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Abstract: Digital elevation model (DEM), as the fundamental units of terrain morphology, are crucial
for understanding surface processes and land use planning. However, automated classification faces
challenges due to inefficient terrain feature extraction from raw LiDAR point clouds and the limitations
of traditional methods in capturing fine-scale topographic variations. To address this, we propose a
novel hybrid RNN-CNN framework that integrates multi-scale TPI features to enhance both DEM
generation. Our approach first models voxelated LiDAR point clouds as spatially ordered sequences,
using recurrent neural networks (RNNs) to encode vertical elevation dependencies and convolutional
neural networks (CNNSs) to extract planar spatial features. By incorporating TPI as a semantic con-
straint, the model learns to distinguish terrain structures at multiple scales. Residual connections refine
feature representations to preserve micro-topographic details during DEM reconstruction. Extensive
experiments in the complex terrains of Jiuzhaigou demonstrate that our lightweight hybrid framework
not only achieves excellent DEM reconstruction accuracy in both flat areas and complex terrains,
but also improves computational efficiency by more than 24.9% on average compared to traditional
interpolation methods, making it highly suitable for resource-constrained applications.

Keywords: convolutional neural network (CNN); recurrent neural network (RNN); Topographic
Position Index (TPI); light detection and ranging (LiDAR); digital elevation model (DEM)

1. Introduction

Digital Elevation Models (DEMs) play a crucial role in various geospatial applications that
significantly impact the study of the ecological environment and natural resourcese [1,2]. Despite
advancements in the use of high-resolution DEMs and Geographic Information Systems (GIS), automat-
ing the reconstruction of fine-scale DEM remains a complex and underexplored challenge. This issue
is particularly important because accurate reconstruction of DEM is critical for various applications
such as ecological modeling [3], risk analysis [4], and environmental management[5-8].Consequently,
the development of automated algorithms capable of transforming raw point cloud data into high-
precision DEMs is essential for improving the efficiency and accuracy of digital terrain modeling
workflows. [9].

Current methodologies for DEM reconstruction can be comprehensively categorized into three dis-
tinct and well-established main types: traditional interpolation methods, machine learning approaches,
and deep learning techniques, each representing different philosophical approaches to terrain modeling
and data processing. Traditional computational approaches, which include fundamental techniques
such as nearest neighbor interpolation [11] and linear interpolation methods, are characterized by their
computational simplicity and operational efficiency. These conventional methods have been widely
adopted due to their straightforward implementation and minimal computational overhead. However,
despite their practical advantages, they frequently encounter significant difficulties when attempting
to capture fine-scale terrain features and topographic details. Furthermore, these traditional methods
demonstrate notable inadequacy when confronted with the complex task of handling heterogeneous
landscapes that exhibit varying terrain characteristics and spatial complexity [12]. More sophisticated
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and technically advanced techniques have been developed to address some of these fundamental
limitations. These enhanced approaches encompass a range of methodologies including morpho-
logical filtering techniques [13], slope-based filtering algorithms [14] that utilize specific threshold
criteria for terrain classification, and comprehensive segmentation-based filtering algorithms [15] that
partition the landscape into distinct topographic units. While these advanced techniques demon-
strate measurably improved performance compared to their traditional counterparts, they continue
to exhibit significant sensitivity to data noise and environmental interference. Additionally, these
methods typically necessitate extensive manual preprocessing procedures and parameter tuning,
which can be both time-consuming and require substantial domain expertise [16].In response to these
persistent limitations and the growing demand for more robust solutions, machine learning-based
methodologies have progressively emerged as promising alternatives in the field of DEM generation.
These innovative approaches fundamentally reframe the DEM generation process as a sophisticated
regression problem that can be solved through statistical learning techniques. Advanced algorithms
including decision trees with hierarchical splitting criteria, support vector machines (SVM) with kernel-
based transformations [17], and random forests (RF) [18,19] ensemble methods have been successfully
implemented to tackle this challenge. These machine learning approaches strategically leverage a
diverse array of geospatial features including point density distributions, local slope characteristics,
and comprehensive neighborhood statistical measures to inform their predictive models [20-24].
While these machine learning methods demonstrate notable improvements in adaptability to com-
plex and varied terrain conditions, their practical effectiveness continues to be heavily dependent
on a fundamental assumption. This critical assumption requires that training datasets and testing
datasets maintain similar spatial distributions and geomorphological characteristics. Consequently,
this dependency significantly restricts their generalizability across different geographic regions and
terrain types. The performance of these methods exhibits considerable variation when applied across
different geomorphic regions with distinct topographic signatures. Moreover, maintaining large-scale
spatial consistency remains a persistent challenge that compromises the overall reliability of these
approaches [25-27].

