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Abstract—Camera and LiDAR sensors play a crucial
role in vehicle perception systems, enabling accurate
detection of obstacles and other vehicles in autonomous
driving technologies. Despite their complementary ad-
vantages, ensuring the reliability of camera data under
varying environmental conditions poses a significant chal-
lenge. This paper introduces a novel system for camera
data consistency checking through two methods: (1) a
camera-only consistency checking mechanism utilizing an
effective point-to-point feature extraction neural network
inspired by the D2-Net method, and (2) a camera-LiDAR
fusion data consistency checking approach employing
advanced sensor fusion techniques. By integrating a crit-
ical reliability check for camera data and fusing it with
LiDAR information, our system leverages the strengths of
both sensor types to enhance the robustness and efficiency
of autonomous vehicle navigation. Experimental results
demonstrate that the proposed methods significantly im-
prove the safety and performance of autonomous driving
by ensuring reliable sensor data fusion, enabling safe
navigation even in challenging environments.

I. INTRODUCTION

The advancement of autonomous driving technol-
ogy represents a significant milestone in automotive
innovation, capturing global interest and promising to
redefine transportation paradigms. Central to this tech-
nological revolution is the sophisticated use of sensor-
based navigation systems and advanced decision-
making algorithms. Among the various approaches,
Tesla’s camera-centric strategy emphasizes reliance on
visual data. However, alternative methodologies incor-
porating LiDAR technology or a fusion of camera
and LiDAR data offer promising avenues to enhance
the robustness and reliability of autonomous driving
systems.

The synergy between camera and LiDAR technolo-
gies is particularly compelling, offering a complemen-
tary blend of visual and depth information that can

significantly augment the perception capabilities of
autonomous vehicles. Cameras provide rich color and
texture information, excelling in tasks requiring de-
tailed visual recognition. However, their performance
can be compromised under adverse conditions such as
low light or direct sunlight. Conversely, LiDAR sensors
measure distances using laser light, providing invalu-
able depth information and maintaining reliability even
when cameras falter.

Recognizing the limitations and strengths of each
sensor type, this paper proposes a novel method to
intelligently determine the most effective use of camera
and LiDAR data in real time. Specifically, we introduce
a consistency-checking mechanism applied separately
to camera-only data and to fused camera-LiDAR data.
Our approach is predicated on the assumption that
when LiDAR data maintains consistently high quality,
it can be used to check the consistency of camera data.

We also employ a feature extraction neural net-
work model inspired by the D2-Net [1] method to
assess and validate the reliability of camera data.
This consistency-checking process ensures that both
individual and fused sensor data maintain high re-
liability under various conditions, thereby enhancing
the overall robustness of the sensor fusion system.
By strategically leveraging the unique advantages of
each sensor, our approach optimizes their combined
potential to enhance autonomous vehicle perception
and decision-making.

II. BACKGROUNDS

Advancements in autonomous driving are closely
tied to the evolution of 3D detection systems, which
are crucial for environmental interpretation and safe
navigation. The main methodologies—camera-based,
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LiDAR-based, and camera-LiDAR fusion—each of-
fer unique advantages and challenges. Camera-based
methods capture detailed texture and color informa-
tion essential for environmental understanding but of-
ten struggle with depth perception. LiDAR excels in
precise spatial recognition, accurately capturing envi-
ronmental geometry. Fusion approaches combine the
semantic richness of cameras with LiDAR’s depth
accuracy for enhanced 3D detection.

Benchmarking with datasets like nuScenes [2],
KITTI [3], and Waymo [4] has propelled progress
in this field. However, research on sensor failures is
limited, highlighting the need for adaptive detection
systems that maintain safety despite camera or LiDAR
malfunctions—critical for reliable autonomous vehi-
cles in real-world scenarios.

Camera-based methods excel in capturing detailed
semantic features. Using datasets like KITTI [3],
nuScenes [2], and Waymo [4], researchers have de-
veloped powerful 3D detection methods based on
camera data. Monocular 3D detection is common with
KITTI due to its single front camera [5, 6, 7, 8, 9].
Multi-camera setups in nuScenes and Waymo enable
Bird’s-Eye-View (BEV) 3D detection [10, 11, 12].
Notable advancements include ImVoxelNet [13], which
transforms image features into a 3D voxel volume to
overcome depth ambiguity, and SMOKE [14], which
simplifies monocular 3D object detection by directly
estimating 3D bounding box keypoints.

LiDAR-based methods remain prevalent for pre-
cise 3D object detection, utilizing depth information.
Single-stage detectors like VoxelNet [15], PointPil-
lars [16], and SECOND [17] set benchmarks, while
two-stage frameworks incorporate RCNN for refine-
ment [18, 19, 20]. Advancements like CenterPoint [21]
focus on object centers to simplify detection and track-
ing, and CenterFormer integrates transformer networks
to enhance detection performance.

