, this study employs four evaluation methods, categorized into three distinct perspectives: expert perception evaluation, computer vision-based evaluation, and geometric properties-based grid (rod length and shape quality factor) evaluation.
Expert perception evaluation
The assessment of human perception serves as a means to subjectively evaluate the results generated by models in computer science [23,25]. Its fundamental rationale lies in the premise that if the model-generated outputs fail to pass the essential assessment of human sensibility, they are inevitably incapable of meeting more stringent quantitative evaluations. Fluent morphology and rational structure are critical aesthetic demands that people have for free-form grid structures. One of the significant evaluation methods used to determine whether these fundamental aesthetic requirements are fulfilled is subjective perception, namely human perception assessment. Drawing inspiration from [23,26], we leverage the perception of engineering experts to evaluate the results generated by free-form grid structures.
Inspired by the methodologies outlined in [23,26], we adopt an analogous experimental procedure. Utilizing online questionnaires, we invite experts (professors, engineers, and graduate students) to evaluate free-form grids generated by both traditional method (explicitly coding-orient method) and AI (here, it is GridGAN). Nevertheless, in contrast, to provide experts with a comprehensive and vivid understanding of the entirety of the generated free-form surfaces, we use videos (rather than merely presenting images) to visually showcase the morphology of the free-form grid structures from diverse perspectives, and set no time limit for questionnaire respondents. The evaluation primarily consists of two questions (the questionnaire template is shown in Fig. 9): 
1) Identifying which free-form grid structure is generated by AI; 
2) How confident are you in your aforementioned judgments?
[image: ]
[bookmark: _Ref167921961]Fig. 9 Questionnaire on the free-form grid structures
Computer version-based evaluation
[bookmark: OLE_LINK24]FID (Fréchet Inception Distance) is a metric used to assess the similarity between two sets of images based on the statistical characteristics of their computer vision features. It quantifies the distance between feature vectors of real and generated images to measure their similarity, and therefore is commonly used to assess the quality of images generated by GAN [2,3]. A lower FID score signifies a higher level of quality in the images generated by GAN. Furthermore, when the FID score reaches its minimum value of 0, it denotes complete equivalence between the two sets of images. We also incorporate FID to evaluate the generated free-form grid structures by GridGAN from a computer vision perspective. The formula for FID is
	
	
	(1)


where x represents the real free-form grid image, while y denotes the free-form grid image generated by GridGAN; w and ww denote the mean vectors of the real free-form grid image, x, and the generated free-form grid image by GridGAN, y, respectively; Tr is the trace of a matrix; C and Cw represent the covariance matrices of x and y, respectively. 
Geometric attribute-based evaluation
[bookmark: OLE_LINK38]Elongated or distorted grids, for free-form grid structures, diminish the structural load-bearing performance and hinder the construction processes due to excessively small angles between rods. Existing methods for evaluating the uniformity of free-form grid structures include various approaches, such as rod length evaluation, shape quality evaluation, and smoothness evaluation [5,6,44]. Rod length and shape quality evaluations are adopted to evaluate the grid structures in our study.
[bookmark: OLE_LINK37]As the basic units comprising the grid structure, the lengths of the rods should be as uniform as possible and close to the desired target length [5,44]. Additionally, the number of rod types should be minimized to facilitate subsequent production and construction processes [5,44]. Therefore, this study adopts the mean rod length , Eq. (2), and the mean square deviation of rod length δL, Eq. (3), to evaluate the lengths of rods. Here, n denotes the total number of rods, whereas Li signifies the length of the i-th rod.
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The shape quality factor of a grid element is used to evaluate the regularity of a free-form grid structure [44]. The shape quality factor for an individual quadrilateral grid element is
	
	
	(4)