With the unprecedented rapid advancement and maturation of deep learning technologies in
recent years, entirely new possibilities and opportunities have emerged for substantially improving
model generalization capabilities and enhancing spatial coherence in DEM reconstruction tasks [28-31].
Convolutional Neural Networks (CNNs) [32,33], which represent a paradigm shift in spatial data
processing, possess the remarkable ability to effectively capture complex two-dimensional spatial
patterns and hierarchical feature representations. This inherent capability enables these networks to
achieve superior learning of intricate topographic features and terrain characteristics [34]. Through
this enhanced learning capacity, CNNs successfully overcome many of the fundamental limitations
that have historically plagued traditional machine learning approaches in geospatial applications [35].
Although several pioneering research studies have demonstrated successful applications of deep
learning methodologies to high-resolution DEM reconstruction tasks [36—39], most of these studies
focus on reconstructing high-accuracy DEMs from low-accuracy DEMs. In contrast, only a few studies
have achieved the derivation of highly accurate DEMs from Digital Surface Models (DSMs) through
sophisticated neural network architectures [40]. However, despite these encouraging developments
and technological advances, the challenge of directly generating high-precision DEMs from raw LiDAR
point clouds continues to represent a significant and largely unresolved technical challenge. This
particular application requires handling the inherent complexity and irregular nature of point cloud
data while maintaining the spatial accuracy and topographic fidelity necessary for high-quality DEM
products.

To overcome these challenges, we propose an innovative hybrid RNN-CNN framework, which
integrates multi-scale Topographic Position Index (TPI) features to achieve the coordinated optimiza-
tion of high-precision DEM reconstruction. The TPI method is one of the most widely used techniques
for landform classification. By calculating the difference in elevation between a given point and its
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surrounding area, TPI helps in identifying ridges, valleys, peaks, and other landforms. The approach
proposed by Jennes [41] and Weiss [42] utilizes fixed neighborhood sizes to calculate the TPI and
classify landforms. In order to obtain a more refined DEM, we introduced TPI. The method flow is
divided into two core links: first, the voxelized LiDAR point cloud is modeled as a spatial ordered
sequence, and the vertical elevation dependency is encoded by RNN, combined with CNN to extract
planar spatial features, and the feature representation is optimized through the residual connection
mechanism to complete the reconstruction of high-resolution DEM, effectively retaining the micro-
undulation details of the terrain; on this basis, the multi-scale TPI is integrated into the classification
module as a semantic constraint, and the terrain structure differences at different scales are learned
through the hybrid network architecture. In summary, this study constructed a DEM reconstruction
method that takes into account elevation dependency, planar spatial features and multi-scale terrain
semantic constraints by integrating the hybrid framework of RNN and CNN and multi-scale TPI
features. It not only retains high-resolution terrain details, but also improves reconstruction accuracy
through multi-scale landform structure learning, providing an innovative solution for high-precision
DEM reconstruction.
Our method consists of three key innovations:

e We propose a hybrid RNN-CNN framework that integrates CNN for planar feature extraction
and RNN for vertical dependency modeling to capture multi-dimensional terrain features.

®  Our method innovatively integrates multi-scale TPI features, achieving breakthrough improve-
ments in high-precision DEM reconstruction.

e  Extensive experiments conducted in the complex terrain of Jiuzhaigou demonstrate that our
lightweight model achieves comparable DEM reconstruction accuracy while reducing computa-
tional complexity by 24.9% compared to traditional methods.

