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Highlights 

What are the main findings? 

• We propose an automatic distortion region identification algorithm based on image 
grayscale variation parameters and construct a multi-platform collaborative frame-
work fusing UAV oblique photogrammetry, smartphone close-range photography 
and RTK positioning. 

• We effectively solve data gaps and texture deficiency problems in complex historic 
districts and realize high-precision 3D modeling with coordinate errors mainly con-
trolled within 10–25 mm. 

What are the implications of the main findings? 

• The method overcomes the limitations of single UAV modeling, featuring low cost 
and high efficiency for refined 3D reconstruction of historic cultural districts. 

• It provides a reliable technical paradigm for digital preservation, architectural resto-
ration planning, and smart cultural tourism development of historic districts. 

Abstract 

Traditional Unmanned Aerial Vehicle (UAV) oblique photogrammetry for 3D real-scene 
modeling of historic cultural districts suffers from data gaps, insufficient texture, and poor 
accuracy in complex alleyway environments, hindering the widespread adoption of UAV 
technology. To address these challenges, this paper establishes a distortion region identi-
fication algorithm based on image grayscale variation range parameters. Then, through 
fusing UAV oblique photogrammetry, close-range smartphone photogrammetry, and 
Real-Time Kinematic (RTK) positioning technology, it ultimately constructs a 3D real-
scene reconstruction technical framework. To validate the method’s effectiveness and re-
liability, a field experiment was conducted in the Zaoerxiang Historic Cultural District of 
Zhanggong District, Ganzhou City, Jiangxi Province, China. The experimental results 

Academic Editors: Przemysław 

Klapa, Massimiliano Pepe, Pelagia 

Gawronek and Peter Kyseľ 

Received: 15 April 2026 

Revised: 17 June 2026 

Accepted: 1 July 2026 

Published: 3 July 2026 

Copyright: © 2026 by the author. 

Licensee MDPI, Basel, Switzerland. 

This article is an open access article 

distributed under the terms and 

conditions of the Creative Commons 

Attribution (CC BY) license. 



Remote Sens. 2026, 18, 2171 2 of 26 
 

https://doi.org/10.3390/rs18132171 

demonstrate that the proposed algorithm can effectively identify distortions in the mod-
eling results from UAV images. After fusing smartphone images from distorted regions 
and RTK measurements from ground control points (GCPs), the discrepancies in X, Y, and 
Z coordinates between the results and verification points mostly fall within 10 to 25 mm, 
while the differences from the measured lengths using a steel tape measure and a leveling 
rod were within the range of 10 to 20 mm. Furthermore, compared to approaches that rely 
solely on UAV images or on the fusion of UAV and all ground-based images for modeling, 
the method proposed in this paper restores building texture information in occluded areas 
and improves the accuracy of 3D real-scene modeling while simultaneously reducing 
data-processing and storage requirements and enhancing operational efficiency. It pro-
vides a referenceable technical framework for digital preservation, restoration planning, 
and smart cultural tourism of historic districts. 

Keywords: UAV oblique photogrammetry; multi-source data fusion; historic cultural  
districts; 3D real-scene modeling; identification of distortion region 
 

1. Introduction 
Historic cultural districts bear the cultural heritage and collective memory of cities 

[1]. They serve as living repositories of urban historical continuity and act as pivotal nodes 
connecting the past and future, physical and virtual realms, and materiality and emotional 
resonance in the digital age [2–5]. As integral components of “digital twin cities”, the 3D 
digitization of historic cultural districts has significant implications for intelligent cultural 
tourism, heritage preservation, refined conservation of cultural relics, and sustainable ur-
ban economic development [6–9]. 

Due to multiple constraints, including heritage preservation requirements, on-site 
operational limitations, the need for comprehensive observation, and the inherent charac-
teristics of historic districts (such as rich architectural facade textures, high vegetation cov-
erage, and dense spatial layouts), traditional 3D modeling techniques face significant chal-
lenges when constructing realistic models of historic cultural districts. 3D Terrestrial Laser 
Scanning (TLS) is limited by station placement and scanning field of view, which can eas-
ily result in occlusion and shadows in areas with complex structures, leading to gaps in 
point cloud data and loss of textural detail. Mobile Laser Scanning (MLS), on the other 
hand, struggles to fully cover pedestrian areas and architectural details because of narrow 
alleys and restricted access. Furthermore, both methods suffer from high equipment costs 
and lengthy fieldwork cycles [10,11]. 

In recent years, Unmanned Aerial Vehicle (UAV) oblique photogrammetry has effec-
tively overcome these limitations through its non-contact, high-efficiency operation, flex-
ible multi-view image acquisition capabilities, and centimeter-level spatial resolution. It 
has become the mainstream technical solution for high-resolution 3D reconstruction of 
historic cultural districts [12–15]. Particularly in historical cultural districts characterized 
by dense architectural textures and complex spatial layouts, this technology can efficiently 
capture comprehensive facade and roof information, significantly enhancing the geomet-
ric completeness and textural accuracy of photorealistic 3D models. 

However, constrained by airspace regulations and dense built environments, UAV 
technology still faces numerous challenges in efficient data collection and high-resolution 
3D modeling within historic cultural districts [16–18]. Currently, researchers have inves-
tigated bottlenecks in applying UAV oblique photogrammetry in 3D real-world modeling 
in historic cultural districts. 
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Erenoglu et al. [19] proposed a novel method based on multi-sensor data acquisition. 
This method aims to extract and distinguish material characteristics of cultural heritage 
from UAV photogrammetric data. Additionally, it can generate a 3D model for the Assus 
Ancient Theater located in Behramkale Village, Çanakkale, Turkey. This study integrated 
sensors that capture visible light, thermal radiation, and infrared radiation within the elec-
tromagnetic spectrum, leveraging the unique properties of each sensor to identify the ma-
terials used in the construction of the ancient theater. However, since the three sensor 
datasets were processed separately, true multi-source data fusion and joint adjustment 
were not achieved, which prevented the full exploitation of each sensor’s advantages. 

Li et al. [20] proposed the NRLI-UAV non-rigid registration method, which ad-
dresses the issue of point cloud deformation caused by the low-precision Positioning and 
Orientation System (POS) in low-cost UAV Light Detection and Ranging (LiDAR) systems. 
This deformation leads to the failure of rigid registration between images and LiDAR 
point clouds. The method corrects POS errors in the coarse registration by employing 
Structure from Motion (SfM) technology assisted by Global Navigation Satellite System 
(GNSS) and Inertial Measurement Unit (IMU) data and transforms 2D-3D registration into 
3D-3D registration. Nevertheless, this method is highly dependent on the quality of the 
SfM depth map and the reliability of the GNSS/IMU-assisted signals. 

Martínez-Carricondo et al. [21] utilized UAV orthophotography and oblique photo-
grammetry to construct an information model for the Cortijo del Fraile in Níjar, Almería 
Province, Spain. This model encompasses both interior and exterior spaces while accu-
rately capturing architectural features. Its limitations lie in the fact that this modeling pri-
marily serves the purposes of visualization, archival, and documentation. While effec-
tively achieving digital presentation objectives, it fails to provide a high-precision 3D real-
scene model for the detailed management of historical buildings. 

Ulvi [22] used UAV photogrammetry to generate 3D models, digital surface models, 
and orthophotos for the cultural heritage site of the Eflatunpınar Hittite Water Monument. 
By integrating TLS with UAV technology, the accuracy of detail identification in the mod-
els was significantly improved. The study focused on comparing the differences between 
the two technologies in terms of data acquisition sensitivity, software costs, and applica-
tion techniques, revealing significant distinctions in their characteristics. However, the re-
search did not delve into the advantages and disadvantages of different technologies in 
deep fusion and refined 3D modeling. 

Lin et al. [23] employed UAVs for data collection, utilizing “close-range and omnidi-
rectional” oblique photogrammetry. By fusing image-matching and computer-vision 
technologies, they constructed a 3D real-scene model of the Santo Stefano Church in 
Volterra, Italy. This study focused on the application of digital technologies in architec-
tural heritage restoration, achieving restoration through Virtual Reality (VR) technology. 
However, it did not explore methods for constructing refined 3D models of research sub-
jects through multi-technology fusion. 

Inspired by the active perception behavior of owls, Li et al. [24] proposed the Active 
Environment-aware Optimal Scanning (AEOS) framework to address the degradation in 
3D perception and localization performance of UAVs caused by the narrow field of view 
and payload limitations of compact LiDAR sensors. By integrating a hybrid architecture 
that combines model predictive control and reinforcement learning, they achieved an in-
ertial odometry system. They also constructed a point cloud simulation environment 
based on real-world LiDAR maps to support the transfer from simulation to the real-
world. However, this framework currently focuses solely on optimizing scanning strate-
gies and improving odometry accuracy for a single LiDAR sensor. 

The aforementioned studies [19–24] primarily focus on research methodologies for 
constructing 3D real-scene models of historical cultural relics using UAV photogramme-
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try. Their research objectives tend to focus on digital display or archiving information, 
such as building material properties, and most studies concentrate on individual struc-
tures. Research on fusing multi-source data to construct refined 3D real-scene models of 
historic cultural districts remain relatively scarce. 

