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Abstract: This study proposes a method for the digital reconstruction of the Lanzhou waterwheel landscape based
on 3D laser scanning technology. First, point cloud data of the waterwheel surface is obtained through multi-station
laser scanning. Public control points are used to align and stitch the point clouds, and feature measure segmentation
technology is employed to handle complex scenes. For feature extraction, the AKAZE algorithm is selected to
construct a nonlinear scale space, combined with the M-LDB descriptor to enhance rotation and scale invariance.
The Flann-based matching process is improved through grid-based preprocessing and group RANSAC model
optimization to enhance feature matching accuracy. Based on the point cloud geometric framework, the seed point
matching method is employed to achieve precise texture mapping, resulting in a high-fidelity 3D model.
Performance validation shows that the model accuracy score in subjective evaluation is 94.85 points, with lighting
and shadow effects exceeding 93 points. The AKAZE algorithm reduces skeleton extraction time by 12.1–18.0%.
The total modeling time of the model is only 15.24 minutes, which is up to 74.7% faster than the comparison method.
The average feature point distance error is 2.33 m, a reduction of more than 57.6%. The spatial stereoscopic level
reached 84.12%, significantly higher than the 26.34–63.16% achieved by traditional methods.

Keywords: 3D modeling technology; Lanzhou waterwheel landscape; 3D point cloud technology; AKAZE
algorithm; virtual landscape modeling

1. Introduction
Landscape design is a spatial integration activity based on the natural and cultural environment of a

specific region, with the aim of preserving cultural diversity [1-2]. As an important highlight of
Lanzhou's Yellow River culture and a key node along the Yellow River Scenic Route, waterwheel
landscapes play a crucial role in enhancing the city's regional landscape [3]. Therefore, researching
human-centered waterwheel landscape design schemes is of great significance for promoting the
development of Lanzhou's urban regional landscape with distinct local characteristics.

Given that traditional landscape design methods suffer from issues such as low design efficiency and
unpredictable outcomes, the integration of innovative technologies is urgently needed [4-5]. With the
continuous development of information technology, digital technology has gradually penetrated all
aspects of urban landscape design. Digital technology, particularly 3D modeling technology, has become
an essential tool in urban landscape design [6]. The application of 3D modeling technology in landscape
design significantly enhances design precision and expressiveness, offering a more intuitive and
effective design process than traditional methods [7-9]. In urban landscape design, 3D modeling not only
accurately reproduces design concepts but also simulates the actual effects of plants, buildings, water
bodies, and terrain, helping designers comprehensively understand spatial relationships and design
details [10-12]. Through detailed 3D modeling, designers can clearly present the spatial layout,
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vegetation configuration, and functional zoning of the landscape, ensuring that the interactive effects of
each design element in the actual site are authentically represented [13-15]. This precise visualization
enables designers to better assess the feasibility and effectiveness of the design, providing a basis for
subsequent revisions and optimizations [16-17]. Additionally, 3D modeling technology can generate a
360-degree view, allowing designers to observe and adjust design proposals from multiple angles to
ensure that the urban landscape achieves the desired effect under different lighting conditions, seasons,
and viewpoints [18-20].