The structure of this paper is as follows: Section 2 introduces our data. Section 3 details the
proposed method and its innovations; Section 4 presents the experimental setup and results, high-
lighting the advantages of our method over traditional approaches; and finally, Section 5 discusses the
implications of our research findings and potential future directions.

2. Data Set

The study area (Figure 1) is located in the northern part of Jiuzhaigou County, Aba Tibetan
and Qiang Autonomous Prefecture, in the southern Minshan Mountain Range of northwest Sichuan,
China. Situated in the Jiuzhaigou National Nature Reserve, it is part of a transitional zone between
the southeastern Tibetan Plateau and the Sichuan Basin. The region lies at the boundary of China’s
first topographic step, where diverse geomorphological processes have occurred, including fluvial and
glacial erosion, forming the predominant mountainous, hilly, and valley landscapes. The study area
(10350'15"” — 10355'15" E, 334’45 — 3311/15” N) covers 65.9 km?, with elevation varying between 2306
m and 4306 m, and a relative elevation difference of 2000 m. Steep high mountains bound the eastern
and western sides of the region, while a north-south trending high mountain canyon runs through the
middle, creating five small alpine lakes in the northern part.

Table 1. The details of the test data in Jiuzhaigou

Properties of the Data Contents
Attitude of points (m) 1000
Points density (pts/m?) 15
LiDAR scanner type riegl-vg-1560i
Overlap of flight lines 25%
Horizontal accuracy(cm) 25-30
Vertical accuracy 15
Flight platform Cessna 208b aircraft

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.


https://doi.org/10.20944/preprints202506.1385.v1
http://creativecommons.org/licenses/by/4.0/

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 17 June 2025 doi:10.20944/preprints202506.1385.v1

4of 14

ELEVATION

4287.28 389115 3495.02 3098.89 2702.76 2306.63
10325 1'0" T 103°53'0"E 103°55°0°T 0z 30°0°F e waT 1040 30 07T
N 1 . i . i 1 1 1 1
33°110"N | 3010
33* 300" Ny p=13" 300N
3390"N Pl e
1 Vo LI
03 W 0°R 1047 0 0°F 1047 30° 0T
8 0'0°F e o' 104" 0'0°F 108" o' 0°n
1 1 1 1
M 00N — . . .
: Jiuzhaigou Coynty |- vo-
33FT0"NA —=33°T0"N
3 N
307 070 N e
=20 0707
33°50"N *3.'-‘-"5'0“?1
5% 007N~ 100 200 400 Kilometers  fmi g™y
I N | )
y T T T O oy .
103°51'0'E 103°53'0"E 103°55'0"E R0OLE beliln g o 00k

Figure 1. Location and the DEM of the study area.This figure displays the Jiuzhaigou study area’s location and
the DEM used for analysis.

3. Methodology

Our methodology is designed to transform raw LiDAR point clouds into high-fidelity DEMs
through a lightweight design process.This process encompasses denoising, voxelization, feature
extraction leveraging both RNNs and CNNs, and the application of topographic supervision via
TPI constraints. By integrating the sequential processing strengths of RNNs with the spatial feature
extraction capabilities of CNNs, and further enhancing the output with TPI-driven geomorphometric
coherence, our approach yields terrain representations that excel in both accuracy and physiographic
realism. This framework facilitates precise DEM reconstruction through elevation class predictions.

