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Abstract

Teleoperated open-pit excavation requires fast and reliable 3D scene modeling under
lightweight sensor configurations. To this end, this paper proposes a monocular camera–
LiDAR fusion-based fast 3D Gaussian reconstruction method tailored for teleoperated
open-pit excavation. The proposed approach uses only two sensors, a monocular camera
and LiDAR, and integrates SPNet, a depth completion network, to improve the geometric
completeness of the reconstructed scene. It further introduces a stride-aware initialization
strategy that leverages the depth–stride correlation to jointly construct the initial Gaussian
set and estimate the initial scales. During optimization, scale and color regularization are
applied to prevent uncontrolled growth of Gaussians. Experiments in a Carla-simulated
open-pit excavation scenario show that, under high-resolution input of 1920 × 1080, the
proposed method achieves a stable 3D model update rate of approximately 2.5 Hz. The
reconstruction quality under training viewpoints reaches PSNR 30.5388, SSIM 0.9161, and
LPIPS 0.1333. Compared with 4DTAM and MonoGS, the proposed method achieves better
overall reconstruction quality. It also maintains a much higher update rate than 4DTAM
and a comparable update rate to MonoGS. Ablation studies further verify the critical
contribution of the depth completion module and the stride-aware initialization strategy to
the overall reconstruction performance. In addition, preliminary validation on field data
further demonstrates the applicability of the proposed method under real-world open-pit
excavation-loading conditions. The proposed method generates stable and usable 3D
models of rock-pile working face under a lightweight sensor configuration, providing a
reliable geometric basis for remote situational awareness and excavation assistance.

Keywords: open-pit mine; teleoperated excavation; 3D Gaussian; monocular reconstruction;
scene updating

MSC: 68T45

1. Introduction
The intelligent transformation of open-pit mining has become a prevailing trend,

and the loading stage is increasingly shifting toward remote and teleoperated opera-
tion. The core objective of this shift is to ensure operator safety and improve production
efficiency [1–4]. Under teleoperated conditions, operators mainly rely on multiple camera
video streams to infer spatial relationships. The inherent limitations of two-dimensional
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imagery, such as insufficient depth perception, restricted viewpoints, and occlusion, make
it difficult to accurately judge the relative positions between the bucket and the rock pile,
thereby reducing operational efficiency and increasing safety risks [5–8]. In existing open-
pit mine 3D modeling practice, full-site 3D surveys are still typically conducted every
2–3 months. Although local model updates are relatively more frequent, they are still
mainly performed on a daily or weekly basis [9]. This still falls short of the operational
demand for sustained high-frequency updating in teleoperated excavation. Therefore,
teleoperated excavation requires a three-dimensional working-face modeling method with
fast update capability and stable results, so as to provide a reliable geometric foundation
for situational awareness and subsequent auxiliary functions [10–13].

Existing 3D modeling approaches for open-pit mining environments can be broadly
categorized into four classes: methods that acquire point clouds using terrestrial laser
scanning or LiDAR and directly use them as the scene representation; methods that further
derive surface meshes or volumetric models from point clouds; multi-view image-based
reconstruction methods such as Structure-from-Motion and Multi-View Stereo (MVS); and
Simultaneous Localization and Mapping (SLAM) methods designed for online incremental
mapping [14–16]. Point clouds and their derived mesh representations are susceptible
to non-uniform sampling, noise, occlusion, and missing regions, and typically require
intensive filtering and hole-filling to yield a stable surface, making it even more difficult
to ensure consistent outputs under high-frequency update requirements [17,18]. Volumet-
ric representations facilitate fusion and rendering, but in large-scale open-pit scenarios,
they often incur substantial memory and computational overhead, necessitating more
sophisticated data structures and engineering optimizations [19,20]. MVS relies on suffi-
cient multi-view coverage and reliable pixel correspondences; it can degrade under weak
textures, illumination changes, occlusions, and dynamic disturbances, and its overall com-
putational cost is high, which is unfavorable for the high-refresh modeling demands of
teleoperated operations [15,21]. LiDAR SLAM in open-pit mine environments must also
contend with dust-induced outliers and noise, interference from dynamic equipment and
vehicles, and large terrain variations and scene scale, all of which undermine the stability
and robustness of map updates [16,22].

Three-dimensional Gaussian Splatting (3DGS) explicitly models a scene radiance field
using a set of optimizable 3D Gaussian primitives and achieves high-quality real-time
novel-view synthesis at high resolution via efficient rasterization-based rendering [23].
This explicit point-primitive representation combines the visual fidelity of volumetric
rendering with the flexibility of point-cloud-style geometric expression, enabling stable
free-viewpoint inspection in interactive interfaces [23]. Moreover, 3DGS can be integrated
into camera–LiDAR fusion pipelines, where LiDAR geometric priors are incorporated to
improve geometric reliability in large-scale outdoor scenes, which closely matches the
typical input modalities available in open-pit mining reconstruction scenarios [24–26].
Meanwhile, 3DGS has begun to appear in digital modeling and visualization studies
related to mining and geosciences, further indicating its potential for practical deployment
in open-pit mine 3D reconstruction [27–29].