For historical, cultural, and architectural districts characterized by wide alleys, sparse 
buildings, and minimal vegetation cover, UAV photogrammetry can generate high-preci-
sion regional 3D real-scene models [25–28]. These models document spatial positioning, 
building materials, and other current conditions, thereby supporting the management and 
maintenance of historic structures. However, such ideal conditions are often rare. Con-
strained by the early economic development levels and construction technology, existing 
historic cultural districts commonly have narrow alleys, dense buildings, and significant 
vegetation obstruction [29–31]. In such scenarios, relying solely on UAV photogrammetry 
data for modeling can lead to defects such as data gaps and texture deficiencies [32,33], 
making it difficult to meet the demands for authentic representation and high-precision 
digital preservation of historic cultural districts. 

To overcome the limitations of a single aerial platform, the advantages of multiple 
technologies can be leveraged through data fusion methods [34–37]. Current studies pri-
marily employ the following methods: The first method involves adjusting the UAV flight 
path and attitude based on the modeling results from a single imaging route [23,38,39], 
followed by recapturing images of missed or low-quality areas for subsequent 3D model-
ing, which is extremely time-consuming, relying on accurate identification of data gaps 
and texture deficiencies within the model. Even when UAVs are redeployed to reshoot 
low-quality areas, occluded regions may still be missed due to atmospheric perspective 
limitations. The second method combines UAV photogrammetry with TLS equipment, 
using 3D laser scan data to supplement areas that are difficult to capture with UAV images 
[22,40]. However, it involves costly equipment and complex operations and is prone to 
errors in point cloud-image texture registration. The third method involves manually ap-
plying texture patches to neighborhoods with severe texture deficiencies based on the 
UAV 3D real-scene modeling result [41,42]. This method is labor-intensive and highly de-
pendent on subjective judgment, making it difficult to ensure consistency in geometric 
textures [42,43]. 

In summary, current 3D real-scene modeling for historic cultural districts still suffers 
from issues such as low efficiency, high labor costs, insufficient automation, and reliance 
on specialized data-processing skills. There is an urgent need to develop low-cost, high-
efficiency, high-precision 3D real-scene modeling methods that fuse multi-source data. 

As a widely used low-cost imaging device, smartphones now possess the pixel accu-
racy required for 3D real-scene modeling [44–46]. However, their primary limitation lies 
in the difficulty of obtaining positional reference information for captured images, which 
prevents direct application in 3D modeling. By providing coordinate reference data for 
smartphone images, these images can compensate for the inherent perspective distortion 
in UAV-based data, enabling refined 3D modeling of historic cultural districts. To address 
these challenges, this paper proposes a multi-platform collaborative 3D modeling frame-
work, which integrates UAV images, smartphone images, and ground Real-Time Kine-
matic (RTK) positioning data to efficiently complete the refined 3D modeling of historic 
cultural districts. Subsequently, a field study was carried out in the experimental area of 
Zaoerxiang, Ganzhou City, to verify the ability of the framework for high-precision 3D 
modeling in complex historic cultural districts, and the accuracy and reliability of the re-
sults are discussed. 
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2. Methods 
The proposed “air-ground-human” multi-platform collaborative 3D modeling 

method aims to integrate the respective advantages of UAV images, smartphone images, 
and RTK technology to overcome the inherent limitations of single aerial platforms, such 
as data gaps, insufficient accuracy, and the inability to meet detailed requirements. For 
areas where UAV images cannot be accurately modeled, smartphone imaging technology 
allows surveyors to implement ground-based densification in areas with lower modeling 
quality. Concurrently, RTK technology assigns photogrammetric control point coordi-
nates to smartphone images, making them suitable for 3D real-scene modeling. The spe-
cific technical workflow is illustrated in Figure 1. 

 

Figure 1. Data-processing flowchart for a multi-platform collaborative 3D real-scene modeling 
method. (a) 3D modeling of UAV images. (b) Identification of distorted regions. (c) 3D modeling 
through the fusion of ground-based mobile phone images and UAV images. 

As shown in Figure 1, the UAV images, smartphone images, and RTK coordinate 
data undergo a three-part processing workflow, where (a) 3D modeling is based on the 
UAV oblique photogrammetry data, (b) analysis of 3D modeling results allows for iden-
tifying regions with distortion, and (c) fusion of UAV oblique photogrammetry data with 
smartphone close-range photography data generates a refined 3D model. For data collec-
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tion, the UAV images capture most of the information about the historic cultural district 
from a low-altitude bird’s-eye view. Surveyors positioned smartphones close to the dis-
torted regions to obtain surface texture and ground-detail information, filling the gaps in 
the UAV’s coverage. Ground Control Points (GCPs) provide high-precision coordinate 
data for smartphone images, enabling verification of the point accuracy in the 3D model. 
A schematic of the data acquisition process is shown in Figure S1 of the Supplementary 
Materials. 

This study focuses on the specific context of historic cultural districts, which are char-
acterized by narrow alleys, rich textures, and dense vegetation. Relying solely on UAV 
imagery for modeling can result in distorted and incomplete models. While supplement-
ing the data with ground-level imagery captured by mobile phones can effectively address 
this issue, this approach has two major drawbacks: the high workload associated with 
point cloud generation and the significant computational demands of 3D modeling. To 
address this issue, we propose a method for the automatic identification of distorted areas 
based on the 3D modeling results of UAV images (as shown in Figure 1). Once distorted 
areas are identified, the method acquires corresponding smartphone imagery to supple-
ment the data. Compared to traditional approaches, this method not only compensates 
for the distortions and gaps caused by occlusion in UAV imagery but also avoids the sig-
nificant increase in workload or computational demands. Against the backdrop of increas-
ing global attention to historic and cultural districts, this method facilitates the wide-
spread adoption of UAV 3D modeling technology and significantly enhances work effi-
ciency. 

2.1. Processing of UAV Images 

As a key method for 3D digitization, UAV oblique photogrammetry plays a vital role 
in the preservation and revitalization of historic cultural districts [47,48]. As shown in Fig-
ure 1a, during the UAV image processing phase, flight paths are first determined based 
on factors such as the area scope, block scale, building heights, obstacle conditions, UAV 
hardware configuration (including lenses, spare batteries, etc.), and airspace control reg-
ulations. 

After acquiring UAV images, images with excessively small or large memory sizes 
are first filtered out (due to the high overlap rate in oblique photogrammetry, ground 
features between adjacent images theoretically exhibit minimal variation, resulting in lim-
ited memory fluctuation). Subsequently, the Wallis algorithm [49–51] is applied to adjust 
the mean and standard deviation of images, achieving brightness balance and color con-
sistency. The principle of the Wallis algorithm lies in adjusting the mean and standard 
deviation of the color distribution of images to align them with the reference image, 
thereby achieving color balance across multiple images. Simultaneously, it enhances 
brightness in low-contrast areas while compressing brightness in high-contrast areas, 
thereby improving overall image contrast. Furthermore, through local statistics and inter-
polation processing, it smooths the image while preserving edge information to achieve 
noise suppression. The specific calculation equations are as follows: 𝑓(𝑥,𝑦) = ሾ𝑔(𝑥,𝑦) −𝑚ଵሿ × 𝑐ଵ × 𝑆ଶ𝑐ଵ × 𝑆ଵ + (1 − 𝑐ଵ) × 𝑆ଶ + 𝑐ଶ𝑚ଶ + (1 − 𝑐ଶ) × 𝑚ଵ (1)𝑔(𝑥,𝑦) = 0.299 × 𝑅(𝑥,𝑦) + 0.587 × 𝐺(𝑥,𝑦) + 0.114 × B(x, y) (2)

where 𝑓(𝑥,𝑦) denotes the grayscale value at pixel coordinate (𝑥,𝑦) in the output image 
after Wallis transformation, 𝑔(𝑥,𝑦)  represents the grayscale value of pixel coordinate (𝑥,𝑦)  in the original image, 𝑚ଵ  denotes the mean grayscale of the original image, 𝑚ଶ 
denotes the mean grayscale of the selected target image, 𝑆ଵ denotes the standard devia-
tion of the original image, 𝑆ଶ denotes the standard deviation of the target image, 𝑐ଵ rep-
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resents the contrast expansion factor, 𝑐ଶ denotes the brightness forcing factor (the specific 
explanation is provided in Section S2.1 of the Supplementary Materials), and 𝑅(𝑥,𝑦) , 𝐺(𝑥,𝑦) and 𝐵(𝑥,𝑦) represent the intensity values of the red, green, and blue channels at 
pixel coordinate (𝑥,𝑦) in the original image, respectively. 

As shown in Equation (1), the control parameters 𝑐ଵ and 𝑐ଶ both range from 0 to 1. 
By mapping the mean and standard deviation, color consistency across multi-source im-
ages is achieved. 𝑐ଵ = 1 indicates fully mapping the standard deviation of the original 
image to that of the target image, resulting in the strongest contrast adjustment; 𝑐ଵ ap-
proaching 0 reduces the standard deviation of the output image, thus compressing con-
trast; and varying 𝑐ଵ between 0 and 1 controls the intensity of contrast adjustment. 𝑐ଶ =1 means the mean of the output image fully converges to the target mean, while 𝑐ଶ = 0 
preserves the original mean, with 𝑐ଶ varying between 0 and 1 to control the intensity of 
brightness adjustment. 