3.1. Voxelization and Spatially Ordered Sequences

In processing the raw LiDAR point cloud, we first perform preprocessing to eliminate noise and
outliers, ensuring a high-quality dataset for subsequent analysis. Following this, the denoised points
are systematically mapped onto a regular voxel grid defined by a uniform spatial resolution. Each
voxel is uniquely identified by its coordinates within this grid, and for every horizontal position,
we aggregate the elevation values of occupied voxels along the vertical dimension. These elevation
values are meticulously ordered to construct a sequence that encapsulates the vertical profile at each
location. This spatially ordered sequence representation is particularly advantageous in managing
regions with heterogeneous point densities, as it selectively retains valid elevation data, thereby
preserving the intricate three-dimensional geometry of the terrain in an efficient and organized manner.
Mathematically, the spatial resolution of the voxel grid is defined as (A x, Ay, A z), with each voxel
V(i, ], k) centered at:

Xi = Xmin + 1A%, Yj = Ymin DY, Zx = Zmin +kAz (1)
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where (Xmin, Ymin, Zmin) are the minimum coordinates of the point cloud and i, j, k are integer indices.
At each horizontal location (i, j), we collect all occupied zj values and sort them in ascending order to
form a variable-length sequence

Si,j = {Zk1rzk21-"/zkm}r ki <ky<---<ky (2)

where m is the number of nonempty voxels in that column. This “spatially ordered sequence” represen-
tation addresses the issue of empty voxels by only storing valid elevations and retains key geometric
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Figure 2. Illustration of the comprehensive workflow for generating a high-precision DEM from LiDAR point
clouds. The process commences with denoising and voxelization of the raw input data, followed by ranking and
embedding elevation values to capture vertical relationships. A RNN encodes the vertical context, while a CNN
extracts spatial features, with the resulting representations fused via residual connections. The fused features are
then decoded into a DEM under TPI constraints, and the output is refined through a threshold-based median
filtering post-processing step to enhance topographic fidelity.

3.2. Elevation Index Representation and Encoding

To address the inherent variability and noise in raw elevation measurements, we employ a rank-
based transformation strategy. Specifically, each elevation within a sequence is converted into its
positional rank relative to other elevations at the same horizontal location. This ordinal representation
emphasizes the vertical relationships among points, mitigating the influence of absolute elevation
fluctuations and noise. Subsequently, these ranks are projected into a high-dimensional vector space
through a learnable embedding mechanism, which encodes the structural dependencies and relational
attributes of the elevation sequence. These embedded vectors serve as the foundational input for the
sequence encoding phase, enabling robust modeling of vertical patterns across the terrain. For each
elevation z in S; j, its rank is defined as:

Ty = Rank(zk, Si,j) (3)

and its embedding is:
ee=0¢(rx), k=1,...,m (4)
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where ¢ is a learnable embedding function (inspired by NLP embedding techniques) that produces
d-dimensional vectors capturing semantic relationships among elevation ranks. These embeddings
serve as the input to our sequence encoder.

3.3. Three-Dimensional Feature Extraction Framework

Given the computational demands of directly applying three-dimensional convolutions across
the entire voxel grid, we adopt a hybrid processing paradigm that judiciously separates the extraction
of vertical and horizontal features. This dual-strategy approach optimizes computational efficiency
while ensuring that critical three-dimensional spatial information is retained, thereby supporting the
generation of accurate and detailed DEMs.

3.3.1. Sequential Feature Modeling with RNN’s

At each horizontal grid position, the sequence of embedded elevation ranks is processed by a
Gated Recurrent Unit (GRU)-based recurrent neural network. The GRU architecture is particularly
well-suited for this task, as it effectively captures long-range dependencies and local geometric nuances
within the elevation sequence. By iteratively processing the sequence, the GRU distills a comprehensive
representation of the vertical structure into its final hidden state. This compact encoding retains
essential elevation details without requiring aggressive downsampling, thereby preserving the fidelity
of the terrain’s vertical characteristics. For each position (i, j), the hidden state (h; ;) is obtained through
the GRU’s processing of the sequence (ey).