In recent years, 3DGS has gradually evolved from offline modeling of static scenes and
novel-view synthesis to online incremental mapping for static environments. Representa-
tive work such as MonoGS integrates 3DGS into a SLAM pipeline, enabling continuous
updates of a Gaussian map under monocular input and thereby producing a 3D scene
representation that can be rendered in real time [30]. However, such online mapping
methods are predominantly designed for bounded indoor environments, and their per-
formance often degrades when extended to unbounded outdoor settings [26,31]. Even
when LiDAR is incorporated to provide accurate surface points, regions with insufficient
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depth supervision may still remain, leading to degraded geometric accuracy [24–26]. To
alleviate geometric under-constraint under single-view observation, several studies have
introduced depth completion, fusing sparse depth with imagery to produce denser depth
estimates, thereby improving scene representation accuracy and enhancing multi-view
geometric consistency [32–35]. Meanwhile, to meet the modeling demands of dynamic
scenes, 4DTAM further proposes a time-varying modeling approach based on surface
Gaussians under RGB-D input, enabling 4D tracking and mapping of dynamic, non-rigid
scenes and offering important insights for dynamic-scene modeling [36]. However, because
open-pit excavation scenes are large-scale and subject to strong environmental disturbances,
commonly used RGB-D cameras struggle to provide reliable depth observations consis-
tently [37,38]. As a result, existing methods are difficult to apply directly to this setting,
and further research is still required on reconstruction for open-pit excavation scenarios.

Therefore, we propose a fast 3DGS reconstruction method tailored for teleoperated
open-pit excavation, based on monocular camera–LiDAR fusion. The method reconstructs
only the excavation region of interest in the scene, mitigates geometric incompleteness
caused by point-cloud sparsity and occlusions through depth completion, and employs
stride-aware initialization to construct a high-quality initial set of Gaussian primitives,
thereby accelerating convergence and improving reconstruction stability. Finally, we vali-
date the proposed method in a Carla-simulated open-pit excavation scenario and further
conduct a preliminary validation on field data, demonstrating its reconstruction quality
and model update capability under high-resolution inputs as well as its applicability under
real-world operating conditions. The remainder of this paper is organized as follows:
Section 2 introduces the proposed method; Section 3 presents comparative experiments,
ablation results, and preliminary validation on field data; Section 4 analyzes the reconstruc-
tion results, ablation results, and field-data results, and discusses limitations; and Section 5
concludes the paper.

2. Approach
This section presents a monocular camera–LiDAR fusion-based 3D Gaussian recon-

struction method for teleoperated open-pit excavation, aiming to produce stable and
practically usable 3D models of rock-pile working faces under limited observability and
online update constraints. In this study, the simulation data are generated in the Carla (ver-
sion 0.9.12) virtual environment using simulated camera and LiDAR sensors, whereas the
field data are collected using an SG3S-ISX031C-GMSL2F-H100 monocular camera (Sensing
World, Shenzhen, China) and a JT128 LiDAR (Hesai Technology, Shanghai, China). As
illustrated in Figure 1, the method first projects the LiDAR point cloud onto the image
plane to obtain sparse depth observations and then applies SPNet-based depth completion
to recover finer geometric details of the scene. We then propose a stride-aware initialization
strategy that explicitly incorporates the relationship between pixel sampling stride and
depth into the initialization process, enabling simultaneous Gaussian point set generation
and initial scale assignment within the reconstruction region to improve the quality of the
initial representation and accelerate training convergence. Building on this initialization,
we jointly optimize Gaussian appearance and scale parameters via differentiable rendering
and introduce scale and color regularization to suppress unconstrained expansion, im-
proving optimization stability and rendering consistency. Finally, the reconstructed 3D
Gaussian model can be directly deployed for visualization and assistance tasks in teleoper-
ated excavation interfaces, providing reliable geometric support for subsequent situational
awareness and operational decision-making.
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Figure 1. Research framework of this study.

2.1. Fundamental Principles of 3D Gaussian Splatting

Explicitly, 3DGS models a scene radiance field using a set of differentiable 3D Gaussian
primitives [23]. For the i-th Gaussian primitive, its state is jointly parameterized by the 3D
mean µi ∈ R3, the 3D covariance matrix ∑i ∈ R3×3, the opacity αi ∈ [0, 1), and the color ci:

gi =
{

µi, ∑i, ci, αi
}

, (1)

where ci is represented by spherical–harmonic coefficients to characterize view-dependent
radiance color. To ensure that the covariance matrix remains positive semidefinite through-
out optimization, 3DGS expresses ∑i as a composition of rotation and scale:

∑i = RiSiST
i RT

i , (2)

where Ri ∈ R3×3 denotes the rotation matrix and Si ∈ R3×3 denotes the diagonal scale
matrix. The initial scale is obtained by estimating local neighborhood distance statistics
for each point via k-nearest-neighbor (KNN) search and mapping them to the Gaussian’s
initial scale, so that the scale matches the local point-cloud density.