With the continuous improvement of computer hardware performance, many scholars have begun to
utilize computer-aided design systems to innovate and develop the landscape design process. The
application of 3D modeling technology undoubtedly provides strong support for the efficient
implementation of landscape design. Jun, Y. and Xian, S. X. discussed the application of digital
technology in landscape design and pointed out that a landscape design method integrating projection
technology and virtual modeling technology is an optimized strategy suitable for the current state of
landscape design in China [21]. Tian, Z. emphasized that modern landscape design requires a dual focus
on creativity and technology. With the support of virtual reality technology, powerful three-dimensional
modeling and physical rendering processes optimize the landscape design process, enabling continuous
improvements before completion [22]. Liu, C. et al. proposed a multi-dimensional urban landscape
design method based on nonlinear theory, which, when introduced into the landscape design and
planning process in virtual scene spaces, can effectively enhance the visual expression capabilities of
urban landscape design, thereby addressing the issue of significant variability in multi-dimensional urban
landscape design [23]. Liu, X. introduced virtual modeling technology and three-dimensional
visualization technology for urban landscape planning and design. Virtual reality modeling can fully
demonstrate the actual effects of drawings to enhance design efficiency and quality, while
three-dimensional visualization technology provides professionals with intuitive, rapid detection, and
interactive pathways [24]. Lee, M. J. analyzed the role of various digital technologies in landscape
architecture drawing, arguing that these technologies should serve as auxiliary tools to facilitate
exploration across all aspects of landscape design rather than as replicas of real-world landscapes [25].
Shan, P. and Sun, W. developed a new landscape planning effect simulation system based on virtual
reality technology, combining feature enhancement techniques and parametric modeling methods to
achieve virtual construction and presentation of landscapes, significantly improving design efficiency
[26]. However, the widespread adoption and practical application of these technologies still face certain
challenges. How to fully and efficiently apply 3D modeling technology to the landscape design process
of the Lanzhou Waterwheel Landscape will be a key research topic for this project.

This study first focuses on the efficient collection and processing of three-dimensional laser scanning
point cloud data. For the complex three-dimensional object of a waterwheel, we first employ laser
three-dimensional point cloud stereoscopic non-contact measurement technology to obtain the
three-dimensional coordinate information of a large number of points on the surface of the waterwheel
through multi-station scanning. By identifying common control points, we calculate the precise rotation
and translation transformation matrix to achieve point cloud data registration and stitching. Facing the
complex point cloud scene composed of the wooden structure of the waterwheel, water body, and
surrounding environment, we further employ feature-based point cloud segmentation technology to
divide the point cloud data into homogeneous subregions with similar attributes. Based on this, we select
the AKAZE algorithm, which has good robustness and efficiency, for image feature point extraction,
construct a nonlinear scale space, and determine the principal direction of feature points. We use the
M-LDB descriptor to generate feature descriptions with rotation and scale invariance. To address the
potential clustering of feature points in waterwheel images and improve matching accuracy, the
traditional Flann-based matching combined with the RANSAC screening process was improved by
introducing grid-based preprocessing and group-based calculation of model parameters, effectively
enhancing the accuracy and reliability of feature point matching and providing precise correspondences
for subsequent model texture mapping. Finally, three-dimensional virtual landscape modeling and design
were performed. Based on a point cloud-described geometric framework, the landscape's external and
internal attributes are analyzed. Texture information is obtained from scanned objects, and texture
features are analyzed using the seed point matching method for attribute segmentation. Finally, the
two-dimensional texture image is precisely mapped onto the three-dimensional geometric model,
completing the construction of a realistic three-dimensional virtual waterwheel landscape model.
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2. Digital Reconstruction Method for Lanzhou Waterwheel Landscape Based on
3D Modeling Technology
2.1. 3D Landscape Design Based on Laser 3D Point Cloud Technology
2.1.1. 3D Landscape Data Collection Using Laser 3D Point Cloud Technology

To efficiently collect three-dimensional information about landscapes, laser-based three-dimensional
point cloud stereoscopic non-contact measurement technology is employed to obtain the
three-dimensional coordinates of data points on the landscape surface. The laser line structured light
from the laser 3D scanning device is projected onto the 3D landscape. Based on the line images of the
landscape surface captured by the charge-coupled device (CCD) camera, the 3D coordinates of the image
points are determined. The scanning mode of the device is as follows: by adjusting the rotation speed of
the prism in the rotation device, the corresponding scanning speed is obtained. The landscape is scanned
at various vertical scanning angles. Through the circular rotation of the optical surface, the landscape is
scanned comprehensively in the horizontal plane.

The coordinate system is a key point in the collection of three-dimensional coordinate information for
landscapes, and the transformation between different coordinate systems is particularly important. Figure
1 shows the transformation between different coordinate systems, where SOPM and POPM represent
the transformation matrices from the scanning device to the project and from the project to the global
coordinate system, respectively, and the superscript -1 indicates the inverse transformation matrix.