where A, B, C, and D represent the four vertices of the quadrilateral. , ,  and  denote the areas of any three triangles formed by the four vertices of the quadrilateral. |AB|, |BC|, |CD|, and |AD| are the lengths of the four sides of the quadrilateral grid element. The value of q lies within the range of q ∈ (0, 1], and a higher value of q indicates the better shape quality of the grid element. When the quadrilateral grid is a perfect square, q equals 1; conversely, when q equals 0, the quadrilateral degenerates into a triangle. Calculate the shape quality factor q for all quadrilateral elements constituting the grid structure, and calculate the mean  and mean square deviation  of q. Refer to Eqs. (5) and (6) to calculate  and , respectively—m denotes the number of quadrilateral grid elements, and  denotes the shape quality factor of the i-th quadrilateral grid element. If the mean of the shape quality factor for quadrilateral grids is higher and the mean square deviation is lower, it indicates a more regular shape of the free-form grid structure.
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[bookmark: _Ref150611988]Models discussion
Model selection
The Generative Adversarial Networks (GAN) is a broad concept that encompasses various related models derived from the original GAN proposed by Ian J. Goodfellow [20], such as AttentionGAN [45], MSG-GAN [46], pix2pix [25], pix2pixHD [23], and CycleGAN [41]. This section aims to elucidate two crucial points: firstly, not all GANs are suitable for structural design tasks; and secondly, even when using the same model for different datasets, hyperparameters tuning is imperative to ensure compatibility with the new task. To this end, we select pix2pix [25], pix2pixHD [23], and CycleGAN [41] for model comparison and explain the rationale behind ultimately choosing pix2pixHD (as GridGAN is based on this model). 
Pix2pix, pix2pixHD (renamed as GridGAN after modification), and CycleGAN represent three diverse variations of the same series of GANs. We train these three models using the dataset created in Section 2.1, intending to achieve optimal performance for each model through hyperparameter tuning. The partial training results for each model are shown in Fig. 10. Furthermore, to perform a quantitative assessment, we calculated the FID scores for the pix2pix, GridGAN, and CycleGAN models, and the comparative results are presented in Fig. 11. 
[image: ]
[bookmark: _Ref150156041]Fig. 10 Comparison of free-surface grid structures generated by different GAN Models. (a) is the overall comparison of the generated grid structures by pix2pix [25], GridGAN, and CycleGAN [41]; (b) and (c) compare the blurring effects.
[image: ]
[bookmark: _Ref150156058]Fig. 11 FID scores for different GAN models.
By comparing the generated free-form grid structures with those obtained from the explicitly coding-orient method, it can be observed that among the three GAN models, CycleGAN exhibits the poorest performance, followed by Pix2pix, while GridGAN yields the best results. CycleGAN demonstrates limited capability in generating detailed grid structures and primarily focuses on capturing the primary form of the surfaces. By contrast, pix2pix exhibits enhanced proficiency in generating grid structures and is able to generate grid structures that closely resemble those produced by explicitly coding-orient methods. Nevertheless, upon comparing pix2pix with GridGAN (Fig. 10b and c), it is evident that pix2pix generates grid structures with significant blurriness, which poses challenges in extracting crucial structural information (node coordinates and inter-node topological relationships). Therefore, the outcome generated by pix2pix is still not aligned with our expectations.
We believe that the underlying reason for the subpar performance of cycleGAN and pix2pix lies in the distinct mechanisms of their neural networks. CycleGAN utilizes a non-matching training mechanism (unsupervised learning), which restricts its ability to establish robust intrinsic relationships between free-form surface cloud maps and grid structures. Meanwhile, pix2pix does not support high-resolution image generation (due to an inherent limitation in its network architecture), inevitably resulting in blurry grid structure images [23,25]. The GridGAN utilized in this study is an improved version based on pix2pixHD, and retains the advantages of pix2pix while simultaneously avoiding the blurry result details, thereby generating high-resolution outcomes. Moreover, the FID scores in Fig. 11 consistently decrease from cycleGAN to pix2pix and finally to GridGAN, which substantiates that GridGAN achieves a more significant similarity to the grid structures generated by explicitly coding-orient method, thereby showcasing its superior capability in generating free-form grid structures. In conclusion, our findings, from both qualitative and quantitative analyses, elucidate that not all GAN models are applicable to structural design tasks. Hence, when choosing a model, it is crucial to carefully consider the specific features of neural networks and select a model that aligns with the particular requirements of the task.
Input selection
[bookmark: _Hlk163678713]To affirm the advantageous role of height cloud map in enhancing the capability of GridGAN for grid partitioning, we execute ablation experiments. The experimentation delineates model inputs into distinct categories: solely curvature cloud map, a combination of curvature and height cloud maps (the input of GridGAN), and purely height cloud map (Fig. 12). With solely a singular input type—curvature or height—the model architecture mirrors that of pix2pixHD. Furthermore, the model parameters employed for training in all three scenarios correspond to those discussed in Section 2.3. Typical outcomes of the free-form surface grid structures generated by each trained model are illustrated in Fig. 12.
The illustrations in Fig. 12 reveal that when only curvature cloud map or height cloud map serve as inputs, the GAN model is, on the whole, capable of accomplishing free-form surface partitioning. Nonetheless, within the generated grid results, there are invariably imperfections (as encircled in red in Fig. 12). The inability to fully generate grid lines implies that forming a coherent architectural structure is unattainable (for the structure would be non-statically determinate). Yet, when both curvature and height cloud maps are employed concurrently as inputs, it becomes apparent that the quality of the outcomes generated by the model (GridGAN) is markedly enhanced compared to scenarios with a single input, with grid lines being complete and exhibiting smooth trajectories. Meanwhile, it is noteworthy that employing both curvature and height as inputs may still result in some free-form surfaces generating structures that are not distinctly clear (as highlighted in blue in Fig. 12). Nevertheless, it is evident that such imperfections differ from the incompleteness observed when using only curvature (or height) map (highlighted in red)—the subtly emergent grid lines still meet the requisite standards.
In short, integrating the height cloud map alongside the curvature cloud map as simultaneous inputs for the GAN model is necessary. The positive impact of adding the height cloud map to the result of the model, we believe, stems from the fact that the visualization process maps numerous values (curvature or height) onto a color gradient composed of a limited number of color values (19 types), leading to a loss in the expression of surface characteristics. Hence, incorporating data that describes the attributes of free-form surfaces from different aspects (such as height) is advantageous for the partitioning of free-form surface grid structures.
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[bookmark: _Ref163680514]Fig. 12 Impact of the model inputs.
[bookmark: _Model_Performance]Model Performance
To validate the efficacy of our methodology, we have chosen 12 diverse free-form surfaces for grid partitioning from the test set (described in Section 2.2). Three representative examples from this collection are showcased in Fig. 14. In accordance with the approach outlined in Section 2, we prepare curvature and height cloud maps for each of the 12 distinct free-form surfaces (Fig. 14 GridGAN Input). These cloud maps are then input into GridGAN to obtain the corresponding free-form grid design results (Fig. 14 GridGAN Output). After the data dimension conversion, we obtain the final free-form grid structures (Fig. 14 Final Result).
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[bookmark: _Ref151581690]Fig. 13 12 free-form surfaces used in the case studies.
[image: ]
[bookmark: _Ref150466018]Fig. 14 Three typical surfaces among 12 diverse free-form surfaces: the second column represents the free-form surfaces, while the third column displays the input cloud maps (left: curvature cloud map, right: height cloud map) for GridGAN; the fourth column exhibits the generated grid structures by GridGAN, and the fifth column illustrates the final free-form grid structures.
Qualitative evaluation results
We, subsequently, evaluate the generated grid structures from both qualitative and quantitative perspectives.  Initially, we conduct the qualitative evaluation based on expert perception—by creating dynamic showcase videos that present side-by-side comparisons of the free-form grid structures generated by GridGAN and the traditional method (the equal chord length method from [36]). It is worth noting that we alternate the placement order of the grid structures generated by the two methods to avoid respondents forming fixed location biases (Fig. 9). We distribute questionnaires to experts, including professors, engineers, and graduate students, and ask them to select one of the two grid structures generated by GridGAN and rate their confidence level in their choice (Fig. 9). 
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[bookmark: _Ref150469198]Fig. 15 Expert perception evaluation. (a) Misjudgment percentage: the proportion of grid structures generated by GridGAN being misidentified as those generated by traditional method(explicitly coding-orient method); (b) Confidence percentage: respondents with confidence levels below five stars (light blue), those with no confidence (blue), and the proportion of those with no confidence compared to those with confidence levels below five stars (dark blue line).
[bookmark: _Hlk151593351]According to Fig. 15a, the percentage of respondents who classified the results generated by GridGAN as originating from the traditional method varies across different surfaces, ranging from a minimum of 40% (occurring in surface 10) to a maximum of 59% (occurring in both surface six and surface 11). Meanwhile, within all the grid structures, there are five generated by GridGAN that are misclassified as being generated by the traditional method, with the proportion of these misclassifications exceeding 50% (the portion above the orange dashed line in Fig. 15a). The data in Fig. 15a indicates that GridGAN successfully enables the generation of free-form grid structures, as respondents found it challenging to accurately distinguish between the grid structures generated by the two methods. Furthermore, based on Fig. 15b, it can be observed that, on average, more than 70% of the respondents exhibited a confidence level below five stars in their assessments of each grid structure (the light blue bars in Fig. 15b)—a confidence level below five stars indicates a diminished certainty in the judgment. Moreover, it is important to highlight that the percentage of respondents with complete uncertainty is significantly high (blue bars in Fig. 15b), constituting an average of 40% of the cases where the confidence level is below five stars (ranging from a minimum of 32% to a maximum of 49%). All respondents in this questionnaire are experts with a background in structural engineering. Nevertheless, as indicated by the results in Fig. 15b, there is a notable lack of confidence in their judgments when it comes to differentiating between grid structures generated by GridGAN and traditional method, even among experts, which suggests that GridGAN has achieved a level of realism that makes it difficult for even experts to discern. 
[bookmark: _Quantitative_evaluation_results]Quantitative evaluation results
Qualitative evaluation serves as a subjective assessment of free-form grid structures. To achieve a more sophisticated evaluation, we further employ machine learning-based and geometric properties-based evaluation methods to evaluate the generated free-form grid structures by GridGAN. Firstly, the visual representation illustrating the qualitative changes in the generated free-form grid structures with respect to the number of epochs, along with the corresponding FID scores, is presented in Fig. 16. In the initial stages, GridGAN encounters difficulties in accurately capturing the intrinsic relationship between free-form surface cloud maps and grid structures, leading to suboptimal quality of the generated grids (Fig. 16a). Nevertheless, as the training progresses, GridGAN demonstrates an improvement in grid quality, ultimately establishing a precise relationship between the free-form surface cloud maps and grid structures. Simultaneously, with the increase in the number of epochs, there is a consistent reduction in the FID scores (Fig. 16b), which indirectly demonstrates the increasing capability of GridGAN in generating free-form grid structures.
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[bookmark: _Ref150510108]Fig. 16 The quality of GridGAN generated grid structures. (a) Variation under different epochs; (b) FID scores at different epochs.
We utilize geometric properties-based evaluation to assess grid structures generated by explicitly coding-orient method, serving as a benchmark for evaluating the quality of grid structures generated by GridGAN. The quantitative evaluation results, utilizing rod length and shape quality factor evaluations, are presented in Table 2. It is apparent that for the same free-form surface, the mean rod lengths in the grid structures generated by GridGAN and the traditional method (the equal chord length method from [36]) are almost indistinguishable.
[bookmark: _Ref167695637]Table 2 Quantitative evaluations of rod lengths and shape quality factors
	No.
	Rod Lengths
	
