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Abstract. The autonomous driving system needs high-precision sensor calibration to prevent measurement errors in the 
sensors from affecting the precision of localization, trajectory planning, obstacle detection, and decision-making. Because of 
the complexity of the urban traffic environment, the cameras, LiDAR, millimetre-wave radar, inertial measurement units 
(IMUs), and GNSS receivers employed in this work have varying sampling rates, coordinate systems, noise characteristics, 
installation accuracy, etc. This research proposes a high-precision multi-sensor calibration framework for automated traffic 
navigation systems. The framework consists of extrinsic alignment, spatiotemporal synchronization, uncertainty modelling, 
intrinsic correction, and navigation error compensation. Joint optimization model to lower navigation state deviation and 
cross-sensor projection residuals. The experiment shows that the suggested approach improved fusion consistency in 
dynamic traffic scenarios by 31.5%, decreased the mean localization error from 0.42m to 0.16m, and reduced the LiDAR-
camera reprojection error by 46.8%. In this study, we an engineering-focused calibration technique for multi-sensor fusion 
and robust traffic guidance. 
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Introduction 
These days, intelligent transportation, autonomous driving, sophisticated driver assistance, and vehicle-road 
cooperative mobility all depend on automatic traffic guidance systems. The road geometry, the locations of 
other cars and traffic signs, lane borders, moving impediments, and the ego-motion status must all be constantly 
known in order to work dependably. In practice, a navigation system typically uses a combination of cameras for 
semantics and texture, LiDAR for precise spatial geometry, millimeter-wave radar for robustness in bad weather, 
IMU for high-frequency motion constraints, and GNSS for global positioning. LiDAR-Camera fusion is utilized to 
improve awareness of the on-road surroundings and depth perception [1]. Autonomous driving and high-
definition mapping have also been made possible by GNSS/IMU/LiDAR integration [2]. The stability of motion 
estimate is directly impacted by camera-IMU calibration, as demonstrated by visual-inertial state estimation [3]. 
During lane-level localization, obstacle association, and trajectory planning for a traffic guidance system, a minor 
inaccuracy in the sensor's placement could be amplified. Mounting variation can result in combined localization 
errors in autonomous driving, according to research on IMU-vehicle calibration [4]. Studies on LiDAR-IMU and 
wheel-odometer localization have also demonstrated that navigation performance is highly impacted by 
coordinate transformation precision [5]. High-frequency inertial constraints can only lessen motion distortion if 
calibration parameters are consistent, as demonstrated by IMU-assisted LiDAR odometry [6]. 

Therefore, rather than being merely a preliminary measure, high-precision sensor calibration must be used to 
ensure the accuracy of the multi-sensor navigation system in practice. In order to align data from many sensors 
in a single coordinate system, an external calibration must first be performed; otherwise, intrinsically calibrated 
data do not require further processing. Because cameras, LiDAR, radar, IMUs, and GNSS typically have various 

  Journal of Applied Automation Technologies  

Re
se

ar
ch

 P
ap

er
 

 



High-Precision Sensor Calibration Technology in Automatic Traffic Navigation Systems 
https://doi.org/10.64972/jaat.2024v2.268p13e:178-191 

179 
 

sampling frequencies and trigger delays, temporal calibration is also necessary. Multi-source alignment is 
required for autonomous driving applications, as demonstrated by Accurate Positioning Based on GNSS-RTK, INS, 
and LiDAR fusion [7]. In order to eliminate manual offline operation and incorporate calibration into a vehicle's 
perception pipeline, LiDAR-camera self-calibration techniques have been presented [8]. Targetless extrinsic 
calibration using uncertainty analysis improves engineering applicability and eliminates the need for a 
calibration board [9]. Studies on the calibration of radar-LiDAR cameras have demonstrated that, despite the 
fact that they are distinct sensor types, their spatial alignment must be harmonized [10]. The spatial and 
temporal characteristics can be concurrently estimated via continuous-time spatiotemporal calibration [11]. 
Projection consistency is highly sensitive to calibration precision, as demonstrated by LiDAR-camera fusion for 
depth completeness [12]. Features in the raw image have an impact on parameter transfer for autonomous 
driving systems, according to research on monocular camera calibration [13]. In fact, navigation platforms must 
be modified to accommodate various sensor resolutions and installation configurations, according to calibration 
techniques for low-resolution LiDAR and camera systems [14]. A broad state estimate basis for linking calibration 
accuracy and navigation performance is provided by Kalman filter-based sensor fusion [15]. 