Figure 1. Schematic diagram of the transformation of various coordinate systems.

During the coordinate transformation process, homogeneous coordinates are used to define
three-dimensional spatial coordinate points. The transformation matrix is shown below:
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which are used for geometric transformation, translation transformation, projection transformation, and
overall transformation, respectively.

Only when the laser point cloud data collected from various directions overlap can landscape image
stitching be completed. Therefore, based on the solution values of the linear equation system R of the
three-dimensional coordinates of any point, the transformation matrix parameters can be determined.
Point cloud data is only related to rotation and translation during stitching, so the following equation
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applies:
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In summary, by utilizing four non-collinear common points in different regions, the corresponding
transformation matrix can be obtained. Assuming that the rotation parameters and translation parameters
of the coordinate system are 11 33~r r and 1 3~t t , respectively, the fourth-order rotation-translation

matrix that achieves the coordinate system transformation is:

11 12 13

21 22 23

31 32 33

1 2 3

0
0
0
1

r r r
r r r
r r r
t t t

 
 
 
 
 
 

.

2.1.2. Point Cloud Data Preprocessing
Each observation point is equipped with three laser scanning stations, and the data collected by the

three scanning stations must be aligned and stitched together. Alignment and stitching of point cloud data
are achieved by setting up control points with the same name on the landscape surface. Let the
corresponding data point sets of measurement data points in the overlapping area from different
perspectives be denoted by A and B , respectively. Let the subset { | , 1, 2, , }i im m A i N   is

extracted from the data point set A ; the subset { | , 1, 2, , }i im m B i N    is extracted from the data
point set A , and the two points correspond to each other. Point cloud registration is achieved by
obtaining the translation and rotation coordinate transformation relationships of the data points collected
from each perspective. Let G and K denote the translation matrix and rotation matrix, respectively.
Point cloud registration essentially involves minimizing the objective function. The objective function
satisfying the translation and rotation transformation matrices is established as follows:

   , min i if K G K a G b    (3)

In the formula, ia and ib are the collection points that need to be registered.
Laser scanning data was collected using any point as the station. The coordinate systems of each

group of point cloud data were not unified. The target of the first station was set as the reference
coordinate, and the data collection points of the second and third stations were registered with the first
station. The RiSCAN pro software was used to complete the fine registration of the point cloud data.

2.1.3. Point Cloud Segmentation
Three-dimensional landscape scene point cloud data is typically complex. Through point cloud

segmentation, complex three-dimensional landscapes can be represented using homogeneous units with
similar feature measures. Feature measures include parameters such as average elevation, model fitting
parameters, and spectral information obtained from point cloud data acquired by laser scanning
technology. A single measure is represented using a high-dimensional feature space vector, and point
cloud data is segmented in high-dimensional feature space using clustering segmentation methods. Let
P denote the set of scanned points, and let Q denote the surface area associated with the point set P .

The set of subregions of Q is denoted by 1 2{ , , , , , }i nQ Q Q Q  . When this set of subregions

satisfies the following conditions, it constitutes the regional segmentation of the point set P .

(1)
1

n

i
i

Q Q


 . All points can be partitioned into a certain region, i.e., Q is the union of the

partitioned subregions;
(2) i jQ Q  , i j  . Random points cannot belong to different partitioned regions  at the

same time, i.e., there is no overlap between partitioned regions;
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(3) , 1, 2, ,iQ i n  . iQ represents a connected region, and the points within each partitioned
region are mutually connected;

(4) ( )iL Q True , 1,2, ,i n  . The similarity operator ( )iL Q indicates whether points with
the same similarity measure exist within the same partitioned region;

(5) ( )iL Q False , 1, 2, ,i n   , 1, 2, ,j n  , i j . Differences exist Similarity
measure characteristics exist in different partition regions.

2.2. Image Feature Point Extraction and Matching
The AKAZE algorithm is selected for image feature point extraction. This algorithm exhibits good

robustness and fast feature point extraction rates. The extracted feature points can be reused, ensuring
high sustainability. The feature extraction process is as follows:

(1) Image denoising and transfer function determination: Based on the principle of Gaussian filtering,
the image is denoised, and the transfer function ( , , )c x y t of the image is determined, where ( , )x y
represents the pixel coordinates of the image, and t represents the evolution time.