Next, aerial triangulation calculations [52,53] are performed on the adjusted images. 
In aerial triangulation calculations, using the pre-calibrated initial values of the camera’s 
internal orientation elements and the image’s external orientation elements, scale-invari-
ant feature transformation is utilized to automatically match multi-view images and gen-
erate control points. They are combined with field-measured control points to construct a 
regional network for adjustment using the beam method. Then, using the principle of least 
squares, the coordinates and orientation angles of all image capture locations, along with 
the object coordinates of densification points, are iteratively solved. Additional parame-
ters are introduced for self-calibration to eliminate lens distortion and systematic errors. 
Finally, the reliability of the results is evaluated based on the mean error of unit weights 
and the external conformity accuracy of checkpoints, achieving high-precision reconstruc-
tion of the 3D geometric framework of the survey area. 

In the specific implementation process, the beam of each individual image serves as 
an adjustment unit, and an error model is established through collinear equations. By uti-
lizing image-matching and regional grid adjustments, the external vector parameters of 
the aerial photographs and the coordinates of unknown ground points can be determined. 
This process integrates aerial and ground images into a bundle adjustment method, es-
tablishing an error equation while incorporating GCPs with known coordinates as exter-
nal constraints to ensure coordinate consistency and accuracy. The equations for con-
structing the error model are as follows: 

𝑣௜௝ = ቂ𝑎ଵଵ 𝑎ଵଶ 𝑎ଵଷ 𝑎ଵସ 𝑎ଵହ 𝑎ଵ଺𝑎ଶଵ 𝑎ଶଶ 𝑎ଶଷ 𝑎ଶସ 𝑎ଶହ 𝑎ଶ଺ቃ ×
⎣⎢⎢
⎢⎢⎡∆𝑋ௌ∆𝑌ௌ∆𝑍ௌ∆𝜑∆𝜔∆𝐾 ⎦⎥⎥

⎥⎥⎤ − ൤𝑏ଵଵ 𝑏ଵଶ 𝑏ଵଷ𝑏ଶଵ 𝑏ଶଶ 𝑏ଶଷ൨ × ൥∆𝑋∆𝑌∆𝑍൩ − ൤𝑙𝑥𝑙𝑦൨ (3)

൞𝑣௑೛ = 𝑋෠௣ − 𝑋௣଴𝑣௒೛ = 𝑌෠௣ − 𝑌௣଴𝑣௓೛ = 𝑍መ௣ − 𝑍௣଴ 𝑣 (4)

where 𝑣௜௝ denotes the coordinate residual vector of the i-th pixel in the j-th image, while 𝑎ଵଵ, 𝑎ଵଶ, ……, and 𝑎ଶ଺ represent the partial derivatives of the external orientation ele-
ments. ∆𝑋ௌ, ∆𝑌ௌ, ∆𝑍ௌ, ∆𝜑, ∆𝜔, and ∆𝐾 represent the correction vectors for the external 
orientation elements, and ∆𝑋 , ∆𝑌 , and ∆𝑍  denote the correction value vectors for the 
densified point coordinates. 𝑋෠௣, 𝑌෠௣, and 𝑍መ௣ represent the estimated coordinate values of 
the GCPs; 𝑋௣଴, 𝑌௣଴, and 𝑍௣଴ denote the measured coordinate values of the GCPs. 

Equation (3) can be simplified as its matrix form: V1 =  A ×  ∆1 −  B ×  ∆2 −  L1, 
where the weighting matrix P1 is determined based on the estimated variance components 
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after recalibration; simplify Equation (4) into matrix form: V2 = E × ∆3 − L2, where the 
weighting matrix P2 is determined based on the measurement accuracy of control points. 
At this point, the error equation and weighting matrices can be combined to yield ൤𝑉ଵ𝑉ଶ൨ = ቂ𝐴 −𝐵 00 0 𝐸ቃ × ൥∆ଵ∆ଶ∆ଷ൩ − ൤𝐿ଵ𝐿ଶ൨ (5)

𝑃 = ൤𝑃ଵ𝑃ଶ൨ (6)

According to the principle of least squares, the error equation corresponding to Equa-
tion (5) and the weight matrix corresponding to Equation (6) must minimize the sum of 
squared residuals (𝑉்𝑃𝑉 = min). By taking the derivative and setting it to zero, the regu-
larized equation can be derived; its solution represents the optimal estimate of the param-
eters. Given the large number of observation points in UAV images, the cyclic block 
method can be employed for the solution, leveraging the sparse matrix structure to reduce 
computational complexity. 

Based on the precise image pose determined by aerial triangulation calculations, the 
computational domain is first defined by clipping 3D objects of interest to eliminate re-
dundant aerial images and invalid background elements. Subsequently, depending on 
hardware performance and data volume, the survey area is divided into regular tiles with 
defined overlap bands to enable parallel processing of large-scale data and effectively 
manage memory usage. At the resolution level, the target reconstruction resolution and 
texture atlas specifications are adaptively set according to the ground sampling distance 
to control the level of detail in the output model and the amount of video memory used. 
At the same time, a simplification ratio is preset to provide parameter constraints for sub-
sequent multi-level detail output, ultimately forming a comprehensive reconstruction 
scheme that spans from spatial extent to computational granularity. 

Subsequently, based on the principles of multi-view stereovision, scene depth is re-
covered on a pixel-by-pixel basis using kernel-based constraints and a Multi-View Stereo 
(MVS) algorithm [54,55], generating a high-density 3D point cloud. After statistical filter-
ing and outlier removal, the discrete point cloud is converted into a continuous manifold 
surface using the Delaunay triangulation method [56,57], and normal consistency is opti-
mized via Laplacian smoothing. During the texture mapping stage, the optimal source 
images are selected based on weighting criteria for visibility, angle of incidence, and res-
olution. Texture seam paths are determined by minimizing graph-cutting energy, and the 
results are packaged into texture atlases via UV parameterization. Texture feathering is 
applied in tile overlap regions to eliminate color discrepancies. Finally, a multi-level detail 
model is generated using a quadratic error-based edge folding algorithm, achieving a top-
ologically closed, geometrically accurate, and visually consistent reconstruction of a real-
istic 3D surface. 

2.2. Identification of Distortion Regions 

UAV oblique photogrammetry has become the preferred technology for regional 3D 
modeling [58–60]. However, as discussed in the Introduction Section, due to the unique 
characteristics of historic cultural districts, such as the narrow alley effect, vegetation oc-
clusion, and complex textures, 3D real-scene modeling based solely on UAV images often 
inevitably suffers from texture loss and insufficient accuracy. In such cases, relying solely 
on the data-processing techniques described in Section 2.1 is insufficient to achieve the 
desired results. To overcome this bottleneck, there is an urgent need to develop algorithms 
that can accurately identify distorted regions within UAV modeling results, thus guiding 
the reshooting of relevant images. 
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Research on image-based 3D modeling and distortion identification demonstrates 
that multiple approaches can address distortion issues in localized regions of existing 3D 
models [61–63]. However, existing approaches generally suffer from limited applicability 
and excessive implementation complexity, making them ill-suited for real-world produc-
tion challenges such as diverse model types, ambiguous distortion patterns, and complex 
noise sources. Furthermore, fusing multiple methods further exacerbates complexity, 
which hinders engineering implementation. Therefore, this paper proposes a distortion 
region identification method based on image grayscale value changes, optimized for the 
characteristics of historic cultural districts. 

During 3D model reconstruction, distortion may occur due to multiple factors, such 
as data acquisition errors, flaws in the reconstruction algorithm, or model simplification 
processes. In the final output 3D model, these distortions manifest as spatially clustered 
black voids or white reflective bodies. Consequently, distorted regions exhibit significant 
differences in grayscale values compared to surrounding areas, whereas correctly mod-
eled regions influenced by terrain feature continuity and topography do not show pro-
nounced spatial grayscale variations. To reduce computational load and enhance the con-
trast of anomalous distortion regions, this study employs Equation (2) to convert RGB 
textures into grayscale values. 

Next, the degree of difference in texture grayscale values between different regions 
is calculated to identify distorted regions. To minimize errors and computational load, a 
quadtree segmentation method is employed to progressively subdivide the study area 
into smaller units. The mean and variance of texture grayscale values are then computed 
within each quadtree unit. When the mean and variance of a region significantly deviate 
from those of the surrounding areas, it indicates a risk of 3D modeling distortion. The core 
criterion for judgment is whether the deviation exceeds a preset threshold range, which 
can be calculated as follows: 

