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Abstract. This paper studies a real-time synchronization algorithm for fusing multiple sensor data in high-precision 
environmental mapping systems. A real-time synchronization algorithm for fusing multiple sensor data in high-precision 
environmental mapping systems. The sensors required for spatial reference in intelligent vehicles and autonomous robots 
include cameras, LiDAR, and inertial measurement units. Using statistical models to process random noise, drift, and time 
delays in the data from heterogeneous sensors. Recursive optimization is used for online estimation of delay and drift 
parameters. It is robust to environmental changes and uses a sliding window method to identify outliers. Compared to 
traditional post-processing alignment methods, this algorithm achieved significantly lower average absolute synchronization 
errors, below 1.8 milliseconds, in comprehensive experiments with both simulated datasets and real sensor data. Moreover, 
the system is capable of meeting various operational conditions and has low computational latency and resource 
consumption in real-time environments. According to standard evaluations, these maps have higher accuracy. According to 
different situations, the overlap rates of the maps are 0.84 for highways and 0.92 for urban areas. The aforementioned study 
indicates that the algorithm has a low computational cost and is suitable for high-quality large-scale maps in real-time 
autonomous vehicle applications. Therefore, it is highly recommended to use the aforementioned method for embedded 
systems that require high reliability and data synchronization. Current research indicates that large-scale real-time sensing 
systems can handle multiple sensors simultaneously. 
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Introduction 
Intelligent robots, autonomous driving, and unstructured environment perception are among the earliest 
methods to meet the requirements of real-time, high-precision environment mapping [1]. Modern intelligent 
systems can understand the entire environment and have a strong sense of space by integrating multiple types 
of sensors, such as LiDAR, visual cameras, and inertial measurement units (IMUs) [2]. Therefore, advanced 
applications such as Simultaneous Localization and Mapping (SLAM) [3], 3D reconstruction, and semantic scene 
understanding can be achieved through the aforementioned multi-sensor data fusion. With the emergence of 
smart environments, mobile robots, and autonomous vehicles, the demand for high-precision (centimeter-level) 
environmental map accuracy is continuously increasing. Therefore, traditional sensor fusion systems are no 
longer sufficient [4]. The aforementioned advancements have been aided by progress in sensor technology, 
embedded computing, and algorithms [5]. However, high-quality maps still require the alignment of data from 
multiple sensor arrays in both space and time [6]. The combination of multiple sensors can affect the integrity 
of the map and the reliability of the system, even tho the accuracy of individual sensors has improved [7]. Due 
to the increase in temporal and spatial deviations, if strong synchronization is not performed, the advantages of 
the sensor-rich structure will be diminished [8]. 
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High-fidelity time synchronization in multi-sensor mapping platforms has always been a problem due to the 
inherent differences between sensors and the complexity of real-world operations [9]. Asynchronous data 
sampling, clock drift, network latency, and random jitter can all lead to alignment errors, thereby affecting pose 
estimation, map consistency, and subsequent decision-making [10]. Hardware-based strict timestamp solutions 
are effective in controlled laboratory environments, but they are generally not applicable to large-scale complex 
real-world applications involving heterogeneous sensor networks, which face clock drift and unpredictable 
delays [11]. Post-processing alignment or software-based corrections can only partially compensate for dynamic 
misalignment, and therefore may be limited in effectiveness under high motion or bandwidth constraints [12]. 
To improve robustness, some recently proposed methods, including probabilistic filtering, adaptive signal 
modeling, and machine learning-based fusion techniques, seem to have achieved positive results [13]. Most 
existing methods cannot achieve statistical optimization with high scalability and real-time performance in 
multimodal, dynamic field environments [14]. Therefore, the demand for general, low-latency, and 
mathematically sound methods for next-generation autonomous and robotic systems is increasing [15]. 