(2) Calculation of evolution time:
21

2i it  (4)

In equation (4), i is the scale parameter of the original image; i is the image scale.
(3) Brightness matrix update (introduction of the FED algorithm): To ensure the algorithm's

operating speed, the FED algorithm is introduced to update the brightness matrix:
1 ( ( ))i i iL I A L L   (5)

In equation (5), iL is the brightness matrix of image scale i ; I is the identity matrix;  is the time

step; ( )iA L represents the conduction matrix of iL .
(4) Introduce a nonlinear partial differential equation to describe the brightness changes in the image:

( ( , , ) )L div c x y t L
t


 


(6)

In equation (6),  is the differential symbol; L is the image brightness matrix; div is the image

brightness divergence; t is the evolution time; ( , , )c x y t is the conduction function;  denotes the
brightness gradient in the ( , , )c x y t function.

By iteratively updating equations (5) and (6), the nonlinear scale space is constructed.
(5) Introduce the Hessian matrix:
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(7)

According to equation (7), calculate the extreme values of iL in different intervals of the image, i.e.,
determine the feature points of the image. Then, take the feature point a as the center and determine a
circular region with a radius of r . Randomly select a six-segment sector region in this circle. calculate
the sum of the gradient vectors of the feature points in the sector regions in different directions from point
a , denoted as a


, and select the maximum value of a


, denoted as maxa . The direction of this vector is

the principal direction of the feature point.
(6) M-LDB descriptor: Finally, describe using the M-LDB descriptor maxa proposed by this
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algorithm.
After rotation and scale changes, the M-LDB descriptor does not change the relevant information of

the feature points, which is conducive to the matching of feature points between different images.
Select a Flann-based method to match the extracted image feature points. This matching method can

obtain more matching feature points. To reduce the impact of incorrectly matched feature points on
subsequent work, the matched feature points must be screened to select correctly matched feature points
with better feature representation capabilities. Screening is generally performed using the RANSAC
algorithm. However, due to the random distribution of feature points in the image, there may be feature
point clustering, which can cause the mathematical model constructed by the RANSAC algorithm to
exhibit excessive locality and poor local removal effects. To address these issues, the RANSAC
algorithm is modified as follows:

First, based on the maximum and minimum values of the horizontal and vertical coordinates of the
selected feature points, determine the distribution range W H of the feature points and divide it into
a b unit grids. Next, remove image blocks from grids that do not contain feature points. For grids
containing multiple feature points, retain only the feature points with the highest matching scores. Then,
randomly group the retained feature points into groups of four. Finally, discard groups with fewer than 4
feature points; then, calculate the image transformation matrix model parameters for each group using
the RANSAC algorithm, and record the number of transformation matrix models. If this number is
greater than s and less than z , record all transformation matrix models. If this number is less than s , the
feature point grouping calculation is performed again.

The values ofW and H in the improved algorithm are related to the extracted image feature points.
The values of a and b can be adjusted according to the image size and image matching requirements.
The optimal values of s and z can be determined through experimentation.

Based on the above analysis, the process of image feature point extraction and matching is shown in
Figure 2.

Figure 2. The process of extracting and matching image feature points.
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2.3. Modeling and Virtual Design Based on Three-Dimensional Virtual Landscapes
At this point, we have obtained point cloud data describing the precise three-dimensional geometric

structure of the Lanzhou waterwheel landscape, as well as texture images characterizing its surface visual
features and their corresponding relationships. Based on these core data, we can proceed with the
modeling and design of a three-dimensional virtual landscape.

2.3.1. Three-Dimensional Virtual Landscape Modeling—Analysis of Landscape
Attributes

Based on the use of dynamic descriptive space to describe the structural characteristics of landscapes,
an analysis of the external and internal attributes of landscapes is conducted. The mapping relationship of
landscape surface attributes in this analysis process is shown in Figure 3.

