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Abstract. Due to its ability to accurately and stably construct 3D models in the field of robotics, multi-sensor fusion 
frameworks have recently garnered attention. This paper introduces a module that integrates IMU sensors, RGB-D cameras, 
and LiDAR through high-precision spatiotemporal calibration and probabilistic data fusion. In the presence of noise and 
motion, mapping accuracy is improved through the use of adaptive weighted sensor fusion, denoising, and temporal 
alignment. The experiment used custom collection sequences and public datasets, collecting a total of over 350,000 frames 
of images from various environments, such as dynamic industrial areas and structured laboratories. The results show that 
the proposed framework has an average reconstruction error of only 0.012 meters on the TUM dataset and achieves an 
accuracy of over 0.93 at input frame rates of up to 60Hz. Real-time performance: The embedded hardware processes 26 
frames per second, with a stable processing delay not exceeding 100 milliseconds. Robustness evaluation shows stable 
performance; under higher environmental complexity, the robustness score is 0.96, while controlled noise tests show the 
median error increases from 0.015 to 0.032 meters. The system's success rate in robotic navigation and operation tasks 
exceeded traditional benchmarks, reaching 97%. It can be concluded that achieving a reliable combination strategy of 3D 
perception and environment mapping in complex environments is feasible and, in most cases, practical. 
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Introduction 
A powerful 3D environment reconstruction technology has now been introduced to support various applications 
of autonomous robots and intelligent systems, such as navigation, manipulation, and human-robot interaction 
[1]. With the advancement of high-performance sensors and high-performance computing hardware, many 
multimodal fusion perception systems are now capable of collecting vast amounts of spatial and semantic 
information to create detailed models of the environment [2]. Real-time reconstruction algorithms based on 
depth images, point clouds, and semantic information have recently made significant progress, performing well 
in both outdoor and indoor environments [3]. Providing real-time, high-fidelity 3D reconstruction for embedded 
robotic platforms still presents challenges [4]. To address the issues of time synchronization, spatial alignment, 
and noise accumulation, multimodal sensors are integrated. Otherwise, the reconstruction quality and actual 
generalization ability will be affected [5]. 

Classic geometric constructions and learning-based scene understanding methods are one of the many 
approaches to solving these problems [6]. The framework that integrates depth, color, and inertial 
measurements improves global consistency and reduces drift [7]. The robustness of scene reconstruction 
systems to sensor noise and visual blur has been improved, especially with networks using self-supervised and 
domain adaptation methods [8]. Recent research indicates that methods optimized for static environments 
often fail in the presence of dynamic objects, occlusions, or significant changes in lighting conditions [9]. For 
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resource-limited robotic platforms, the computational cost of high-resolution reconstruction is too high [10]. 
Through parallel processing and edge computing structures, the aforementioned shortcomings have been 
somewhat mitigated, but current investigations still need to balance high efficiency and stability [11]. According 
to standard tests, the stability of expansion and cross-domain generalization operations has not been achieved 
in practical applications [12]. A comprehensive, precise, and efficient reconstruction framework is still needed 
[13]. 

This paper introduces an integrated end-to-end 3D reconstruction framework that performs well under various 
dynamic and noisy conditions, making it suitable for use in real-world robotics. To balance computational 
efficiency and reconstruction accuracy, we provide a tightly coupled sensor fusion pipeline, a noise-adaptive 
reconstruction module, and a unified optimization scheme. Our system can run in real-time on embedded 
systems and is less susceptible to dynamic interference and sensor errors. To verify the effectiveness and 
feasibility of the proposed method for reliable 3D mapping in complex and uncertain environments, extensive 
experiments were conducted on public benchmarks and real-world robotic systems. This has established a new 
foundation for this type of mapping. 

Related Work and Background 

Survey of multi-Sensor 3D Reconstruction 

Meanwhile, in the fields of computer vision and robotics, many researchers are studying precise and scalable 3D 
reconstruction [14]. Initial attempts primarily used monocular or stereo vision to capture spatial structures. 
These devices are relatively inexpensive, but they are inherently ambiguous and often fail in textureless or 
dynamic environments [15]. With the development of LiDAR and RGB-D sensors, multi-sensor systems have 
become the standard method for obtaining rich and accurate spatial information of various real-world scenes 
[16]. Combining color, depth, and inertial measurements can be used simultaneously to recover geometric 
shapes and understand semantic scenes [17]. This can help robots accomplish more complex tasks. In order to 
improve the accuracy and robustness against noise and drift, many modern frameworks now use probabilistic 
models, voxel grids, and other surface element representations to integrate data from temporal and spatial 
offset sensors [18]. 