High-precision sensor calibration technology for automated traffic navigation systems is the subject of this 
research. In this study, develop a multi-sensor calibration framework that incorporates joint parameter 
optimization, coordinate transformation, spatiotemporal synchronization, uncertainty propagation, and 
navigation error compensation. Reducing localization error, improving cross-sensor fusion consistency, and 
enhancing navigation stability in a variety of challenging traffic situations, including crossings, tunnels, heavy 
traffic, vibration disturbance, visual obstruction, and temporal offset, are the primary goals. The current work 
examines the calibration parameters as navigation-related and evaluates them in conjunction with dynamic 
sensing quality and downstream localization performance, in contrast to the earlier stand-alone offline 
calibration. 

Related Work 

Sensor Calibration Methods for Intelligent Navigation Systems 

An intelligent navigation system’s sensor can be calibrated in four different ways: intrinsic, extrinsic, temporal, 
and online self-calibration. FOCAL LENGTH, DISTORTION, AND PROJECTION PARAMETERS are calibrated by 
camera calibration. Point cloud geometry is mapped to camera and vehicle coordinate systems using LiDAR 
calibration. Lower angular resolution, Doppler measurement, and radar cross-section uncertainty must all be 
addressed in radar calibration. Jump-free odometry requires stable multi-sensor alignment, according to a 
moving-reference Kalman filter [16]. Calibration and filtering should be carried out simultaneously while the 
vehicle is moving, according to robust SRIF-based LiDAR-IMU localization [17]. When there are several sources 
with various limitations, graph-based multi-sensor fusion can offer an appropriate representation for consistent 
localization [18]. Reviews of deep learning sensor fusion also include research on how cross-modal consistency 
affects perception and localization [19]. 

Spatiotemporal calibration has been extensively researched recently because of the various trigger mechanisms 
and sampling speeds of the navigation sensors. A significant state estimate mistake during acceleration or 
rotations will result from a tiny time-of-flight offset between the camera and IMU. By merging object part and 
radar response data, camera-radar fusion is employed for reliable vehicle localization [20]. Research on 
intelligent transportation sensor fusion provides system-level assistance for integrating different kinds of traffic 
observations in traffic systems [21]. The introduction to sensor fusion also highlights the need for coordinate 
transformation, uncertainty representation, and data association in order to guarantee navigation dependability 
[22]. The Transformer-based sensor fusion survey [23] states that structured cross-modal alignment is being 
used more and more in contemporary perception systems. 

Multi-Sensor Fusion and Navigation Error Correction 

Kalman filtering, factor graphs, graph optimization, probabilistic state estimation, and learning-enhanced fusion 
are frequently used in multi-sensor fusion and navigation error correction. In autonomous cars, sensor fusion 
gathers data from several sources using a variety of sensors, including cameras' semantic information, LiDAR's 
geometry, radar's precise velocity measurements, IMU's high-frequency motion data, and GNSS's absolute 
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positioning. Research on LiDAR-camera and odometry fusion has demonstrated that diverse sensors can 
improve autonomous cars' perception capabilities through comparatively accurate coordinate alignment [24]. 
Target-based radar-camera co-calibration research has demonstrated that, under shared calibration constraints, 
radar and camera observations can be collaboratively optimized [25]. It has also been demonstrated using radar-
camera multi-task sensing that calibration quality influences both navigation perception and detection [26]. 

Large-scale datasets, particle filtering, error-state filtering, and GNSS-denied localization have all been the 
subject of recent research. For autonomous cars, improved INS/GNSS fusion improves positioning accuracy 
under challenging satellite situations [27]. To combine measurement uncertainty and motion model uncertainty, 
error-state Kalman filtering is frequently employed [28]. illustrates an additional probabilistic method for 
localizing a particle filter [29]. In urban driving circumstances, dataset research for stereo-IMU odometry 
facilitates repeatable evaluation [30]. Instead of only lowering static geometric errors, the investigations have 
laid the groundwork for developing a calibration technique that directly increases navigation accuracy through 
optimization of navigation mistakes. 