During training, 3DGS uses differentiable rendering to project and composite the
current set of Gaussians into an image, constructs a loss function from the reconstruction
error between the rendered output and the observed image, and iteratively updates the
geometric and appearance parameters of the Gaussians via backpropagation. To enhance
the representation of scene structure and fine details, the training process performs adaptive
density control on the Gaussian set based on error or gradient signals: primitive density is
increased in regions of interest via cloning or splitting, while low-contributing primitives
are removed through pruning. This enables the Gaussian set to progressively better
fit the scene’s geometric and appearance distributions, albeit at the cost of increased
computation time.

2.2. Teleoperation-Oriented Initialization with a Stride-Aware Scaling Rule

In open-pit excavation scenarios, point clouds can provide reliable geometric anchors,
yet they remain sparse relative to the scene scale, making it difficult to support stable
optimization of 3D Gaussians. Therefore, we incorporate a depth completion network
constrained by sparse depth observations into the modeling pipeline, using the sparse
depth from the point cloud as a metric-scale reference and leveraging RGB images to
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regularize geometric structure. This produces image-aligned dense depth maps, thereby
improving the accuracy and coverage of 3D Gaussian initialization. In implementation,
we adopt SPNet as the depth completion network because it achieves high inference
efficiency with a compact model size while maintaining accuracy, exhibits strong cross-
scene generalization, and can be deployed directly using pretrained weights without
additional fine-tuning [35,39]. In contrast, purely monocular depth estimation often exhibits
large variations in metric accuracy in real-world settings [40] and thus fails to meet the
high-precision and consistency requirements of modeling excavation scenes; accordingly, it
is not considered in this study.

We unify the sparse depth ground truth and the dense depth prediction in the same
pixel coordinate system by constructing a uniform grid on the image plane with a fixed pixel
stride s, and selecting a representative pixel p = [u, v]T within each grid cell as the sampling
location. We then query the depth at this pixel: if a valid sparse depth derived from point-
cloud projection is available at p, it is prioritized as the geometric constraint; otherwise, the
dense depth predicted by the depth completion network is used for completion. Because
sampling is performed on the image plane with a fixed stride, the initialized point set
achieves more uniform spatial coverage, and its size follows N ∝ HW/s2, allowing the
initialization density and runtime efficiency to be directly controlled via s. For each sampled
pixel p with depth d, we form the homogeneous pixel coordinate p̃ = [u, v, 1]T , back-project
it into the camera coordinate frame using the camera intrinsics to obtain a 3D point as
in Equation (3), and then transform it to the world coordinate frame using the camera
extrinsics as in Equation (4).

Xc = dK−1 p̃, (3)

Xw = RwcXc + twc, (4)

where K denotes the camera intrinsic matrix, and Rwc and twc are the rotation matrix
and translation vector from the camera coordinate frame to the world coordinate frame,
respectively. The resulting Xw is used as the initial center of a 3D Gaussian, yielding
an initialized point set that is strictly aligned with image pixels, uniformly covers the
reconstruction region, and has controllable density, thereby providing a stable starting
point for subsequent fast optimization.

Because the point cloud used for initialization essentially corresponds to surface
samples of the working face, and our reconstruction is performed under a single-view
setting where geometric cues are mainly provided by local surface structure, we initialize
each 3D Gaussian as a thin sheet that extends along the image plane while being constrained
along the viewing direction. The scaling matrix S of a 3D Gaussian is initialized as:

S = diag(sx, sy, sz), (5)

sz = τmin(sx, sy), (6)

where sx and sy denote the scales along the image-plane directions, sz denotes the scale
along the viewing direction, and τ > 0 is a thickness ratio coefficient set to 0.001 in this
work to prevent unreasonable expansion of Gaussians along the viewing direction. The
in-plane scale sx and sy is jointly determined by the image resolution and the point depth.
For a point with depth d, under the pinhole camera model, the spatial footprint of one pixel
is approximately proportional to d/ f . Accordingly, we set sx and sy as the product of this
ratio and the sampling stride, and impose lower and upper bounds to ensure numerical
stability, as follows:

sx = clip(
d
fx

k, smin, smax), (7)
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sy = clip(
d
fy

k, smin, smax), (8)

where fx and fy are the focal lengths along the image x-axes and y-axes, respectively; k is
a coefficient proportional to the pixel sampling stride s; Smin and Smax are the minimum
and maximum thresholds for the in-plane scale; and clip(·) truncates the scale within the
prescribed bounds to avoid geometric blurring from overly large scales or insufficient
coverage from overly small scales.

