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Abstract: With the growing need for precise extraction and digital documentation of urban historical landscape elements,
such as ancient building brackets, city wall textures, traditional street layouts, and stone inscription patterns, this study
proposes a novel extraction algorithm based on improved polarized self-attention and enhanced neural radiance fields. It
tackles technical challenges by jointly optimizing 3D scene representation and fine-grained feature extraction, enabling
accurate and robust element identification in complex environments. Tests on real-world urban historical landscapes show
that the model outperforms existing methods. For 3D digital documentation of ancient building brackets, it achieves an
average error of 0.9 to 1.8mm, detail completeness of 93.8% to 99.8%, and texture clarity above level 4.2. In wall texture
recognition, accuracy exceeds 96.9%, with lesion localization errors of 1.2 to 2.8cm. The method significantly improves
extraction precision and anti-interference capability. It not only extracts elements accurately but also generates 3D semantic
models, offering core technical support for historical landscape restoration and urban heritage management. This provides
a new technological pathway for digital preservation and sustainable urban development.

Keywords: Polarized self-attention mechanism, neural radiance fields, urban historical landscape element extraction, three-
dimensional scene representation, multi-source data.
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1. Introduction

Rapid urban expansion poses unprecedented challenges to the protection and inheritance of historical urban landscapes.
The urban historical landscape system encompasses multi-dimensional indicators, including architectural styles, cultural
heritage, and ecological environments, among which complex interactions and dynamic changes exist (Zhou et al., 2023).
Therefore, the precise identification and extraction of urban historical landscape elements are of significant importance for
preserving urban characteristics, promoting cultural heritage, and achieving sustainable development (Yarza Pérez and
Verbakel, 2025). However, traditional image analysis methods and single deep learning models often encounter issues, like
inaccurate feature extraction and limited recognition accuracy, when processing high-resolution, multi-source,
heterogeneous urban historical landscape data (Hasanvand et al., 2023).

Neural Radiance Fields (NeRF) represent a method for 3D scene representation and rendering. It utilizes a deep neural
network to learn the continuous volumetric density and color radiance of a scene, thereby finding widespread applications
in 3D scene reconstruction (Wang et al., 2023; Zhu et al., 2025). For instance, Huang et al. (2024) addressed the issue of
devices inability to effectively render high dynamic range scenes by proposing a NeRF-based method. Experimental
validation demonstrated that the proposed method not only accurately synthesized views but also rendered them naturally.
Sun et al. (2023) aimed to further enhance the practical value of NeRF and introduced a framework integrating a
Transformer with NeRF. This framework achieved its goals by identifying target 3D bounding boxes using NeRF, and the
results indicate that the proposed framework outperformed traditional methods. To address degraded quality in novel view
synthesis caused by severe geometric constraints in NeRF, Chen et al. (2023) proposed a solution based on StructNeRF.
Experimental results showed that the proposed solution outperformed other methods.

The Polarized Self-Attention (PSA) mechanism can adaptively focus on key information within input data and serves
as an attention mechanism in deep learning for processing image and sequential data (Qi et al., 2024; Feng et al., 2023).
Wang et al. (2024) addressed the challenge of ship visual detection in sea fog environments by proposing a detector based
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on a PSA and a pyramid network, trained on datasets. Experiments demonstrated that the proposed detector exhibited
superior performance metrics. Liu et al. (2023) targeted the complex computations in pose estimation networks by
proposing a lightweight pose estimation network based on PSA, which reduced feature loss. Experiments indicated that the
proposed pose estimation network achieved high accuracy.

In summary, NeRF exhibits issues of low efficiency and susceptibility to overfitting, while PSA, although capable of
adaptively focusing on key information, overly relies on local information (Jing et al., 2023). Therefore, this study
optimizes PSA by introducing Atrous Spatial Pyramid Pooling (ASPP) and then integrates it with Improved Neural
Radiance Fields (INeRF), ultimately resulting in a method for extracting urban historical landscape elements based on
INeRF-Improved Polarized Self-Attention (IPSA). This study aims to enhance the model’s ability to capture the multi-
dimensional features of urban historical landscapes, thereby enabling precise identification and extraction of landscape
elements. The innovation of the research is that, for the first time, polarized self-attention is combined with NeRF to extract
historical landscape elements, and the advantages of INeRF in three-dimensional scene reconstruction and the feature-
focusing ability of IPSA are combined to achieve accurate identification of landscape elements. The integration of these
two approaches not only improves the accuracy of feature extraction but also enhances the model's adaptability to complex
changes in urban environments, providing scientific evidence and technical support for the protection and planning of urban
historical landscapes.

2. Methods and Materials
2.1. Construction of a 3D Scene Representation Model for Urban Historical Landscapes Based on INeRF

The 3D representation of urban historical landscapes offers an intuitive perspective, holding significant importance for the
protection and preservation of urban cultural heritage, as well as for enhancing the quality of urban planning and design.
NeRF technology demonstrates notable advantages in constructing 3D scene representation models. With its ability to
synthesize new viewpoint images from sparse views, NeRF enables high-quality 3D reconstruction without the need for
complex geometric modeling, making it suitable for handling complex, detail-rich scenes such as urban historical
landscapes (Zhang et al., 2024; Guo et al., 2024). The operation of NeRF is illustrated in Fig. 1.
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Fig. 1. NeRF’s operational diagram

In Fig. 1, the input images are processed by a Multi-layer Perceptron (MLP), which outputs the volume density and
color information of the scene. This information is utilized in the volume rendering process, where new viewpoint images
are synthesized by calculating the interaction between light rays and the scene. Subsequently, by comparing the rendered
and real images, the loss function is computed to guide the optimization of model parameters. This process enables the
precise reconstruction of the 3D structure and appearance of urban historical landscapes, achieving high-quality 3D scene
representation (Han et al., 2023; Naumann et al., 2024). Features are encoded using sine and cosine functions of different
frequencies to capture their periodic and multi-scale characteristics, as shown in Eq. (1).