High-Precision Multi-Sensor Calibration Method 

Calibration Framework and Coordinate Transformation Model 

In the suggested approach, model cameras, LiDAR, radar, IMU, and GNSS as heterogeneous observation units 
linked by a vehicle body coordinate frame. The high-precision multi-sensor calibration framework is depicted in 
Figure 1. Adjust the framework's internal parameters first, then figure out the external transformations and 
account for temporal offsets. Lastly, use navigation residual feedback to optimize the calibration settings. 

 
Figure 1. High-precision multi-sensor calibration framework for automatic traffic navigation systems 

 
𝑝𝑝𝑣𝑣 = 𝑇𝑇𝑣𝑣𝑠𝑠𝑝𝑝𝑠𝑠 Eq.(1) 

Here, 𝑝𝑝𝑠𝑠 is a point observed in sensor coordinate frame 𝑠𝑠,𝑝𝑝𝑣𝑣 is the corresponding point in the vehicle body frame, 
and 𝑇𝑇𝑣𝑣𝑠𝑠 is the rigid transformation from sensor frame to vehicle frame. This transformation is the basic carrier of 
extrinsic calibration. 

𝑇𝑇𝑣𝑣𝑠𝑠 = �𝑅𝑅𝑣𝑣
𝑠𝑠 𝑡𝑡𝑣𝑣𝑠𝑠

0 1
� Eq.(2) 

The matrix 𝑅𝑅𝑣𝑣𝑠𝑠 describes rotation alignment, while 𝑡𝑡𝑣𝑣𝑠𝑠 describes translation offset. Rotation error mainly causes 
angular inconsistency in perception, whereas translation error affects depth association and obstacle position 
estimation. 
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𝑒𝑒𝑝𝑝 = ‖𝜋𝜋(𝐾𝐾,𝑇𝑇𝑐𝑐𝑙𝑙𝑝𝑝𝑙𝑙) − 𝑢𝑢𝑐𝑐‖2 Eq.(3) 
The reprojection residual 𝑒𝑒𝑝𝑝 measures the difference between the projected LiDAR point and the corresponding 
image feature. It connects camera intrinsics 𝐾𝐾, LiDAR-camera transformation 𝑇𝑇𝑐𝑐𝑙𝑙 , and visual observation 𝑢𝑢𝑐𝑐 , 
enabling geometric calibration to be evaluated by cross-modal consistency. 

The coordinate system model is used for both laboratory calibration and real-world traffic navigation. To avoid 
the system having to repeatedly write the nominal mounting parameters for vibration-induced short-term 
disruptions, separate scene-sensitive correction variables from stable calibration parameters. 

Spatiotemporal Synchronization and Error Propagation Modeling 

Spatiotemporal synchronization is necessary because the sensors in a traffic guidance system do not perceive 
the same physical phenomenon at exactly the same moment. A 20 MS time discrepancy could cause a 
displacement during acceleration, lane departure, or a turn. By comparing motion-compensated data with 
inertial predictions, one can estimate the time offset. 

𝑧𝑧𝑠𝑠(𝑡𝑡) = ℎ𝑠𝑠(𝑥𝑥(𝑡𝑡 + Δ𝑡𝑡𝑠𝑠),𝜃𝜃𝑠𝑠) + 𝑛𝑛𝑠𝑠 Eq.(4) 
In this observation equation, 𝑧𝑧𝑠𝑠(𝑡𝑡) is the sensor measurement, 𝑥𝑥(𝑡𝑡 + Δ𝑡𝑡𝑠𝑠) is the navigation state shifted by 
temporal offset Δ𝑡𝑡𝑠𝑠,𝜃𝜃𝑠𝑠 contains calibration parameters, and 𝑛𝑛𝑠𝑠 is measurement noise. 

Σ𝑦𝑦 = 𝐽𝐽𝜃𝜃Σ𝜃𝜃𝐽𝐽𝜃𝜃𝑇𝑇 + 𝐽𝐽𝑛𝑛Σ𝑛𝑛𝐽𝐽𝑛𝑛𝑇𝑇 Eq.(5) 

The covariance Σ𝑦𝑦 describes how calibration parameter uncertainty and measurement noise propagate into 
fused observations. The Jacobians 𝐽𝐽𝜃𝜃 and 𝐽𝐽𝑛𝑛 quantify sensitivity to calibration error and sensor noise. 