𝐷ோ೔ = ⎩⎪⎨
⎪⎧ 1 𝑖𝑓 𝑉ோ೔ ∉ ൣ𝑀൫𝑉ோభ ,⋯ ,𝑉ோ೙൯ − 𝑛ଵ × 𝑉൫𝑉ோభ ,⋯ ,𝑉ோ೙൯,𝑀൫𝑉ோభ ,⋯ ,𝑉ோ೙൯ + 𝑛ଶ × 𝑉൫𝑉ோభ ,⋯ ,𝑉ோ೙൯൧ 1 𝑖𝑓 𝑀ோ೔ ∉ ൣ𝑀൫𝑀ோభ ,⋯ ,𝑀ோ೙൯ − 𝑛ଷ × 𝑉൫𝑀ோభ ,⋯ ,𝑀ோ೙൯,𝑀൫𝑀ோభ ,⋯ ,𝑀ோ೙൯ + 𝑛ସ × 𝑉൫𝑀ோభ ,⋯ ,𝑀ோ೙൯൧0 𝑖𝑓 𝑉ோ೔ ∈ ൣ𝑀൫𝑉ோభ ,⋯ ,𝑉ோ೙൯ − 𝑛ଵ × 𝑉൫𝑉ோభ ,⋯ ,𝑉ோ೙൯,𝑀൫𝑉ோభ ,⋯ ,𝑉ோ೙൯ + 𝑛ଶ × 𝑉൫𝑉ோభ ,⋯ ,𝑉ோ೙൯൧ 0 𝑖𝑓 𝑀ோ೔ ∈ ൣ𝑀൫𝑀ோభ ,⋯ ,𝑀ோ೙൯ − 𝑛ଷ × 𝑉൫𝑀ோభ ,⋯ ,𝑀ோ೙൯,𝑀൫𝑀ோభ ,⋯ ,𝑀ோ೙൯ + 𝑛ସ × 𝑉൫𝑀ோభ ,⋯ ,𝑀ோ೙൯൧ (7)

where 𝐷ோ೔ represents the indicator value for identifying region 𝑅௜ as a distorted region, 
a value of 1 indicates a distorted region, while 0 indicates a non-distorted region; 𝑉ோ೔ de-
notes the variance of texture grayscale values within region 𝑅௜; 𝑀൫𝑉ோభ ,⋯ ,𝑉ோ೙൯ represents 
the mean of the variance of texture grayscale values across regions 𝑅ଵ, 𝑅ଶ, …, 𝑅௡; 𝑛ଵ and 𝑛ଶ represent scaling factor for variance; 𝑉൫𝑉ோభ ,⋯ ,𝑉ோ೙൯ denotes the variance of the texture 
grayscale values across regions 𝑅ଵ, 𝑅ଶ, …, 𝑅௡; 𝑀ோ೔ denotes the mean of the texture gray-
scale values in region 𝑅௜; 𝑀൫𝑀ோభ ,⋯ ,𝑀ோ೙൯ denotes the mean of texture grayscale values 
mean across regions 𝑅ଵ , 𝑅ଶ , …, 𝑅௡ ; 𝑛ଷ  and 𝑛ସ  denote scaling factor for mean; and 𝑉൫𝑀ோభ ,⋯ ,𝑀ோ೙൯ denotes the variance of the mean texture grayscale values across regions 𝑅ଵ, 𝑅ଶ, …, 𝑅௡. 

The key to accurately identifying distorted regions lies in correctly determining the 
coefficients 𝑛ଵ, 𝑛ଶ, 𝑛ଷ, and 𝑛ସ. Excessively large coefficients may lead to the missed de-
tection of distorted regions, whereas overly small coefficients may misclassify undistorted 
regions as distorted. This paper selects distortion samples within the region, then tests the 
identification performance of different coefficients for distorted regions to determine the 
optimal coefficients. To objectively evaluate the effectiveness of the distortion region, two 
assessment indexes are established: the identification rate and accuracy for the distortion 
region, which can be calculated as follows. 𝐼ଵ(𝑛ଵ,  𝑛ଶ,  𝑛ଷ,  𝑛ସ) = 𝑁ଵ(𝑛ଵ,  𝑛ଶ,  𝑛ଷ,  𝑛ସ)/𝑁ଶ(𝑛ଵ,  𝑛ଶ,  𝑛ଷ,  𝑛ସ) (8)
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𝐼ଶ(𝑛ଵ,  𝑛ଶ,  𝑛ଷ,  𝑛ସ) = 𝑁ଵ(𝑛ଵ,  𝑛ଶ,  𝑛ଷ,  𝑛ସ)/𝑁ଷ(𝑛ଵ,  𝑛ଶ,  𝑛ଷ,  𝑛ସ) (9)

where 𝐼ଵ(𝑛ଵ,  𝑛ଶ,  𝑛ଷ,  𝑛ସ)  denotes the distorted region identification ratio, 𝑁ଵ(𝑛ଵ,  𝑛ଶ,  𝑛ଷ,  𝑛ସ)  represents the number of correctly identified distorted regions, 𝑁ଶ(𝑛ଵ,  𝑛ଶ,  𝑛ଷ,  𝑛ସ) denotes the total number of distorted regions, 𝐼ଶ(𝑛ଵ,  𝑛ଶ,  𝑛ଷ,  𝑛ସ) repre-
sents the distorted region identification accuracy, and 𝑁ଷ(𝑛ଵ,  𝑛ଶ,  𝑛ଷ,  𝑛ସ) denotes the total 
number of identified distorted regions. 

Based on the corresponding 𝐼ଵ  and 𝐼ଶ  values for different coefficients 𝑛ଵ , 𝑛ଶ , 𝑛ଷ , 
and 𝑛ସ, the optimal coefficients are obtained when both 𝐼ଵ and 𝐼ଶ approach their maxi-
mum values. 

To determine the optimal coefficients 𝑛ଵ, 𝑛ଶ, 𝑛ଷ, and 𝑛ସ, first select a set of coeffi-
cients 𝑛ଵ, 𝑛ଶ, 𝑛ଷ, and 𝑛ସ, and then use an iterative process to calculate the corresponding 𝐼ଵ and 𝐼ଶ values for each coefficient 𝑛ଵ, 𝑛ଶ, 𝑛ଷ, and 𝑛ସ. 𝐼ଵ and 𝐼ଶ both approach their 
maximum values, which indicates that the distortion region identification is most effective. 
At this point, based on the 𝐼ଵ and 𝐼ଶ values corresponding to different sets of coefficients 𝑛ଵ , 𝑛ଶ , 𝑛ଷ , and 𝑛ସ , the set of coefficients 𝑛ଵ , 𝑛ଶ , 𝑛ଷ , and 𝑛ସ  for which both 𝐼ଵ  and 𝐼ଶ 
approach their maximum value is selected as the optimal coefficient set. 

After determining the values of 𝑛ଵ, 𝑛ଶ, 𝑛ଷ, and 𝑛ସ, Equation (7) is applied to achieve 
precise identification of the distorted region. Subsequently, by combining images of the 
distorted regions obtained through other methods (smartphone images are used in this 
paper), data fusion techniques are applied to enhance the modeling accuracy of these dis-
torted regions. 

2.3. Fusion Processing of Multi-Source Data 

Distorted regions primarily occur in locations where UAV image coverage is insuffi-
cient or where obstacles exist within the airspace [64,65]. For historical cultural districts, 
such distortions mainly manifest as low-altitude wall sections, recessed doors and win-
dows, and obstructions from trees. Based on the distortion region identification method 
proposed in Section 2.2, the distorted regions within the 3D modeling results of UAV im-
ages can be precisely located. Given that smartphone close-range photography and low-
altitude UAV images complement each other in terms of perspective, and smartphones 
can replace equipment such as laser scanners, this approach significantly reduces hard-
ware and labor costs while decreasing reliance on specialized data-processing skills. By 
using smartphone images to complete missing geometric and textural information, it en-
ables the 3D real-scene models with just one flight operation supplemented by ground-
based photography. 

For the distorted regions identified by the method described in Section 2.2, close-
range photogrammetry using handheld smartphones on the ground is employed to sup-
plement the spatial configuration and surface texture details. GCPs are used to jointly es-
timate the internal and external orientation parameters of the smartphone images. RTK 
technology determines the coordinates of the GCPs, and the smartphone images are cali-
brated using the pinpoint method. To facilitate data processing, minimize coordinate sys-
tem conversion calculations between aerial and ground data, and reduce cumulative 
measurement errors, the RTK positioning service used for GCPs is identical to that em-
ployed for the UAV. The associative relationships among different aerial and ground data 
are illustrated in Figure 2. 

As shown in Figure 2, UAV images are primarily used to establish an initial 3D real-
scene model, which serves as foundational reference data for identifying distorted regions 
via the method described in Section 2.2. Subsequently, close-range photogrammetric im-
ages of the distorted regions captured by smartphones are combined with GCPs to solve 
for internal and external orientation parameters. At this stage, the UAV 3D real-scene 
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model, GCPs’ coordinates, smartphone images, and their internal/external orientation pa-
rameters are input into the data-processing system. Through joint adjustment and block-
based parallel processing, the geometric structure and texture information of the distorted 
regions are restored. The error equations and weight matrices within the data fusion pro-
cessing are analogous to Equations (5) and (6). 

 

Figure 2. Flowchart of the relationship between UAV images, GCPs, and smartphone photogram-
metry data. 

To ensure seamless fusion of UAV images, smartphone images, and GCPs, GCPs are 
uniformly distributed throughout the study area based on the spatial distribution charac-
teristics of the historical cultural district. By fusing these three types of data, the ad-
vantages of UAV oblique images, handheld smartphone photography, and ground RTK 
surveying can be fully leveraged. This approach shows promise in overcoming the limi-
tations of UAV images in detail representation with only a minimal increase in time and 
cost, offering complementary perspectives, cost-effectiveness, and high-precision fusion. 
Ultimately, it enables the construction of high-precision 3D real-scene models of historic 
cultural districts. 

3. Experiment 
3.1. The Study Area and Data Acquisition 

The Zaoerxiang historical cultural district (hereinafter referred to as Zaoerxiang) in 
Zhanggong District, Ganzhou City, Jiangxi Province, China, is selected as the test subject. 
Zaoerxiang is located in the northeastern core area of Ganzhou ancient city (25.860°N, 
114.947°E), which is surrounded by the Gan River. This curved cobblestone alley evolved 
from Song Yin Street and earned its name Zaoerxiang during the Ming and Qing dynasties 
because of the concentration of official residences. Zaoerxiang blends Hakka, Huizhou, 
and Western architectural styles. Once, its riverside wharf was bustling with ships. 