3.3.2. Spatial Feature Enhancement with CNN5s

To integrate lateral spatial relationships into the feature set, the hidden states generated by the
GRU are organized into a two-dimensional feature map aligned with the horizontal grid layout.
This map is subsequently processed by a convolutional neural network employing a U-Net-inspired
architecture. The CNN applies a series of downsampling and upsampling operations, augmented by
residual connections, to extract multi-scale spatial features. These residual connections play a pivotal
role in preserving fine-scale details from the RNN outputs across the convolutional layers, ensuring
that the resulting feature set captures both broad spatial patterns and localized terrain variations.
The CNN output is then fused with the original RNN hidden states through an additional residual
linkage, creating a rich feature representation that balances vertical and horizontal terrain information.
Mathematically, the fused feature is:

fij=h;;+c; ®)

where ¢; ; is the feature extracted by the CNN.

3.4. Decoder Design and Operational Mechanism

The decoder constitutes a pivotal element of our methodology, tasked with synthesizing the final
elevation predictions from the integrated features produced by the preceding stages. It leverages
the complementary strengths of sequential and spatial processing to generate DEMs that accurately
reflect the terrain’s multifaceted characteristics. The decoder employs a GRU-based recurrent neural
network, complemented by an embedding layer for input processing and a fully connected layer for
output mapping. This configuration enables the generation of elevation class predictions tailored
to the quantized elevation space. The decoding process begins with a placeholder input, which
is embedded into a high-dimensional space to establish the starting point for sequence generation.
Subsequently, this embedded input is combined with the fused features from the encoder and CNN,
providing a holistic context for elevation prediction. The GRU processes this integrated input in a
single pass, producing an output that encapsulates the synthesized terrain information. This output is
then transformed through a fully connected layer into logits representing quantized elevation classes,
which are subsequently mapped to continuous elevation values. The residual connection ensures
that intricate vertical details from the encoder are effectively incorporated into the decoding process,
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enhancing the reconstruction of complex terrain features. The predicted elevation (2; ;) is obtained
from the class prediction k;; = argmax p; (k), where (pi,j(k)) is the probability of class k.

3.5. Incorporation of TPI Constraints

To ensure that the generated DEMs exhibit realistic topographic characteristics, we introduce
supervision based on the Topographic Position Index (TPI) during the training phase. TPI serves
as a localized metric that quantifies terrain features by comparing a point’s elevation to the average
elevation of its surrounding neighborhood. At a given scale (s), TPl is computed as:

() _ : :
TPIl —Z;»—f “p (6)
d NG ) (,,,q)ezf\/s(irf) "

where N;(i,]) is the set of neighbors within distance (s). We calculate TPI values for both
predicted and ground-truth elevations across multiple scales. The TPI loss is defined as the mean
squared difference between these values, aggregated over all grid cells and scales:

1 2
Lopr = ; ~ Z(Tplfj.) - TPIS.?gt) @)
L]

This loss is combined with the primary elevation classification objective, guiding the model to
align predicted elevations with realistic topographic patterns. By enforcing TPI constraints at various
scales, the model captures a spectrum of terrain features, from fine-scale details to broader landforms.
The weighted TPI loss ensures a balance between elevation accuracy and geomorphometric fidelity,
reducing artifacts and enhancing the realism of the DEM.

3.6. Post-Processing Refinement

To polish the predicted DEM and address residual noise, we implement a post-processing phase
utilizing a threshold-based median filtering technique. For each grid cell, the median elevation of its
immediate neighbors is computed. If the predicted elevation deviates from this median beyond a
specified threshold, it is adjusted to the median value. This step mitigates isolated anomalies, such as
spikes or depressions, while preserving genuine micro-topographic features by avoiding excessive
smoothing. Mathematically, if [£;; — m; j| > T, where m; ; is the neighborhood median, then Z; ; is set
to m; ;. This refinement ensures that the final DEM is both smooth and detailed, rendering it suitable
for advanced terrain analysis and visualization applications.