𝑟𝑟𝑡𝑡 = ‖𝑥𝑥imu(𝑡𝑡) − 𝑥𝑥fuse(𝑡𝑡 − Δ𝑡𝑡𝑠𝑠)‖2 Eq.(6) 
The temporal residual 𝑟𝑟𝑡𝑡 compares IMU-predicted motion and fused navigation state after offset compensation. 
A smaller residual indicates more reliable synchronization between high-frequency inertial measurements and 
lowerfrequency perception sensors. 

𝐸𝐸𝑠𝑠 = � 
𝑖𝑖

𝜆𝜆𝑖𝑖𝑟𝑟𝑖𝑖𝑇𝑇Σ𝑖𝑖−1𝑟𝑟𝑖𝑖 Eq.(7) 

The synchronization energy 𝐸𝐸𝑠𝑠 aggregates residuals from different sensors with uncertainty weighting. Sensors 
with higher uncertainty contribute less to parameter updates, which improves robustness under occlusion or 
degraded measurement quality. 

Joint Optimization-Based Calibration Parameter Estimation 

The extrinsic parameters, temporal offsets, etc. are adjusted using a joint optimization process following the 
initial calibration. The method of joint calibration optimization and spatiotemporal synchronization is shown in 
Figure 2. Visual projection residuals, LiDAR geometric residuals, radar velocity residuals, IMU motion residuals, 
and GNSS positioning residuals are all used in the optimization. 
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Figure 2. Spatiotemporal synchronization and joint calibration optimization process 

 

Θ∗ = arg min
Θ
 �  
𝑘𝑘

𝜌𝜌(‖𝑟𝑟𝑘𝑘(Θ)‖Ω2 ) Eq.(8) 

The parameter set Θ includes intrinsic correction, extrinsic transformation, temporal offset, and noise weighting 
parameters. The robust function 𝜌𝜌 reduces the influence of outliers caused by dynamic objects or partial sensor 
occlusion. 

𝑥̂𝑥(𝑡𝑡) = 𝑓𝑓(𝑥𝑥(𝑡𝑡 − 1),𝑢𝑢(𝑡𝑡),Θ∗) Eq.(9) 
The calibrated navigation state 𝑥̂𝑥(𝑡𝑡) is obtained from the motion model 𝑓𝑓, previous state 𝑥𝑥(𝑡𝑡 − 1), control or 
inertial input 𝑢𝑢(𝑡𝑡), and optimized calibration parameters Θ∗. This links calibration directly to navigation state 
estimation. 

𝐶𝐶𝑛𝑛 = 𝛼𝛼𝑒𝑒𝑝𝑝 + 𝛽𝛽𝑟𝑟𝑡𝑡 + 𝛾𝛾𝑒𝑒loc Eq.(10) 
The navigation calibration cost 𝐶𝐶𝑛𝑛 combines projection residual, temporal residual, and localization error. In the 
proposed method, 𝑒𝑒loc  is measured against GNSS-RTK or high-definition map reference when available, allowing 
calibration to be guided by navigation accuracy rather than static alignment alone. 

The optimization consists of the following two components. The first step uses geometric residuals to determine 
the initial external parameters. Next, dynamic motion is calculated using navigation and temporal residuals. 
Stable lane markers, building margins, road limits, and other static landmarks are chosen as calibration 
references using a sliding window method; dynamic objects are given a lower confidence unless radar velocity 
and camera tracking match. 

Experimental Scheme and Quantitative Evaluation 

Experimental Platform and Traffic Scenario Configuration 

A single 64-line LiDAR, a millimeter-wave radar, a tactical-grade IMU, wheel odometry, a GNSS-RTK receiver, two 
side cameras, and one front camera make up the experimental platform. The tests include high-density traffic, 
straight highways, crossroads, tunnels, and urban canyons. The suggested joint calibration approach, filtering-
only fusion, offline extrinsic calibration, and the calibration of a single sensor are all compared. 
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𝑆𝑆𝑒𝑒 = �𝑆𝑆straight , 𝑆𝑆cross , 𝑆𝑆tunnel , 𝑆𝑆dense � Eq.(11) 

The scenario set 𝑆𝑆𝑒𝑒 covers straight-road driving, intersection turning, tunnel transition, and dense traffic. These 
conditions are selected because they produce different observability and synchronization challenges. 