Figure 3.Mapping relationship of landscape appearance attributes.

In the figure: ,x y represent the horizontal and vertical coordinates; z represents the spatial
dimension; ,ds dA represent the mapping surface. Most objects in real-world landscapes have textures
on their surfaces. Therefore, when modeling virtual landscapes, it is necessary to consider the color and
brightness differences introduced by these textures. A related seed point matching method is used to
segment the texture attributes and analyze their features. The computational process is as follows:

2 2

1
( ) ( , )

n

n i n i n i i
i

L j f x y a x b y c x y


     (8)

In the equation: ( , )f x y represents the iterative feature function of texture changes; x denotes the
horizontal coordinate of the texture vector at fixed point i ; y denotes the vertical coordinate of the
texture vector at fixed point i ; , ,a b c represent the matching constants between n textures and time,
space, and material; ( )j represents the trend direction of object textures in the actual landscape. Using
a scanner to perform a characterization scan of physical objects, texture mapping software is used to
convert the texture of physical objects into two-dimensional planar graphics. Using feature matching
methods, this image is mapped onto the aforementioned landscape geometric models. When rendering
object surfaces, attention must be paid to the corresponding object colors. Function textures, such as
two-dimensional texture patterns, are then applied as geometric textures for the landscape. At this point,
the modeling and construction of the three-dimensional virtual landscape are complete.

2.3.2. Three-Dimensional Virtual Landscape Virtual Design
Based on the completed virtual landscape model, the data in the image is corrected. The created

image is uploaded to PHOTOSCOP 9.0 for data preprocessing, then saved in *.tif file format. This file is
then uploaded to ERDAS software, where it is saved in *.img format, and the correction process begins.
The coordinate correction method consists of two steps: first, select control points using a window image
with an actual coordinate system; second, input the actual coordinates of the landscape into the software
to perform image correction, resulting in a precise corrected image.

When designing outdoor virtual landscapes based on a 3D landscape model, the triangular point
method is used to convert terrain data into digital information. 3D data simulation is employed to
construct the virtual terrain of the landscape. The terrain features of the virtual outdoor landscape are
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shown in Figure 4.

Figure 4. Outdoor landscape terrain slope design.

As shown in Figure 4, based on the grid plane, the slope and slope direction of the landscape design
are determined. The angle between the projection of the foot line on the horizontal plane and the actual
direction is the slope direction angle, while the slope is the angle between the three-dimensional plane
and the horizontal plane. The formula for calculating the slope between two points is:

100%a b

abd
  

  (9)

In the formula: a represents the contour line value at the highest point a ; b represents the

contour line value at the lowest point b ; abd represents the horizontal distance between the highest point

a and the lowest point b . Next, a virtual design of the indoor landscape is created using the established
virtual landscape model to construct the indoor landscape imagery. The indoor and outdoor virtual
landscape models are assembled, with the indoor landscape model seamlessly integrated with the
outdoor landscape. Adjustments are made based on data such as scale and angle to refine the orientation
and arrangement, ultimately constructing the overall three-dimensional form of the virtual landscape.

3. Performance Verification and Comparative Analysis of the Three-Dimensional
Modeling Scheme for the Lanzhou Waterwheel Landscape

This paper first uses laser 3D point cloud technology to collect and process relevant data on the
Lanzhou Waterwheel Landscape Project. Then, Blender is used to create a 3D model of the landscape
data. Finally, Unity3D is used to display the Blender data through virtual reality technology. To verify
the practicality of this approach, it is applied to actual landscape simulations for application analysis.

3.1. Convergence Test
First, a convergence test is conducted on the Lanzhou waterwheel landscape model constructed using

3D modeling technology. To determine whether the calculation has converged, a comprehensive
assessment must be made. Relying solely on residual value analysis is insufficient to meet all
requirements.

In this experiment, convergence testing is performed through residual value monitoring. During each
time step of the calculation process, when the residual values of all physical variables meet the
convergence criteria, the calculation is considered to have converged. Fluent's default convergence
criteria are met when the residual values of all variables drop below 1×10⁻⁶, with the convergence criteria
for energy residual values set below 1×10⁻³. The residual values from the verification condition
calculations are shown in Figure 5, which meet the convergence criteria.