To alleviate the under-constrained optimization of appearance parameters in a single-
view setting, we represent the color of each 3D Gaussian using zeroth-order spherical
harmonics (i.e., a view-independent constant RGB parameter). The Gaussian rotation is
initialized to face opposite the camera optical axis. Meanwhile, the opacity of each 3D
Gaussian is initialized to a relatively high value. With the reliable geometric initialization,
this ensures sufficient rendered contributions in the early stage, preventing weak gradient
signals caused by negligible initial contributions and thereby improving optimization
stability and accelerating convergence.

During training, because observation constraints are limited under a single-view set-
ting, optimizing solely with a photometric loss can cause 3D Gaussians to reduce local
reconstruction error by continuously increasing their scale parameters or amplifying ap-
pearance feature magnitudes. This may lead to excessive Gaussian expansion and abnormal
accumulation of pixel color contributions, ultimately resulting in unstable artifacts such as
blurred renderings and abnormal global brightness. To suppress these degeneracies, we
introduce regularization terms on the Gaussian scale parameters and appearance features
during optimization to constrain their unconstrained growth and keep both geometry and
appearance within a reasonable range. In single-frame optimization, we do not perform
adaptive density control and jointly optimize the Gaussian parameters using the following
loss function:

Loss = Lrgb + λsLscale + λ f L f eature, (9)

where Lrgb denotes the photometric loss, while Lscale and L f eature are regularization terms on
the 3D Gaussian scale and color parameters, respectively. λs and λ f are their corresponding
weights, which are set to 10.0 and 1.0 in this work. The terms Lrgb, Lscale and L f eature are
defined as follows:

Lrgb =
1

3HW
∥∥ Î − I

∥∥
1, (10)

Lscale =
1

3N

N

∑
i=1

∑
d∈{x,y,z}

[max(0, si,d − s(0)i,d − ms)]
2
, (11)

L f eature =
1

3N

N

∑
i=1

∑
c∈{r,g,b}

[max(0,
∣∣∣ fi,c − f (0)i,c

∣∣∣− m f )]
2
, (12)

where H and W are the image height and width, respectively; Î and I denote the rendered
image and the input image; and

∥∥ Î − I
∥∥

1 denotes the element-wise absolute error summed
over all pixels and RGB channels. N is the number of Gaussian primitives; si,d denotes the

scale parameter of the i-th Gaussian along dimension d; s(0)i,d is its initial scale; and ms is the
margin threshold for scale. fi,c denotes the color parameter of the i-th Gaussian in channel

c; f (0)i,c is the corresponding initial color value; and m f is the margin threshold for color.
This design allows parameters to vary freely within a permissible range, while applying a
quadratic penalty to deviations beyond the margin, thereby suppressing unconstrained
expansion and improving geometric stability.
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3. Experiments
3.1. Experimental Setup

The experiments were conducted in an open-pit excavation scenario built on the Carla
simulation platform, where camera images (1920 × 1080), LiDAR point clouds, and camera
pose information were recorded synchronously during operation. The sensing suite consists
of a monocular RGB camera and a LiDAR sensor, rigidly mounted above the excavator
cab with the field of view oriented toward the rock-pile working face. This mounting
configuration is consistent with sensor layouts commonly adopted in real-world teleop-
erated excavation. The sensor mounting location and a representative camera viewpoint
are shown in Figure 2. All experiments were performed on a standard desktop computer
running Ubuntu 20.04.4 LTS, equipped with an Intel Core i7-7800X CPU, 32 GB DDR4
memory, and an NVIDIA GeForce RTX 3090 GPU with 24 GB of VRAM.

  
(a) (b) 

Figure 2. Sensor configuration in the Carla simulation. (a) Sensor mounting positions, where the blue
region indicates the camera field of view. (b) Camera viewing direction.

We conduct comparative experiments against 4DTAM [36] and MonoGS [30] to vali-
date the overall performance and further perform ablation studies to separately evaluate
the contributions of the depth completion module and the initialization rule to reconstruc-
tion quality. We quantitatively evaluate the results using three complementary metrics,
namely PSNR, SSIM, and LPIPS, which measure rendering quality in terms of pixel-wise
error, structural consistency, and perceptual similarity. Let Î denote the rendered image, I
the ground-truth image, and MAX the maximum possible pixel value. PSNR is defined
based on the mean squared error MSE( Î, I) as follows:

MSE( Î, I) =
1

3HW
∥∥ Î − I

∥∥2
F, (13)

PSNR( Î, I) = 10 log10
MAX2

MSE( Î, I)
, (14)

PSNR characterizes reconstruction error at the pixel level. SSIM measures the consistency
of local luminance, contrast, and structural information, and is defined as:

SSIM( Î, I) =
(2µ ÎµI + C1)(2σÎ I + C2)

(µ2
Î
+ µ2

I + C1)(σ
2
Î
+ σ2

I + C2)
, (15)

where µ2
Î

and µ2
I are local means, σ2

Î
and σ2

I are local variances, σÎ I is the local covariance,
and C1 and C2 are stabilizing constants. LPIPS leverages a pretrained AlexNet to extract
deep features and computes the feature-space distance between the rendered and ground-
truth images, reflecting perceptual differences. For these metrics, higher PSNR and SSIM
indicate better quality, whereas lower LPIPS is preferable.
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3.2. Comparison with Baselines

For baseline selection, we choose 4DTAM and MonoGS as the reference methods.
Under RGB-D input, 4DTAM represents the scene using dynamic surface Gaussians and,
within a sliding window, jointly optimizes camera poses and the Gaussians’ geometric
and appearance parameters via differentiable rendering, yielding a time-varying 3D scene
model [36]. MonoGS integrates 3DGS into a SLAM pipeline, enabling continuous updates
of a Gaussian map under monocular input and thereby producing a 3D scene representation
that can be rendered in real time [30]. Our evaluation focuses on comparing rendering qual-
ity under the same observation conditions. Therefore, candidate baselines must (i) operate
with single-view input, (ii) provide a renderable 3D representation, and (iii) produce stable
reconstructions in dynamic scenes. Among existing monocular reconstruction methods,
only a few satisfy these criteria and are directly comparable to our approach; other methods
often rely on additional sensors or specific prior assumptions, making fair comparison
under our evaluation protocol difficult. Considering both comparability and representa-
tiveness, we adopt 4DTAM and MonoGS as the baselines for quantitative and qualitative
experiments. It should be noted that 4DTAM is originally designed for RGB-D input, and
MonoGS can also operate with RGB-D input, whereas our method takes RGB images,
LiDAR point clouds, and ground-truth camera poses as input. To ensure a fair and com-
parable evaluation, we use a consistent configuration for 4DTAM and MonoGS: (i) we
directly use the ground-truth camera poses recorded during data acquisition and disable
pose optimization; (ii) we provide depth maps registered to the RGB images as the depth
input. Qualitative rendering comparisons are shown in Figure 3, and quantitative results
are reported in Figure 4 and Table 1.

 

Figure 3. Qualitative comparison with 4DTAM and MonoGS across frames.
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(a) (b) (c) 

Figure 4. Frame-wise rendering quality metrics comparison among Ours, 4DTAM, and MonoGS.
(a) PSNR. (b) SSIM. (c) LPIPS.

Table 1. Average rendering quality and runtime comparison.

Methods PSNR 1 SSIM 1 LPIPS 1 Update Rate 2

Ours 30.5388 0.9161 0.1333 2.3240
4DTAM 19.6060 0.7215 0.4384 0.1844
MonoGS 12.8296 0.6250 0.5207 2.1908

1 PSNR, SSIM, and LPIPS are averaged over 100 frames; 2 update rate is reported in Hz, indicating the 3D model
update frequency.

3.3. Ablation Study

To validate the effectiveness of the key components in our method, we conduct ablation
studies on the depth completion module (SPNet) and the stride-aware initialization strategy.
All ablation settings follow the same experimental configuration as in Section 3.1, and
are evaluated on the same 100-frame sequence using PSNR, SSIM, and LPIPS. Table 2
summarizes the quantitative results under different combinations of these strategies, and
Figure 5 presents the corresponding qualitative rendering comparisons.

Table 2. Ablation study on depth completion and stride-aware initialization.

Depth
Completion *

Stride-Aware
Initialization

Original
Initialization PSNR SSIM LPIPS

√
8.3732 0.4369 0.8152√
4.2882 0.0891 0.7456√ √

22.3074 0.8550 0.2794√ √
30.5388 0.9161 0.1333

* Depth completion is implemented using SPNet. A check mark (
√

) indicates that the corresponding component
is enabled, while a blank cell indicates that it is not used.
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Figure 5. Qualitative ablation on depth completion and stride-aware initialization.

3.4. Application to Teleoperated Excavation

To validate the practical usability of the proposed reconstruction method, we imple-
ment a complete teleoperated excavation reconstruction pipeline on a Carla-simulated
open-pit excavation dataset, as shown in Figure 6. Based on the reconstructed 3D rock-pile
model, we develop illustrative assistive visualization functions for a teleoperation inter-
face, including rule-based rock-pile region annotation and an interactive display of bucket
localization. These functions help operators understand the working-face geometry and
the relative spatial relationship between the bucket and the rock pile during key stages
such as approaching the target, adjusting the pose, completing loading, and preparing
for dumping. As illustrated in Figure 6, the reconstructed model provides intuitive 3D
situational awareness throughout the teleoperated excavation process.