M(m)= (sin(2°7rm),cos(2°7zm),...,sin(2”’1ﬂm),cos(2”’l7rm)) €))

In Eq. (1), M (m) denotes a certain feature representation of the input parameter m (such as the position or

orientation of a point in the scene). The n denotes the length of the feature vector, which determines the richness of
features input into the neural network. The MLPs are interconnected through weights and introduce nonlinearity via
activation functions, thereby aiding NeRF in processing data with complex spatial or temporal structures (such as sequential
data or images) (Chen et al., 2023). The MLP structure receives multi-view image data through its input layer, extracts key
features in the hidden layers, and generates precise 3D scene representations through the output layer. These representations
encompass both geometric and appearance attributes of the scene, thus providing high-quality 3D reconstruction and
visualization means for the digital preservation and display of cultural heritage (Yao et al., 2023; Zhou et al., 2023). This
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feature representation, serving as input to the deep neural network, facilitates the learning of the scene’s volume density
and color radiance, enabling high-quality 3D scene rendering that synthesizes new views from sparse views. Subsequently,
the color along the ray path from the camera to a given point in the scene is calculated by integrating the color contributions
and density information at each point along the ray path to generate the final image, as shown in Eq. (2).

K(p)=], X (x)5(p(x))k(p(x).b)dx @)

In Eq. (2), K ( p) represents the true color along the ray p emanating from the camera, which is the color observed
from the data. IXI denotes the integral of the ray from the near endpoint x, to the far endpoint x,. & ( p(x)) is the

volume density along the ray p at position x, serving as a measure of the material distribution in the scene. X (x) is
the transmittance from the starting point of the ray to position x, indicating the proportion of light that has not been

absorbed from the starting point to position x. k( D (x),b) represents the color radiance along the ray p at position
x. b is the viewing direction. The transmittance X (x) is used to adjust the color contribution along the ray path to
reflect the attenuation of light in the medium, as shown in Eq. (3).

X(x)=exp(-] (p(v))av) 3)

~o

InEq. (3), 0 ( p(v)) represents the volume density at position v alongray p . Itserves as a metric for the material
distribution within the scene, influencing the propagation and scattering of light. @v is the infinitesimal distance element,
indicating the infinitesimal path length along ray p . Subsequently, by integrating the color and density information along
the ray path and calculating the cumulative final color along ray p through summation, realistic reconstruction and
rendering of complex scenes are achieved, as shown in Eq. (4).

Ki(p)=Y" X, Bk B =1-e"" ()

In Eq. (4), K ( p) represents the foreground color calculated along ray P starting from the camera, which is the

color predicted by the model. B is the color contribution coefficient of the sth sampling point. & is the sampling

interval of the s th sampling point, namely the distance from this point to the next sampling point. By minimizing the loss
function, the predicted color is made to approximate the truly observed color, thereby enhancing the model’s accuracy in
representing the 3D scenes of urban historical landscapes and generating more realistic rendered images, as shown in Eq.
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In Eq. (5), Z denotes the set of all rays. K ( p) represents the background color calculated along ray 2 . || ||z is

the square of the Euclidean norm, which is used to compute the distance between vectors. NeRF is widely applied in the
reconstruction of 3D scenes. However, when the scene is relatively complex and the amount of data is limited, NeRF may
overfit the training data. Meanwhile, the rendering quality of NeRF is highly dependent on the sampling strategy (Qu et
al., 2024; Zhou et al., 2023). Therefore, this study introduces the Stochastic Structural Similarity Loss (S3IM) to optimize
NeRF, and the operation of INeRF is illustrated in Fig. 2.

In Fig. 2, minimizing the S3IM loss enables the model to learn a more realistic scene representation, thereby generating
higher-quality rendered images of 3D scenes. The calculation formula for S3IM is shown in Eq. (6).

S3IM (4, 4) :ézclSSIM( g (K).g" (K)) 6)

In Eq. (6), S3IM (Z,A) represents the stochastic structural similarity metric between the image A rendered by the
model and the real image A . é denotes the average value obtained from A sampling results, which is used to reduce

randomness and enhance the stability of evaluation. g(c) (E) is the ¢ th image patch randomly sampled from the image

K rendered by the model. g(") (K ) is the ¢ th image patch randomly sampled from the real image K .
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Fig. 2. Operation of IneRF

Finally, the model’s performance is optimized by combining the traditional loss function J and the structural

similarity loss J,,, (Z) , as shown in Eq. (7).

Jall(A):J+77Js31M (A> (7
In Eq. (7), n serves as a weight parameter, which is used to balance the contributions between the traditional loss

function J and the structural similarity loss Jg;;, (Z) Ju (Z) represents the overall loss function of the model,

which combines the traditional loss function and the structural similarity loss for minimization during the training process.
In summary, the 3D scene representation model for urban historical landscapes based on INeRF is shown in Fig. 3.
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Fig. 3. Flowchart for the 3D scene representation model of urban historical landscapes

As can be observed from Fig. 3, multi-view image data is first collected and preprocessed. Subsequently, feature
extraction techniques are applied to obtain key information. Next, the NeRF model is initialized, and the S3IM loss function
is used to evaluate the structural similarity between the generated and actual images. Then, the model is trained using multi-
view images to minimize the loss. Ultimately, an accurate 3D scene representation of urban historical landscapes is
achieved.