9

Figure 5. Residual value monitoring window.

3.2. System Evaluation Score
Based on ensuring the convergence of the model, we further recruited volunteers to conduct

subjective evaluations of landscape realism and environmental elements, quantifying the model's visual
performance from a user perspective.

The experiment recruited 20 volunteers to evaluate the landscape realism and environmental
elements presented in the design scheme. The evaluation dimensions were divided into five aspects:
model accuracy, materials and textures, resolution, lighting effects, and shadow effects, with a total score
of 100 for each dimension. Figure 6 shows the statistical results of the average scores for each indicator
under the realism and environmental elements dimensions of the Lanzhou waterwheel landscape scene
simulated by the three-dimensional modeling scheme based on laser point cloud data proposed in this
paper, as evaluated by the 20 volunteers.

Figure 6. The scores of each evaluation dimension of the system.
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In the landscape realism dimension, the model achieved the highest accuracy score, averaging 94.85
points, indicating that the geometric structure reconstructed from point cloud data closely matches the
actual form of the waterwheel. The average scores for resolution and material texture were 95.45 and
92.50 points, respectively, indicating that the model's geometric detail reproduction outperforms the
authenticity of surface materials. In the environmental elements dimension, both lighting effects (93.90
points) and shadow effects (93.40 points) exceeded 93 points, validating the naturalness of the virtual
scene's lighting and shadow simulation. All dimensions scored above 92 points, confirming that this
method can accurately reproduce the geometric and visual characteristics of the Lanzhou waterwheel
landscape.

3.3. Extraction of the Skeleton and Model Construction of the Lanzhou Waterwheel
Landscape Based on Point Cloud Data

In addition to subjective evaluation, objective assessment of modeling efficiency is also required.
This section analyzes the performance improvement of large-scale data processing through algorithm
optimization based on the time required for point cloud skeleton extraction and mesh reconstruction.

3.3.1. Analysis of Skeleton Generation Results
Table 1 and Figure 7 (visualization) show the average time required to extract skeletons from point

cloud data before and after optimization using the AKAZE algorithm for image feature point extraction
and matching. It can be seen that optimization reduces the average time required to extract skeletons, and
the longer the average time required to extract skeletons before optimization, the more obvious the
optimization effect.

Table 1. Comparison of time of skeleton extraction before and after optimization.

Number of point clouds Import time /ms
The time of extracting the skeleton /ms

Before optimization After optimization

4651 16.9 4.2 3.9

6480 22.5 5.1 4.8

9125 35.6 22.2 20.4

12363 45.2 44.7 40.3

22271 71.7 79.5 65.2

53910 132.5 106.4 94.1

87994 267.3 218.7 183.2

158379 506.9 314.5 276.4

Figure 7. The duration of extracting the skeleton before and after optimization.
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As can be clearly seen from the figure, the optimization effect is significant, with the extraction time
decreasing for all point cloud sizes, and the optimization becoming more pronounced as the data volume
increases. For example, when the point cloud size is 158,379, the processing time decreases from
314.5ms to 276.4ms (a reduction of 12.1%); when the point cloud size is 222,71, the processing time
decreases from 79.5ms to 65.2ms (a reduction of 18.0%). The non-linear relationship between scale and
processing time is evident: when the point cloud size increased from 46,351 to 158,379, the processing
time increased by nearly 75 times before optimization (4.2ms → 314.5ms), and by 71 times after
optimization (3.9ms → 276.4ms), indicating that the algorithm optimization effectively mitigates the
time expansion issue in large-scale data processing.

3.3.2. Reconstruction of Landscape Grid Model-Related Data
The performance of the landscape system based on point cloud data was further analyzed. Table 2

shows the number of points in some point cloud data, import time, average runtime required to
reconstruct the landscape mesh model, and the number of mesh model faces generated.

Table 2. Data related to Landscape mesh model reconstruction.