18.4 km of urban highways, 6.2 km of elevated roadways, three tunnel entrances, twelve crossroads, and nine 
portions with heavy traffic make up the data gathering route. LiDAR at 10 Hz, radar at 20 Hz, IMU at 200 Hz, 
GNSS-RTK at 10 Hz, and camera stream at 30 Hz. 

Calibration Accuracy and Navigation Performance Metrics 

The three main kinds of errors in calibration accuracy are reprojection error, extrinsic rotation error and extrinsic 
translation error. Navigation performance is judged by trajectory root mean square error, heading error, lane-
level localisation stability and dynamic obstacle association consistency. 

𝐸𝐸loc = �
1
𝑁𝑁
� 
𝑖𝑖

 �𝑥𝑥𝑖𝑖 − 𝑥𝑥𝑖𝑖ref�2
2
 Eq.(12) 

The localization error 𝐸𝐸loc  is computed against high-precision reference trajectory. It directly reflects whether 
calibration improvement leads to better navigation performance. 

𝐸𝐸ext = ‖𝑡𝑡 − 𝑡𝑡ref‖2 + 𝜆𝜆�log(𝑅𝑅ref𝑇𝑇 𝑅𝑅)�
2
 Eq.(13) 

The extrinsic error  𝐸𝐸ext  combines translation difference and rotation difference. The logarithmic rotation 
representation avoids ambiguity when comparing small rotational errors. 

𝐹𝐹𝑐𝑐 =
1
𝑁𝑁
� 
𝑖𝑖

exp�−
�𝑧𝑧𝑖𝑖𝑎𝑎 − 𝑧𝑧𝑖𝑖𝑏𝑏�2

𝜎𝜎
� Eq.(14) 

The fusion consistency 𝐹𝐹𝑐𝑐 measures whether observations from two sensors describe the same traffic object 
after calibration. A higher value indicates better cross-sensor alignment and more stable navigation fusion. 

Additionally, the experiment logs heading deviation, lateral lane offset, dynamic object association stability, and 
temporal offset estimation inaccuracy. These indications aid in determining whether calibration actually 
enhances autonomous traffic navigation or merely improves geometric alignment. 

Comparative Experimental Design 

For comparison, use the same initial calibration file and raw sensor sequence. Only internal parameters are 
corrected using a single sensor baseline. Prior to testing, the extrinsic parameters are estimated using an offline 
baseline. Measurements without dynamic calibration adjustment are fused using a filtering-only baseline. The 
suggested method uses navigation feedback and spatiotemporal residuals to update calibration parameters. 

The offline baseline is allowed to employ a high-quality calibration sequence obtained before to the road test in 
order to guarantee comparative fairness, and the suggested technique likewise begins with the same initial data. 
The suggested approach only performs full parameter optimization when the residual stability satisfies the 
acceptance criteria, and it updates the calibration confidence every two seconds. The test embedded computer 
platform's real-time navigation criteria are satisfied by the average time of 11.8 Ms for a single lightweight 
update of the mean computation. 

Result Interpretation and Comparative Analysis 

Calibration Accuracy and Localization Error Analysis 

The technique cuts the average localization error from 0.42 m to 0.16 m and the reprojection error of the LiDAR 
camera from 3.28 pixels to 1.74 pixels. Yaw misalignment and a timing offset will occur at the junction due to a 
turn. Stable cross-modal data connection has an impact on localization quality, according to deep learning sensor 
fusion research [31]. The comparison between localization error and calibration accuracy is displayed in Figure 
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3. For each of the four traffic conditions, Figure 3(a) displays the reprojection error, Figure 3(b) the extrinsic 
parameter error, and Figure 3(c) the trajectory localization error. The use of downstream localization accuracy 
to assess calibration is further supported by research on multi-sensor fusion localization [32]. 

 
Figure 3. Calibration accuracy and localization error comparison. (a) Reprojection error comparison. (b) Extrinsic parameter error 

comparison. (c) Trajectory localization error under different scenarios 
 

A closer look at the localization path reveals that while the offline baseline functions rather well on straight 
highways, it becomes unstable during turns and tunnel transitions. As a result, the cumulative temporal 
inconsistency and vibration-induced mounting variation cannot be fully addressed by the static extrinsic factors. 
However, the suggested approach is very stable and has a modest lateral error. The 95th percentile of the lateral 
offset has decreased to 0.29 m from 0.71 m, and the mean heading inaccuracy has decreased to 0.46 degrees 
from 1.18 degrees. By making lane-level judgments more sensitive to lateral deviations than longitudinal faults, 
the changes will enhance the autonomous traffic navigation system. 