  
(a) (b) 

Figure 6. Cont.

https://doi.org/10.3390/math14071191

https://doi.org/10.3390/math14071191


Mathematics 2026, 14, 1191 11 of 18

  
(c) (d) 

Figure 6. Teleoperation-oriented visualization using the reconstructed rock pile. The interface
overlays rule-based region labels and bucket positioning for operator assistance, where different
colors indicate different ore-grade regions: (a) approaching the target region, (b) adjusting the bucket
pose, (c) after bucket filling, and (d) before unloading.

Moreover, to evaluate the online modeling capability of the proposed method under
continuous input, we measure the model update rate on sequences of varying lengths.
The results are summarized in Table 3; for each sequence length, the measurement is re-
peated twice. The system maintains a stable update rate of approximately 2.5 Hz across all
sequence lengths, indicating that the proposed method can provide continuous reconstruc-
tions for teleoperated excavation.

Table 3. Model update rate on datasets of different lengths.

Dataset Length (Frames) 568 568 1500 1500

Update rate (Hz) 2.48 2.51 2.52 2.51

The achieved update rate of approximately 2.3–2.5 Hz is not yet sufficient for using
the reconstructed 3D model as the primary visual feedback channel in direct teleoperation.
However, it is still meaningful for auxiliary operator assistance, since the reconstructed
model is mainly used to provide supplementary geometric awareness of the working
surface rather than replace live video streams. Under this role, the current update frequency
can still provide timely structural cues about the latest surface condition. For more direct
teleoperation-oriented interaction, a substantially higher refresh rate would be required,
with around 10–15 Hz being a more practical target.

3.5. Preliminary Validation on Field Data

To further verify the applicability of the proposed method in real-world open-pit
excavation–loading scenarios, we conduct a preliminary test on a segment of a field-data
sequence. The sequence contains a total of 1100 image frames, covering both bucket pose
variations and continuous changes in the working face. Figure 7 presents representative
reconstruction results from the field-data sequence. Starting from frame 100, 1 frame is
selected every 100 frames, and the rendered results of nine selected frames are shown
to visually illustrate the continuous reconstruction performance of the proposed method
under real operating conditions.

To quantitatively evaluate the reconstruction results on the field-data sequence, we
further compute the per-frame PSNR, SSIM, and LPIPS metrics and record the average
model update frequency. Figure 8 shows the per-frame metric curves over the 1100-frame
sequence, and Table 4 reports the corresponding average metric results.
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Figure 7. Representative reconstruction results on the field-data sequence.

   
(a) (b) (c) 

Figure 8. Frame-wise rendering quality metrics on the field-data. (a) PSNR. (b) SSIM. (c) LPIPS.

Table 4. Average reconstruction quality and update rate on the field-data sequence.

Dataset Length (Frames) PSNR SSIM LPIPS Update Rate (Hz)

1100 26.3389 0.8541 0.1567 1.95

4. Discussion
4.1. Analysis of Reconstruction Results

As shown in Figure 3, we present qualitative comparisons among our method, 4DTAM,
and MonoGS at frames 20, 40, 60, and 80. Overall, our method preserves more consistent
appearance details across frames and produces reconstructions that are closer to the ground
truth. This is especially evident around the rock-pile boundaries and the interfaces between
the boom/bucket and the surrounding scene. In contrast, 4DTAM is more prone to localized
blurring and dark smearing artifacts in these regions. These artifacts persist across multiple
frames and lead to degraded boundary stability and reduced detail fidelity. MonoGS
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shows even stronger structural disturbances and local artifacts. More severe ghosting
and fragmented regions can be observed around the bucket and along the foreground–
background boundaries. As a result, its structural consistency across frames is weaker.
Overall, our method preserves scene structure and appearance details more stably under
this teleoperated excavation-view sequence.

Figure 4 plots the frame-wise curves of PSNR, SSIM, and LPIPS for the three methods
over the 100-frame interval. Our method maintains higher and more stable PSNR and SSIM
throughout the sequence. It also consistently achieves lower LPIPS. These results indicate
that the rendered images are closer to the ground truth in both pixel-wise and perceptual
terms, with smaller inter-frame fluctuations. In contrast, 4DTAM yields lower PSNR and
SSIM, higher LPIPS, and larger fluctuations. This suggests that it is more sensitive to
occlusions and rapid viewpoint changes under this teleoperation view, and that it has
difficulty producing consistent reconstructions. MonoGS performs worse than 4DTAM
overall. At the beginning of the sequence, some of its metrics are relatively high. However,
as the bucket motion and scene changes become more pronounced, its PSNR and SSIM
drop rapidly, while LPIPS rises sharply. In the latter part of the sequence, the curves become
relatively stable, but they remain at a lower quality level. This indicates that MonoGS, as a
method mainly designed for monocular Gaussian SLAM and online incremental mapping,
is more easily affected under the current sequence with obvious motion variation and
continuous changes in the working face. Overall, the quantitative trends in Figure 4 are
consistent with the qualitative observations in Figure 3.