Number of point

clouds
Import time /ms

The running time of the

reconstructed

landscape grid model

/ms

Model facets (10,000

facets)

4651 16.9 2.7 248.17

6480 22.5 3.2 309.63

9125 35.6 0.2 13.48

12363 45.2 0.7 15.32

22271 71.7 2.4 84.27

53910 132.5 4.1 628.08

87994 267.3 8.3 1024.55

158379 506.9 20.8 1638.39

Table 2 illustrates the relationship between point cloud size and model reconstruction performance.
The model reconstruction time does not exhibit a linear relationship with the number of points in the
point cloud. When the point cloud size is 4,651 points, reconstructing the landscape mesh model takes
2.7 milliseconds; when the point cloud size is 12,363 points, the reconstruction time is only 0.7
milliseconds; and when the point cloud size increases to 158,379 points, the reconstruction time rises to
20.8 milliseconds. At this point, computational complexity increases with data volume. However, overall,
the number of model faces grows exponentially with point cloud volume. For example, when the point
cloud volume is 4,651, the number of faces is 2.4817 million; when the point cloud volume is 158,379,
the number of faces is 16.3839 million (a 6.6-fold increase). However, when the point cloud count is
9,125, the number of faces is only 134,800, likely due to a simple structural scene. When the point cloud
count is 53,910, the number of faces reaches 6,280,800, indicating that the point cloud density of the
waterwheel's main structure is high.

3.4. Comparison of Landscape Modeling Performance
Through processes such as laser point cloud data collection, feature matching optimization, and

texture mapping, this paper has completed high-precision 3D modeling of the Lanzhou Waterwheel
Landscape. To verify the practicality and superiority of this approach, this chapter will systematically
evaluate the model's performance using experimental data and conduct a multi-dimensional comparative
analysis with mainstream modeling methods.

To validate the effectiveness and practicality of the method proposed in this paper, three-dimensional
models of the Lanzhou Waterwheel architectural landscape were created using four different methods: a
three-dimensional model of buildings based on oblique photography from a single-lens drone (referred to
as Method A), a modeling and virtual design method based on three-dimensional virtual landscapes
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(referred to as Method B), a three-dimensional landscape modeling method combining oblique
photography and laser scanning technology (referred to as Method C), and the method proposed in this
paper. The superiority of the proposed model was validated from three aspects: modeling time, modeling
accuracy, and modeling stereoscopic level.

3.4.1. Comparison of Modeling Duration
The modeling phase is divided into five segments. Table 3 shows the test results for the modeling

time required for each method.

Table 3. Test results of the duration used for modeling by each method.

Modeling stage
Duration of modeling /min

Method A Method B Method C OURS

1 8.50 6.38 5.26 3.27
2 11.97 9.30 5.07 2.09
3 13.90 11.73 8.50 3.77
4 15.70 13.96 8.81 3.21
5 11.17 8.37 9.61 2.90

Total 61.24 49.74 37.25 15.24

The method described in this paper is significantly efficient at all stages, with a total runtime of
approximately 15.24 minutes. This represents reductions of 74.7%, 69.4%, and 59.1% compared to
Method A (60.24 minutes), Method B (49.74 minutes), and Method C (37.25 minutes), respectively. The
most significant advantages are observed in stages 2 and 4, where the time required is only 41.2% and
36.4% of that for Method C, respectively, highlighting the improved efficiency of the RANSAC
algorithm and feature matching process. The proposed method takes only 2.90 minutes for model
integration in stage 5, far below the 9.61 minutes for Method C, indicating that the proposed assembly
correction process is more optimized.

3.4.2. Comparison of Feature Point Distance Errors
Once the efficiency advantage has been established, the geometric accuracy of the model must be

verified. The ability of different methods to reproduce the detailed structure of the waterwheel is
quantified using the distance error between feature points at the same location.

Seven feature points at the same location are randomly selected from the architectural landscape
models constructed by each method. The distances between each feature point are measured in AutoCAD.
The measurement error results for the distances between feature points for each method are shown in
Table 4. Based on the geometric error values, the ability to construct the detailed structure of the model
is analyzed.