Sensor Fusion Techniques in Robotics 

Due to sensor fusion, robots can operate in various uncertain environments [19]. Extended Kalman filtering, 
factor graphs, and Bayesian inference are methods for systematically integrating various data sources from 
visual, depth, and inertial sensors to obtain consistent global-scale state estimates [20]. Tightly coupled fusion 
methods have been proposed, which improve the accuracy of pose estimation, enable loop closure, and reduce 
outliers by directly using the mutual information between sensor modalities [21]. With the progress of data-
driven fusion based on deep neural networks, adaptive constraints have been extended to real-time learning 
and uncertainty quantification within a unified framework [22]. 

Challenges in Real-Time 3D Reconstruction 

Recent improvements have been made, but real-time 3D reconstruction systems still have some issues [23]. 
Computational complexity and reconstruction accuracy usually need to be balanced. To achieve relatively high 
inference speed on resource-constrained hardware platforms, detail and global consistency may be affected 
[24]. Transient occlusions, moving objects, sensor malfunctions, and other types of unpredictable noise may 
occur in dynamic and chaotic environments. Reconstruction artifacts can lead to a decrease in the accuracy of 
scene representation [25]. Over time, many real-world environments will change. Existing solutions do not 
adequately consider the robustness to these changes and the cross-domain generalization and adaptability [26]. 
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Multi-Sensor Framework Architecture and Fusion Algorithms 

System Architecture Design 

We propose a modular, scalable multi-sensor framework for stable 3D environment reconstruction to address 
the challenging issues in real-world perception and mapping. Perception, preprocessing, multimodal fusion, and 
advanced mapping are the four tightly coupled layers of the general structure. The purpose of these layers is to 
improve data accuracy and computational speed. 

At the bottom, the three sensor layers are synchronized RGB cameras, depth sensors, and IMUs. In order to 
ensure accurate mapping from the outputs of heterogeneous sensors to a common coordinate system, spatial 
and temporal calibration is first performed. 

𝒑𝒑𝑐𝑐 = 𝑹𝑹𝑠𝑠→𝑐𝑐𝒑𝒑𝑠𝑠 + 𝒕𝒕𝑠𝑠→𝑐𝑐 Eq.(1) 
where 𝐩𝐩𝑠𝑠 is the point in the sensor frame, 𝐩𝐩𝑐𝑐 in the common frame, 𝐑𝐑𝑠𝑠→𝑐𝑐 is the rotation matrix, and 𝐭𝐭𝑠𝑠→𝑐𝑐 is the 
translation vector. The preprocessing layer handles real-time denoising, outlier rejection, and temporal 
alignment. Denoising for sensor 𝑠𝑠 at time 𝑘𝑘 is applied as: 

𝒛̃𝒛𝑘𝑘𝑠𝑠 = 𝒟𝒟𝑠𝑠(𝒛𝒛𝑘𝑘𝑠𝑠) Eq.(2) 
where 𝒟𝒟𝑠𝑠(⋅) is the denoising function tailored to each modality. A multimodal fusion module is used in the 
system. Using weighted likelihood to fuse the input streams at each timestamp to generate the best estimate of 
the scene state. The combined result is set as the MAP (Maximum A Posteriori) estimate: 

𝒙̂𝒙 = 𝑎𝑎𝑎𝑎𝑎𝑎 𝑚𝑚𝑚𝑚𝑚𝑚
𝒙𝒙
 𝑝𝑝(𝒙𝒙 ∣ 𝒛𝒛1,⋯ , 𝒛𝒛𝑁𝑁) Eq.(3) 

The posterior can be further decomposed via Bayes' theorem: 

𝑝𝑝(𝒙𝒙 ∣ 𝒛𝒛1:𝑁𝑁) ∝� 
𝑁𝑁

𝑖𝑖=1

𝑝𝑝(𝒛𝒛𝑖𝑖 ∣ 𝒙𝒙) ⋅ 𝑝𝑝(𝒙𝒙) Eq.(4) 

where 𝑝𝑝(𝐳𝐳𝑖𝑖 ∣ 𝐱𝐱) is the observation likelihood for sensor 𝑖𝑖. At the highest level, the mapping module integrates 
new observations into the global reconstruction incrementally: 

ℳ𝑡𝑡 = 𝑈𝑈𝑈𝑈𝑈𝑈𝑈𝑈𝑈𝑈𝑈𝑈�ℳ𝑡𝑡−1,𝒙𝒙𝑡𝑡 , 𝒛𝒛1:𝑁𝑁,𝑡𝑡� Eq.(5) 
where ℳ𝑡𝑡 is the global map at time 𝑡𝑡. 