	Shape Quality Factors

	
	Mean
	
	Mean square deviation
	
	Mean
	
	Mean square deviation

	
	M1
	GridGAN
	
	M1
	GridGAN
	
	M1
	GridGAN
	
	M1
	GridGAN

	1
	4.129
	4.124
	
	0.459
	0.445
	
	0.983
	0.984
	
	0.024
	0.023

	2
	3.439
	3.435
	
	0.821
	0.807
	
	0.879
	0.876
	
	0.139
	0.140

	3
	3.884
	3.866
	
	0.172
	0.156
	
	0.997
	0.997
	
	0.004
	0.004

	4
	4.116
	4.127
	
	0.786
	0.803
	
	0.920
	0.917
	
	0.037
	0.042

	5
	3.501
	3.498
	
	0.672
	0.659
	
	0.929
	0.929
	
	0.042
	0.042

	6
	3.879
	3.876
	
	0.278
	0.283
	
	0.992
	0.991
	
	0.012
	0.012

	7
	4.222
	4.216
	
	0.383
	0.381
	
	0.986
	0.986
	
	0.012
	0.011

	8
	3.891
	3.888
	
	0.365
	0.358
	
	0.987
	0.987
	
	0.013
	0.013

	9
	3.819
	3.813
	
	0.078
	0.155
	
	0.999
	0.998
	
	0.002
	0.006

	10
	3.906
	3.900
	
	0.294
	0.299
	
	0.979
	0.978
	
	0.017
	0.017

	11
	4.212
	4.211
	
	0.930
	0.935
	
	0.899
	0.897
	
	0.068
	0.068

	12
	3.908
	3.904
	
	0.152
	0.155
	
	0.998
	0.998
	
	0.003
	0.003


Note: M1 denotes the equal chord length method [36].
The visualized rod length evaluation result is shown in Fig. 17 to have better insights. Fig. 17a provides a more intuitive representation of the evaluation results for the mean rod length and the mean square deviation of rod lengths in the grid structures derived from the 12 test free-form surfaces—under both metrics, the evaluation results of the traditional method and GridGAN are almost identical. Across the different grid structures, the minimum error in the average rod length is 0.001 meters (Fig. 17b, 11th surface), while the maximum error is 0.017 meters (Fig. 17b, 3rd surface). Additionally, from the perspective of the relative error in the rod beam length, the maximum error corresponds to a relative error of 0.45%, with the relative errors of the other grid structures being nearly zero—indicating that the errors are negligible. Meanwhile, the statistical results of the mean square deviation of rod length suggest that the minimum error of the mean square deviation of rod length is 0.003 (Fig. 17c, 7th surface), while the maximum error value is 0.078 (Fig. 17c, 9th surface). 
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[bookmark: _Ref167355417][bookmark: _Hlk167355153]Fig. 17 Rod length evaluation. (a) The mean rod length of grid structures generated by M1 (traditional method from [36]) and GridGAN methods; (b) the error and relative error in the mean rod length between the two methods; (c) the error in the mean square deviation between the two methods.
In assessing the grid structures from the standpoint of shape quality factor, it is evident that the mean and mean square deviation of shape quality factors obtained by both methods are also highly similar (Fig. 18a). The maximum error between the two mean values is 0.004, with a maximum relative error of 0.39% (Fig. 18b, 4th surface), both within the desired range. Moreover, the maximum mean square deviation for both methods is 0.004 (Fig. 18b, 4th and 9th surfaces), which also falls within the ideal range. It is important to note that Fig. 18b and c feature several instances with zero error values. This suggests that, in terms of shape quality factor, GridGAN exhibits excellent and consistent grid partitioning performance.
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[bookmark: _Ref167355434]Fig. 18 Shape factor quality evaluation. (a) The mean shape factor of grid structures generated by M1 (traditional method from [36]) and GridGAN methods; (b) the error and relative error in the mean rod length between the two methods; (c) the error in the mean square deviation between the two methods.
To summarize, when evaluating the geometric properties of the grid structures (whether it is through rod length or shape quality factor), the grid structures generated by GridGAN closely align with the metrics of grid structures produced using the traditional method. The geometric properties-based evaluations provide an explanation as to why the respondents with a background in civil engineering are unable to distinguish between grid structures generated by the two methods and have low confidence in their judgments. This is because, from a precise geometric evaluation perspective, the comparison parameters of the two methods are almost identical. Therefore, relying solely on visual judgment is clearly insufficient to differentiate between these two methods correctly.
[bookmark: _Hlk167894241]To further demonstrate the superiority of our method, we compared GridGAN with the mapping equal-division method [37]. Since qualitative evaluation results make it difficult to distinguish between GridGAN and the traditional method (as shown above), we focus only on quantitative evaluation. The results for both evaluation methods are presented in Table 3, which clearly demonstrates that the evaluation outcomes are very similar.
[bookmark: _Ref167699029]Table 3 Quantitative evaluations of rod lengths and shape quality factors
	No.
	Rod Lengths
	
	Shape Quality Factors

	
	Mean (m)
	