Table 4. Test results of the duration used for modeling by each method (min).

Feature point
Distance measurement error value /m

Method A Method B Method C OURS

1 7.85 5.64 4.65 2.91
2 7.01 6.80 5.43 2.01
3 7.63 8.69 6.14 2.16
4 8.13 6.73 5.24 1.61
5 5.49 7.88 7.11 2.88
6 6.86 5.40 5.40 1.36
7 5.74 5.99 4.53 3.36

Average 6.96 6.73 5.50 2.33
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The mean method error of this method is 2.33 m, which is 66.5%, 65.4%, and 57.6% lower than the
6.96 m of Method A, the 6.73 m of Method B, and the 5.50 m of Method C, respectively, demonstrating
significantly superior accuracy. Among all 7 feature points, the error of the method proposed in this
paper is lower than that of other methods, with 6 points having errors ≤ 3 m (only point 7 is 3.36 m),
while other methods generally exceed 5 m. Methods B and C exhibit significant error fluctuations at
certain points, such as point 3 in Method B reaching 8.69 m, whereas the method proposed in this paper
demonstrates stability with a range of only 2.0 m, validating the robustness of point cloud segmentation
and feature matching optimization.

3.4.3. Comparison of Modeling Stereoscopic Levels
In addition to efficiency and accuracy, three-dimensional expressiveness is a core indicator of

three-dimensional landscapes. This section uses spatial limit indicators to reveal differences in spatial
realism between different methods. Figure 8 compares the three-dimensional levels of outdoor landscape
models created using four different methods. A limit indicator is set in the spatial coordinate system.

Figure 8. The 3D levels of different methods.

After testing, it was found that the model stereoscopic level of Method A, based on oblique
photography using a single-lens drone, exceeded the stereoscopic level limit, resulting in an overly
virtual model that could not be imaged, with a stereoscopic level of only 26.34%. The model stereoscopic
level of Method B, based on three-dimensional virtual landscapes, was 42.28%, while the model
stereoscopic level of Method C, which combines oblique photography with laser scanning technology,
was 63.16%. The model stereoscopic level of the proposed method was 84.12%, which is relatively high
without causing distortion. Therefore, it can be concluded that the proposed method achieves a high level
of stereoscopic accuracy. This is because the proposed method performs data fusion processing on point
cloud data before conducting three-dimensional outdoor landscape modeling, thereby reducing data
volume, simplifying computational steps, enhancing modeling efficiency, and ultimately improving the
stereoscopic accuracy of the model.

4. Conclusion
This study achieved high-precision digital reconstruction of the Lanzhou Waterwheel Landscape by

integrating 3D laser scanning with optimization algorithms.
(1) Subjective evaluations showed that the model accuracy score reached 94.85 points, with

resolution and material texture scores of 95.45 and 92.50 points, respectively, and lighting and shadow
effects exceeding 93 points, confirming the high fidelity of geometric structure and visual features.

(2) The average feature point distance error was only 2.33 m, a reduction of 57.6–66.5% compared to
the 5.50–6.96 m of traditional methods, highlighting the effectiveness of point cloud segmentation and
matching optimization.

(3) After introducing the AKAZE algorithm, skeleton extraction time was reduced by 12.1–18.0%,



14

such as from 314.5 ms to 276.4 ms for a 158,379-point cloud, effectively alleviating the time
consumption expansion issue in large-scale data processing.

(4) The total modeling time for the entire process was only 5.24 minutes, which is up to 74.7% faster
than the 61.24 minutes for oblique photography method A and the 49.74 minutes for virtual design
methods.

(5) In spatial limit tests, the model achieved a stereoscopic level of 84.12%, far exceeding the 26.34%
of single-lens drones and the 63.16% of laser oblique photography fusion methods, attributed to point
cloud fusion simplifying computational steps.

In summary, this method achieves significant advantages in terms of accuracy, efficiency, and
realism through point cloud registration, feature matching (improved RANSAC), and texture mapping
optimization.
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