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Preface
This Supplementary Information (SI) details the key technical specifications of the high-fidelity multi-temporal point cloud model update method with semantic-geometric collaborative constraints proposed in the main manuscript.
It includes four core sections: preset semantic weight rules for land cover categories, the value selection and optimization basis of core parameters, and the stepwise calculation workflow for semantic-geometric coupled weights, Experimental Implementation Details and Reproducibility Instructions.
All content is fully consistent with the methods and experiments described in the main manuscript, with no additional research conclusions or experimental results added.
Relevant parameters and workflows have been verified and optimized using the control variable method, ensuring full reproducibility for other researchers to replicate the method.
S1 Preset Semantic Weight Rules for Land Cover Categories
The preset weight  for each land cover category, embedded in the semantic weight matrix  constructed in this study, serves as the core basis for semantic weight assignment. Its value is comprehensively determined by three factors: the semantic importance of the land cover category, point cloud feature attributes, and the core requirements of multi-temporal point cloud updating. This weight system is adapted to two experimental scenarios: campus built-up areas, and suburban farmland-building mixed areas.
S1.1 Principles of Weight Presetting
High weights are assigned to core objects of point cloud updating and baseline land covers for semantic boundary extraction, to improve the accuracy of their identification and segmentation.
Low weights are assigned to non-core updating objects with abundant dynamic interference, to reduce their disturbance to real structural boundaries.
All weight values are normalized to the interval [0,1], to eliminate the influence of dimensional differences on weight assignment.
S1.2 Preset Weights and Basis for Core Land Cover Categories
For the two experimental scenarios, land covers are divided into 6 core categories: ground, building, road, farmland, vegetation, and others. The preset weights and specific value basis for each category are shown in Table S1.
Table S1 Preset semantic weights for land cover categories and corresponding value basis
	Land Cover Category
	Preset Weight
	Value Basis

	Ground
	1.0
	The base layer of the point cloud model, and the core benchmark for semantic boundary extraction and point cloud registration. The highest weight is assigned to improve identification accuracy.

	Building
	0.9
	The core artificial land cover in campus/suburban scenarios, the key target of multi-temporal updating, and the critical area for semantic boundary definition and texture fusion. The second-highest weight is assigned.

	Road
	0.8
	Artificial land cover with significant linear features and high boundary recognizability, with lower updating demand than buildings. The weight is appropriately reduced.

	Farmland
	0.75
	The core natural agricultural land cover in suburban scenarios, with relatively sparse point cloud density. It is necessary to balance boundary extraction and terrain adaptation, so the weight is slightly higher than that of vegetation.

	Vegetation
	0.7
	Land cover with abundant dynamic interference, which is prone to generate pseudo-edges and is not the core updating target. The weight is appropriately reduced to minimize interference.

	Others
	0.5
	Including dynamic targets such as temporary vehicles, pedestrians, and field debris, which are non-core updating land covers. The lowest weight is assigned to eliminate pseudo-edge interference.


S1.3 Setting of Neighborhood Window for Semantic Weight Calculation
The neighborhood window for semantic weight calculation is uniformly set to 3×3 pixels, and this scale has been verified by multiple groups of comparative experiments. A 2×2 window has an excessively small coverage, which cannot fully capture the semantic features in the neighborhood and easily leads to unbalanced weight assignment. In contrast, a 5×5 or larger window introduces excessive redundant semantic information, increases computational load, and is susceptible to interference from surrounding heterogeneous land covers. The 3×3 window achieves the optimal balance between local semantic feature capture, computational efficiency control, and interference suppression.
S2 Value Selection and Optimization Basis of Core Parameters
The method proposed in this study includes three core modules: the Semantic-Adaptive Cloth Simulation Filtering (SA-CSF) algorithm, the spatial topology-aware Bidirectional Residual Network (BiResNet), and the semantically weighted guided multi-scale Poisson fusion mechanism. Key parameters of each module have been optimized and determined using the control variable method: we fix other parameters, only adjust the value of a single target parameter, and select the value that optimizes the module’s core evaluation index as the final value.
The key parameters, specific values, corresponding formulas in the main manuscript, and optimization basis of each core module are shown in Table S2. All parameters have been verified in both campus and suburban scenarios, with favorable scene adaptability.
Table S2 Values and optimization basis of core parameters
	Core Module
	Parameter
	Value
	Equation
	Optimization Basis

	SA-CSF
	Rigidity Constraint Coefficient
	0.8
	Eq. (3)
	[bookmark: OLE_LINK166]When , the rigidity constraint is insufficient, resulting in large fitting errors in steep areas; when , the cloth is overly rigid and cannot fit the complex terrain contour.

	
	Elevation Adjustment Coefficient
	1.5
	Eq. (2)
	Adapts to the elevation distribution characteristics of most point clouds, ensuring the rationality of the initial height of the virtual cloth.

	
	Empirical Coefficients for Curvature Adaptive Threshold
	0.2/5.0
	Eq. (7)
	Retains feature points in steep terrain or building edges, and removes noise points in flat farmland or ground, achieving optimal scene adaptability of the threshold.

	BiResNet
	Number of Neighborhood Points
	16
	Eq. (13)
	Fully captures local spatial topological features without reducing computational efficiency due to excessive neighborhood points, achieving a balance between accuracy and speed.