2.2. Construction of an Urban Historical Landscape Element Extraction Method Based on INeRF-IPSA

The 3D scene representation model, built on INeRF, accurately captures the spatial structure and appearance details of
urban historical landscapes, providing an intuitive, rich 3D data foundation for element extraction. However, when dealing
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with fine-grained elements in historical landscapes, such as the wood texture of ancient buildings and the patterns on stone
inscriptions, relying solely on the geometric and appearance representation of the scene makes it difficult to efficiently
focus on and precisely capture these key features. In contrast, PSA can adaptively focus on information across both channel
and spatial dimensions of feature maps, selectively strengthening key regional features while suppressing redundant
information, thereby further addressing the shortcomings of INeRF in fine-grained feature extraction (Wu et al., 2023). The
operation of PSA is shown in Fig. 4.
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Fig. 4. PSA operating chart

In Fig. 4(a), PSA enhances feature representation capability by combining spatial attention and channel attention. Spatial
attention and channel attention are typically computed in parallel, and then their outputs are combined to obtain richer
feature representations (Jamshidi et al., 2023). This combination enables the model to consider both channel and spatial
information of features simultaneously, thereby improving its performance and generalization (Xie et al., 2024). Fig. 4(b)
illustrates series fusion, which helps the model optimize features through stepwise processing. Channel attention allows
the model to adaptively focus on different channels in the input feature map, thereby enhancing key features while
suppressing unimportant ones, as shown in Eq. (8).

R (V)= Frms| Qe (01(Q0 (1)) * F s (24 (1)) ] ®)

In Eq. 8), R, (Y ) represents the channel attention of the input feature map Y. fg,,.q 1 the Sigmoid activation

function, which maps the input to the [0,1] interval and calculates the attention weights. QH\% is a weight matrix with

parameter ¢, used to map the channel attention to the feature space. ¢, (Q[Z (Y )) is obtained by performing a 1x1
convolution operation (., on the input feature map Y and then conducting tensor reconstruction using the
reconstruction operator ¢ to adapt to subsequent operations. 750ﬁmax is the Softmax normalization function, which
converts the input into a probability distribution in the attention mechanism. ¢, (Q N (Y )) is also obtained by performing
a 1x1 convolution operation Q, on the input feature map Y and then conducting tensor reconstruction using the

reconstruction operator ¢, to adapt to subsequent operations. Additionally, the purpose of spatial attention is to enable the

model to adaptively focus on different spatial positions in the input feature map, thereby enhancing key features and
suppressing unimportant ones, as shown in Eq. (9).
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In Eq. 9), R, (Y ) represents the spatial attention output of the input feature map Y. f

pooling

denotes the global

pooling operation, which is used to aggregate spatial information within the feature map. ¢, is the reconstruction function,

employed to adjust the dimensions or format of the feature map so that it is suitable for subsequent multiplication operations.
Subsequently, by fusing channel and spatial attention in parallel, the model can more effectively utilize the information
within the feature map, enabling a more comprehensive understanding of the input feature map while capturing both global
and local feature information, as shown in Eq. (10).

Fpa(Y) =Ich+lsp =Rch(Y)9y+Rsp(Y)gY (10)

In Eq. (10), F, (Y ) represents the feature map Y that has undergone processing through the PSA mechanism. 7,
and [, are the feature maps enhanced by channel and spatial attention, respectively. G) denotes the element-wise

multlpllcatlon along the channel dimension, used to apply channel attention weights to each channel of the feature map.

© is the element-wise multiplication along the spatial dimension, used to apply spatial attention weights to each spatial
sp

location of the feature map. In series fusion, channel attention first adjusts the channel weights of the feature map, and then
spatial attention further adjusts the result along the spatial dimension. This step-by-step processing aids the model in

gradually optimizing feature representations and better capturing the hierarchical structure of features, as shown in Eq. (11).
Foo¥) = Iip(Ia) = Rep (Ru() O ¥) O Ry (1) O ¥ (n
ch sp ch
In Eq. (11), F,, (Y ) represents the series fusion operation. In the feature enhancement module, the Sigmoid function
is utilized to adjust the importance or weights of features, as shown in Eq. (12).

fSigmoid (Y) = 1

l+e”

(12)

In Eq. (12), the Sigmoid function enables better capture of crucial information within the input data and demonstrates
greater flexibility and adaptability when managing complex tasks. Additionally, when the function values approach 0 or 1,
its derivative approaches 0. The derivative of the Sigmoid function facilitates stable convergence of the network, as shown
in Eq. (13).

-Y
e

fSigmoid’ (Y) =T (13)

(1 +e’ )2

In Eq. (13), the derivative of the Sigmoid function is not only used for gradient calculation but also enables self-
adjustment by updating weights during the backpropagation process. PSA exhibits deficiencies in capturing features at
different scales and may encounter issues such as information loss or inadequate feature representation when processing
images with complex structures. These problems restrict the model's performance in recognition and classification tasks.
Therefore, to address these issues, the study introduces ASPP to enhance the model's perception of multi-scale features. By
employing pooling operations at different scales, ASPP captures richer contextual information, thereby improving the
robustness and accuracy of feature representation (Matos et al., 2024). The structure of ASPP is shown in Fig. 5.