In terms of navigational accuracy, the calibration results' accuracy differs throughout the various translation and 
rotation error scenarios. Obstacle placement and object association are the primary causes of translation 
mistake, especially when there are cars within 15 meters. Near far-off lane boundaries and road-edge 
projections, rotation inaccuracy is greater. At a distance of 50 meters, a 0.3° yaw inaccuracy will cause a lateral 
projection variation of more than 25 cm. The suggested method reduces the translation error from 5.6 cm to 
2.1 cm and the average yaw error from 0.41 degrees to 0.13 degrees. As a result, compared to the low-speed 
straight-road sections, the trajectory inaccuracy is greatly decreased in the intersection and high-speed sections. 
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Sensor Fusion Consistency and Dynamic Robustness Analysis 

Following co-calibration, the degree of fusion increased to 0.315. The suggested approach can maintain the 
cross-sensor object centers within an average of 0.21 meters in high traffic, whereas the offline baseline suffers 
object association jitter due to partial blockage of camera features. Because varied sensors give distinct 
geographical and temporal evidence, research on intelligent transportation sensor fusion demonstrates the 
requirement for tight limitations [33]. The consistency of multi-sensor fusion under various traffic conditions is 
shown in Figure 4. The cross-sensor object center deviation is shown in Figure 4(a); feature association stability 
is compared in Figure 4(b); and lane-level localization consistency is displayed in Figure 4(c). Further research on 
camera-radar localization has also revealed that accurate calibration enhances a number of sensors [34]. 

 
Figure 4. Multi-sensor fusion consistency under different traffic scenarios. (a) Object center deviation. (b) Feature association stability. (c) 

Lane-level localization consistency 
 

It is assessed for dynamic robustness under vibration, occlusion, and timing-offset. The localization error of the 
offline baseline is 0.61 m when a 30 ms artificial timestamp offset is imposed, and it is 0.23 m after 
synchronization correction for the suggested approach. Adaptive geometric restrictions can lessen the 
requirement for a calibration target, according to targetless LiDAR-camera calibration experiments [35]. The 
navigation's resilience to vibration, occlusion, and time-offset is depicted in Figure 5. The localization error under 
vibration is shown in Figure 5(a); the robustness against visual occlusion is shown in Figure 5(b); and the error 
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increase with different temporal offsets is shown in Figure 5(c). Research on comparative camera calibration has 
also demonstrated that autonomous driving perception is influenced by camera parameter quality [36]. 

 
Figure 5. Navigation robustness under vibration, occlusion, and timing offset. (a) Localization error under vibration. (b) Robustness during 

visual occlusion. (c) Error growth under timing offset 
 

The Baseline Method Robustness Results Show Various Failure Modes. Due to simultaneous visual changes and 
GNSS loss, the single-sensor baseline is particularly vulnerable to degradation at the tunnel entrance. Since the 
offline baseline does not account for time compensation, it is susceptible to a time offset. Random noise will be 
suppressed by the filter-only baseline, but systematic projection bias brought on by extrinsic errors cannot be 
corrected. The route has strengthened resistance to unpredictability brought on by calibration-induced residuals 
and measurement noise. During short-term measurement outliers, separation can be employed to lessen the 
effect of slow-moving calibration drift on the navigation system. 

Both radar and LiDAR can offer geometry and velocity data since occlusion in high traffic regions causes visual 
feature matching to become unstable. When image features are partially obscured by busses or pedestrians, the 
new uncertainty model lessens the weight assigned to faulty camera residuals. In addition, radar velocity 
residuals support object association in the event of a momentary loss of visual information. As a result, improve 
navigation continuity. The suggested approach lowers the mean number of object connection breakage per 
route from 14.6 in the offline baseline to 6.2. Reduce local path planning and collision risk by addressing the 
issue of unstable object association. 
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Ablation Study and Cross-Scenario Generalization Discussion 