Zaoerxiang winds in an S-shape, stretching 227.3 m in length and having a narrowest 
width of 3.2 m. On its two sides, there are 47 historical structures, including two-to three-
story shops, clan halls, and guild halls, with intricate and elaborate side details. These 
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buildings combine timber-frame, brick-and-stone, and Western styles, and the vegetation 
coverage rate is 35% (see Figure 3d). The absence of open takeoff and landing areas within 
the district, combined with suboptimal RTK aerial photography visibility conditions, 
posed challenges for UAV operations and GCP deployment. Its narrow alleyways, dense 
vegetation, and significant aerial visual obstructions collectively contribute to the charac-
teristic features of a typical historic cultural district, making it highly suitable for validat-
ing the effectiveness of the methodology proposed in this paper. 

Following the methodological workflow outlined in this paper, oblique photogram-
metric images of Zaoerxiang are first acquired using a UAV. The experimental UAV em-
ployed is the DJI Matrice 300 RTK (Shenzhen DJI Technology Co., Ltd., Shenzhen, China; 
see Figure 3a), which is equipped with six-direction obstacle avoidance, extended endur-
ance, and long-range video transmission capabilities. The imaging system employs the 
RIEBO DG3M half-frame five-lens oblique camera (Chengdu RIEBO Technology Co., Ltd., 
Chengdu, China; see Figure 3b), which features dual medium-telephoto focal lengths of 
30 mm (ortho) and 45 mm (oblique). The UAV-mounted RTK service is provided by 
Shanghai Huace Navigation Technology Ltd. (Shanghai, China), which operates within 
the CGCS2000 coordinate system. 

Based on the block scale, building heights, obstruction conditions, and spatial distri-
bution characteristics of the study area, and considering factors such as UAV takeoff and 
landing sites (see Figure 3c), regional scope, and equipment endurance, the aerial survey 
route is designed as a bow-shaped flight path. The flight altitude is set at 100 m, with a 
forward/backward overlap of 80% and a lateral overlap of 70%. To ensure comprehensive 
coverage of the survey area by each frame from the five-lens camera, the flight zone was 
extended outward by 50 m, forming 14 flight paths (see Figure S2 in the Supplementary 
Materials, yellow dashed lines). Detailed views of the equipment, UAV takeoff/landing 
sites, regional satellite images, and GCP distribution are shown in Figure 3. 

 

Figure 3. Detailed views of equipment, UAV takeoff/landing sites, and regional satellite images. (a) 
Close-up of DJI Matrice 300 RTK UAV. (b) Close-up of RIEBO DG3M half-frame five-lens oblique 
photography camera. (c) UAV takeoff photo. (d) Satellite images of the area (obtained from Google 
Earth), with solid green lines denoting the main scope of Zaoerxiang, and triangles marking GCPs 
(where red triangles represent points used for 3D modeling and green triangles represent points 
used for accuracy verification). 
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As shown in Figure3d, the entire study area (red solid line) covers approximately 
133, 741 m2, characterized by dense vegetation that creates significant visual obstructions 
in the airspace. 20 GCPs are established within the study area. These points are distributed 
relatively uniformly across the region, primarily along main roads and alleys, to facilitate 
subsequent spatial positioning using smartphone images. Based on the flight path config-
uration, the actual flight duration for this UAV data collection is 7 min and 28 s, capturing 
a total of 2265 images that occupied 14 GB of storage space. 

To prevent damage to the landscape of the historic cultural district during GCP de-
ployment, ground markers are affixed to printed paper templates using adhesive tape (see 
Figure S3a in the Supplementary Materials, featuring both diagonally symmetrical rectan-
gles and centrally symmetrical triangles). Special personnel are assigned during the ex-
periment to prevent marker damage. After deploying GCPs, their coordinates are meas-
ured using the “Southern Galaxy 1 RTK” surveying equipment (see Figure S3b in the Sup-
plementary Materials, with a horizontal accuracy of 8 mm + 1 × 10−6D (where D is baseline 
length) and an elevation accuracy of 15 mm + 1 × 10−6D.) and the same RTK service as the 
UAV (see Figure S3c in the Supplementary Materials). Ground images are captured using 
a handheld Huawei Mate 80 smartphone, recording an 11 min and 23 s video along a 
predetermined route (yellow solid line in Figure S3d of the Supplementary Materials) at 
30 frames per second. Due to excessive image overlaps within the video and considering 
human movement speed, two frames per second are selected for extraction, ultimately 
generating a dataset of 1366 images. 

3.2. Airborne and Ground-Based Data Fusion Processing 

First, based on the image data acquired by the UAV and the precise positioning ser-
vice provided by the airborne RTK system, an initial 3D real-scene model of Zaoerxiang 
is established following the data-processing workflow described in Section 2.1 (as shown 
in Figure 4a). Due to the large memory footprint of the 3D modeling results, the output 
data is divided into 25 sub-files for storage, which is based on spatial location. 

 

Figure 4. 3D real-scene model based on UAV images and samples of distorted regions. (a) 3D real-
scene model from UAV images. Subfigures (b–d) show samples of distorted regions caused by tree 
obstruction, narrow alleyways, and rich textures, respectively. 

Through multi-angle visualization analysis of the modeling quality of the initial UAV 
3D real-scene model, it is found that the model effectively captures most terrain features 
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in areas without significant occlusion, with relatively rich texture details in wide corridor 
regions. However, in tree-occluded areas and narrow corridors, the model exhibits notice-
able voids and loss of texture information, which is consistent with the theoretical predictions 
discussed earlier. One sub-file is selected from 25 sub-files and subdivided into 32 × 32 regions 
using a quadtree subsampling method, as specifically shown in Figures S4–S6 in the Supple-
mentary Materials. Through visual inspection, all distorted regions (45 regions in total) within 
the sub-file are marked as test samples, and three typical examples are shown in Figure 4b–d. 
This sub-file serves as the experimental subject to determine the optimal coefficients 𝑛ଵ, 𝑛ଶ, 𝑛ଷ, and 𝑛ସ, for identifying distorted regions in subsequent analyses. 

As previously mentioned, 45 distorted regions are identified within the selected sub-
file through visual inspection. The performance of distortion detection is evaluated using 
the selected samples as a benchmark. If all distorted samples can be accurately identified 
without misclassifying undistorted regions as distorted, this indicates that the identifica-
tion method possesses good coverage and accuracy rates. The formula for the distortion 
region identification is shown in Equation (7), with the focus on determining the optimal 
values for parameters 𝑛ଵ, 𝑛ଶ, 𝑛ଷ, and 𝑛ସ. 

After selecting the distorted samples, the algorithm shown in Figure 1b is used to 
identify the regions affected by distortion. The specific implementation steps are as fol-
lows: firstly, obtain the 3D point cloud data for each sub-region (1024 in total) within the 
selected sub-file, which includes the X, Y, and Z coordinates and grayscale values of each 
pixel; secondly, calculate the mean and variance of the grayscale values for all pixels 
within each sub-region; subsequently, different parameter combinations (𝑛ଵ, 𝑛ଶ, 𝑛ଷ, and 𝑛ସ) are iteratively input to identify distorted regions based on Equation (7); after identifi-
cation, Equations (8) and (9) are used to calculate the distortion identification rate 𝐼ଵ and 
identification accuracy 𝐼ଶ, respectively. 

Finally, based on the criterion that both 𝐼ଵ and 𝐼ଶ reach their maximum values, the 
optimal parameter combination is determined by analyzing the changes in the identifica-
tion coverage rate (𝐼ଵ) and precision rate (𝐼ଶ) corresponding to different distortion param-
eter combinations (𝑛ଵ, 𝑛ଶ, 𝑛ଷ, and 𝑛ସ). This principle requires that all distorted samples 
be fully identified while minimizing both misclassifications and missed classifications. 
Through iterative traversing of multiple sets of parameters, the optimal parameter com-
bination most suitable for distortion identification in this region is ultimately determined. 
The changes in identification performance metrics corresponding to different parameters 
are shown in Figures 5 and S11 of the Supplementary Materials. 

 

Figure 5. Variation in the values of parameters 𝐼ଵ and 𝐼ଶ for different 𝑛ଵ and 𝑛ଶ parameters. (a) 
I1 values. (b) I2 values. A higher value of 𝐼ଵ indicates greater coverage in identifying distorted re-
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gions, increasing the probability that actual distorted regions are identified. A higher value of 𝐼ଶ 
indicates greater accuracy in identifying distorted regions, increasing the probability that detected 
distorted regions are actual distorted regions. 

After determining the optimal 𝑛ଵ, 𝑛ଶ, 𝑛ଷ, and 𝑛ସ, the distortion region identification 
method proposed in Section 2.2 is applied to process the entire UAV 3D real-scene mod-
eling results. To validate the accuracy of the identification results, a sub-file is randomly 
selected for verification. By comparing the visual identification results with the algorithm-
based identification results, the calculated 𝐼ଵ and 𝐼ଶ are 0.98 and 0.92, respectively. This 
indicates that the proposed method can identify most distorted regions. Although occa-
sional omissions of distorted regions occur, there are minor misclassifications of normal 
regions as distorted. At this stage, smartphone image data from corresponding areas is 
employed as supplementary data. Following the method described in Section 2.3, this data 
is jointly processed with the UAV image to ultimately achieve high-precision 3D modeling 
results for the study area. 