In Fig. 5, the ASPP module captures features of different scales and densities in an image by applying multiple dilated
convolutional layers with different dilation rates in parallel, along with a global average pooling layer. This ability to extract
multi-scale features is crucial for enhancing the performance of the feature enhancement module, especially when dealing
with images that have complex structures and varying scales (Das et al., 2024). Through this approach, ASPP optimizes
PSA, enabling it to process and understand input data more effectively, as shown in Eq. (14).

Gu = Ga—l +(j_1)*Ho—1 (14)

In Eq. (14), G,_, represents the feature maps at the o —1th layer before processing by the ASPP module, and these
feature maps have undergone processing through the PSA mechanism. G, denotes the feature maps at the o th layer

after processing by the ASPP module, which enhances the model’s ability to capture multi-scale information by combining
features from different scales and sampling rates. j is the size of the convolution kernel. H__, refers to the feature maps

o-1
at the o—1th layer after specific processing, where information from different scales is captured through different
branches and then combined to enhance the feature representation. By calculating the output dimensions of the feature
maps after dilated convolution, the module can adapt to input feature maps of varied sizes and flexibly adjust the receptive
field size, as shown in Eq. (15).
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G=(u—-1)*(j-1)+ (15)

In Eq. (15), u represents the dilation rate, which defines the spacing between elements in the convolution kernel. It
enables the capture of a broader range of contextual information by increasing the receptive field of the convolutional
kernel without adding to the number of parameters. Therefore, the operation of the IPSA-based feature enhancement
module is illustrated in Fig. 6.
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In Fig. 6, optimizing dilated convolution enhances the capability to capture multi-scale information. Meanwhile, during
the feature fusion stage, the PSA module is introduced to perform weighted processing across both channel and spatial
dimensions, further improving the expressive power of the features. Consequently, the study constructs a 3D scene
representation model for urban historical landscapes using INeRF, clearly restoring the spatial structure and appearance
details of the landscapes. Additionally, by optimizing PSA with ASPP, a feature enhancement module capable of accurately
capturing fine-grained features is developed, addressing the deficiencies of traditional methods in feature focusing and
multi-scale perception. To meet the requirements of urban historical landscape element extraction tasks in practical
operations, the study proposes an urban historical landscape element extraction method based on INeRF-IPSA, as shown
in Fig. 7.
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Fig. 7. Flowchart of the INeRF-IPSA-based method for extracting urban historical landscape features

In Fig. 7, through rational process design, the 3D scene data provides spatial support for feature extraction, while the
enhanced feature information, in turn, facilitates the accurate identification and localization of elements within the scene,
forming a complete technical closed loop that spans from scene modeling to feature optimization and then to element
extraction. This method can provide a three-dimensional model with millimeter-level accuracy, clearly restore component
details and disease locations, and accurately meet the data needs of heritage protectors during the restoration process. At
the same time, the output three-dimensional semantic model captures the patterns of historical streets, lanes and
architectural features and can be seamlessly imported into planning and design software, providing urban planners with an
intuitive and efficient design reference. In addition, for inscriptions and ancient building components, this method can
achieve high-precision texture restoration with high texture clarity. It also has text recognition capabilities that can quickly
assist in creating digital collections and support online exhibitions and academic research in cultural museums. In practical
applications, this method only requires the collection of multi-view images to quickly produce 3D models and feature data.
It can replace traditional manual surveying and mapping, shorten the survey cycle and improve data accuracy. INeRF-IPSA
provides objective data support for protection level assessment and restoration priority sorting by quantitatively outputting
indicators such as completeness of details and degree of weathering. In addition, this method can dynamically monitor the
restoration effect and changes in the status of landscape elements, enabling timely adjustment of protection measures. The
output 3D semantic model can be widely used across scenarios such as archiving, restoration, planning and display, without
the need to repeatedly collect data, thereby reducing overall costs and improving work efficiency. Therefore, protection
engineers can use this system to efficiently detect structural deterioration and quickly identify damaged parts and their
severity through accurate 3D models and quantitative indicators, and then prioritize repair work and rationally allocate
resources to ensure the stability and safety of key structures. At the same time, the system’s real-time monitoring function
enables engineers to continue tracking the restoration's progress, ensuring the quality and efficiency of the work and further
improving the overall effectiveness of heritage protection. In summary, INeRF-IPSA uses quantitative data and visual
models to help different users simplify decision-making, reduce operational costs, and truly realize the deep integration of
technology and heritage management practices.

3. Results
3.1. Performance Validation and Comparative Analysis of the INeRF-IPSA Model

To validate the performance and superiority of the proposed INeRF-IPSA model, a comprehensive comparative analysis
was conducted from multiple dimensions, including model convergence efficiency, element extraction accuracy, and 3D
reconstruction quality. To ensure the scientific rigor and meticulousness of the experiments, three currently mainstream
and representative models were selected as comparison benchmarks: the NeRF model, the Multi-view Stereo Network
(MVSNet) model, and the Polarized Neural Radiance Fields (Polarized-NeRF) model. The ETH3D dataset was chosen for
the experimental data, as it contained high-resolution architectural and outdoor scenes, making it suitable for fine-grained
extraction and 3D reconstruction tasks of urban historical landscape elements. During data processing, the selected image
sequences underwent uniform preprocessing, including image size normalization, illumination correction, and camera
parameter calibration, to ensure consistent input data. All experiments were conducted on a server equipped with an
NVIDIA RTX 3090 GPU, and the testing platform was built based on the PyTorch deep learning framework. The study
initially focused on the training efficiency and stability of the models, verifying the robustness and efficiency of the INeRF-
IPSA model by evaluating its performance across multiple independent training sessions. The specific test results are shown
in Fig. 8.