4. DEM Reconstruction Results and Discussion
4.1. Visual Comparison Analysis

Figure 3 provides a comprehensive comparative analysis of DEMs that have been produced using
various methodological approaches. This visual comparison effectively demonstrates the distinct dif-
ferences in reconstruction quality and spatial accuracy across different interpolation techniques.From a
detailed visualization and qualitative assessment standpoint, the comparative results reveal significant
deficiencies in traditional interpolation approaches. Even when enhanced with the application of basic
morphological filtering techniques designed to reduce noise artifacts, both the linear interpolation
method and the nearest-neighbor interpolation method continue to yield DEMs that exhibit severe
degradation in quality. These reconstructed terrain models are substantially and adversely affected
by the presence of point cloud noise and the inclusion of misclassified points within the dataset. The
cumulative impact of these data quality issues manifests in the generation of terrain surfaces that
are characterized by excessive roughness and spatial discontinuity, rendering them unsuitable for
high-precision applications.

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.
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(a) (d) ©

Figure 3. Three representative regions were selected for illustration. From left to right: column(a) shows the

original point cloud, column(b) shows the ground truth DEM, column(c) shows the DEM generated by our
method, column(d) shows the DEM produced by linear interpolation, and column(e) shows the DEM produced
by nearest-neighbor interpolation.

Furthermore, these traditional interpolation methodologies demonstrate particularly pronounced
performance deficiencies when applied to challenging topographic conditions. In areas characterized
by steep slope gradients and complex terrain morphology, these conventional methods exhibit espe-
cially poor reconstruction capabilities. The limitations become most apparent in regions where the
preservation of crucial terrain features is of paramount importance. Critical topographic elements such
as mountain peaks, prominent ridgelines, and sharp terrain boundaries tend to undergo excessive
smoothing processes during reconstruction. In the most severe cases, these distinctive terrain features
may be completely lost or significantly diminished in the final DEM output. This systematic loss and
degradation of important topographic characteristics fundamentally undermines the overall accuracy
and reliability of the reconstructed DEM products. The implications of these reconstruction failures
extend beyond simple visual artifacts, as they compromise the fundamental utility of the DEM for
subsequent geospatial analyses and applications. For comprehensive and detailed visualizations
that specifically illustrate the error characteristics and spatial distribution of inaccuracies inherent
in traditional interpolation approaches, readers are directed to consult the supplementary analysis
presented in Figure 4.

Our method successfully recovers terrain features while avoiding the over-smoothing artifacts
prevalent in conventional approaches, demonstrating superior performance in complex terrains includ-
ing detailed hilly regions and forest-covered mountainous areas. For a detailed visualization of the
DEM generated by our method, see Figure 5. Through accurate capture of steep topographic gradients
and preservation of critical geomorphological features (e.g., ridgelines, valley floors), the proposed
framework outperforms traditional methods—an achievement enabled by our hybrid network archi-
tecture. This architecture synergistically combines CNNs for local spatial feature extraction with RNNs
processing elevation-directional global information, while incorporating TPI supervision to mitigate
erroneous elevation values, thereby fully exploiting the inherent spatial-structural relationships within
point clouds to achieve enhanced DEM prediction accuracy.

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.
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(b)

(c) (d)

Figure 4. Comprehensive visualization of error distribution patterns and magnitude details for both nearest neigh-
bor and linear interpolation methodologies applied to DEM reconstruction. This detailed error analysis clearly
reveals the spatial distribution of reconstruction inaccuracies, highlighting areas where traditional interpolation
methods fail to capture terrain complexity and produce significant elevation discrepancies.

Figure 5. The detailed visualization of the high-resolution DEM generated through the application of our proposed
methodological approach. This comprehensive visual representation clearly demonstrates the superior spatial
accuracy and terrain reconstruction fidelity achieved by our innovative processing framework. The resulting DEM
exhibits exceptional preservation of fine-scale topographic features while maintaining smooth surface continuity
across complex terrain morphology.

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.
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4.2. Quantitative Accuracy Evaluation

In the evaluation of DEM quality, aside from qualitative visual analysis, accuracy is a critical
metric. To comprehensively quantify the deviation between the predicted DEM and the actual terrain,
we adopted the following evaluation metrics: root mean square error (RMSE) and mean absolute error
(MAE). Their mathematical formulations are expressed as follows:

e RMSE:
RMSE = )
where, Z; is the predicted elevation and z; is the corresponding reference value.
* MAE:
1 N
MAE = < } |2 -z 9)

i=1

providing a measure of the average absolute error across the DEM.