	
	Semantic-Spatial Balance Coefficient
	0.7
	Eq. (13)
	Achieves the optimal balance between the influence of semantic similarity and spatial distance on edge weights, adapting to the land cover distribution characteristics of scattered houses and contiguous farmland.

	
	Distance Decay Coefficient
	0.5
	Eq. (13)
	Conforms to the topological distribution characteristics of point clouds in campus or suburban scenarios, with a moderate distance decay effect.

	Semantically Weighted Multi-Scale Poisson Fusion
	Semantic/Geometric Fusion Coefficient
	0.6/0.4
	Eq. (26)
	Balances the influence of semantic constraints and geometric features on fusion weights, and takes into account stitching smoothness and texture detail preservation.

	
	Gaussian Pyramid Scale
	4
	Eq. (27)
	Achieves the optimal balance between global color transition and local detail preservation, avoiding a sharp increase in computational load caused by excessive scales.

	
	Phong Model Specular Exponent
	32
	Eq. (28)
	The specular reflection effect best fits the real illumination characteristics of campus or suburban scenarios, and effectively compensates for illumination differences under different acquisition conditions.


S3 Stepwise Calculation Workflow of Semantic-Geometric Coupled Weights
The semantic-geometric coupled weight  proposed in this study is the core basis for enabling dynamic and adaptive assignment of texture fusion weights. The calculation takes a single texture pixel as the basic unit, and follows four core steps: semantic weight matrix calculation, geometric weight matrix calculation, weighted fusion, and Gaussian smoothing. Calculations are performed in combination with the preset semantic weights in Table S1 and core parameters in Table S2. The entire workflow is well-defined and reproducible, and the final output coupled weight matrix can be directly used for multi-scale Poisson fusion.
S3.1 Calculation of Semantic Weight Matrix 
For the point cloud region corresponding to each texture pixel, we set a 3×3 neighborhood window, count the number of points  of each land cover category in the window, and calculate the proportion of the number of points of each category . The formula is as follows:
	
	(S1)


Here,  is the total number of points in the window.
Combined with the preset weight  of each land cover category in Table S1, the semantic weight value  of a single pixel is calculated, with the formula:
	
	(S2)


Here,  is the semantic weight value of the m-th texture pixel.
We normalize the semantic weight values of all texture pixels to constrain  to the range [0,1]. The semantic weight matrix  is then constructed accordingly.
S3.2 Calculation of Geometric Weight Matrix 
The geometric weight is calculated based on the point cloud curvature. Regions with higher curvature correspond to richer texture details, and are assigned lower geometric weights to give priority to the preservation of texture details.
We calculate the curvature  of the point cloud corresponding to each texture pixel according to Equation (6) in the main manuscript.
Subsequently, we count the maximum point cloud curvature value in the study area , and calculate the geometric weight value  of a single pixel with the formula:
	
	(S3)


Here,  is the geometric weight value of the m-th texture pixel. The larger the curvature , the smaller the  is.
Finally, we normalize the geometric weight values of all texture pixels to make , and generate the final geometric weight matrix .
S3.3 Calculation of Coupled Weight  via Weighted Fusion
Using the semantic fusion coefficient  and geometric fusion coefficient  in Table S2 as the baseline, we conduct weighted summation on the normalized semantic weight matrix  and geometric weight matrix  to obtain the semantic-geometric coupled weight value of a single pixel:
	
	(S4)


After calculation is completed for all texture pixels, the semantic-geometric coupled weight matrix  is generated, which provides the basis for weight assignment in multi-scale Poisson fusion.
S3.4 Gaussian Smoothing Processing
Sudden changes in weight values caused by point cloud noise and curvature mutations in the coupled weight matrix  will lead to stitching discontinuities and color discontinuities in the texture fusion process.
To avoid this problem, Gaussian smoothing is performed on the coupled weight matrix.
A 3×3 Gaussian filter window is adopted, with the standard deviation of the Gaussian kernel set to 0.8. This value has been verified by experiments as the optimal value, which balances the smoothing effect and preservation of weight characteristics.
We perform pixel-by-pixel Gaussian smoothing on the coupled weight matrix  to ensure continuous and gentle distribution of weight values.
The smoothed coupled weight matrix serves as the final weight basis for texture fusion, and is directly input into the multi-scale Poisson fusion module to ensure the naturalness of the fusion effect.
S4 Experimental Implementation Details and Reproducibility Instructions
To ensure the reproducibility of the proposed method, all implementation details including training configuration, hardware environment, software environment, and computational resource consumption are listed as follows:
Random seed: fixed to 42 for all experiments to ensure deterministic results.
Training epochs: 100 epochs for all network training processes.
Initial learning rate: The initial value is 0.001. The cosine annealing decay strategy is adopted during training, with the minimum learning rate set to 1e-5, 100 training epochs and a batch size of 8.
Hardware configuration: Intel Core i7-3.60 GHz CPU, 16 GB RAM, NVIDIA RTX 3090 GPU (24 GB).
GPU memory usage: approximately 18 GB during training and inference.
Operating system: Microsoft Windows 11.
Deep learning framework: PyTorch 1.12.0.
Programming language: Python 3.9.
Point cloud preprocessing environment: CloudCompare 2.12.
All parameters and experimental settings are consistent across the main campus dataset and cross-scene rural dataset without any scene-specific adjustment.