	Mean square deviation
	
	Mean
	
	Mean square deviation

	
	M2
	GridGAN
	
	M2
	GridGAN
	
	M2
	GridGAN
	
	M2
	GridGAN

	1
	4.121
	4.121
	
	0.219
	0.235
	
	0.992
	0.992
	
	0.007
	0.007

	2
	3.390
	3.389
	
	0.379
	0.398
	
	0.905
	0.902
	
	0.088
	0.089

	3
	3.874
	3.875
	
	0.042
	0.093
	
	0.997
	0.997
	
	0.004
	0.005

	4
	4.121
	4.121
	
	0.747
	0.743
	
	0.925
	0.925
	
	0.025
	0.025

	5
	3.543
	3.532
	
	0.417
	0.426
	
	0.929
	0.927
	
	0.059
	0.058

	6
	3.881
	3.885
	
	0.171
	0.323
	
	0.994
	0.993
	
	0.011
	0.011

	7
	4.211
	4.208
	
	0.217
	0.232
	
	0.996
	0.995
	
	0.004
	0.004

	8
	3.886
	3.879
	
	0.050
	0.102
	
	0.998
	0.997
	
	0.003
	0.003

	9
	3.819
	3.820
	
	0.052
	0.175
	
	0.999
	0.998
	
	0.002
	0.002

	10
	3.890
	3.886
	
	0.223
	0.248
	
	0.990
	0.988
	
	0.010
	0.011

	11
	4.295
	4.284
	
	0.855
	0.853
	
	0.910
	0.910
	
	0.060
	0.061

	12
	3.912
	3.911
	
	0.076
	0.122
	
	0.997
	0.996
	
	0.004
	0.004


Note: M2 denotes the mapping equal-division method [37].
From Fig. 19a, it can be observed that the mean and mean square deviation of rod lengths are similar for both methods. Nevertheless, when examining the error in mean and mean square deviation for each specific surface (Fig. 19b and c), there is no apparent pattern in the errors between the two methods. The maximum difference in mean rod length between the two methods is 0.011 (corresponding to a maximum relative error of 0.3%), and the maximum error in mean square deviation is 0.153. Similarly, for the shape quality factor (Fig. 20), the conclusions are similar to those for rod length evaluation. The maximum error in shape quality factor between the two methods, corresponding to a maximum relative error of 0.42%, is 0.004, with the maximum error in mean square deviation being 0.001. Yet, comparing Fig. 17 and Fig. 19 (or Fig. 18 and Fig. 20), it is evident that the mean square deviation is significantly smaller in the latter, indicating that the latter has more uniform grid lengths and shapes overall. To summarize, GridGAN demonstrates excellent grid partitioning capabilities, but the quality of the generated grid structure is influenced by the dataset used for its model training.
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[bookmark: _Ref167783194]Fig. 19 Rod length evaluation. (a) The mean rod length of grid structures generated by M2 (traditional method from [37]) and GridGAN methods; (b) the error and relative error in the mean rod length between the two methods; (c) the error in the mean square deviation between the two methods.
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[bookmark: _Ref167783234]Fig. 20 Shape factor quality evaluation. (a) The mean shape factor of grid structures generated by M2 (traditional method from [37]) and GridGAN methods; (b) the error and relative error in the mean rod length between the two methods; (c) the error in the mean square deviation between the two methods.
Case studies
In Section 3.3, an exhaustive evaluation of the GridGAN-based grid partitioning technique is conducted using both qualitative and quantitative approaches, providing initial evidence for the efficacy of the approach. Nonetheless, critical reflections are necessary regarding potential issues, including the possibility of data leakage when using the test set, the generalization capability of GridGAN, and its universality. To this end, we extracted two free-form surfaces from [47]—neither of which have been featured in the training or test sets—to conduct grid partitioning. The GridGAN outcomes are shown in Fig. 21. Intuitive observations of these instances show that GridGAN facilitated effective grid partitioning, producing comparatively fluid and logically organized grids.
[image: ]
[bookmark: _Ref163779855]Fig. 21 Grid partitioning results (free-form surfaces from [47]). (a) denotes the surface used in Case 1, and (b) is the surface for Case 2.
Furthermore, a quantitative assessment is performed on both cases, and the findings are documented in Table 4. The results reveal that the mean rod lengths from both the traditional and GridGAN-based methods are closely matched, displaying slight variance. Yet, upon examining the mean square deviation of rod lengths, the traditional method consistently yields lower values than those achieved with GridGAN, indicating that GridGAN exhibits inferior performance in ensuring rod length uniformity. Additionally, the evaluation of grid quality through the shape quality factor shows that the traditional method nearly achieves a factor of 1, suggesting much better grid quality. In contrast, the mean shape quality factor derived from GridGAN is relatively lower, especially for Case 2, where the relative error of the average shape quality factor surpasses 13.22%. Moreover, the quality of the basic elements from GridGAN is found to be inferior, with a mean square deviation error reaching up to 0.03 compared to the traditional method. It is important to note that the relative error and mean square deviation in Cases 1 and 2 exceed those observed in the model tests directly based on the test set in Section 3.3. This suggests that GridGAN has a commendable degree of universality and generalization ability, making it applicable to various free-form surfaces. Nevertheless, it is crucial to highlight that the grid quality produced by GridGAN decreases when used on free-form surfaces that vary substantially from the training dataset.
[bookmark: _Ref163780272]Table 4 Quantitative evaluation of two case studies
	Type
	Case
	Mean
	
	Mean square deviation

	
	
	M1
	GridGAN
	Error
	RE* (%)
	
	M1
	GridGAN
	Error

	rod
lengths
	1
	3.884
	3.819
	0.066
	-1.72
	
	0.235
	0.360
	-0.125

	
	2
	3.679
	3.765
	-0.087
	2.30
	
	0.240
	0.408
	-0.168

	shape
qualities
	1
	0.994
	0.924
	0.070
	-7.58
	
	0.005
	0.011
	-0.006

	
	2
	0.955
	0.844
	0.112
	-13.22
	
	0.046
	0.077
	-0.030


Note: M1 denotes the equal chord length method; RE* represents the relative error.
[bookmark: _Ref150616101]Conclusions
Presently, the partitioning methods for architectural free-form grid structures primarily rely on explicit coding. Nevertheless, this approach tends to be tailored to address specific surface-related challenges, consequently leading to a lack of universality for these methods. We propose using the generative artificial intelligence method, specifically generative adversarial networks, for data mining and learning, followed by data regeneration, with the aim of addressing the aforementioned issue. The contributions and the detailed conclusions of this paper are as follows:
(1) We present a novel approach, named GridGAN, which utilizes generative adversarial networks as a fundamental method for free-form grid partitioning, thereby eliminating the reliance on explicit coding. The corresponding grid structure can be automatically generated given a free-form surface by employing GridGAN. This method frees designers from the need to consider complex surface characteristics, avoids the tedious process of writing code specifically for those characteristics, and makes grid partitioning design an end-to-end process.
(2) A two-dimensional representation method for three-dimensional free-form surfaces is innovatively proposed. To adapt to the two-dimensional input format of GridGAN, we introduce a creative approach that employs two-dimensional curvature and height cloud maps as replacements for the three-dimensional free-form surfaces as inputs to the deep learning model. Meanwhile, we have developed the corresponding codes to realize the process above.
(3) The codes for reconstructing two-dimensional grid structures into three-dimensional grid structures are developed. Using our self-developed codes, we successfully extract grid nodes and their topological relationships from two-dimensional images, followed by their reconstruction in the three-dimensional domain.
(4) The application of the pix2pixHD model is proposed for node labeling in two-dimensional free-form grid structure generated by GridGAN (the input and output pairs are  un- and labeled two-dimensional free-form grid structure images, respectively). It successfully resolved the difficulty in accurately labeling the positions in GridGAN-generated two-dimensional free-form grid structure images using conventional algorithms.
(5) The questionnaire results, which rely on expert perception evaluation, indicated that the free-form surface grid structures generated by GridGAN have attained a level of intricacy that experts find difficult to discern visually. More than 70% of the respondents expressed uncertainty about their judgments, and within this 70%, 40% indicated a complete inability to determine the surfaces generated by GridGAN.
(6) The quantitative evaluation conducted in the case studies demonstrated that the grid structures generated by both GridGAN and the traditional approaches (namely, explicitly coding-orient methods) exhibit remarkably close values across various evaluation metrics, including rod length and shape quality factor. The maximum error in the mean length of the rod lengths for the free-form grid structures from both methods is 0.017 meters, with a maximum relative error of 0.45%. Additionally, regarding the shape quality factor, the maximum error between the two methods is 0.004, with a maximum relative error of 0.42%. All metrics indicate that GridGAN is both feasible and accurate in its performance.
(7) The findings from two case studies reveal that the data-driven GridGAN is free from data leakage problems. Furthermore, GridGAN shows strong generalizability, successfully performing grid partitioning on free-form surfaces not included in the training dataset, indicating its promising application prospects.
The GAN-based method involves learning from existing data to create solutions for new situations. This procedural framework could inspire similar approaches in civil engineering, using existing data to create more efficient designs, decreasing the need for experienced designers, and making design resources reusable. It is important to note that we, in this paper, solely utilize artificial intelligence as an auxiliary tool and represent an immature exploration in pursuing a more generalized method for free-form grid partitioning. Therefore, there are still some limitations that need further improvement and refinement:
(1) Firstly, one drawback of our approach is its reliance on the absence of occluded regions in the top view of the free-form surface. The occlusions pose challenges for the accurate generation of the grid structure. 
[bookmark: _Hlk164033808](2) Secondly, the representation of free-form surfaces using colored curvature and height is merely one method proposed in this paper that has been demonstrated to be viable. Nevertheless, the fundamental question of how to effectively represent free-form surfaces, regardless of the method used to depict curvature and height, remains a topic worthy of further consideration.
(3) Lastly, as outlined in the Introduction section, our study, like existing research, mainly focuses on the initial stages of grid partitioning design and does not take the mechanical properties of the grid structure into account. Future research incorporating mechanical properties will further enhance the grid partitioning design of architectural free-form surfaces.
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Appendix A. The detailed process of creating cloud maps
The process of creating curvature cloud maps and height cloud maps for architectural free-form surfaces is fundamentally the same. It primarily involves segmenting the free-form surface, calculating the maximum principal curvatures (or heights) of the subdivision surfaces, and visualizing the results. The visualization process of the cloud maps essentially involves representing the curvature or height values at arbitrary points on the free-form surface using colors. To establish the relationship between numerical values and colors, we employ a gradient color palette consisting of 19 equally proportioned RGB primary colors (as visually depicted in Table A.1, wherein  represents the RGB numerical code corresponding to each primary color). 
[bookmark: _Ref163478357][bookmark: _Ref151419499]Table A.1 The RGB values of the 19 primary colors that form a color gradient.
	No.
	RGB Value
	No.
	RGB Value
	No.
	RGB Value
	No.
	RGB Value

	0
	(205, 10, 10)
	1
	(251, 78, 85)
	2
	(255, 133, 154)
	3
	(141, 68, 173)