As shown in Fig. 8(a), the INeRF-IPSA model demonstrated significant advantages in training efficiency and
convergence stability. Across multiple experiments, its median training time was only 21.5 hours, substantially lower than
that of Polarized-NeRF (29.8 hours), NeRF (34.2 hours), and MVSNet (38.5 hours). Meanwhile, the INeRF-IPSA model
exhibited the smallest range for both the box and whiskers, with its median final loss value stabilizing at an extremely low
level of 0.030. In contrast, the median final loss values for Polarized-NeRF, NeRF, and MVSNet were 0.040, 0.050, and
0.060, respectively, with more dispersed data distributions. This indicated that the INeRF-IPSA model not only converged
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faster but also consistently achieved higher accuracy, demonstrating exceptional robustness. As illustrated in Fig. 8(b),
during the initial training phase, the loss values of all models declined rapidly, but the curve for the INeRF-IPSA model
dropped more steeply, indicating a faster convergence trend. Ultimately, the loss value of the INeRF-IPSA model stabilized
at approximately 0.03, whereas the Polarized-NeRF, MVSNet, and NeRF models converged to approximately 0.04, 0.06,
and 0.05, respectively. This demonstrated that the INeRF-IPSA model not only converged rapidly but also achieved lower
loss values, highlighting its higher accuracy and stronger robustness in extracting elements from urban historical landscapes.
The study further validated the extraction capabilities of each model for fine-grained elements, such as ancient architectural
bracket sets, ancient city wall textures, and historical stele patterns, and quantified the impact of dynamically changing
element complexity on each model’s extraction accuracy. The specific test results are shown in Fig. 9.
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As shown in Fig. 9(a), the INeRF-IPSA model ranked first in pixel-level semantic matching accuracy across all element
complexity levels from one to five. At level one, it achieved 94.2%, and at level five, it maintained 86.3%, representing
only a 7.9% decline. In contrast, Polarized-NeRF, NeRF, and MVSNet experienced declines of 11.0%, 16.0%, and 16.8%,
respectively, with lower accuracy at each complexity level compared to INeRF-IPSA. Additionally, the INeRF-IPSA model
exhibited the shortest error bars, indicating optimal performance stability. As illustrated in Fig. 9(b), the INeRF-IPSA model
achieved median accuracies of 90.1%, 95.0%, and 88.0% for extracting ancient architectural bracket sets, ancient city wall
textures, and historical stele patterns, respectively, with the most concentrated data distribution. MV SNet demonstrated the
lowest median accuracy across all elements and had the highest number of outliers. Polarized-NeRF and NeRF fell between
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the two in terms of accuracy and data stability, fully validating the superiority of INeRF-IPSA in fine-grained element
extraction. The study further conducted a quantitative evaluation of the reconstruction quality of each model in complex
environments. This set of experiments aimed to assess the performance of each model under varying illumination, occlusion,
and scene-complexity conditions. The specific test results are shown in Fig. 10.
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Fig. 10. Comparing 3D reconstruction of urban historical landscapes under environmental interference

As shown in Fig. 10(a), the INeRF-IPSA model consistently achieved the highest Structural Similarity Index Measure
(SSIM) values. Under standard lighting conditions, it reached 0.93, which decreased to 0.90 in low light and 0.85 in strong
backlight, representing a decline of only 8.6%. Polarized-NeRF followed, with an SSIM of 0.78 in a strong backlight.
NeRF and MVSNet performed worse, with SSIM values of 0.75 and 0.71, respectively, in strong backlight, showing
declines exceeding 13%. As illustrated in Fig. 10(b), when faced with environmental occlusion, the INeRF-IPSA model
still outperformed the others, achieving SSIMs of 0.91 under mild occlusion and 0.82 under severe occlusion, representing
a 9.9% decline. Polarized-NeRF reached 0.74 under severe occlusion, while NeRF and MVSNet achieved 0.68 and 0.66,
respectively, with declines exceeding 15%. These results fully validated the outstanding resistance of the proposed model
to interference from complex environments. As depicted in Fig. 10(c), as scene complexity increased, reconstruction errors
rose for all models, but the INeRF-IPSA model exhibited the smallest increase in error, with the most gradual curve. Even
in the most complex scenes, the reconstruction error of the INeRF-IPSA model was only 0.025, significantly lower than
0.04 for Polarized-NeRF and 0.06 and 0.065 for NeRF and MVSNet, respectively. This indicated that the INeRF-IPSA
model, through its unique representation and feature enhancement techniques, could more effectively manage high-
frequency details and complex geometric structures, ensuring high-quality 3D reconstruction in historical landscape scenes
of varying complexity. To delve deeper into the performance improvements brought about by IPSA in the INeRF-IPSA
model, the study focused on analyzing its ability to extract details of historical landscape elements by comparing it with
the Polarized-NeRF model. The specific test results are shown in Fig. 11.
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Fig. 11. Performance comparison of different attention mechanisms

As shown in Fig. 11(a), when managing historical elements of varying complexity, the INeRF-IPSA model consistently
demonstrated superior accuracy compared to the Polarized-NeRF model. Particularly when dealing with highly complex
and detailed hollow-carved decorations on ancient buildings, the INeRF-IPSA model maintained an accuracy of around
90%, whereas the Polarized-NeRF model’s accuracy dropped to 85%. This indicated that the IPSA mechanism offered
significant advantages in capturing and reconstructing complex geometric details. As illustrated in Fig. 11(b), the INeRF-
IPSA model showed a faster decline in loss and ultimately converged to a lower loss level. By the 4000th iteration, the loss
value of the INeRF-IPSA model had decreased to approximately 0.002, while that of the Polarized-NeRF model remained
at 0.003. This demonstrated that the IPSA mechanism not only enhanced the model’s ability to capture details but also
accelerated convergence, thereby improving training efficiency and final reconstruction quality.