Table 2 presents a comprehensive and detailed quantitative accuracy assessment that systemati-
cally evaluates the performance characteristics of different interpolation methodologies. This tabular
summary encompasses results from two distinct experimental scenarios, each designed to rigorously
compare the effectiveness of our proposed method against well-established traditional interpolation
approaches, specifically linear interpolation and nearest-neighbor interpolation techniques.

Table 2. Quantitative Accuracy Assessment of DEMs

Experiment Method RMSE MAE
Ours 1.30 0.77
Experiment 1 Linear 121.81 103.29
Nearest 121.37 102.69
Ours 1.06 0.71
Experiment 2 Linear 110.48 90.50
Nearest 109.06 88.80

In Experiment 1, our newly developed model demonstrates exceptional performance capabilities
with remarkably low error metrics. The proposed approach achieves a RMSE of 1.30 meters, indicating
high precision in elevation predictions. Correspondingly, the MAE metric registers at 0.77 meters, fur-
ther confirming the superior accuracy of our methodology. In stark contrast to these impressive results,
the traditional linear interpolation method exhibits significantly degraded performance characteristics.
This conventional approach yields a substantially elevated RMSE of 121.81 meters, representing nearly
two orders of magnitude higher error than our proposed method. The corresponding MAE for linear
interpolation reaches 103.29 meters, demonstrating consistent poor performance across both error
metrics. Similarly, the nearest-neighbor interpolation technique produces comparably unsatisfactory
results with an RMSE of 121.37 meters and an MAE of 102.69 meters, indicating that both traditional
methods suffer from fundamental limitations in accuracy.

The Experiment 2, provides additional validation of our method’s superior performance and
reinforces the consistent advantages over traditional approaches. In this experimental configuration,
our innovative approach records an even more impressive RMSE of 1.06 meters, representing a slight
improvement over the already excellent results from the first experiment. The MAE metric correspond-
ingly shows enhanced performance with a value of 0.71 meters, demonstrating the robustness and
reliability of our proposed methodology across different experimental conditions. Meanwhile, the
traditional interpolation methods continue to exhibit substantially larger error magnitudes that under-
score their inherent limitations. The linear interpolation method produces an RMSE of 110.48 meters
and an MAE of 90.50 meters in this second experimental scenario. Concurrently, the nearest-neighbor

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.



https://doi.org/10.20944/preprints202506.1385.v1
http://creativecommons.org/licenses/by/4.0/

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 17 June 2025 d0i:10.20944/preprints202506.1385.v1

11 0f 14

interpolation approach yields an RMSE of 109.06 meters and an MAE of 88.80 meters, respectively.
These consistently high error values across both experimental trials clearly demonstrate that traditional
interpolation techniques are fundamentally inadequate for achieving the level of precision required for
high-quality DEM reconstruction applications.

These results demonstrate that our method outperforms traditional interpolation by more than
two orders of magnitude in both RMSE and MAE. The primary reason for this substantial gap is
that our pipeline directly generates the DEM from raw point clouds: it automatically learns to filter
non-ground points, correctly identifies ground returns, and, under TPI supervision, reconstructs a
high-precision DEM. In contrast, the linear and nearest-neighbor approaches rely only on a simple
morphological filter before interpolation, which fails to robustly remove non-ground points. By
integrating end-to-end feature learning, our method both suppresses non-ground noise and preserves
critical terrain details—hence the dramatic improvement in accuracy.

4.3. Computational Efficiency Analysis

Table 3 provides a detailed computational performance comparison that systematically evaluates
the runtime efficiency characteristics of our proposed lightweight framework in direct comparison with
established traditional interpolation techniques. This comprehensive analysis examines the execution
time requirements across two distinct test datasets, demonstrating how our streamlined architecture
achieves superior computational efficiency compared to both nearest-neighbor interpolation and linear
interpolation methodologies.