In light of the aforementioned issues, this paper proposes a new real-time multi-sensor data synchronization 
algorithm to improve the accuracy of environment mapping in dynamic and complex environments. Using our 
technology, we first propose a general mathematical expression for the joint synchronization problem. 
Subsequently, we developed a robust statistical synchronization algorithm, which is used for online parameter 
estimation and adaptive drift compensation. Strict validation of synthetic and real-world datasets shows that 
the fusion robustness, mapping reliability, and temporal alignment accuracy have significantly improved 
compared to the best baseline models. This study provides new theoretical and algorithmic insights for sensor 
fusion. It also establishes a scalable foundation that can be applied to intelligent systems and autonomous 
driving, which require high reliability and high-precision maps. 

Mathematical Modeling of Synchronization 

Sensor Data and Error Modeling 

In recent years, multi-sensor mapping systems typically include a combination of various sensors, such as 
ultrasonic sensors, radar, monocular or binocular cameras (referred to as stereo cameras), LiDAR, and inertial 
measurement units (IMUs) [16]. Each sensor has different time, frequency, and noise measurement capabilities. 
For example, LiDAR typically generates 3D point clouds at a lower sampling rate, IMUs provide high-frequency 
inertial data, and cameras generate images at different rates depending on lighting and exposure [17]. The 
subsequent fusion process becomes more complex and increases the accumulated alignment errors in the 
system because the sampled data is asynchronous and lacks temporal consistency [18]. 

The main cause of the error is the delay, which is the time interval between the occurrence of a physical event 
and the availability of digital data in the processing unit [19]. This delay may arise from internal processing within 
the sensor, different bus architectures for data transmission, buffering, or other factors. This delay may not be 
related to the sensor and the working environment. In contrast, drift refers to the gradual loss of synchronization 
between the physically separated clocks within each sensor module. This manifests as a slow, time-varying offset 
that increases over time [20]. In addition, sensor electronic devices, environmental interference, or network 
jitter may cause random noise. These factors can disrupt the sampling data, thereby reducing the accuracy of 
the time correspondence between sensor observations [21]. 

According to statistical data, the sensor measurement time is usually represented as a function of fixed delay, 
time-varying drift, and random error. Fixed delay and drift rate depend on the device and operating environment. 
In practical applications, the noise level of each sensor is represented by the variance over time, and additional 
Gaussian noise is usually considered the primary form of sensor data. Therefore, the time differences between 
sensors indicate whether the sensors are not fully synchronized. Otherwise, the calibration of the map and the 
results of data fusion will encounter problems. The statistical model of the aforementioned error factors 
provides a conceptual and quantitative basis for efficient calibration algorithms and synchronization objectives 
[22]. 
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Formalized Synchronization Problem Statement 

The purpose of multi-sensor synchronization is to ensure that data from different sensors can be aligned 
simultaneously and used for map building and state estimation. A system with multiple sensors generates 
measurement data streams at different times, so we need to determine a set of adjustment functions to map 
the local sensor times to a common reference time. The goal is to ensure that measurements of the same 
physical phenomenon are temporally aligned within an acceptable error range for the required application 
accuracy. 

This alignment should reflect the true conditions of operational drift, delays, and random noise, thus requiring 
dynamic estimation and adjustment, and should be adjusted based on new data and environmental changes 
[23]. Adjust the timestamps collected by each sensor based on the noise and time deviation statistics found in 
the synchronization solution. These adjustment strategies must be very precise to prevent data loss, sudden 
delay peaks, and actual rolling operation changes, and the sensor outputs should be as consistent as possible. 

The optimization goal is usually to minimize the total time difference of all sensor measurement data under 
constraints such as small adjustment ranges, limited real-time computing capabilities, and the impact of 
individual sensor failures. The recorded timestamps, delays and drift coefficients, noise statistics for each sensor, 
and other factors need to be continuously estimated and updated in order to collect new data during operation. 
In order to achieve real-time mapping and fusion, local synchronization or global synchronization of the entire 
data history can be performed within a sliding window model, depending on the system's structure and purpose. 
Based on the above framework, a stable and universal synchronization algorithm can be developed to address 
the issues of multiple sensors in changing and random environments. 