Figure 1 shows the architectural coupling and data flow between the modules. The blue arrows represent the 
high-frequency sensor flow, and the orange arrows indicate the flow of estimation and mapping results. 
Modularity supports greater fault tolerance, making it easier to expand and maintain. 

 
Figure 1. System Structure Diagram. 
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Data Processing and Sensor Synchronization Workflow 

Due to different hardware, sensor data desynchronization, and variations in acquisition rates, all multimodal 
systems are prone to issues. Hardware-based timestamp alignment and software-based interpolation and 
compensation are the two recommended steps. To reduce hardware latency, all devices use the same clock. 
Another misalignment, usually in the millisecond range, can be resolved in software by using a common 
reference time for interpolation in the sensor data. At the reference time 𝑡𝑡𝑘𝑘, the interpolated sensor data is as 
follows: 

𝑥𝑥𝑘𝑘𝑠𝑠 =
𝑡𝑡𝑘𝑘 − 𝑡𝑡𝑖𝑖−1𝑠𝑠

𝑡𝑡𝑖𝑖𝑠𝑠 − 𝑡𝑡𝑖𝑖−1𝑠𝑠 𝑥𝑥𝑖𝑖𝑠𝑠 +
𝑡𝑡𝑖𝑖𝑠𝑠 − 𝑡𝑡𝑘𝑘
𝑡𝑡𝑖𝑖𝑠𝑠 − 𝑡𝑡𝑖𝑖−1𝑠𝑠 𝑥𝑥𝑖𝑖−1𝑠𝑠  Eq.(6) 

where 𝑥𝑥𝑖𝑖𝑠𝑠  and 𝑥𝑥𝑖𝑖−1𝑠𝑠  are raw sensor values adjacent to 𝑡𝑡𝑘𝑘 . After temporal alignment, each datum is spatially 
transformed into the canonical frame using preset extrinsic matrices. For point 𝐩𝐩𝑠𝑠 measured in sensor 𝑠𝑠, the 
mapping is: 

𝒑𝒑𝑐𝑐 = 𝑹𝑹𝑠𝑠→𝑐𝑐𝒑𝒑𝑠𝑠 + 𝒕𝒕𝑠𝑠→𝑐𝑐 Eq.(7) 
For most sensors, we further apply linear drift compensation to IMU and clock offsets: 

𝑡𝑡𝑘𝑘,𝑎𝑎𝑎𝑎𝑎𝑎 = 𝑡𝑡𝑘𝑘 + 𝛽𝛽𝑘𝑘 Eq.(8) 
where 𝛽𝛽𝑘𝑘 is the estimated bias at time 𝑘𝑘. Reduce measurement noise and eliminate outliers by applying robust 
filtering to all streams. Assume additive Gaussian noise, and then minimise to obtain denoised data. 

𝒛̃𝒛 = 𝑎𝑎𝑎𝑎𝑎𝑎 𝑚𝑚𝑚𝑚𝑚𝑚
𝒛𝒛′
 ‖𝒛𝒛′ − 𝒛𝒛‖2 + 𝜆𝜆ℛ(𝒛𝒛′) Eq.(9) 

where ℛ(⋅) is a regularization term and 𝜆𝜆 is a tunable parameter. For performance monitoring, system-wide 
sensing-to-fusion latency is tracked: 

𝛥𝛥𝑡𝑡end-to-end = 𝑡𝑡fused, out − 𝑡𝑡sensor, in  Eq.(10) 
Ensuring minimal Δ𝑡𝑡end-to-end  is vital for real-time reconstruction and prompt actuation. 

Figure 2 shows the entire process of hardware-level acquisition, spatiotemporal alignment, and noise-resistant 
output. The subsequent mapping and decision-making modules will use this process to obtain an accurate, stable, 
and low-noise fused measurement. 

 
Figure 2. Data Flow Diagram. 

Real-Time Sensor Fusion Algorithm for 3D Reconstruction 

In order to cope with complex environments, real-time 3D reconstruction algorithms need to integrate data 
from multiple sensors at different times while filtering out noise and outliers. To ensure the consistency between 
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local observations and global map updates, the fusion algorithm used in this paper is a recursive Bayesian 
estimator, which integrates data from multiple sources. 