Table 3. Processing Time Analysis for Different DEM Generation Approaches

Methods Ours Nearest Linear
Experiment 1 7.62s 11.82s 14.05s
Experiment 2 6.86s 9.14s 11.47s

In Experiment 1, our innovative approach demonstrates remarkable computational efficiency
by completing the entire DEM generation process in a total execution time of 7.62 seconds. This
impressive performance represents a substantial improvement over traditional methods, achieving
approximately 35.5% faster processing speed compared to the nearest-neighbor interpolation tech-
nique, which requires 11.82 seconds for completion. Furthermore, our method exhibits even more
pronounced advantages when compared to linear interpolation, demonstrating approximately 45.7%
faster execution than the linear interpolation approach, which necessitates 14.05 seconds to complete
the same DEM generation task.

The Experiment 2, provides additional validation of our method’s superior computational per-
formance and confirms the consistency of these efficiency gains across different datasets. In this
experimental trial, our proposed method achieves an even more impressive execution time of 6.86
seconds for complete DEM generation. This enhanced performance translates to approximately 24.9%
faster processing compared to the nearest-neighbor interpolation method, which requires 9.14 seconds
for completion in this experimental scenario. Similarly, our approach maintains significant compu-
tational advantages over linear interpolation, demonstrating approximately 40.2% faster execution
than the linear interpolation technique, which necessitates 11.47 seconds to complete the equivalent
processing task.

These comprehensive experimental results provide compelling evidence that our end-to-end
computational framework consistently and significantly reduces processing time requirements across
different datasets and experimental conditions. The performance improvements range from roughly
one-quarter to nearly one-half reduction in processing time when compared to traditional interpolation
techniques, demonstrating substantial and consistent computational advantages. The underlying
mechanism responsible for these remarkable efficiency gains lies in our strategic architectural design
approach. By systematically replacing computationally expensive neighborhood search operations and
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complex planar fitting procedures with a streamlined and lightweight RNN — 2D CNN processing
pipeline, we have achieved a dual benefit of enhanced performance characteristics.

This innovative architectural approach not only delivers markedly higher accuracy in DEM recon-
struction results but also simultaneously achieves significantly accelerated DEM generation processing
speeds. The synergistic combination of improved accuracy and enhanced computational efficiency
represents a substantial advancement over existing methodologies. Consequently, our proposed
method demonstrates exceptional suitability for deployment in large-scale geospatial applications
where extensive dataset processing is required. Additionally, the method proves highly advantageous
for time-sensitive operational scenarios where rapid processing turnaround is essential. These charac-
teristics make our approach particularly valuable for applications where both computational speed
and reconstruction precision are critical requirements that must be simultaneously satisfied.

5. Conclusion

In this study, we proposed a lightweight method for reconstructing DEMs from LiDAR point
clouds which effectively balances computational efficiency and feature representation. Experimental
results on Jiuzhaigou datasets demonstrate that our streamlined approach not only outperforms
traditional methods in RMSE and MAE metrics, but also achieves superior computational efficiency
with 24.9% improvement in processing speed while excelling in complex, steep terrain by accurately
capturing details such as ridges and valleys. Nevertheless, the method can still exhibit local detail
distortion in extremely noisy or complex areas. However, our method is not without limitations. In
some extremely complex or highly noisy regions, the model may still exhibit local detail distortions
or gradient discontinuities. Future work will focus on several improvements: in data preprocessing,
we plan to further refine noise suppression and outlier removal strategies to enhance reconstruction
stability in complex regions; in model architecture, we will explore multi-scale fusion mechanisms to
enhance feature representation across different spatial scales; and we will continue to optimize our
lightweight network design and develop more efficient parallel computing schemes to further reduce
computational complexity and improve large-scale data processing efficiency. Overall, this study
provides an efficient, robust, and computationally lightweight solution for reconstructing DEMs from
point clouds, offering significant advantages in resource-constrained environments while maintaining
high precision. The proposed framework outlines clear directions for future improvements in accuracy,
scalability, and computational efficiency.
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