To verify the applicability and robustness of the distortion region identification algo-
rithm under various scene conditions, this study selected the Jinye Cultural Square district 
in Hanfang Town, Ganxian District, Ganzhou City (hereinafter referred to as Jinye), an 
area characterized by sparse buildings and rich textural features, as a supplementary ex-
perimental site. Jinye presents a stark contrast to Zaoerxiang, the original study area, 
which is characterized by dense buildings and monotonous textural features. Zaoerxiang 
is a typical high-density urban historic district with a compact building layout and highly 
homogeneous facade textures. In contrast, Jinye is an open town square with sparse build-
ing distribution, diverse land features, and rich textural information. These two areas rep-
resent two typical scenarios, urban historic districts and town public squares, and exhibit 
significant differences in building density, spatial structure, texture complexity, and land 
feature composition. This effectively validates the algorithm’s universality across diverse 
scenarios. 

Jinye is located in the heart of the market town of Hanfang, Ganxian District 
(25.490°N, 115.100°E), and it is a distinctive cultural site that has evolved from the local 
century-old tradition of flue-cured tobacco trade. Grounded in the centuries-old tradi-
tional tobacco-trading history of Hanfang Town, this area is a public space that serves 
multiple public functions, including hosting local folk gatherings, staging cultural perfor-
mances, and facilitating community interactions. This is a prime example of the organic 
integration of distinctive historical heritage with modern rural development in southern 
Ganzhou City. The overall layout of the site is orderly and well-organized, encompassing 
diverse elements including cultural landscape walls, a folk performance stage, distinctive 
structures, ancient trees and greenery, and antique-style recreational facilities. It combines 
man-made landscape structures, extensive hard-surface paving, and natural vegetation, 
creating varied topography and a diverse spatial structure. Within the area, structures are 
distributed in a staggered pattern, with dense vegetation covering some sections and in-
tricate details adorning the building facades. This poses challenges, including obstructed 
views, uneven lighting, and interference from complex ground features. This highly rep-
resentative scene is suitable for verifying the universality and robustness of the distortion 
region identification algorithm proposed in this study. 

The experimental procedure aligns with that used in Zaoerxiang. First, a 3D real-
world model was constructed based on oblique aerial imagery captured by a single UAV. 
The imaging equipment, flight parameters, and data-processing methods are identical to 
those used in the earlier Zaoerxiang experiment. The modeling results and three typical 
distortion regions are presented in Figure S7 in the Supplementary Materials. Subse-
quently, following the method described above, sub-files of color images, grayscale im-
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ages, and grayscale images with a quadtree grid were generated sequentially and are pre-
sented in Figures S8–S10, respectively. Fifty-six distortion sample points were selected 
through visual inspection. Using the aforementioned distortion region identification al-
gorithm, the variations in the distortion region identification performance parameters I_1 
and I_2 corresponding to different combinations of threshold parameters are plotted in 
Figures S12 and S13, respectively. 

Figures S12 and S13 demonstrate that the trends of the distortion region recognition 
performance parameters for Jinye under different threshold parameters are highly con-
sistent with those for Zaoerxiang, which validates the applicability of the distortion recog-
nition algorithm proposed in this study under various scene conditions. After determin-
ing the optimal threshold parameters (n1 and n2, n3 and n4), the values of the distortion 
region recognition performance metrics I_1 and I_2 obtained from the Jinye experiments 
reached 0.95 and 0.91 (Figure S12) and 0.96 and 0.95 (Figure S13). These results indicate 
that the algorithm proposed in this study can still accurately identify the vast majority of 
distorted regions in scenarios characterized by sparse buildings and rich textures, and its 
recognition accuracy shows good consistency with the results from the Zaoerxiang exper-
iment. These findings confirm that the method proposed in this study has strong adapta-
bility and stable recognition performance when dealing with variations in building den-
sity, changes in texture complexity, and transitions between scene types. For comparative 
analysis and discussion, Figure 6 presents the overall 3D modeling results of the study 
area, along with the modeling results corresponding to the distorted region samples 
shown in Figure 4b–d. 

 

Figure 6. 3D real-scene modeling results fusing UAV images and ground-based smartphone images. 
Subfigure (a) shows the overall 3D modeling results of the study area, and subfigures (b–d) show 
the 3D modeling effects after adding ground-based images to the corresponding distorted regions 
in Figure 4b–d. 

To verify the advantages of the method described in this paper over traditional meth-
ods (which combine all ground-based smartphone images and UAV images for 3D mod-
eling) in terms of modeling quality and computational complexity, we performed 3D 
modeling on all collected ground-based smartphone images after pinpointing with the 
control points. The 3D modeling results of the study area and the distorted region samples 
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obtained using the traditional method are shown in Figure 7. The time required for pin-
pointing, computational time, and memory usage of the 3D modeling method using only 
UAV imagery, the method proposed in this paper, and the traditional method are sum-
marized in Table 1. 

 

Figure 7. 3D real-scene modeling results fusing UAV images and all ground-based smartphone im-
ages. Subfigure (a) shows the overall 3D modeling results of the study area; subfigures (b–d) show 
the 3D modeling effects after adding ground-based images to the corresponding distorted regions 
in Figure 4b–d. 

Table 1. Comparison of pinpointing time, computational time, and memory usage among different 
3D modeling methods. 

Statistics UAV Images The Proposed Method The Traditional Method 
Pinpoint time 0 min 31 min 4 h 36 min 

Calculation time 5 h 6 min 6 h 33 min 8 h 45 min 
Memory usage 81.63 GB 106.24 GB 148.25 GB 

After establishing the 3D real-scene model, the RTK measurement coordinates of se-
lected GCPs are compared with the 3D modeling results before and after smartphone im-
age fusion. This includes 12 internal modeling GCPs and eight external verification GCPs, 
where ∆𝑋, ∆𝑌, and ∆𝑍 represent the absolute values of the errors in the three directions, 
respectively, and ∆𝐷 = √∆𝑋ଶ + ∆𝑌ଶ + ∆𝑍ଶ. Statistical results are detailed in Tables 2 and 
S1 of the Supplementary Materials, where the root mean square error (RMSE) and mean 
absolute error (MAE) are used as statistical metrics. 

Table 2. Statistical comparison of RTK-measured coordinates and 3D modeling results using UAV 
images, the proposed method, and the traditional method (which fuses all ground-based 
smartphone images and UAV images for 3D modeling) at 8 external verification GCPs. 

GCPs UAV Images (mm) The Proposed Method (mm) The Traditional Method (mm) ∆𝑿 ∆𝒀 ∆𝒁 ∆𝑫 ∆𝑿 ∆𝒀 ∆𝒁 ∆𝑫 ∆𝑿 ∆𝒀 ∆𝒁 ∆𝑫 
G06 23.8 22.7 18.1 37.5 13.4 20.5 8.7 26.0 12.9 19.9 10.4 25.9 
G08 28.8 22.6 19.6 41.5 21.8 19.7 14.9 32.9 20.2 18.4 15.7 31.5 
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G09 19.7 27.9 11.4 36.0 13.1 22.9 8.5 27.7 12.3 22.1 7.7 26.4 
G14 24.9 10.5 27.4 38.5 23.2 9.9 22.6 33.9 22.6 8 21.6 32.3 
G15 12.7 27.5 23.8 38.5 11.0 24.6 19.4 33.2 12.9 25.8 18.2 34.1 
G16 28.0 14.2 23.4 39.2 18.4 11.7 12.1 24.9 20.2 11.4 11.4 25.8 
G17 20.4 10.5 28.0 36.2 15.2 6.3 22.1 27.6 13.9 5.6 22.4 27 
G18 22.7 25.2 17.1 38.0 11.8 19.0 11.2 25.0 12.6 17.1 10.8 23.8 

RMSE 23.1 21.3 21.7 38.2 16.6 17.9 15.9 29.1 16.4 17.3 15.7 28.6 
MAE 22.6 20.1 21.1 38.2 16 16.8 14.9 28.9 16 16 14.8 28.4 

To further validate the advantages of the method described in this paper in terms of 
modeling performance, several typical objects with clearly defined boundaries that are 
easy to measure within Zaoerxiang (e.g., doors, windows, wall corners, and steps) were 
selected. Length measurements were taken using a steel tape measure, and vertical dis-
tance measurements were taken using an indium–ceramic spirit level; readings are 
rounded to the nearest millimeter. The field measurement scene is shown in Figure S8 in 
the Supplementary Materials. To mitigate the impact of random measurement errors, the 
average of three readings was taken for each measurement as the final result. The meas-
urement results were compared with those obtained from UAV modeling, UAV-fused all 
ground smartphone images, and the modeling results of the method proposed in this pa-
per. Results from 12 measurement objects are summarized in Table 3, while statistics for 
the remaining 36 measurement objects are provided in Table S2 in the Supplementary 
Materials. 

Table 3. Statistical comparison of field measurement results for 12 targets versus measurements 
obtained using UAV modeling, UAV-fusion of all ground-based smartphone images, and the 
method proposed in this paper. 