3.2. Analysis of the Application Effectiveness of the INeRF-IPSA Model in Real-World Scenarios

To verify the value and effectiveness of the INeRF-IPSA model in practical applications, a series of experiments was
designed to document and restore 3D elements of the urban historical landscape. The study aimed to evaluate the model's
performance in real, complex environments and the practicality of its outputs for cultural heritage preservation and urban
planning management. Initially, ancient architectural bracket sets were selected as the primary target for validating the
INeRF-IPSA model's performance in 3D digital documentation of complex components. As an iconic structural element in
traditional Chinese architecture, the intricate and sophisticated design of bracket sets imposes stringent requirements on
the accuracy and integrity of detail in 3D reconstruction. This experiment utilized the OpenHeritage 3D dataset, which
contains a large volume of high-precision 3D point cloud and texture data of ancient buildings. During data processing, the
collected bracket images underwent preprocessing, including illumination correction and camera parameter calibration, to
ensure the quality of the input data. Subsequently, the INeRF-IPSA model was employed to reconstruct and extract features
from these data, followed by a performance evaluation of the reconstructed 3D models. The final results are presented in
Table 1.

As shown in Table 1, the INeRF-IPSA model excelled at 3D digital documentation of bracket sets in ancient architecture,
achieving remarkable reconstruction accuracy and exceptional detail integrity. The model encompassed six typical
installation scenarios for bracket sets, caisson ceilings, eaves areas, terraces, corners, corridor pillars, and lintels, utilizing
a total of 34 datasets. The model’s mean error remained consistently between 0.9 and 1.8mm. Even for corner bracket sets
with intricate structures, the error remained exceedingly low, fully demonstrating its superior ability to restore the complex
geometric configurations of bracket sets. Regarding detail representation, the model maintained a texture clarity rating of
4.2 t0 5.0 and achieved a detail completeness rate ranging from 93.8% to 99.8%, enabling precise reproduction of the fine
textures and minute components of the bracket sets. Although the reconstruction time (38 to 78 minutes) increased in
tandem with the number of images (95 to 190), the quality of the 3D outputs consistently met the required standards, fully
satisfying the demands of practical documentation. To further assess the robustness and detail-capturing ability of the
INeRF-IPSA model in handling large-scale historical elements, an application experiment was conducted focusing on the
texture analysis and damage detection of ancient city walls. The Cologne-Klasse-2015 dataset was chosen for this study,
as it included complex stone textures and weathering patterns, making it suitable for simulating the real conditions of
ancient city walls. The images underwent preprocessing and calibration to ensure data accuracy. Subsequently, 3D
reconstruction and damage identification were performed on selected wall sections, and the final results are presented in
Table 2.
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Table 1. Application results of INeRF-IPSA model in 3D digital archiving of ancient building Dou-Gong

. Model Average Text}lre Detail File
Archiving Image . clarity . . .
Dou-Gong ID arca count reconstruction model (Level 1- integrity size
time(min) error(mm) 5) (%) (GB)
A-01 95 38 0.9 5.0 99.8 0.70
A-02 100 40 1.0 4.9 99.5 0.75
A-03 . 105 42 1.1 4.9 99.1 0.80
A-04 Caisson 110 44 1.2 4.8 98.7 0.85
ceiling
A-05 115 46 1.2 4.8 98.5 0.90
A-06 120 48 1.3 4.7 98.2 0.95
A-07 125 50 1.3 4.7 97.9 1.00
B-01 130 52 1.4 4.6 97.6 1.05
B-02 135 55 1.4 4.6 97.4 1.10
B-03 140 57 1.5 4.5 97.1 1.15
B-04 Eaves 145 59 1.5 4.5 96.8 1.20
B-05 150 61 1.6 4.4 96.5 1.25
B-06 155 63 1.6 4.4 96.2 1.30
B-07 160 65 1.7 4.3 95.9 1.35
C-01 100 41 1.0 4.9 99.3 0.76
C-02 105 43 1.1 4.9 99.0 0.81
C-03 110 45 1.1 4.8 98.6 0.86
Flat-seat
C-04 115 47 1.2 4.8 98.3 0.91
C-05 120 49 1.2 4.7 98.0 0.96
C-06 125 51 1.3 4.7 97.7 1.01
D-01 165 67 1.7 43 95.6 1.32
D-02 170 69 1.7 4.3 95.3 1.34
D-03 175 72 1.8 4.2 94.9 1.35
Corner
D-04 180 74 1.8 4.2 94.5 1.35
D-05 185 76 1.8 4.2 94.1 1.35
D-06 190 78 1.8 4.2 93.8 1.35
E-01 110 45 1.2 4.8 98.4 0.87
E-02 Corridor 115 47 1.2 4.8 98.1 0.92
E-03 column 120 49 1.3 4.7 97.8 0.97
E-04 125 51 1.3 4.7 97.5 1.02
F-01 135 56 1.4 4.6 97.0 1.12
F-02 . 140 58 1.5 4.5 96.7 1.17
Lintel
F-03 145 60 1.5 4.5 96.4 1.22
F-04 150 62 1.6 4.4 96.1 1.27