Table 1 further summarizes the average performance of the three methods. Our
method achieves a PSNR of 30.5388, an SSIM of 0.9161, and an LPIPS of 0.1333. Compared
with 4DTAM, this corresponds to a PSNR gain of 10.9328 dB, an SSIM increase of 0.1946, and
an LPIPS reduction of 0.3051. In addition, our method reaches a model update frequency of
2.3240 Hz, which is about 12.6 times that of 4DTAM at 0.1844 Hz. Compared with MonoGS,
our method improves PSNR by 17.7092 dB, increases SSIM by 0.2911, and reduces LPIPS
by 0.3874. Its update frequency is also slightly higher than that of MonoGS, with 2.3240 Hz
versus 2.1908 Hz. These results show that, compared with 4DTAM, our method achieves
both higher reconstruction quality and a much faster update speed. Compared with
MonoGS, it delivers a much clearer quality advantage while maintaining a similar update
efficiency. Overall, the proposed method provides a better balance between reconstruction
fidelity and computational efficiency under the current evaluation setting, and it can offer
more stable and timely 3D model feedback for teleoperated excavation.

4.2. Analysis of Ablation Results

Table 2 and Figure 5 illustrate the effects of depth completion (SPNet) and stride-aware
initialization on reconstruction quality. The results indicate that depth completion is crucial
for stable reconstruction, and stride-aware initialization can further improve detail fidelity
and consistency on top of it.

(1) Depth completion is a major contributor to the performance gains. Without depth
completion, PSNR and SSIM remain low, and LPIPS is substantially higher, regardless
of the initialization strategy (the first two rows of Table 2). As shown in Figure 5, the
rock-pile surface and excavator structures cannot be rendered stably, with evident
missing regions and fragmented appearances. This suggests that, when relying only
on sparse depth constraints, Gaussian optimization under a limited iteration budget
lacks sufficient geometric support, making the reconstruction prone to instability.
After incorporating SPNet, PSNR and SSIM increase markedly, while LPIPS decreases
substantially (the third and fourth rows of Table 2), indicating that more complete
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depth information provides stronger geometric constraints and thereby enhances
reconstruction stability and quality.

(2) Stride-aware initialization further improves local details on top of depth comple-
tion. With depth completion enabled, stride-aware initialization further improves
performance over the original initialization: PSNR and SSIM increase, while LPIPS
decreases (Table 2, third row vs. fourth row). As shown in Figure 5, stride-aware
initialization produces sharper contours and clearer textures in the boom/bucket
region and on the rock-pile surface. This indicates that combining the more complete
geometry provided by depth completion with our initialization strategy yields more
reliable and higher-quality reconstructions under a limited optimization budget.

4.3. Analysis of Field-Data Reconstruction Results

As shown in Figure 7, the proposed method can still continuously output 3D recon-
struction results of the working face in real-world open-pit excavation-loading scenarios.
From the representative rendered results, it can be observed that, under continuous bucket
pose changes and ongoing local updates of the working face, the reconstruction can main-
tain the overall geometric shape of the working face and the relative spatial relationship
between the bucket and the working face with reasonable stability. For rock accumulation
areas, local slope structures, and the spatial regions near the bucket, the results can provide
generally consistent 3D representations. This indicates that, under the lightweight sensing
configuration driven by monocular images, LiDAR point clouds, and camera poses, the
proposed method is applicable not only to simulation environments but also to continuous
scene reconstruction in real excavation-loading conditions.

The frame-wise PSNR, SSIM, and LPIPS curves in Figure 8 show that the overall
metrics on the field-data sequence remain within a relatively favorable range, indicating
that the proposed method has basic reconstruction stability on long real-world sequences.
However, a noticeable local fluctuation can still be observed within a short interval of the
sequence. During this period, PSNR and SSIM decrease simultaneously, while LPIPS in-
creases significantly. Based on the field-data conditions, this fluctuation is mainly caused by
severe INS drift induced by vibration and jolting during operation, which further increases
the camera pose error. Since pose information directly affects the spatial correspondence
between images and point clouds, as well as the Gaussian optimization process, pose errors
can be propagated to the reconstruction results and lead to short-term quality degradation
in this interval. Even so, the curves remain relatively continuous and stable during the
rest of the sequence. This suggests that the proposed method still has a certain degree of
adaptability to common disturbances in real scenes, while also showing clear sensitivity to
pose estimation accuracy.