	4
	(41, 128, 185)
	5
	(51, 152, 218)
	6
	(26, 188, 155)
	7
	(22, 159, 133)

	8
	(38, 174, 96)
	9
	(47, 203, 113)
	10
	(241, 196, 15)
	11
	(243, 156, 19)

	12
	(229, 126, 35)
	13
	(208, 160, 153)
	14
	(167, 101, 94)
	15
	(156, 66, 33)

	16
	(159, 173, 189)
	17
	(107, 120, 136)
	18
	(51, 73, 94)
	
	


Due to the continuous nature of the free-form surface, the changes in height values are also continuous. As a result, the colors in the height cloud map exhibit relative continuity. Therefore, the height cloud map can be directly mapped (as shown in the mapping schemes in Fig. 2), allowing for the full utilization of colors within the gradient palette. Nevertheless, in practical scenarios, the curvature values of the free-form surface do not exhibit a uniform distribution but rather show a phenomenon of partial relative discreteness, with the majority of the curvature concentrated around zero (as illustrated in Fig. A.1a). Directly mapping the curvature values to colors would lead to the underutilization of colors within the color palette and result in a relatively homogeneous color problem in the cloud map (due to the concentration of curvature values). Hence, we perform probability statistics on the distribution of curvature values for each surface to identify the interval in which the curvature values tend to cluster (as shown in Fig. A.1b). Taking into account the curvature distribution of each surface in Fig. A.1b, we identify the range of concentrated curvature values as [-0.3, 0.3]. Furthermore, the color values assigned to the left and right endpoints of the color palette are -10 and 10, respectively. The gradient color palette is partitioned into three segments (as depicted in Fig. 2): the left sparse section of curvature (-10, -0.3), the middle concentrated section [-0.3, 0.3], and the right sparse section (0.3, 10). Each segment comprises 4, 11, and 4 primary colors, respectively.
[image: ]
[bookmark: _Ref163478633]Fig. A.1 The curvature properties of free-form surfaces. (a) Curvature value concentration phenomenon; (b) Distribution of curvature values for 15 free-form surfaces.
We first elaborate on the creation process of the curvature cloud map, with a concise overview of the processing of the height cloud map.
A.1 Curvature cloud map
(1) The architectural free-form surface is partitioned into adjacent edges based on M rows and N columns, resulting in a comprehensive division of M × N distinct free-form surfaces denoted as Ssub, as illustrated by Eq. (A.1). The values within the matrix signify the M × N subdivided free-form surfaces, wherein M and N are positive integers.
	
	
	(A.1)


[bookmark: OLE_LINK44][bookmark: OLE_LINK70](2)  denotes the free-form surface located in the i-th row and j-th column, where i ∈ [1:M] and j ∈ [1:N]. The maximum principal curvature  at the geometric center of each individual free-form surface among the M × N surfaces is computed. Furthermore, the overall maximum principal curvatures  for all M × N free-form surfaces, calculated at their respective geometric centers, is represented by Eq. (A.2).
	
	
	(A.2)


(3) A gradient color mapping scheme is employed for the maximum curvature value , wherein the gradient comprises a sequence of 19 RGB colors with equal proportions, forming a color spectrum (the RGB values can be found in Table A.1 ). Let  denotes the generalized formula for the 19 colors, where  and  represents the numerical code associated with each color. 
[bookmark: OLE_LINK51][bookmark: OLE_LINK55](4) For any given curvature value , it is first necessary to determine the interval within the three gradient color segments in which it falls. Subsequently, the distance  between the value and the leftmost side of that interval is calculated, and the decimal portion of  is disregarded, and only the integer part  is retained. This allows for the determination of the value of the index  corresponding to the left primary color  for . Furthermore, the left and right primary colors for  can be represented as  and , respectively
[bookmark: OLE_LINK66](5) Let , , and by substituting them into Eq. (A.3),  can be calculated. Similarly, by letting , , and substituting them into Eq. (A.3),  can be acquired. Furthermore, by setting ,  ,  and substituting them into Eq. (A.3),  can be calculated. Finally, we get , which represents the numerical code of the color corresponding to the curvature value  in step (4).
	
	
	(A.3)


[bookmark: OLE_LINK71][bookmark: OLE_LINK76](6) By iteratively applying steps (4) and (5) to each curvature value  of the M × N  architectural free-form surface, as described in Eq. (A.2), the visualization of all curvature values  can be achieved, resulting in the generation of the overall curvature cloud map  for the architectural free-form surface, as shown in Eq. (A.4). Here, the variable  is the general expression for the color attributed to the i-th row and j-th column of the free-form surfaces,  and .
	
	
	(A.4)


A.2 Height cloud map
The making of the height cloud map follows the same six steps as the curvature cloud map, as described in Subsection A.1. However, there are two notable differences. Firstly, in step (2) of the height cloud map production, instead of calculating the curvature of the M × N  architectural free-form subsurfaces, the geometric center of each subsurface is determined. From this center, the z-coordinate  is extracted and represented as shown in Eq. (A.5). Here,  and . Furthermore, due to the relatively continuous nature of the numerical values in the height cloud map, there is no need to partition the primary colors. Instead, they can be seamlessly blended to create a gradient color spectrum. Finally, replace the maximum principal curvature  in Subsection A.1 with , and follow the remaining steps outlined in Subsection A.1 to create the height cloud map.
	
	
	(A.5)


Appendix B. Extraction of node coordinates and inter-nod topological relationships
The free-form grid structure generated by GridGAN is presented as an image (in the two-dimensional domain). To obtain the final three-dimensional free-form grid structure, it is essential to acquire both the spatial coordinates of the nodes and the topological relationships between these nodes.
B.1 Extraction of node coordinates
The flowchart illustrating the process of obtaining mesh node coordinates is presented in Fig. B. 1, detailing each procedure step.
[image: ]
[bookmark: _Ref167541931]Fig. B. 1 The process of obtaining the coordinates of the grid nodes.
Step 1: marking the node positions
The free-form grid structure image generated by GridGAN is initially inputted into the pre-trained pix2pixHD (utilizing the identical hyperparameters configuration as that in the original paper). Subsequently, we obtain the output image of the free-form grid structure, wherein the grid nodes are visually marked by red pixel dots.
Step 2: extracting the coordinates of the planar pixel nodes
(1) Enlarge the free-form grid structure image marked with red pixel dots while preserving its original aspect ratio, and multiply the width and height of the image by a scaling factor of 15. The magnified image is denoted as P.
(2) The lower and upper thresholds for the RGB color values of the red pixel dots are defined as  and , respectively. By applying the specified RGB color value range , the red pixel dots are extracted and isolated from the enlarged image P. The resulting image, consisting solely of the red pixel dots, is denoted as .
[bookmark: OLE_LINK82](3) The image  is then inputted into Eq. (B.1), along with the morphological opening operation formula (utilizing a convolution kernel K as an n x n matrix with each element equal to 1), to perform the opening operation. This operation isolates the red pixel dots in  that are connected to each other within a specified distance threshold. The resulting image, denoted as , represents the output of the opening operation applied to .
	
	
	(B.1)


(4) The geometric center coordinates (representing the pixel nodes in the free-form grid structure image) of each red pixel dot in  are extracted and denoted as , as defined in Eq. (B.2). The coordinate of the i-th pixel grid node in the free-form grid structure image are represented as , where  is the coordinate value. Furthermore, we designate the pixel grid coordinates representing the bottom-left and the top-right nodes of the grid structure as  and , respectively.
	
	
	(B.2)


Step 3: extracting the coordinates of the planar pixel nodes
(1) Denote the free-form surface in the parameter space as , which represents all coordinate points  in the Cartesian coordinate system. The relationship between the two is briefly  shown in Eq. (B.3). By substituting the parameter space coordinates  and  into Eq. (B.3), we derive the Cartesian coordinates of the bottom-left and the top-right nodes of the free-form surface as  and , respectively.
	