The latent state 𝐱𝐱𝑡𝑡 at time 𝑡𝑡 encompasses pose, velocity, and a set of salient scene landmarks. State propagation 
leverages a nonlinear system dynamics model, 

𝒙𝒙𝑡𝑡 = 𝑓𝑓(𝒙𝒙𝑡𝑡−1,𝒖𝒖𝑡𝑡−1) + 𝜼𝜼𝑡𝑡 Eq.(11) 
where 𝑓𝑓(⋅) models’ robot and sensor kinematics, 𝐮𝐮𝑡𝑡−1 denotes the latest odometry or inertial measurements, 
and 𝜼𝜼𝑡𝑡 represents process noise. 

Project each observation into the global state space, using the current calibration and synchronization 
information, and obtain new RGB-D or inertial data. Estimate the reliability and noise characteristics of the 
observations with different weights, and then aggregate the updated state beliefs into 

𝑝𝑝(𝒙𝒙𝑡𝑡 ∣ 𝒵𝒵1:𝑡𝑡) ∝ 𝑝𝑝(𝒙𝒙𝑡𝑡 ∣ 𝒵𝒵1:𝑡𝑡−1)� 
𝑀𝑀𝑡𝑡

𝑗𝑗=1

𝑝𝑝�𝒛𝒛𝑡𝑡,𝑗𝑗 ∣ 𝒙𝒙𝑡𝑡�
𝜆𝜆𝑗𝑗 Eq.(12) 

where 𝑀𝑀𝑡𝑡 is the number of active sensor observations, 𝜆𝜆𝑗𝑗 is the reliability weight for channel 𝑗𝑗, and 𝑝𝑝�𝐳𝐳𝑡𝑡,𝑗𝑗 ∣ 𝐱𝐱𝑡𝑡� 
is the likelihood function of the 𝑗𝑗 th observation given the current state. The Iterative Extended Kalman Filter 
(IEKF) estimates and optimizes the system state by using the system's motion and observation models, and 
automatically reduces the impact of anomalous measurement outliers. 

In order to reconstruct dense scenes, landmarks and depth measurements are continuously added to the voxel 
grid, thereby generating a continuous and resolution-adaptive 3D map. This map is suitable for real-time use in 
embedded systems. 

Regular global pose graph optimization can reduce long-term drift and cumulative errors. The global backend 
strategy reduces the historical spatiotemporal constraints of the sensors, thereby ensuring consistency in long-
term deployments. The algorithm pipeline exhibits good robustness and efficiency in data association and 
probabilistic fusion, enabling the effective creation of accurate real-time 3D maps that include dynamic and 
uncertain environments. 

Experiments and Evaluation 

Experimental Setup and Dataset Description 

All the aforementioned experiments were conducted using a custom mobile robot platform, which consists of 
multiple perception modules. The core of the hardware platform is an industrial-grade wheeled chassis, 
equipped with a high-performance Intel i9 CPU and a dedicated GPU acceleration card with 64GB of memory 
[27]. The sensors include the Intel RealSense D455 high-resolution RGB-D camera, the Velodyne VLP-16 16-line 
LiDAR, and the Bosch BMI270 six-axis IMU. All components are synchronized through hardware-level 
timestamps and software-verified calibration. 

The four types of environments for robot testing are as follows: the first is a structured indoor laboratory; the 
second is a large-scale office corridor; the third is a dynamic warehouse scene; and the fourth is a semi-outdoor 
industrial site [28]. For real-time validation, we created a highly dynamic area with many moving objects and 
uneven light distribution. 

We directly compared our own designed sequences with publicly available datasets. The NYU Depth V2 dataset, 
KITTI odometry suite, and TUM RGB-D benchmark were used for controlled comparisons [29]. The 
aforementioned platforms were used to acquire a dataset for a specific site, intended for custom validation. The 
dataset includes over 350,000 frames of RGB-D images, more than 5 hours of IMU logs, and accurately registered 
3D LiDAR point clouds. A Leica laser tracker with sub-millimeter accuracy was used as the ground truth reference 
[30]. 

In order to complete the quantitative evaluation and qualitative analysis of 3D reconstruction, localization, and 
mapping tasks, all datasets were semantically annotated and standardized to a standard metric scale. 
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Quantitative and Qualitative Performance Analysis 

In order to thoroughly validate the proposed multi-sensor fusion algorithm, a large number of quantitative and 
qualitative results were conducted. These results have been demonstrated across multiple datasets and 
different environments [31]. 3D reconstruction accuracy, real-time computation capability, robustness in 
dynamic environments, tolerance to sensor noise, and success in downstream robotic applications are all 
performance metrics. 