Number Measurement Object 
(Unit: mm) 

Measured 
Value UAV Images Proposed 

Method 
Traditional 

Method 
∆  

UAV Images 

∆  
Proposed 
Method 

∆  
Traditional 

Method 
1 Width of stone pedestal 578 611.8 559.5 558.5 33.8 −18.5 −19.5 
2 Height of stone pedestal 432 394.0 412.2 416.1 −38 −19.8 −15.9 
3 Wall height 1025 979.5 1038.2 1036.9 −45.5 13.2 11.9 
4 Wall width 717 762.4 701.3 701.7 45.4 −15.7 −15.3 
5 Circle diameter 1451 1497.2 1465.5 1461.9 46.2 14.5 10.9 
6 Length of stone slab 1530 1583.8 1541.4 1540.9 53.8 11.4 10.9 
7 Width of stone slab 1937 1881.1 1952.2 1955.8 −55.9 15.2 18.8 
8 Width of door frame 1285 1235.2 1272.4 1272.3 −49.8 −12.6 −12.7 
9 Height of door frame 2238 2200.5 2251.1 2254.5 −37.5 13.1 16.5 
10 Width of windowsill 1007 956.9 999.1 997.6 −50.1 −7.9 −9.4 
11 Height of windowsill 1371 1425.5 1358.8 1355.8 54.5 −12.2 −15.2 
12 Length of step 3746 3790.4 3762.8 3761.5 44.4 16.8 15.5 

4. Discussion 
Based on the experimental results, a comparative analysis was conducted between 

the 3D modeling results derived solely from UAV images and those obtained by fusing 
ground-based smartphone images. 

4.1. 3D Modeling Results of UAV Images and Distortion Identification 

As shown in Figure 4a, the 3D real-scene model constructed from UAV images effec-
tively captures the overall landscape of the study area, where alleys, buildings, vegetation 
contours, and sports fields are all well-represented. However, due to tree obstructions, 
narrow alleyways, and overly complex texture information on the buildings themselves, 
the UAV fails to collect sufficient effective data during aerial surveys in certain areas. This 
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often results in the loss of surface texture and feature information in the reconstructed 
model. As shown in Figure 4b–d, the modeling results exhibit noticeable distortions due 
to tree obstruction, narrow alleys, and rich textures, respectively. These distortions pri-
marily stem from the UAV’s shooting distance and methodology. Close-range photo-
grammetry offers superior building detail and texture resolution, making ground-based 
smartphone imaging devices an ideal solution for targeted data supplementation. 

After dividing the model results into 25 sub-files, one sub-file is selected for the dis-
tortion region identification based on the method introduced in Section 2.2. As shown in 
Figure 5a, when parameters 𝑛ଵ and 𝑛ଶ take smaller values, the 𝐼ଵ value is larger. Specif-
ically, when 𝑛ଵ ranges from 0.5 to 1.6 and 𝑛ଶ ranges from 0.5 to 2.2, 𝐼ଵ equals 1, indicat-
ing accurate identification of numerous distorted regions. Simultaneously, as 𝑛ଵ and 𝑛ଶ 
increase, 𝐼ଵ gradually decreases and eventually approaches 0, signifying a reduction in 
the number of accurately identified distorted regions. Combining the distortion region 
determination formula (Equation (7)) with the 𝐼ଵ parameter calculation formula (Equa-
tion (8)), it is evident that when 𝑛ଵ and 𝑛ଶ are small, the range of normal regions defined 
by the mean gray value narrows. Consequently, most regions exceeding this normal range 
are classified as distorted. Therefore, when 𝑛ଵ and 𝑛ଶ are small, 𝐼ଵ is large, and the pro-
portion of correctly identified distorted regions is high. Conversely, when 𝑛ଵ and 𝑛ଶ are 
large, only a small number of regions are classified as distorted, causing 𝐼ଵ to gradually 
decrease as 𝐼ଵ increases, and the proportion of correctly identified distorted regions to 
decrease accordingly. 

As shown in Figure 5b, the trend of 𝐼ଶ values with respect to 𝑛ଵ and 𝑛ଶ parameters 
are opposite to that of 𝐼ଵ  values. When 𝑛ଵ  and 𝑛ଶ  are small, 𝐼ଵ  remains low, falling 
within the range of 0.2 to 0.4. This indicates a high number of misclassified regions among 
the identified distortion regions, resulting in low identification accuracy. As 𝑛ଵ and 𝑛ଶ 
increase, 𝐼ଶ gradually rise. When 𝑛ଵ is between 1.6 and 4 and 𝑛ଶ is between 2.1 and 4, 𝐼ଶ reaches 1, indicating that most identified distortion regions correspond to actual dis-
tortion regions. Combining the distortion region determination formula (Equation (7)) 
with the 𝐼ଶ parameter calculation formula (Equation (9)), it can be observed that when 𝑛ଵ 
and 𝑛ଶ are small, the numerical range for determining regions as normal narrows. This 
causes some normal regions to be misclassified as distorted, thereby reducing identifica-
tion accuracy. Conversely, when 𝑛ଵ and 𝑛ଶ are large, the numerical range for determin-
ing regions as normal expands. At this point, the identified distorted regions correspond 
to regions where the average gray value significantly deviates from that of other regions, 
matching the actual distorted regions and thereby improving the identification accuracy. 

The experimental results shown in Figures S11 and S13 of the Supplementary Mate-
rials exhibit a numerical trend like that in Figure 5: as 𝑛ଷ and 𝑛ସ increase, the value of 𝐼ଵ 
gradually decreases, while the value of 𝐼ଶ gradually increases. For Figure S11, when 𝑛ଷ 
varies between 0.5 and 1.7, and 𝑛ସ varies between 0.5 and 2.5, 𝐼ଵ equals 1; when 𝑛ଷ var-
ies between 1.7 and 4 and 𝑛ସ varies between 1.8 and 4, 𝐼ଶ equals 1. Results in Figures 5 
and S7 of the Supplementary Materials indicate that both the variance and mean of image 
grayscale values can serve as indicators for identifying distorted regions. By setting pre-
cise coefficients 𝑛ଵ , 𝑛ଶ , 𝑛ଷ , and 𝑛ସ , anomalous regions exceeding defined numerical 
ranges are detected. After balancing distortion region detection coverage and accuracy, 
the final parameters selected for the study region are as follows: the grayscale variance 
coefficients n1 and n2 set to 1.6 and 2.1, respectively, and the grayscale mean coefficients 𝑛ଷ and 𝑛ସ set to 1.7 and 1.8, respectively. 

4.2. 3D Modeling Results from Multi-Source Data Fusion 

Based on the 3D modeling results derived from UAV images and the spatial locations 
of identified distortion regions, ground photography is conducted within the historic cul-
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tural district using a smartphone to supplement information on building facades in alley-
ways and images obscured by trees. Subsequently, the data is fused with the UAV images 
using the method described in Section 2.3. 

As shown in Figure 6a, the 3D modeling results enhanced with smartphone images 
exhibit minimal differences from the UAV-based model when viewed from a bird’s-eye 
perspective. They clearly reveal elements such as alleyways, buildings, vegetation con-
tours, and sports fields, with boundary lines appearing sharper at edges and corners. Re-
garding the rendering of building texture details, Figure 6b–d collectively demonstrate 
that ground-level smartphone images effectively supplement the UAV-based modeling 
results. Distortions caused by tree obstructions, narrow alleys, and rich textures are effec-
tively suppressed. The model results clearly fill gaps in areas inadequately captured by 
UAV images, ensuring the complete preservation of detailed information within the his-
toric cultural district. In Figure 7, the results of the modeling that fuses UAV images with 
all ground-based images are similar to those in Figure 6, demonstrating good restoration 
of both overall effects and local details. This consistency validates the reliability of the 
method proposed in this paper. 

Regarding tree obstruction, narrow alleys, and texture-rich distortion phenomena, 
statistical fusion of ground-based smartphone images and UAV images for 3D modeling 
reveals significantly improved texture information: tree obstructions reduce gap areas by 
approximately 201 m2, spatial positioning of 23 distorted regions caused by narrow alley-
ways is corrected, and 65 door/window objects with rich texture details are successfully 
modeled with precision. Furthermore, the multi-source data fusion 3D modeling tech-
nique identifies 15 buildings at high risk of collapse and 29 locations with severely dam-
aged roof tile structures within the study area, totaling over 367 m2 of missing tiles. De-
tailed survey findings have been submitted to the historical district restoration authorities, 
providing practical value for cultural heritage preservation efforts. These results were also 
reflected in the fusion of UAV images with all ground-based images, as smartphone im-
ages effectively supplemented the observational data for the study area. 

Compared to traditional methods that fuse all ground-based images, the method pro-
posed in this paper offers advantages in terms of operational efficiency and resource con-
sumption. As shown in Table 1, the time required for GCPs pinpointing was reduced from 
4 h 36 min to 31 min (a reduction of approximately 88.8%), the total computation time was 
reduced from 8 h 45 min to 6 h 33 min (approximately 25.1% decrease), and memory usage 
was reduced from 148.25 GB to 106.24 GB (about 28.3% decline). This is primarily at-
tributed to the method’s optimization of multi-source data selection, which retains only 
key ground images that make a substantial contribution to the completion of occluded 
areas and the improvement of accuracy, thereby effectively eliminating redundant data. 
Compared to the standalone UAV images solution, although the method described in this 
paper increases computation time by approximately 28% and memory usage by 30%, the 
incremental cost is manageable. It effectively restores building textures in occluded areas 
and improves modeling accuracy while ensuring operational efficiency, providing a fea-
sible solution that balances efficiency and accuracy for large-scale 3D real-scene modeling 
of historic districts. 