Algorithm Development 

Statistical Synchronization Algorithm 

Regardless of the sensor's original sampling frequency or hardware clock errors, the main goal of our 
synchronization framework is to achieve high precision and low latency, while making the sensor data available 
at the same time. This paper uses statistical modeling to directly correct system delays, drifts, and random time 
noise at the source. This is due to the drawbacks of simple timestamp interpolation and post-fusion linear 
correction. The statistical synchronization algorithm consists of three parts: system delay compensation, 
adaptive drift correction, and real-time data realignment. 

First, we define the observed timestamp from the 𝑖𝑖  th sensor as 𝑡𝑡𝑘𝑘𝑖𝑖  for the 𝑘𝑘  th sample, and introduce an 
adjustment variable 𝜏𝜏𝑖𝑖�𝑡𝑡𝑘𝑘𝑖𝑖 �, so that the adjusted global fusion time for the sample is 𝑇𝑇𝑘𝑘 = 𝑡𝑡𝑘𝑘𝑖𝑖 + 𝜏𝜏𝑖𝑖�𝑡𝑡𝑘𝑘𝑖𝑖 �. The 
adjustment function 𝜏𝜏𝑖𝑖(⋅) can be expressed as the sum of the scheduled delay, estimated drift, and white noise 
term: 

𝜏𝜏𝑖𝑖(𝑡𝑡) = 𝑑̂𝑑𝑖𝑖 + 𝛼̂𝛼𝑖𝑖𝑡𝑡 + 𝑛𝑛𝑖𝑖(𝑡𝑡) Eq.(1) 
Where, 𝑛𝑛𝑖𝑖(𝑡𝑡) is a random noise component with a mean of zero, 𝑑̂𝑑𝑖𝑖 is the currently estimated delay and drift 
value, and 𝛼̂𝛼𝑖𝑖 is the currently estimated drift value. The algorithm recursively updates 𝑑̂𝑑𝑖𝑖 and 𝛼̂𝛼𝑖𝑖 as sensor data 
is received, based on newly arrived information and historical alignment errors. 

All 𝑁𝑁  sensors are synchronized at the same time. The sliding time window collects the most recent 
measurements from all other synchronized sensor streams. First, a window is used to calculate the pairwise 
differences in local adjustment times. Then, a set of equations is used to determine the overall synchronization 
state. At time step 𝑘𝑘, the general form of the pairwise error measure 𝜖𝜖𝑖𝑖𝑖𝑖(𝑘𝑘) is: 

𝜖𝜖𝑖𝑖𝑖𝑖(𝑘𝑘) = ��𝑡𝑡𝑘𝑘𝑖𝑖 + 𝜏𝜏𝑖𝑖�𝑡𝑡𝑘𝑘𝑖𝑖 �� − �𝑡𝑡𝑙𝑙(𝑘𝑘)
𝑗𝑗 + 𝜏𝜏𝑗𝑗 �𝑡𝑡𝑙𝑙(𝑘𝑘)

𝑗𝑗 ��� Eq.(2) 

The index of the sample closest in time in sensor 𝑗𝑗 is 𝑙𝑙(𝑘𝑘). In order to achieve global temporal alignment, the 
goal of the entire algorithm is to minimize the expected squared time difference of all pairs: 

𝑚𝑚𝑚𝑚𝑚𝑚
{𝜏𝜏𝑖𝑖}

 �  
𝑘𝑘

�  
𝑖𝑖<𝑗𝑗

𝑤𝑤𝑖𝑖𝑖𝑖(𝑘𝑘)𝜖𝜖𝑖𝑖𝑖𝑖(𝑘𝑘)2 Eq.(3) 

where 𝑤𝑤𝑖𝑖𝑖𝑖(𝑘𝑘) are weighting coefficients reflecting application-specific priorities or stream confidences. 
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To efficiently and real-time solve this minimization problem, we adopted an online regularized least squares 
estimation scheme, where the current delay and drift parameters are gradually updated in each synchronization 
cycle. The structure of the framework is shown in Figure 1. The figure shows the entire process of the proposed 
synchronization strategy, starting from sensor data collection to the output of the environment map with high-
precision time adjustment. In multi-sensor scenarios, modular design supports scalability and flexibility. To 
ensure the reliability of downstream perception and mapping, the statistical synchronization algorithm achieves 
stable real-time fusion by recursively correcting systematic and random alignment errors. 