To evaluate the 3D reconstruction accuracy of the proposed system, public datasets (TUM RGB-D, KITTI, NYU 
Depth V2) and proprietary datasets were used. As shown in Figure 3a, the proposed method has the lowest 
average 3D reconstruction error across all four test sets. Among them, the TUM error is only 0.012 meters, the 
KITTI error is only 0.014 meters, and the NYUv2 error is only 0.013 meters. This method outperforms Method A, 
which has a baseline of 0.030 meters, and Method B, which has a baseline of 0.022 to 0.026 meters. In addition, 
compared to method C, the proposed method also reduces the average error in complex scenes by 53%. 
Therefore, by using strong temporal alignment and adaptive multimodal weighting to reduce spatial offsets [32]. 

Figure 3b depicts the relationship between reconstruction accuracy, input frame rate, and image quality. The 
proposed method maintains a high and stable accuracy (over 0.93) as the frame rate increases from 5 to 60 Hz, 
thus being consistent over time. The accuracy of Method A has significantly decreased. It is 0.84 at low frame 
rates and 0.60 at high-frequency input. Therefore, it is not very flexible and cannot handle fast inputs. 

Figure 3c shows that most of the errors in the proposed pipeline are concentrated at the edges of objects or in 
reflection areas, rather than being dispersed throughout the entire scene as in other methods. The result 
heatmap indicates that there is a small error band along the structural edges, which suggests that the overall 
geometry of the scene has been well preserved. 

As shown in Figure 3d, the reconstructed point cloud and the real point cloud are very similar in the side-by-side 
overlay of the proposed system, with only negligible differences at individual points. In contrast, competing 
methods often exhibit outliers and have significant geometric alignment errors. 

 
Figure 3. Reconstruction Accuracy Comparison (a) Average reconstruction error across datasets. (b) Accuracy vs. input frame rate. (c) 

Spatial error heatmap. (d) Overlay of point cloud and ground truth. 
 

Figure 4 shows the real-time processing speed of the system. As shown in Figure 4a, the latency of all methods 
increases sublinearly with the increase in data volume; however, the fusion strategy consistently maintains the 
lowest system latency, with 45 milliseconds for 100 frames and 65 milliseconds for 1500 frames. The delay of 
Method B reaches up to 182 milliseconds, showing slower growth in large-scale data [33]. 
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Figure 4b shows processing throughput in frames per second (FPS) for five leading approaches. The Proposed 
system achieves the highest FPS at 26, robustly exceeding Method A at 18 FPS, Method B at 15 FPS, while 
Method C and D lag further behind at 11 and 9 FPS, respectively. This evidences that the proposed solution can 
efficiently handle high-frame-rate data with minimal computational overhead. 

As shown in Figure 4c, the distribution of computation time indicates that fusion and 3D modeling occupy the 
majority of the per-frame processing time. However, preprocessing (including sensor alignment and denoising), 
for example, 15 ms/frame, is relatively small. The proposed method can be applied in real-time, with a total time 
per frame not exceeding 100 milliseconds. 

 
Figure 4. Real-Time Performance Analysis (a) Latency vs. data size. (b)Processing frame rates. (c) Computation time breakdown. 

 
Under different dynamic scene changes, the robustness results include both quantitative and qualitative forms, 
as shown in Figure 5. As shown in Figure 5a, the robustness score (stable frame ratio) of the proposed method 
is relatively high, with a score of 0.96 in mildly to moderately dynamic environments and 0.88 in severely to 
extremely dynamic environments. On the other hand, Method B drops to 0.50 when the environment changes 
drastically. 

Figure 5b shows the average error and error deviation of a certain disturbance. For example, this method has 
an average error of 0.015 meters (±0.003 meters) in the "no obstacles" setting, while in the "fully dynamic" 
complexity, its average error remains at 0.034 meters (±0.013 meters), with a smaller standard deviation 
compared As shown in Figure 5c, when the number of frames increases, the proposed method's score remains 
relatively stable, consistently staying above 0.92; in contrast, the competing methods sharply decline over time, 
for example, Method B drops below 0.64 after reaching a certain number of frames.  

Figure 6 shows the experiment of controlling high noise. As shown in the statistical box plot in Figure 6a, as the 
input noise increases from light to heavy, the median error of the proposed system (from 0.015 to 0.032 meters) 
rises more slowly. On the other hand, the distribution of baseline errors has also significantly increased. 