	
	(B.3)


[bookmark: _Hlk147869787](2) Calculate the difference in distance, denoted as , between  and , specifically,  and . By substituting the n pixel grid nodes  from the grid structure image into Eq. (B.4) sequentially, we get the translation-aligned pixel node coordinates , and collectively denote the translated pixel grid node coordinates as , shown in Eq. (B.5). Specifically, the translated pixel coordinates of  and  are denoted as  and , respectively.
	
	
	(B.4)

	
	
	(B.5)


[bookmark: OLE_LINK113](3) Utilizing Eq. (B.6), the scaling factors  and  are obtained to scale the translated pixel node coordinates  of the free-form grid structure image in X and Y directions. By substituting the pixel grid node coordinate   sequentially into Eq. (B.6), we can determine the corresponding real grid node planar coordinate . These real grid node coordinates can be collectively denoted as  in Eq. (B.8).
	
	
	(B.6)

	
	
	(B.7)

	
	
	(B.8)


Step 4: extracting the real 3D coordinates of the grid nodes
(1) Expand the obtained real grid node planar coordinates   to spatial coordinates by adding a z-coordinate value of 0, namely, every coordinate changing from  to . A line  is constructed by passing through the point  and parallel to the Z-axis of the Cartesian coordinate system. The overall collection of these lines is denoted as .
[bookmark: OLE_LINK127](2) Calculate the intersection point between any line  in  and the free-form surface , as indicated in Eq. (B.9), and denote the obtained intersection point as . Obtain the intersection points between all the lines in the line set  and the free-form surface , as expressed in Eq. (B.10). These intersection points, referred to as , are the three-dimensional coordinates of the real grid nodes of the free-form surface.
	
	
	(B.9)

	
	
	(B.10)


B.2 Extraction of inter-node topological relationships
The flowchart for obtaining the inter-node topological relationships can be found in Fig. B. 2, which includes the detailed steps of the process.
[image: ]
[bookmark: _Ref167542202]Fig. B. 2 The process of obtaining the inter-node  topological relationships.
[bookmark: OLE_LINK130](1) Image preprocessing. Convert the acquired grid structure image  (of the free-form surface) into a grayscale image. Apply the processing described in Eq. (B.11) to each pixel in the grayscale image, where  represents the grayscale value of the pixel at the i-th row and j-th column in the image, and  is the corresponding new grayscale value. Convert the preprocessed grayscale image of the free-form grid structure into an RGB image, designated as , wherein all pixels except the white background solely consist of black pixels representing the free-form grid structure.
	
	
	(B.11)


(2) Utilizing the obtained  image, depict n red dots with a radius of r at the coordinates of the pixel grid nodes  from Eq. (B.2). We set the RGB value for the red color used in the dots as (255, 0, 0), and denote the image of the free-form grid structure with the red dots as .
(3) Conduct a pixel search in the positive X-axis, negative X-axis, positive Y-axis, and negative Y-axis directions starting from any given node coordinate  within . Continue the search until reaching the boundary of the red pixels. Sequentially record the coordinates of the pixels at the red pixel boundaries in each direction as , , , and .
(4) Calculate  and , take the maximum value between the two, and multiply it by the coefficient 0.3 to obtain , as described in Eq. (B.12). Let  and  represent the two endpoints of the diagonal of a rectangle, and express them using Eq. (B.13) and Eq. (B.14), respectively. Calculate the values of  and , crop the corresponding image region of the rectangle in , and designate this cropped region as . Extract and quantify the number of black lines within the cropped image region , represented as m. Additionally, calculate the geometric center of each black line as . Consequently, it can be determined that there are m black lines connected to the node coordinate .
	
	
	(B.12)

	
	
	(B.13)

	
	
	(B.14)


(5) Obtain the coordinates of the m endpoints of the black lines connected to the selected node coordinate  in step (3) through the following sub-steps.
(5.1) Convert the geometric center coordinates  of the m black lines in step (4) from the local coordinates within the  image to the corresponding global coordinates  within the  image, using Eq. (B.15).
	
	
	(B.15)


(5.2) Start with the first term  of the general expression  in step 5.1, and label it as the initial point, referred to as .
(5.3) The pixel point next to  is referred to as , and the eight adjacent pixel points to  include those positioned to the left, upper-left, upper, upper-right, right, lower-right, lower, and lower-left. Following the order mentioned above, we set the pixel point on the left side of  as .
(5.4) Compute the Euclidean distance between the node  and the point , representing it as . Likewise, calculate the Euclidean distance between the node  and the point , and denote it as .
(5.5) If the current pixel point  is black, and  is greater than , then designate the current attempted pixel point  as , and restart the sub-step from (5.3).
(5.6) If the current pixel point  is black, and the calculated Euclidean distance  is smaller than , switch to the next adjacent pixel point to , designate it as , and restart from step (5.4).
(5.7) If the current attempted pixel point  is red, compute the Euclidean distance between the n-1 nodes  in  (excluding ), and the pixel point . Here,  and . Among these n-1 computed Euclidean distances, the node coordinates corresponding to the minimum distance represent the coordinates connected to the node . Assuming that the node coordinates corresponding to the minimum Euclidean distance are represented by , we establish a connection between  and , which is denoted as .
(5.8) For the m coordinates , specifically , , ..., , sequentially calculate them using the aforementioned sub-steps (5.2) to (5.7) to determine all the nodes connected to the node . Representing this connection as , as shown in Eq. (B.16), where , , ...,  belong to , and , , ...,  are all distinct.
	
	
	(B.16)


(6) For the n nodes in the pixel grid , iterate through steps (3) to (5) in sequence to obtain the mutual connectivity between all nodes, establishing the topological relationship. This topological relationship between all nodes can be denoted as , as depicted in Eq. (B.17), where  represents the connection topology of the nodes linked to , as defined in sub-step 5.8.
	
	
	(B.17)


Appendix C. Data availability statement
The raw data (including the curvature cloud maps and height cloud maps) and the self-developed Python codes (used to realize the data dimension conversion), can be accessed at the GitHub repository of the author, Jiangjun Hou (https://github.com/GeneralHou). The deep learning model employed in this study, as mentioned earlier, heavily relies on pix2pixHD (GitHub repository: https://github.com/NVIDIA/pix2pixHD). Hardware information: Nvidia Tesla V100 GPU (32GB),  Intel XeonGold 6130 CPU (25G). Software information: Ubuntu 18.04.5 LTS, Python 3.6.13, pytorch 1.7.0, opencv-Python 4.2.0.32. Any additional and reasonable inquiries related to this study can be obtained by contacting the corresponding author, Jinyu Lu.
2

image1.png
Free-form Surface

Postprocessing

Grid Structure (2D

Curvature CM* Height CM*

Generator (GridGAN)

KCM*: Cloud Map

|
Concatenate

} }

Nd* Coordinates Tp* Relationship

Grid Structure (3D)