 
Figure 1. Statistical Synchronization Algorithm Framework Workflow 

Online Parameter Estimation 

During normal system operation, time delay and drift can be estimated in real-time, which is an adaptation of 
the synchronization framework. In a multi-sensor environment, clock offsets and time drifts may occur due to 
various factors such as temperature changes, component aging, or external noise. Avoid one-time calibration 
methods, dynamically adjust parameters to adapt to changes, and maintain high synchronization. 

The underlying mechanism of online estimation is a recursive algorithm that uses a rolling buffer to handle 
synchronization errors. In the synchronization step 𝑘𝑘, the time difference between any two sensors 𝑖𝑖 and 𝑗𝑗 can 
be expressed as 

𝑒𝑒𝑖𝑖𝑖𝑖(𝑘𝑘) = �𝑡𝑡𝑘𝑘𝑖𝑖 + 𝑑̂𝑑𝑖𝑖 + 𝛼̂𝛼𝑖𝑖𝑡𝑡𝑘𝑘𝑖𝑖 � − �𝑡𝑡𝑙𝑙
𝑗𝑗 + 𝑑̂𝑑𝑗𝑗 + 𝛼̂𝛼𝑗𝑗𝑡𝑡𝑙𝑙

𝑗𝑗� Eq.(4) 
where 𝑡𝑡𝑘𝑘𝑖𝑖  and 𝑡𝑡𝑙𝑙

𝑗𝑗 are local timestamps and 𝑑̂𝑑𝑖𝑖 , 𝛼̂𝛼𝑖𝑖 are the current delay and drift estimates for each sensor. 

The algorithm quickly adapts to changes or noise in the system by repeatedly reducing the rolling mean square 
error of each sensor pair within a sliding window. This allows the system to remain stable when encountering 
gradual and sudden changes. The following formula represents the cost function of the window. 

𝐽𝐽 = � 
𝑗𝑗≠𝑖𝑖

1
𝑊𝑊

�  
𝑘𝑘0+𝑊𝑊−1

𝑘𝑘=𝑘𝑘0

𝑒𝑒𝑖𝑖𝑖𝑖(𝑘𝑘)2 Eq.(5) 

𝑊𝑊 represents the length of the window. Then, based on the previously mentioned content, modify the model's 
parameters in a gradient manner. The rules for the delay are as follows: 

𝑑̂𝑑𝑖𝑖
(𝑘𝑘+1) = 𝑑̂𝑑𝑖𝑖

(𝑘𝑘) − 𝛾𝛾𝑑𝑑
𝜕𝜕𝜕𝜕
𝜕𝜕𝑑𝑑𝑖𝑖

 Eq.(6) 

where 𝛾𝛾𝑑𝑑 is the adaptation rate. The drift parameter 𝛼̂𝛼𝑖𝑖 is updated independently in a similar gradient descent 
fashion, ensuring both are optimized according to the current error profile. 
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Having an effective anomaly detection module will help identify any excessive synchronization errors in the 
predictions as outliers. To prevent transient data spikes or missing values from interfering with the adaptation 
process, these outliers will be given reduced weight or removed from the window statistics. 

Figure 2 shows the entire process of the online parameter estimation method. Simultaneously process data from 
all sensors; detect outliers, calculate error statistics, and dynamically adjust delay and drift parameters. The 
above design allows the clock parameters of each sensor in the system to be independently adjusted, thereby 
achieving scalability and stability. 

 
Figure 2. Online Adaptive Parameter Update Flowchart 

Analytical Properties 

In order to verify its applicability in high-performance real-time multi-sensor mapping systems, a comprehensive 
analysis of the aforementioned statistical synchronization and online parameter estimation framework is 
required. The convergence speed, adaptability to time-varying operations, and some technical details of 
computational scalability will be discussed in this section. Each point has a mathematical foundation for 
engineering applications. 