Figure 6b shows fault localization under strong noise. The green points represent the true values, while the red 
and orange points represent the pipeline outputs reconstructed from the suggested pipeline, significantly 
reducing the mapping gaps compared to the scattered and unstructured baseline outputs. 
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Figure 6c shows the reconstruction errors of all methods in a high-noise environment. The above results indicate 
that the proposed method has relatively smaller error variance and fewer outliers compared to other methods. 
On the other hand, the long-tail error distribution and more frequent occurrences of other methods. 

 
Figure 5. Robustness under Dynamic Environments (a)Robustness scores. (b) Error under disturbance. (c) Temporal robustness. 

 

 
Figure 6. Noise Sensitivity and Failure Analysis (a) Error under noise levels. (b) Failure case visualization. (c) Error distribution. 

 
The performance of the practical system in the field of robotics is shown in Figure 7. As shown in Figure 7a, the 
overlay chart of the robot trajectory on the reconstructed 3D map indicates that the proposed system has 
optimal loop closure consistency and minimal drift, making it safe for complex traversals. 
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The success rate of typical robotic tasks is shown in Figure 7b. The proposed method performs better in 
navigation and operation, with a navigation success rate of up to 97%, while Method A has a success rate of 88% 
and Method B has a success rate of 80%. Increasing the docking and tracking test cases improved the stability 
of the task process; the proposed method also enhanced the robot's autonomy. 

 
Figure 7. Application Scenarios in Robotics (a)Robot trajectory overlay. (b) Task success rates. 

Discussion of Results and Practical Implications 

The above results indicate that the proposed multi-sensor fusion framework has good quantitative and 
qualitative metrics. Based on the minimum mean square spatial error of standard public and private datasets, 
the system performs excellently in terms of 3D reconstruction accuracy and is highly adaptable to various sensor 
data and complex environments [34]. According to the above spatial analysis, the residual errors mainly occur 
at the object boundaries or in areas more susceptible to reflective artifacts. Therefore, this algorithm has high 
spatial accuracy and minimal geometric drift in most cases [35]. 

Performance analysis shows that the computational efficiency is significant: as the input data volume increases, 
the growth rate of system latency is sub-linear, and it still meets the high processing frame rate requirements of 
actual systems. High-speed robot perception requires the aforementioned functions and can be applied in high-
frequency closed-loop control environments where computational bottlenecks need to be avoided [36]. Another 
aspect is the modular division of the large computations in the fusion and model reconstruction modules, which 
keeps the preprocessing costs relatively low, making it suitable for continuous online operation. 

In fact, overall robustness tests indicate that the new method remains stable under various dynamic 
disturbances (such as changes in obstacle positions and lighting conditions). Compared to the previous fusion 
baseline, this system has lower average error, smaller variance, and fewer catastrophic failures, even in test 
cases with high sensor noise. The adaptive weighting and robust outlier rejection mechanism in the fusion path 
led to this robustness [37]. Failure case analysis indicates that under pressure, the scene remains consistent, 
reducing the risk of system-level misunderstandings during robot navigation. 

At the application level, the integration of new technologies with robotic autonomy modules makes the final 
tasks more efficient. The enhancement of perception reliability can enable robots to navigate and operate more 
safely and accurately in complex or dynamic scenarios [38]. 

Conclusion 
This paper studies a stable multi-sensor fusion structure for real-time perception of robotic systems and high-
precision 3D reconstruction. Systematic experiments were conducted on publicly available and self-collected 
datasets, aiming to improve the spatial accuracy, computational efficiency, and robustness of the proposed 
method against sensor noise and environmental changes. Currently, it has already established a certain degree 
of connection with subsequent robotic tasks in practice, and has improved navigation and operational 
capabilities in complex real-world environments. Due to its adaptive weights and modular design, this approach 
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has scalability and high reliability, making it a reasonable choice for applications in smart factories and 
autonomous driving that are difficult to control. 

Nevertheless, there are still some shortcomings. The current fusion pipeline operates relatively simply under 
low computational load. Performing dense 3D reconstruction or adding many different sensors on resource-
limited embedded devices remains a challenge. When the system encounters severe occlusions or highly 
reflective surfaces, the outlier rejection function sometimes fails to work properly, thereby reducing the 
reconstruction accuracy in that area. This is despite the system demonstrating good robustness under moderate 
variations in dynamic environments and noise. The reliance on the monitoring calibration procedure and the 
limited adaptability to new patterns or unseen sensor types are another aspect that needs improvement. 
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