Nd*: Node Tp*: Topological





image2.svg
                                                 C urvature CM*    H eight CM* Free - form Surface CM*: Cloud Map                                                              Generator (GridGAN) Concatenate     Grid Structure (2D)       P reprocessing  Design  Postprocessing Nd*  Coord inates T p*  Relationship       Nd*: Node T p *: Topological       Grid Structure ( 3 D)     


image3.png
Free-form Surfaces

Calculate

Sub Free-form Surfaces

Calculate

koo kop -+ kon Coo C1 -*°  CoN

klO kll o klN C10 C11
—p 5

e
: : o Map : B Visualize
kymo ka1 - kunw cM0 CM1 *°*  CMN

Curvature Matrix RGB Value Matrix

|

Mapping Schemes

200 201 "t 20N Coo  Co1
210 211 " ZIN C10 C11
Map
— :
ZM0 ZM1 "**  ZMN, CcMo0  CM1

et

Curvature Cloud Map

Height Cloud Map
-

: h Cl_N Visualize |

s00 @I

Height Matrix RGB Value Matrix




image4.svg
                                                                      D ivide  C alculate  Sub Free - form Surfaces                                               Curvature Matrix    Free - form Surfaces  RGB Value Matrix                                               M ap C alculate   RGB Value Matrix                                               M ap  Height Matrix                                                    𝑚𝑖𝑛 1       𝑚 ax 1 𝑚𝑖𝑛 2 𝑚 ax 2 𝑚𝑖𝑛 3 𝑚 ax 3 𝑚𝑖 𝑛 ⁡ 𝑚𝑎𝑥 ⁡     M apping Schemes  Curvature Cloud Map  H eight Cloud Map     Visualize Visualize


image5.png
Structural Free-form Surfaces

Original Data

Dataset

Training dataset Test dataset




image6.svg
                                          S tructural Free - form Surfaces  Curvature Cloud Map  G rid Structure  Height Cloud Map       Grasshopper Export PDF (1200ppi)      M irroring With  without    Rotation 0 ° 90 ° - 90 ° 180 °  T ranslation - 1/3   0   1/3                                                                                                                                               PDF2 IMG  Original Data Data Augment  Dataset      Export IMG (2048p × 1024p)  Training dataset  Test dataset  


image7.png
'a
.

Curvature CM*

.

Heig

ht CM*

Generator

Fa

ke Grid

Discriminator





image8.svg
                                                                                        Generator                                                                         C urvature CM* H eight CM* Fake Grid    R eal Grid                                                 D iscriminator R eal Fake    Fake Grid                                                                                                              G L oss  D L oss  


image9.png




image10.svg
                                                         INPU T OUTPUT 


image11.png
Grid Structure with Red Dots

Baseline Parameters
Translation (x5,ys) Scaling (Sy, Sy)

Grid Structure (by GridGAN)

Planar Real
Coordinates

o
T
X!
m"
i
d_
O,
=y
©,
4
L]
o,

L




image12.svg
                              Generator      Real Corner Coordinates              Pixe l Corner Coordinates Grid Structure (by GridGAN) Pre - trained Pix2pixH D Grid Structure with Red Dots Input Output  Translation   𝑥 𝛿 , 𝑦 𝛿 S caling   ( 𝑆 𝑋 ,   𝑆 𝑌 ) Baseline Parameters                                                            Pixel Coordinates  Get R ed  Dots Get Centers   Planar Real Coordinates         Adjust   (a) (b) (c)   


image13.png
"""""""""""""""""""""""""""""""""""""""""

o & 00 ©





image14.svg
                                            (a) (b)


image15.png
Jo9[es

(a)

(f)

(N;, Njp)
(N;, Ni2)
(N;, N;3)
(Ni, Ni4)

Crop

Image with Red Dot

Neighboring Red Dot Coordinates

(c)

Erase

Image with Only Black Lines

Number of Lines Geometric Centers

aje|noje)n




image16.svg
                                                Pixel Coordinates         Image with Red Dot Image with Only Black Lines          𝐶 1  𝑥 1 𝑔 , 𝑦 1 𝑔 𝐶 2 𝐶 3 𝐶 4                              𝐶 1       𝑁 𝑖  Crop Erase     Calculate Search  N umber of Lines Geometric Centers 𝑁 𝑗 1 N eighboring Red Dot Coordinates 𝑁 𝑗 2 𝑁 𝑗 3 𝑁 𝑗 4   Topological Relationships Get  ( 𝑁 𝑖 , 𝑁 𝑗1 ) ( 𝑁 𝑖 , 𝑁 𝑗 2 ) ( 𝑁 𝑖 , 𝑁 𝑗 3 ) ( 𝑁 𝑖 , 𝑁 𝑗 4 )  Select … (a) (b) ( c ) ( d ) ( e ) ( f )


image17.png
Q1: Which free-form grid structure is generated by Al ?

Option A

Q2: Rank the confident level of your judgment.
* K% X Kk Kk *x *x *x *k X

Indecisive Absolute





image18.svg
                  Q1: Which free - form  grid  structure  is generated by AI ? O ption A Q2: Rank the confident level of your judgment.            Indecisive Absolute       O ption B   


image19.png
GridGAN

X

pix2pi

cycleGAN

Original





image20.svg
                                                                                  S1 S2 S3             cycleGAN          O riginal pix2pix               GridGAN             pix2pix     GridGAN     pix2pix     GridGAN   ( b ) (c ) ( a )


image21.png
FID Score

150
120
90
60 |
30
0 E.

cycleGAN

pix2pix GridGAN
GAN Models

Target




image22.svg
                                                                                                                                                                                                                                


image23.png
Models

Generated Grid structures

w/o height

G

Grid Structure

1

with height

G

Grid Structure

NN

1

only height

I ’ I

Height

Grid Structure





image24.svg
                                                    C urvature    G  G rid  Structure   H eight    G  G rid Structure    G  G rid Structure   C urvature  H eight      w/o  height o nly height w ith height                          M odels G enerated Grid structures              


image25.png




image26.svg
                                                                                                            S1 S5 S9 S2 S6 S10 S3 S7 S11 S 4 S8 S12


image27.png
5
Q
£
Z
<
o
°
o





image28.svg
                                                                                                            No. GridGAN Input  Free - form Surface GridGAN Output Final Result                          S6 S4 S12 


image29.png
~
(@)

o
(@)
1

w B
o o
l 1

Percentage (%)
(@)]
o
!

—_
Q
~

1234567 8 9101112
Surfaces

Percentage (%)

100

N (@)} ~
(@) o (@)
] ] 1

0_

(b)

I N
I

12345678 9101112

Surfaces





image30.svg
                                                                                                                                                                                                         (a)                                                                                                                            ( b )


image31.png
(@) Training Process N> Epoch 100

S1 ‘{' ;;}' -
s2 | %'75[*5 7
il
S3 Elg
1
(b) 240
® 180
3
n 120
o
w 60
0 1 33 66 100

Epochs




image32.svg
                                                                                                                                                                                                    S1 S2 S3    E poch 1 E poch 100  T raining Process  (a)                                                                                                      ( b )


image33.png
—_—
Q
~—
(0]

(6)]

w

Mean of rod length (m)
N

N

—_—

O

~—
N
N

Error = M1 - GridGAN

Error (x1073)
o o
o

»

Relative Error (%)
Error (x1072)
& do

1
©

12 3 456 7 8 9101112
Surfaces

12 3 4

M1 i GridGAN

Error = M1 - GridGAN

56 7 8 91011 12
Surfaces





image34.svg
                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                  (a) (b) (c) E rror = M1  - GridGAN E rror = M1  - GridGAN


image35.png
—_—
Q
~—
-
N

-
o

Mean of Shape Factor
o
(o]

I " i GridGAN

1 2 3 4 5 6 7 8 9 10 11 12

0.8
0.7
Surfaces
(b) 6 0.6 (c) 2
Error = M1 - GridGAN Error = M1 - GridGAN
o 4 03 & ‘;\olll B |
5 5 o
3:/ 2 { ' H RN 0 g :-2
2 0 g 8
w 0 I - -0.3 &, w 4

1
N

12 3 45 6 7 8 9101112
Surfaces

12 3 45 6 7 8 9101112
Surfaces





image36.svg
                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                             (a) (b) (c) E rror = M1  - GridGAN E rror = M1  - GridGAN


image37.png
—_—
Q
~—
(0]

(6)]

w

Mean of rod length (m)
N

N

Error (x1073) S
o o o o

1
(&)

Error = M2 - GridGAN

o iéi'ili

12 3 456 7 8 9101112
Surfaces

Error (x1072)
N o)) o

N
oo

o M2 i GridGAN

Error = M2 - GridGAN

123 4567 8 910112

Surfaces




image38.svg
                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                        (a) (b) (c) E rror =  M2 - GridGAN E rror =  M2 - GridGAN


image39.png
—_—
Q
~—
RN
N

o M2 i GridGAN

N
o
T

Mean of Shape Factor
o
(o)
T

0.8F
0.7
1 2 3 4 5
(b) 4
Error = M2 - GridGAN Error = M2 - GridGAN
3
2 1
—
X 2 o -
. JLEN LML
L 1