Convergence is a common issue in adaptive estimation algorithms. Therefore, the recovery speed after achieving 
synchronization and realignment will decrease. The update for the parameter vector at iteration 𝑘𝑘 is governed 
by a classic stochastic gradient descent rule: 

𝜽𝜽(𝑘𝑘+1) = 𝜽𝜽(𝑘𝑘) − 𝛾𝛾𝛾𝛾𝛾𝛾�𝜽𝜽(𝑘𝑘)� Eq.(7) 
Here, 𝛾𝛾 is the learning rate and needs to be carefully adjusted; if it's too large, it will likely diverge; if it's too 
small, it will likely converge very slowly. The mean squared temporal alignment error on the rolling window is 
the cost function used: 

𝐽𝐽(𝜽𝜽) =
1
𝑊𝑊
�  
𝑊𝑊

𝑤𝑤=1

�  
𝑖𝑖<𝑗𝑗

�𝑒𝑒𝑖𝑖𝑖𝑖(𝑤𝑤)�2 Eq.(8) 

where 𝑒𝑒𝑖𝑖𝑖𝑖(𝑤𝑤) is the instantaneous residual between the compensated timestamps of sensor 𝑖𝑖 and 𝑗𝑗. Windowing 
reduces the impact of abrupt changes, making optimization problems suitable for incremental computation. 

In unstable environments, a framework can be used where a forgetting factor is added to the framework, 
allowing parameters to change over time, such as variations in temperature or network traffic, hardware aging, 
etc. Use historical error aggregation to weight the index: 

𝐽𝐽𝜆𝜆(𝜽𝜽) = (1 − 𝜆𝜆) �  
𝑊𝑊

𝑤𝑤=1

𝜆𝜆𝑊𝑊−𝑤𝑤�  
𝑖𝑖<𝑗𝑗

�𝑒𝑒𝑖𝑖𝑖𝑖(𝑤𝑤)�2 Eq.(9) 
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A large 𝜆𝜆 gives more weight to long-term smoothness, reducing the impact of short-term outliers; a small λ for 
recent data makes it more sensitive to sudden changes. 

To ensure the algorithm remains stable after multiple uses, the Lyapunov function is employed: 

𝑉𝑉(𝜽𝜽) = 𝐽𝐽(𝜽𝜽) Eq.(10) 
Stability is guaranteed if the difference of Lyapunov functions meets 

𝑉𝑉�𝜽𝜽(𝑘𝑘+1)� − 𝑉𝑉�𝜽𝜽(𝑘𝑘)� < 0 Eq.(11) 
For all possible finite numbers of 𝑘𝑘 indices. This characteristic indicates that, as shown below, the estimated 
path is extremely decreasing in terms of synchronization error. Therefore, under ideal conditions, global 
asymptotic stability can be guaranteed. 

In order to ensure the operational stability of large-scale sensor systems under noise or other anomalies, the 
following error function for suppressing outliers is adopted: 

𝑒̃𝑒𝑖𝑖𝑖𝑖(𝑤𝑤) = 𝜓𝜓�𝑒𝑒𝑖𝑖𝑖𝑖(𝑤𝑤), 𝜏𝜏� Eq.(12) 
where 𝜓𝜓(⋅) is a bounded, monotonic truncation function, such as the Huber loss or Tukey's biweight, and 𝜏𝜏 
defines the outlier sensitivity threshold. The aforementioned protection device can maintain unbiased 
adaptation under severe non-Gaussian measurement noise or communication error conditions. This is done to 
prevent large errors from causing huge errors that destabilize the entire synchronization process. 

In terms of computation, the extent to which embedded systems and the cloud can be scaled is directly related 
to this. For a sensor network of size 𝑁𝑁 and a window length of 𝑊𝑊, the pairwise residual computation and update 
is the main cost at each step: 

𝐶𝐶𝑒𝑒𝑒𝑒𝑒𝑒 =
𝑁𝑁(𝑁𝑁 − 1)

2
⋅ 𝑊𝑊 Eq.(13) 

Since the growth of 𝑁𝑁 squared is relatively small, parallelization can be used to compute the updates for each 
sensor independently or across distributed resources. 