In Table 2, the INeRF-IPSA model demonstrated exceptional performance and robustness in the tasks of ancient city
wall texture analysis and damage detection. The model accurately identified complex wall textures with an impressive 98.5%
precision and effectively distinguished several types of damage, including weathering, cracking, moss growth, and spalling.
Moreover, the model maintained extremely low positioning errors for damage detection, ranging from 1.2-2.8cm.
Additionally, the model could quantitatively assess the degree of weathering, providing precise data to support routine
maintenance and scientific restoration of ancient city walls. Despite the relatively large data volume and reconstruction
time, the model still achieved an elevated level of detail with a resolution of 0.4—-0.6 millimeters per pixel, indicating that
the research approach could effectively address the digitalization challenges of large-scale historical landscapes.
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Subsequently, an application experiment was conducted to restore and manage 3D historical street layouts using the
Stanford 3D Semantic Dataset. This dataset effectively simulated the complex environments of historical streets by
including large-scale outdoor street scenes and architectural data, with specific application results presented in Table 3.

Table 2. Application results of INeRF-IPSA model in ancient city wall texture and damage detection

Dat Texture Dama

Wall Data a . recogniti Damage ge Weatheri Model
. . . Reconstructi . ng .
sectio point size . on type locatio . fineness(mm/pi
on time(h) . . quantifie
n S (GB accuracy identified n error d (%) xel)
) (%) (cm) ’
Fast- Weatheri
A 2500 52 6.5 98.2 ng, 1.5 15.3 0.5
cracking
Bast 3000 6.5 8.0 97.5 Moss, 2.1 8.9 0.6
B spalling
South Weatheri
(_’2 2200 4.8 6.0 98.5 ng, 1.2 12.1 0.4
spalling
South 5200 6.0 75 97.8 Cracking, 2.5 7.6 0.5
-B moss
West- Weatheri
A 2000 4.5 5.5 98.0 ng, 1.8 10.5 04
spalling
Cracking,
Wleg“' 3200 7.0 8.5 96.9 weatherin 2.8 18.2 0.6
g
Moss,
N_():h 2600 5.8 7.2 97.6 weatherin 2.0 9.7 0.5
g
North 5900 6.2 7.8 97.3 Cracking, 23 11.4 0.5
-B spalling

In Table 3, the INeRF-IPSA model achieved high-precision reconstruction of large-scale street scenes extending up to
180 meters, with the accuracy of the 3D models consistently maintained at 2.1-2.8cm. Meanwhile, the model demonstrated
strong semantic segmentation capabilities, achieving identification accuracy of over 94.7% for elements such as buildings,
memorial arches, and stone-paved roads, providing precise geometric and semantic information for subsequent urban
planning and landscape management. Although the reconstruction time increased with the number of images, the model's
update efficiency remained above 91.5%, demonstrating its ability to provide rapid responses and dynamic updates. These
results fully validated the robustness and efficiency of the INeRF-IPSA model in handling large-scale, complex historical
scenes. To evaluate the model’s capability to restore high-precision, highly detailed elements, the study conducted
application experiments in 3D pattern restoration and text recognition of historical stone inscriptions. The TUM-RGBD
dataset was employed, which contained numerous small objects and textures, effectively simulating the fine textures and
minute irregularities of stone inscriptions. The specific application results are presented in Table 4.

In Table 4, when the image resolution was set to 4K, the INeRF-IPSA model achieved reconstruction times of 32-40
minutes, with a model error of only 0.5-0.6mm. The texture restoration rate ranged from 97.5% to 98.5%, the text
recognition accuracy ranged from 94.1% to 95.2%, the minimum recognizable font size was 1.2 to 1.8 mm, and the file
size was 800 to 920 MB. After the resolution was upgraded to 8K, the model's reconstruction time extended to 55-65
minutes, and the file size increased to 1100-1200 MB. However, the model error decreased to 0.3-0.4mm, the texture
restoration rate improved to 98.8%-99.1%, the text recognition accuracy reached 96.0%—-96.5%, and the minimum
recognizable font size was reduced to 0.9—1.0mm. The data indicated that the INeRF-IPSA model achieved significant
improvements in precision with increased resolution. Even in 4K scenarios, it could meet the requirements for restoring
fine features of stone inscriptions, fully validating its reliability in the digital documentation of historical stone tablets.
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Table 3. Application results of INeRF-IPSA model in 3D reconstruction and management of historic streets

3D Semantic Model

Len Image Reconstr segmenta . Data
. Model . Recognizab update

gth sequenc uction Accurac tion le elements efficienc storage

(m) e time (h) accuracy y (GB)