123456789101112. 12 3 45 6 7 8 9101112
Surfaces Surfaces




image40.svg
                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                       (a) (b) (c) E rror =  M2  - GridGAN E rror =  M2  - GridGAN


image41.png




image42.svg
                      (a) ( b )


image43.png
Count (x104)

Count (x10°4)

Curvature

Concentrated values

min max
5 8 12 8 2.5
ar 6 9l 6 2r
3t 1.5}
4t 6 4t
2t 1t
2t - 2t
1} 3 0.5}
0 1 0 1 1 O 1 1 O 1 1 0
0.3 -0.15 0 0.15 03-02 -01 0 01 02-02 -001 0 0.1 0.3 -0.15 0 0.15 0.3 -0.2
10 3 5 5
8t 2.4+¢ 4t 4t
6F 1.8+ 3r 3t
4t 1.2+ 2F 2F
2F 0.6 1} 1t
0 0 . . 0 0 0
03-015 0 015 03 -3 -15 0 15 3 -03-015 0 0.15 0.3-0.3-0.15 0 0.15 0.3-04 -02 0 02 0.4
5 5 4 4
4+ i 4+
3t 3t
6.0
3r 3r
a5t 2t 2k
2r 2r
3.0f
1t 1t
1r 15F r
0 9.0 : 0 0 0
02 01 0 01 02-06-03 00 03 06-02 -0l 0 01 02-06-03 00 0.3 0.6-03-015 0 0.15 0.3

Curvature

Curvature

Curvature

Curvature

Curvature




image44.svg
                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                            (a) ( b ) Concentrated values      max min                   Curvature                


image45.png
Free-form grid structure image
fo)
Grid structure with red pixel dots

lEnIarge 15x

Free-form grid structure image

l Extract red pixel dots
—

Image with only red pixel dots
l@

Free-form grid structure image
l®

Grid node pixel coordinates

| Translate and scale nodes:

Real grid node planar coordinates

—®

Set of all lines Free-form surface

| Calculate intersection |

Real grid node space coordinates

@ Input to pix2pixHD and get the output
@ Make lines parallel to z-axis through coordinates

® Translate with x5 and y;

Red RGB range Set RGB to black

Image containing only

Within [Lo, L4] red pixel dots

Y
Set RGB to white

Grid node pixel coordinates Free-form surface S(u,v)

Real Coordinates

Pixel Coordinates

X- and Y- Direction: x5, y5

Translated pixel coordinates

Translated Pixel Coordinates

Real grid node planar coordinates

IC?‘I

@ Perform morphological open calculation @ Extract geometric center of dots
@ Judge RGB value pixel-by-pixel @ Calculate translation
Calculate scale factor @ Scale with Sy and Sy




image46.svg
          Free - form grid structure  image  G rid structure with red pixel dots  E nlarge 15x  Free - form grid structure  image  Image  with only red pixel dots     Free - form grid structure image   Grid node pixel coordinates   R eal grid node planar coordinates   Set of all lines  Free - form surface   R eal grid node space coordinates   Calculate intersection   Grid node pixel coordinates  Free - form surface  S(u,v)  Real Coordinates Left bottom / Upper right   Pixel Coordinates Left bottom / Upper right E xtract  X - and Y - Direction: 𝒙 𝜹 ,  𝒚 𝜹    T ranslated  Pixel Coordinates Left bottom / Upper right   X - and Y - Direction: 𝑺 𝐗 ,   𝑺 𝐘    T ranslated  pixel coordinates      R eal grid node planar coordinates     Image  Within   𝑳 𝟎 , 𝑳 𝟏  Image containing only  red pixel dots  N  Red RGB range   𝑳 𝟎 , 𝑳 𝟏   Set RGB to black   Set RGB to white  Y    3  4  2  1  6  7 Input to pix2pixHD  and get the output  1 Make lines parallel to z - axis through coordinates  4 Translate with  𝑥 𝛿 and  𝑦 𝛿  7  8  9 Extract geometric center  of dots  3 C alculate translation  6 S cale with  𝑆 𝑋   and   𝑆 𝑌  9      7  5    E xtract red pixel dots Perform morphological open calculation  2 C alculate scale factor  8 Judge RGB value pixel - by - pixel  5  Translate and scale nodes


image47.png
Free-form grid structure image : Overall pixel coordinates

Enlarge 15x :
. A4 JArbitrary neighboring pixe
Grayscale image Free-form grid structure image : Arbitrary node coordinate g Piemp
Pixel value ! Pixel value adjustment acquire
ﬁ: H
E v

geometric center
coordinates

Free-form grid structure image | Euclidean distance

D temp

Unchange

v

Grid structure binary image geometric center coordinate

] Pcurrent
New grayscale image

Euclidean distance Dy rent

RGB image i | Grid node pixel coordinates
Color judgement: p..,,,
Node coordinate
v E
Adjusted grid structure image Store coordinate of P
. q 3 temp

One of 4 directions :
Topology processing :
4 direction: =X £Y 3

— .
Corresponding two nodes

are set to be connected EEEIEE T Gl TS

next coordinate black?

Number of black pixel blocks

Red pixel _ New red pixel @
boundary coordinate boundary coordinate

Geometric center of each black block

S geometric center coordinates

@ Draw circles with radius r and Center in pixel coordinates @ Change to next neighboring pixel @ Set coordinate from Peepmp t0 Peyrrent
@ Distance between P, and residual coordinates @ Select node corresponding to minimum distance @ Boundary coordinates in 4 directions continue to moveLe,q

@ Calculate within red pixel boundary




image48.svg
         Free - form grid structure  image E nlarge 15x  Free - form grid structure  image   Grid node pixel coordinates  Free - form grid structure  image   Grayscale image Pixel value  Image    ≤ 230  Set to 0  Unchange    New grayscale image  RGB image    Y N  Grid structure binary  image    Adjusted grid structure  image  Topological relation ship     1 Draw circles with radius  r  and Center in pixel coordinates  1  4 Distance between  𝑃 𝑡𝑒𝑚𝑝 and residual coordinates Change  to  n ext neighboring  pixel  2 Set coordinate from  𝑃 temp to  𝑃 c urrent  3 Select node corresponding to minimum distance  5  6 Boundary coordinates in 4 directions continue to move  𝐿 epd    Node coordinate  4 direction: ± X  ± Y  One of 4 directions   next coordinate black?  Move   Red pixel boundary coordinate N Y  Red length  W & height  H  W ≥ H  𝐿 e pd = 0 . 3𝑊  𝐿 e pd = 0 . 3𝐻   Y N     New red pixel boundary coordinate   6     Number of black pixel blocks  Geometric center of each black  block    7  7 C alculate within red pixel boundary   Arbitrary node coordinate  Overall pixel coordinates   geometric center  coordinates  acquire  geometric center coordinate 𝑷 𝐜𝐮𝐫𝐫𝐞𝐧𝐭   Arbitrary neighboring pixel 𝑷 𝒕𝒆𝒎𝒑  Euclidean distance   𝑫 𝐜𝐮𝐫𝐫𝐞𝐧𝐭  Euclidean distance  𝑫 𝒕𝒆𝒎𝒑      𝑫 𝐜𝐮𝐫𝐫𝐞𝐧𝐭   ≥ 𝑫 𝒕𝒆𝒎𝒑  N  Color judgement:  𝑷 𝒕𝒆𝒎𝒑  Y  Black  Store coordinate of  𝑷 𝒕𝒆𝒎𝒑  Red  Euclidean distances     C orresponding two nodes  are set to be connected     5  2  3   4    Pixel value adjustment Topology processing geometric center coordinates