Experiments and Performance Analysis 

Experimental Setup and Evaluation Metrics 

By using simulations and actual experiments to evaluate the online parameter estimation framework and 
statistical synchronization in this study. These two experimental designs demonstrate the practical issues of 
state-of-the-art multi-sensor mapping systems. They are ideal conditions and pressure scenarios, respectively. 
All experimental procedures met the aforementioned standards of time accuracy, robustness, and 
computational efficiency [24]. 

Using event-driven and time-driven structures to simulate the environment, in order to replicate the 
characteristics of real sensor arrays. Virtual sensors such as LiDAR, IMU, stereo vision, and radar can be set to 
frequencies ranging from 10 Hz to 200 Hz and include random drift, dynamic delay, and noise models, which are 
very close to the models seen in real-world applications [25]. Each run generates 1,000 independent trajectories, 
each containing a rich event log to control for temporal outliers and sudden drifts. This method is used to 
compare with traditional interpolation methods and robust adaptive baselines, which both record the true 
values of time and environment [26]. 

Actual tests will be conducted using multimodal sensor autonomous platforms, which include rotating LiDAR, 
MEMS inertial measurement units, stereo cameras, and automotive radar. In order to reduce software latency, 
the data streams at the driver level are all timestamped. Hardware-based time signals are only used for 
evaluation and will not be used during the adaptation process. The test will last 30 hours and will be conducted 
in various outdoor areas in both urban and suburban settings. The route will involve various environmental and 
real-life issues, such as weather changes, varying light conditions at different times, different levels of traffic, 
moving obstacles, etc. High-precision positioning and manual annotation independently verified the accuracy of 
synchronizing and mapping real values [27]. 
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The mean absolute time alignment error is a representative metric for quantitative evaluation. This value 
represents the degree of difference between the average actual fusion time and the average synchronization 
time. In addition, to evaluate the stability and convergence speed of online adjustments, the total drift 
estimation error, the maximum observed misalignment of instantaneous risk assessment, and the root mean 
square error are used. The hit overlap rate is used to evaluate the mapping accuracy of the online map and the 
reference map, based on the same standards and different sensor configurations [28]. 

System resilience can be tested by introducing synthetic and spontaneous sensor faults, such as peak delays and 
disconnections. Recovery rate and sustained alignment quality are robustness metrics [29]. To ensure its 
applicability to real-time applications, the number of resources used during all experimental processes (including 
CPU and memory) was also examined, as well as the processing delay from data collection to fusion output [30]. 

The platform provides a reasonable and transparent foundation for the comparative analysis and subsequent 
technical discussions in this paper, by using these different, technology-driven evaluation metrics to handle field 
data and simulated data. 

Experimental Results and Discussion 

Conduct a comprehensive experimental analysis to evaluate the effectiveness and practicality of the proposed 
statistical synchronization and adaptive parameter estimation framework. Figures 3 to 7 show the results of 
controlled simulations, actual field deployments, multi-sensor fusion, baseline method comparisons, and 
robustness benchmarks, demonstrating the performance of the entire system under various conditions. 

The synthetic validation experiment provided the first set of data on the system's accuracy. As shown in Figure 
3a, the proposed method exhibits rapid convergence in terms of time alignment. The synchronization error 
decreases from over 3 milliseconds to below 1.5 milliseconds after 25 cycles, and the system maintains an 
average value of 0.9 ± 0.2 ms in steady state. As shown in Figure 3b, the error distribution analysis indicates 
that after composite injection drift and random loss, over 96% of the points still fall within the ±1 ms range, 
demonstrating good outlier suppression. Furthermore, as shown in Figure 3c, the drift correction heatmap 
indicates that under extreme disturbances (i.e., drift > 5 ms  or noise > 2  ms), adaptive calibration still 
maintains a correction success rate of over 95%. In a wide range of interference areas. 