According to the statistics in Table 4, the average PSNR, SSIM, and LPIPS on the field-
data sequence are 26.3389, 0.8541, and 0.1567, respectively, and the average reconstruction
update frequency is 1.95 Hz. Compared with the simulation results, both the average
reconstruction quality and the update frequency on the field data decrease to some extent,
but the overall metrics still remain within a practically usable range. This indicates that
the proposed method can still maintain continuous reconstruction and online updating
capability under real excavation-loading conditions. The reduced update frequency is
mainly caused by the much larger number of LiDAR points in each field-data frame. In the
simulation dataset, each frame contains about 30,000 points, whereas in the field dataset,
each frame contains about 50,000 points. The higher point density significantly increases the
computational cost of point cloud projection, depth-constraint construction, and Gaussian
optimization, thereby reducing the overall update speed. In addition, the field scene
contains stronger dust interference, illumination variation, and more complex texture
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distributions. These factors further increase the difficulty of reconstruction and also affect
the update efficiency to a certain extent. Overall, the field-data experiments demonstrate the
preliminary practical potential of the proposed method, while also revealing that there is
still room for improvement in robustness to pose errors and online reconstruction efficiency
under complex operating conditions.

4.4. Limitations and Future Work

(1) The primary limitation of the current algorithm is that the model update speed
remains relatively slow. As reported in Table 3, the model update frequency is stable
at approximately 2.5 Hz, but further improvements are still required for teleoperated
excavation scenarios. The main bottleneck limiting the update speed is the large number of
Gaussians required to represent the scene. To preserve the expressive capability for rock-
pile details and boundary regions, our method employs a relatively dense initialization
sampling strategy to enhance single-view scene representation; however, this also increases
the per-frame optimization cost and the overall model update overhead. Notably, simply
reducing the number of Gaussians to lower computational cost often degrades detail fidelity
and boundary quality, making it difficult to achieve an ideal trade-off between speed and
reconstruction quality.

Second, the current system is implemented using a Python (version 3.7.13) multipro-
cessing architecture, where the reconstruction module and the GUI module run in parallel,
and the Gaussian scene data must be transferred across processes to the GUI for rendering
after each update. As the number of Gaussians increases, the overhead of serialization,
memory copying, and inter-process transmission grows substantially, becoming an ad-
ditional performance bottleneck that further reduces the model update frequency. The
combined impact of this engineering-level communication and visualization overhead
and the algorithmic computation cost makes it difficult for the current implementation to
achieve higher-frequency online updates.

To further improve the system’s online modeling capability, future work will pursue
optimizations from both algorithmic and engineering perspectives: (i) at the algorithmic
level, we will investigate more efficient representations and initialization strategies to
better control the number of Gaussians while preserving reconstruction quality as much as
possible; (ii) at the engineering level, we will optimize the multi-process communication
and rendering pipeline to reduce cross-process serialization and data-transfer overhead,
thereby improving the model update rate.

(2) The 3D representation of the excavator boom and bucket remains incomplete. Due
to the sensor placement and the limited viewing angles, the monocular camera and LiDAR
primarily observe only one side of the boom/bucket, making it difficult to reconstruct
a complete 3D model of this critical component and consequently affecting geometric
consistency and visualization quality under novel viewpoints. Future work will consider
incorporating additional viewpoints or integrating geometric priors of the boom/bucket for
completion, in order to improve model completeness and usability under novel viewpoints.

5. Conclusions
This paper addresses the perception requirements of teleoperated open-pit excava-

tion and proposes a monocular camera–LiDAR fusion-based 3D Gaussian reconstruction
method for fast and stable 3D modeling of rock-pile working faces. The method improves
geometric completeness under sparse point-cloud observations via depth completion, and
introduces a stride-aware initialization strategy to construct an initial Gaussian set with
sufficient coverage and reasonable scales, thereby accelerating convergence and enhancing
output stability. In the Carla-simulated open-pit excavation scenario, the method achieves
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a PSNR of 30.5388, an SSIM of 0.9161, and an LPIPS of 0.1333, with a model update rate
of 2.3240 Hz under 1920 × 1080 input. Compared with 4DTAM and MonoGS, it delivers
better overall reconstruction quality, while maintaining a much higher update rate than
4DTAM and a comparable update rate to MonoGS. In the field-data experiment, it reaches
an average PSNR of 26.3389, an SSIM of 0.8541, and an LPIPS of 0.1567, with an average
update rate of 1.95 Hz. These results indicate that the method can maintain continuous
and usable 3D reconstruction not only in simulation but also under real-world open-pit
excavation-loading conditions. Using only monocular images, LiDAR point clouds, and
camera poses as input, the method provides reliable 3D model support for situational
awareness and interactive excavation assistance. Future work will focus on improving
model update efficiency by better controlling the number of Gaussians while preserving
reconstruction quality, and on enhancing the 3D representation of critical components
to mitigate incomplete modeling of the boom and bucket caused by limited viewpoints,
thereby improving system usability in real-world teleoperation.
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