According to ablation analysis, the average localization error is 0.27m greater when temporal synchronization is 
not used than when it is (0.16m). The reprojection error increases by 19.4% when uncertainty weighting is not 
included, and the generalization ability for tunnel and urban canyon scenes is diminished when navigation 
feedback is not included. Studies on deep-convolutional extrinsic calibration demonstrate that while calibration 
features can be learned, physically significant limitations are still necessary [37]. The division of labor for joint 
optimization, uncertainty modeling, and synchronization is depicted in Figure 6. The localization modification 
following module removal is depicted in Figure 6(a), the reprojection error variation is shown in Figure 6(b), and 
the computational cost is compared in Figure 6(c). Time-delay correction is necessary for motion-sensitive 
navigation, as demonstrated by latency-compensated visual-inertial odometry investigations [38]. 

 
Figure 6. Contribution analysis of synchronization, uncertainty modeling, and joint optimization modules. (a) Localization changes after 

module removal. (b) Reprojection error variation. (c) Computational cost comparison 
 

The calibration parameters derived from straight-road and intersection data continue to function well in tunnel 
transitions and high traffic situations, according to the cross-scenario tests. The offline baseline is 0.48m, but 
the unseen scenario's localization error mean is still less than 0.24m. All forms of motion and traffic should be 
included in the calibration evaluation, according to research on the urban stereo-IMU dataset [39]. The cross-
scenario calibration generalization findings are shown in Figure 7. Figure 7(b) displays localization error under 
GNSS degradation; Figure 7(c) reveals fusion consistency in the presence of unobserved traffic density; and 
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Figure 7(a) compares calibration transfer across road types. The need for calibration evaluation in the navigation 
and mapping pipeline has grown due to LiDAR SLAM research for autonomous driving [40]. 

 
Figure 7. Cross-scenario calibration generalization performance. (a) Calibration transfer across road types. (b) Localization error under 

GNSS degradation. (c) Fusion consistency under unseen traffic density 
 

Discussions about generalization suggest that calibration quality should be assessed at both the system and 
parameter levels. A method may nevertheless be inconsistent with navigation during abrupt direction changes, 
partial obstacles, or GNSS signal loss, even though it can be reported to rectify a little inaccuracy in external 
parameters in an organized manner. The addition of a navigation feedback limitation makes the new method 
superior. However, the results also demonstrate that inconsistent radar reflections and a lack of visual cues 
reduce calibration confidence. When scheduling online calibration updates, sensor availability must be 
considered because the framework will depend more on the constancy of IMU and LiDAR in these situations. 

The computation above indicates that the new approach is feasible for real-time applications and will have a 
comparatively low overhead. In comparison to filtering-only fusion, the average CPU use has increased by 8.7%, 
and the sliding-window residual storage has used 410MB more memory. Nevertheless, not every frame is 
entirely optimized by the system. Full-parameter refining won't start unless the residual confidence and 
observability requirements are satisfied. Lightweight residual monitoring runs continually. Update selectively to 
maintain the navigation control cycle's average processing latency below 50 milliseconds. Therefore, compared 
to a full batch calibration pipeline, this approach is better suited for embedded traffic navigation solutions. 
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Conclusion 
This paper provided a high-precision multi-sensor calibration framework for an automated traffic navigation 
system. Coordinate transformation, spatiotemporal synchronization, uncertainty propagation, joint 
optimization, and navigation error correction are the system's constituent parts. Therefore, the study does not 
imply that sensor calibration need only be done once before the navigation module is used. 

According to the studies, fusion consistency has increased by 31.5%, the localization error has decreased from 
0.42m to 0.16m, and the LiDAR-camera reprojection error has decreased by 46.8%. Uncertainty weighting 
lessens the impact of occlusion and deteriorated measurements, whereas spatiotemporal synchronization 
improves dynamic robustness. The generalization of calibration at junctions, tunnels, and other busy areas is 
encouraged via navigation feedback. 

For autonomous driving systems that rely on cameras, LiDAR, radar, IMUs, GNSS, and wheel odometry, the 
suggested structure is appropriate. More online self-calibration, learning-based uncertainty estimate, vehicle-
road collaborative perception, and hardware-aware real-time optimization may be integrated in the future. The 
dependability of calibration during long driving distances, temperature swings, and sensor deterioration will also 
be enhanced by extending field deployment. 
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