 
Figure 3. Simulation results. (a) Time alignment error convergence; (b) Error scatter with drift/dropout; (c) Correction success rate 

heatmap. 
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As shown in Figure 4a, based on real-world validation, the median of the synchronization error distribution under 
various weather and motion conditions is always less than 2 milliseconds, and the interquartile range is small, 
demonstrating excellent field performance. As shown in Figure 4b, the accuracy of the mapping results is also 
relatively high. The spatial overlap scores for highways and complex urban areas reached 0.84 and 0.92, 
respectively, and the labeled bar values indicate improvements in all test environments. As shown in Figure 4c, 
the trend of time alignment indicates that the framework can quickly respond to disturbances. When the 
environment changes or the sensor is turned off, the error value quickly converges to about 1 millisecond and 
remains time-stable during continuous operation. As shown in Figure 4d, the cumulative distribution curve after 
online calibration indicates that 95% of the synchronization errors are less than 1.8 milliseconds, which means 
they have decreased by more than 60% compared to the original hardware alignment baseline. 

 
Figure 4. Real-world results. (a) Synchronization error under various scenarios; (b) Mapping accuracy by environment; (c) Temporal 

alignment during disturbance; (d) Error CDF after correction. 
Further insights into system advantages are highlighted in the sensor fusion analysis. As shown in Figure 5a, 
violin plots for temporal fusion errors exhibit highly centralized and consistent distributions, with both mean 
and median values well-aligned and low interquartile ranges for all sensor combinations. The grouped bar chart 
in Figure 5b, presented with in-bar value annotations for clarity, demonstrates that the proposed framework 
consistently reduces mapping errors by 25% to 41%—with the largest gains seen in LiDAR+IMU scenarios under 
dynamic and visually occluded conditions. 
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Figure 5. Fusion statistics. (a) Fusion error violin plots for sensor combinations; (b) Mapping error reduction by fusion type. 

The extended sample set in Figure 6 shows the system comparison and ablation experiments. In each of the 120 
training cycles, the mean and peak errors of the proposed method are lower than all other baselines and remain 
stable within a narrow confidence band, as shown in Figure 6a. As shown in the stacked bar chart results in 
Figure 6b, this level of accuracy can be achieved with a relatively low computational load; even with an increase 
in sensor suite complexity, the total resource consumption remains below 60%, with all values labeled to ensure 
transparency. The mapping accuracy of the five types of synchronizers has been evaluated, as shown in Figure 
6c; the proposed method exhibits the highest median and the lowest variance. As shown in Figure 6d, the end-
to-end processing delay measurements indicate that real-time deployment is feasible, and the system runtime 
is reliably below 10 milliseconds. 

 
Figure 6. Baseline comparison. (a) Sync error across epochs; (b) CPU/GPU usage; (c) Mapping precision; (d) System latency. 

The results of the robustness test are as follows, as shown in Figure 7. The box plot comparison under outlier 
injection is shown in Figure 7a. This indicates that even in the presence of sudden disturbances, the proposed 
method produces significantly fewer outliers. In the worst-case scenario, the alignment error is reduced by about 
half compared to all baselines. As shown in Figure 7b, the stress test results were conducted under six 
challenging scenarios. These situations include sensor noise, packet loss, time drift, and complex edge cases. In 
the worst environments, the mapping accuracy remains above 0.74, and in normal conditions, it stays above 
0.92. 
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Figure 7. Robustness tests. (a) Alignment error under outlier injection; (b) Accuracy under various stress scenarios. 

Complexity and Robustness Analysis 

This section discusses the computational efficiency, scalability, and robustness of the synchronization and sensor 
fusion framework proposed by the research institute, as well as its runtime performance, resource consumption, 
and resilience to severe operational disturbances in practical and safety-critical deployments. 