A statistical analysis of the differences between the model results for 12 internally 
modeled GCPs and the RTK measurements (see Table S1 in the Supplementary Materials) 
indicates that, in the UAV images modeling results, most X, Y, and Z coordinate differ-
ences ranged from 10 to 20 mm, with point position errors ranging from 23 to 35 mm 
(RMSE of 28.2 mm, MAE of 28 mm). In contrast, the results of the fusion method described 
in this paper show that most X, Y, and Z coordinate differences range from 3 to 20 mm, 
with point position errors ranging from 14 to 28 mm (RMSE of 20.8 mm, MAE of 20.3 mm), 
representing an improvement in accuracy of approximately 8 mm compared to the UAV 
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method. For reference, the X, Y, and Z coordinate differences in traditional full-fusion 
methods typically range from 3 to 23 mm, with point position errors ranging from 13 to 
28 mm (RMSE of 20.6 mm, MAE of 20.1 mm), which is roughly on par with the accuracy 
of the method described in this paper. 

For the eight external validation GCPs, the differences between the model results and 
the RTK measurements are detailed in Table 2. As shown on the left side of Table 2, the 
differences in X, Y, and Z coordinates between the UAV modeling results and the GCPs 
mostly range from 13 to 29 mm, with point errors ranging from 36 to 42 mm (RMSE of 
38.2 mm). The middle section of Table 2 shows that the differences between the results of 
the proposed fusion method and the validation points in the X, Y, and Z directions are 
primarily concentrated between 6 and 24 mm, with point errors ranging from 25 to 34 mm 
(RMSE of 29.1 mm), representing an improvement of approximately 9 mm in accuracy 
compared to the UAV method. The right side of Table 2 also presents the statistical results 
of the traditional full-fusion method. It shows that the differences in the X, Y, and Z coor-
dinate range from 6 to 26 mm, with point errors ranging from 24 to 34 mm (RMSE of 28.6 
mm), and its accuracy is comparable to that of the method described in this paper. 

Field measurement validation indicates (Tables 3 and S2 in the Supplementary Ma-
terials) that the modeling results based solely on UAV images exhibit significant devia-
tions from actual measurements. For most of the 48 target groups, the absolute error 
ranges from 30 to 60 mm, with substantial positive and negative fluctuations, indicating 
the presence of both systematic and random errors. By introducing key ground-based im-
ages for fusion optimization, the measurement deviations in the proposed method con-
verged significantly. For more than 80% of the detected targets, the error was controlled 
within ±20 mm, and the degree of dispersion was significantly reduced. Compared with 
traditional full-fusion methods, the measurement accuracy of the proposed method is es-
sentially equivalent (the deviation distributions of the two are similar; each has its own 
advantages and disadvantages, and the RMSE difference is minimal). However, the data-
processing volume, point cloud generation time, and memory consumption are all signif-
icantly reduced. This indicates that the key image-selective fusion strategy proposed in 
this paper effectively eliminates redundant ground images, achieving a good balance be-
tween accuracy and efficiency while maintaining the geometric measurement accuracy of 
complex historic district scenarios, thereby demonstrating greater practical applicability 
in engineering. 

Overall, this “air-ground-human” multi-platform collaborative model achieves sig-
nificant improvements over traditional UAV-based 3D modeling methods. This solution 
utilizes UAV images as the foundational layer for 3D modeling, identifies distorted re-
gions where UAV-based modeling is suboptimal, and fuses ground-based smartphone 
photography data to generate a 3D model with higher precision and richer textural infor-
mation, which is well-suited for promoting high-precision 3D modeling applications in 
historic cultural districts. 

5. Conclusions 
Historical cultural districts serve as the core carriers of urban cultural heritage, mak-

ing the establishment of refined 3D models crucial. While traditional UAV oblique photo-
grammetry can provide high-precision data, it faces significant limitations in narrow al-
leys, high-density building areas, and obstacle-dense historic districts. This paper pro-
poses a technical framework based on “air-ground-human” multi-platform collaborative 
data acquisition and fused air-ground adjustment. It can effectively address issues such 
as narrow alleyway obstructions, texture loss, and insufficient accuracy in 3D modeling 
of complex historical cultural districts. Moreover, it can achieve high-precision 3D real-
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scene modeling for such regions, significantly enhancing application efficiency and accu-
racy of UAV oblique photogrammetry. 

Using the case study of 3D real-scene modeling in Zaoerxiang, experimental results 
demonstrate that the fused model significantly enhances the integrity of texture infor-
mation and the accuracy of the point cloud. It provides a technical framework that can 
serve as a reference for the digital preservation of similar historical districts. When using 
the method described in this paper for 3D modeling of historical cultural districts, adjust-
ments must be made to accommodate the following situations. If the study area shows 
significant textural variations or spatial heterogeneity, it is recommended to implement 
zoned modeling based on architectural texture characteristics and the modeling scope. If 
field data collection cannot be completed in a single session, GCPs should be properly 
preserved, and subsequent data collection should be completed during periods with sim-
ilar weather and lighting conditions to ensure geometric and radiometric consistency 
across multiple data sets. 

Future studies will focus on adaptive identification and precise localization of dis-
torted regions within deep learning frameworks, enhancing the adaptability of methods 
for determining optimal threshold parameters, minimizing reliance on external data, and 
combining with multi-temporal image fusion to achieve refined 3D temporal reconstruc-
tion. Ultimately, they will provide quantifiable, replicable technical pathways and empir-
ical evidence for authentic preservation, scientifically informed restoration sequencing, 
and minimally invasive interventions in historic cultural districts. 

In addition, research on the 3D modeling of historical cultural districts will focus on 
four key areas: artificial intelligence-driven adaptive data collection, joint physical-data 
distortion identification, semantic-level multimodal fusion, and path planning with regu-
latory compliance. Through this research, it is anticipated that existing multi-technology 
integration will be surpassed, leading to genuine methodological breakthroughs. 

Supplementary Materials: The following supporting information can be downloaded at 
https://www.mdpi.com/article/10.3390/rs18132171/s1; Figure S1: Schematic diagram of field data 
collection for multi-platform collaborative 3D real-scene modeling. Figure S2: Zaoerxiang imagery 
base map and UAV flight path (yellow dashed line). Figure S3: Ground markers, surveying equip-
ment, GCPs coordinate measurement photos, and smartphone photography routes. (a) Diagonally 
symmetrical rectangular ground markers and centrally symmetrical triangular ground markers. (b) 
Close-up of “Southern Galaxy 1 RTK” surveying equipment. (c) Fieldwork photos of measuring 
GCP coordinates. (d) Regional satellite imagery (sourced from Google Earth), with the smartphone 
photography route marked by solid yellow lines. Figure S4: The RGB color information of the se-
lected sub-file in the 3D modeling results of the UAV imagery for Zaoerxiang. Due to storage limi-
tations for result presentation, this result is a 1:100 downsampled version of the model result. Figure 
S5: The greyscale color information of the selected sub-file of the 3D modeling results of the UAV 
imagery for Zaoerxiang. Due to storage limitations for result presentation, this result is a 1:100 
downsampled version of the model result. Figure S6: A 32 × 32 sub-block generated by downsam-
pling the grayscale image of the selected UAV-derived 3D modeling sub-region in Zaoerxiang, us-
ing a quadtree method. Due to storage limitations for result presentation, this result is a 1:100 
downsampled version of the model result. Figure S7: 3D real-scene model based on UAV images 
and samples of distorted regions. (a) 3D real-scene model from UAV images. Subfigures (b–d) show 
samples of distorted regions caused by tree obstruction, narrow alleyways, and rich textures, re-
spectively. Figure S8: RGB color information of the selected sub-file in the 3D modeling results of 
the UAV imagery. Due to storage limitations for result presentation, this result is a 1:100 downsam-
pled version of the model result. Figure S9: Greyscale color information of the selected sub-file in 
the 3D modeling results of the UAV imagery. Due to storage limitations for result presentation, this 
result is a 1:100 downsampled version of the model result. Figure S10: A 32 × 32 sub-block generated 
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by downsampling the grayscale image of the selected UAV-derived 3D modeling sub-region of 
Jinye using a quadtree method. Due to storage limitations for result presentation, this result is a 
1:100 downsampled version of the model result. Figure S11: Variation in the values of parameters 𝐼ଵ and 𝐼ଶ for different 𝑛ଷ and 𝑛ସ parameters. Figure S12: Variation in the values of parameters 𝐼ଵ and 𝐼ଶ for different 𝑛ଵ and 𝑛ଶ parameters. Figure S13: Variation in the values of parameters 𝐼ଵ and 𝐼ଶ for different 𝑛ଷ and 𝑛ସ parameters. Table S1: Statistical comparison of RTK-measured 
coordinates and 3D modeling results using UAV images, the proposed method, and the traditional 
method (which fuses all ground-based smartphone images and UAV images for 3D modeling) at 12 
internal modeling GCPs. Figure S14: Scene of on-site measurement of architectural details in the 
Zaoerxiang historic district. Table S2: Statistical comparison of field measurement results for 36 tar-
gets versus measurements obtained using UAV modeling, UAV-fusion of all ground-based 
smartphone images, and the method proposed in this paper. 
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