Street
ID

Buildings,
JL-01 150 500 8.5 2.5 95.8 memorial 92.1 12.5
archways,

flagstones

Buildings,
ancient
JL-02 120 450 7.2 2.1 96.3 trees, 94.5 10.8
manhole
covers

Buildings,
gate towers,
stone
lanterns

JL-03 180 600 10.1 2.8 94.7 91.5 15.3

Buildings,
JL-04 135 520 9.0 2.3 95.9 memorial 93.8 13.0
archways,

streetlights

Buildings,
JL-05 160 550 9.5 2.6 95.4 ancient 92.9 14.1
trees,

storefronts

Buildings,
JL-06 140 480 8.8 24 96.0 streetlights, 93.5 11.8
flagstones

4. Discussion

In the task of extracting urban historical landscape elements, the INeRF-IPSA model demonstrated significant performance
advantages over comparative models. During tests of model convergence efficiency and 3D reconstruction accuracy, the
INeRF-IPSA model consistently achieved the lowest training loss. This approach shared similarities with the YOLO-MS
multimodal detection framework proposed by Xie et al. (2023), which enhanced detection accuracy through feature
interaction and self-attention fusion. However, the INeRF-IPSA model demonstrated even greater strengths, achieving far
superior convergence efficiency and model stability when managing multi-detailed, high-dimensional data characteristic
of urban historical landscapes, compared to competing models. In comparative experiments, the INeRF-IPSA model
followed a similar logic to the multi-view stereo vision framework proposed by Xu et al. (2024), yet outperformed it in
fine-grained feature capture. While the multi-view stereo vision framework addressed generalization issues, it focused
primarily on maintaining feature consistency across views without specific optimizations for fine-grained elements. In
contrast, the INeRF-IPSA model enhanced multi-scale feature perception by introducing ASP to optimize PSA, enabling
precise capture of subtle features such as ancient architectural bracket set textures and stone inscription patterns. This
effectively addressed the limitations of traditional models in fine-grained element extraction. When applied to real-world
urban historical landscape digitalization tasks, the INeRF-IPSA model further highlighted its performance advantages,
aligning with the direction of expanding adaptability and practicality proposed by Lei et al (2024). through intelligent mesh
generation technology. However, the INeRF-IPSA model surpassed it in scene adaptability and output precision. Although
intelligent mesh generation technology expanded the scope of mesh generation through machine learning, it lacked
optimizations for high-precision applications such as cultural heritage preservation. The INeRF-IPSA model, on the other
hand, not only accommodated the processing requirements of diverse historical landscape elements, such as bracket sets,
ancient city walls, streets, and stone inscriptions, but also produced high-precision 3D semantic models that fully met the
stringent accuracy demands of urban historical landscape digital documentation. In summary, this model not only provided
a superior solution for the extraction of urban historical landscape elements but also established a higher precision standard
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for the application of computer vision technology in cultural heritage digitalization, with significant practical value. Future
research could further optimize the model for extreme scenarios (e.g., severe weathering, dense occlusions) based on its
existing strengths, thereby expanding its application advantages in cultural heritage preservation.

Table 4. INeRF-IPSA model results for 3D restoration and text recognition of historical inscriptions

Inscription Image Recon. I\é[r(ﬁ:l Texture rest. recgenxiiion Mi:i.zféont File size
ID resolution  Time (min) (mm) Degree (%) Accu r‘i oy (%) (mm) (MB)
BK-01 32 0.6 97.5 94.1 1.8 800
BK-02 33 0.6 97.6 943 1.7 820
BK-03 34 0.6 97.7 94.5 1.6 840
BK-04 35 0.5 97.9 94.8 1.5 850
BK-05 4K 36 0.5 98.0 94.9 1.4 860
BK-06 37 0.5 98.1 95.0 1.3 880
BK-07 38 0.5 98.2 95.1 1.3 890
BK-08 39 0.5 98.4 95.2 1.2 910
BK-09 40 0.5 98.5 95.2 1.2 920
BK-10 55 0.4 98.8 96.0 1.0 1100
BK-11 56 0.4 98.8 96.1 1.0 1110
BK-12 9K 58 0.4 98.9 96.2 1.0 1130
BK-13 60 0.3 99.0 96.3 0.9 1150
BK-14 62 0.3 99.0 96.4 0.9 1180
BK-15 65 0.3 99.1 96.5 0.9 1200

5. Conclusion

To address the issues of inaccurate feature extraction and limited recognition accuracy exhibited by traditional image
analysis methods and single deep learning models when processing high-resolution, multi-source heterogeneous urban
historical landscape data, the study proposed an urban historical landscape element extraction method integrating INeRF
and IPSA. In comparative experiments on urban historical landscape element extraction, the INeRF-IPSA algorithm
achieved an extraction accuracy of 94.2% for elements at complexity level one, surpassing the Polarized-NeRF algorithm
(89.7%) by 4.5 percentage points and outperforming the NeRF algorithm (87.2%) and MV SNet algorithm (84.1%) by 7.0
and 10.1 percentage points, respectively. Further analysis of fine-grained element extraction accuracy revealed that the
algorithm achieved 95.0% precision in extracting ancient city wall textures, while maintaining extraction accuracies of
90.1% and 88.0% for intricately detailed ancient architectural bracket sets and historical stone inscription patterns,
respectively. Notably, in the challenging task of extracting openwork carvings on complex ancient buildings, the algorithm
demonstrated a precision of 90%, significantly higher than that of the Polarized-NeRF algorithm (85%). These results
validated the reliability of the INeRF-IPSA algorithm for fine-grained feature extraction and complex element pattern
classification, providing technical support for the precise mining of key elements in urban historical landscapes. The
INeRF-IPSA model exhibited outstanding performance in terms of optimized efficiency, feature extraction accuracy, and
practical application reliability, effectively overcoming the technical bottlenecks of traditional methods in extracting
historical landscape elements under complex conditions. It offered a novel approach for in-depth analysis and precise
modeling of urban historical landscape data. However, the research samples primarily relied on datasets such as ETH3D
and OpenHeritage 3D, resulting in limited coverage of urban historical landscapes with distinct regional characteristics
(e.g., streets in southern water towns and ancient buildings of ethnic minorities). Subsequent research could further expand
the sample scope by incorporating more diverse historical landscape data to provide more comprehensive technical support
for the preservation and transmission of urban historical contexts across a wider range of regions.
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