In the case of using an Intel i7-12700H CPU and NVIDIA RTX 3060 GPU, multithreading optimization was done in 
C++. The system can support up to eight concurrent sensor streams, with an average iteration runtime of 7.3 
milliseconds, performing well in near-real-time environments. Performance analysis shows that the proposed 
architecture reduces peak CPU usage by 18%, GPU utilization by 27%, and memory consumption remains below 
480 MB in all actual deployments [31]. By selecting a wider time window and quickly eliminating outliers, 
resource consumption can be reduced; thus, only necessary updates are required. 

Due to early pruning and local consistency checks, the alignment process has a sublinear time complexity, 
according to empirical scaling analysis. High-density sensor integration is feasible, reducing the end-to-end 
runtime by less than 3.2 times, with the number of sensors increasing from two to eight. The drift correction 
module, which exhibits linear computational growth and avoids the quadratic overhead of naive pairwise models, 
is a relatively efficient low-rank matrix operation [32]. Therefore, this design can be used in real-time multi-
sensor systems. 

Large clock drifts, random packet loss rates of up to 30%, and coordinated sensor failures are all examples of 
system robustness. These stress tests are based on various constructs and real-world environments. Under 
almost identical conditions, the mapping accuracy of the proposed system exceeds 0.74; moreover, under 
almost identical conditions, the mapping accuracy of this system is at least 15% higher than that of conventional 
Kalman filters or frequency-locked loop strategies. In contrast, the competing baseline often experiences 
catastrophic divergence or irrecoverable state loss, whether due to brief drifts or multimodal failures [33]. 

In the ablation study of delays and sensor loss, the adaptive estimator recovers to sub-millisecond accuracy 
within three update cycles after sudden disturbances. Monte Carlo analysis (n = 1000) found that in the worst-
case scenario, the synchronization error does not exceed 2.9 times the static value. On the other hand, under 
the same test conditions, the alternative algorithm often shows deviations exceeding seven times the baseline 
error [34]. It is worth noting that this method achieved full fusion accuracy within 0.4 seconds and demonstrated 
rapid recovery speed in tests with over 95% hardware interruptions or timestamp corruption. 

Field tests were conducted in various natural environments, and all major performance indicators showed only 
slight and controllable fluctuations. Automated anomaly detection can be used to filter erroneous sensor data 
streams to prevent these errors from causing issues in other parts of the system. This will enhance the overall 
stability of the system and align with the best practices for creating reliable perception systems [35]. 
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Conclusion 
To achieve robust multimodal perception in complex and dynamic environments, this paper proposes a unified 
statistical synchronization and adaptive sensor fusion framework. Extensive experiments using real and 
synthetic data demonstrate that the proposed method outperforms the current best baseline in terms of 
computational efficiency, mapping accuracy, and temporal alignment accuracy. Adaptive windows, efficient drift 
correction, and outlier suppression have been used to address the challenges of dense sensor arrays. They are 
also capable of preventing issues such as noise and disconnections. This framework can be used for high-end 
robots, autonomous vehicles, and critical mission situational awareness applications, as it achieves sub-
millisecond synchronization errors, improves mapping accuracy, and maintains stable real-time throughput in 
controlled simulations and large-scale field tests. 

The current implementation still has some other limitations. Due to extreme environmental changes, the 
generalization to the real world may be limited by the requirements of supervised calibration. In addition, rare 
failures may still occur due to the combination of sensor malfunctions or malicious data attacks. The system's 
adaptability to non-Gaussian noise processes and new, unobserved scenarios still requires theoretical research. 
Although current methods are efficient in terms of resource usage, the direct connection to legacy hardware 
platforms and the scalability to extremely large sensor networks still need to be addressed in practice. 

In the future, we will study unsupervised or self-supervised adaptation methods that can effectively handle 
changes in the environment and sensor configurations. We will study federated and distributed sensor fusion 
schemes to achieve scalability and reduce single points of failure. A module for understanding and reasoning 
about semantic scenes can be added to enhance the overall robustness and fault tolerance of the system. 
Continue collaborating with actual industry partners to conduct large-scale expansion and testing, and further 
optimize and validate the proposed framework based on application requirements. 
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