Fusion of camera and LiDAR methods, especially
through BEV techniques, address limitations of single-
sensor approaches by combining camera semantics and
LiDAR depth for comprehensive 3D detection. BEV-
Fusion [22] effectively integrates multi-modal data
into a unified representation, maintaining spatial and
semantic integrity while setting new benchmarks. Our
model addresses a gap in BEVFusion research, which
often overlooks real-world complexities like camera
failures. We propose a dual-model strategy: using
BEV fusion under normal conditions and switching
to LiDAR-only mode during camera malfunctions,

enhancing safety by ensuring reliable data acquisition.
Even vision-only systems could benefit from auxil-
iary LiDAR sensors as failsafes, reinforcing resilience
against sensor failures.

Integrating camera and LiDAR data enhances the
robustness of autonomous driving systems, ensuring
efficient and safe navigation even when one sensor’s
effectiveness diminishes. By leveraging each sensor’s
strengths and optimizing their use, our model aims to
improve safety and efficiency in autonomous vehicles
through reliable sensing mechanisms.

Consistency/Similarity Checking for a Pair of
Images

Consistency and similarity checking between im-
age pairs is crucial in computer vision applications
like image retrieval, object recognition, and structure-
from-motion. Methods include Siamese Networks [23,
24], which use twin networks with shared weights
to differentiate between similar and dissimilar pairs.
ORB (Oriented FAST and Rotated BRIEF) [25] is
an efficient alternative to SIFT, using binary descrip-
tors that are rotation and scale invariant. The Scale-
Invariant Feature Transform (SIFT) [26] is a clas-
sical method identifying local features invariant to
scale and rotation. Recent deep learning-based methods
like SuperPoint [27] and D2-Net [1] jointly learn
keypoints and descriptors in an end-to-end manner,
offering improved robustness and accuracy. The choice
of method depends on specific requirements regarding
accuracy, computational efficiency, and robustness to
transformations.

III. DATA AUGMENTATION/PREPARATION

METHODS

In our study, we utilized the nuScenes [2] dataset,
renowned for its comprehensive coverage in au-
tonomous driving scenarios. This dataset provides a
rich collection of real-world data, encompassing a di-
verse range of driving conditions and urban landscapes.

A. Camera data consistency detection on Camera-
Lidar fusion data

We utilized the nuScenes dataset [2], renowned for
its comprehensive coverage of autonomous driving sce-
narios. Inspired by Yu et al. [28], we defined our data
augmentation methods to simulate realistic challenges
not typically represented in standard datasets.

We implemented augmentation techniques that sim-
ulate these adversities. Specifically, we introduced
black blocks into camera images to mimic partial
obstructions or camera failures, and added bright spots
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Fig. 1: The Architecture of the Camera Data Checking Model (DetectNet): A Simple Yet Efficient Approach
based on camera-lidar fusion.

and global darkening to replicate glare and low-light
conditions. By varying the size, intensity, and position
of these augmentations, the model is trained to main-
tain performance even when critical visual information
is compromised.

B. Camera-Only Data Consistency Checking

We implemented a camera-only data consistency
checking approach using the nuScenes dataset by cre-
ating image pairs based on temporal proximity.

We generated two types of pairs: consecutive pairs
from the same scene with adjacent timestamps (labeled
as consistent) and non-consecutive pairs from different
scenes (labeled as inconsistent). This setup ensures that
consecutive pairs reflect real-world temporal continu-
ity, while non-consecutive pairs introduce variability
and simulate non-continuous driving conditions.

IV. METHODOLOGY

Our research methodology leverage the synergy be-
tween camera and LiDAR data to ensure data con-
sistency and optimize 3D detection in autonomous
driving systems based on our Camera-Lidar data fu-
sion. Also, we developed a comprehensive approach
to simulate and detect camera data inconsistencies
based on the camera-only dataset, which is crucial for
maintaining the reliability of autonomous vehicles. Our
methodology consists of feature extraction using the
deep learning feature extraction model, followed by
feature matching and consistency determination using
RANSAC filtering.

A. Camera data consistency detection on Camera-
Lidar fusion data

For the task of detecting camera status, we designed
a simple yet efficient neural network DetectNet, and

we assumed a situation when LiDAR data is valid.
This camera status is binary-labeled, with ’1’ indicat-
ing normal camera operation and ’0’ representing a
failure state. We benchmarked our model against well-
established neural networks, including ResNet18 by
He et al. [29], GoogLeNet by Szegedy et al. [30],
and VGG-16 by Simonyan et al. [31] The results
indicated that, except VGG-16, the performance was
consistent with expectations. The unique aspect of
VGG-16’s architecture is its use of multiple 3×3 con-
volutional filters in succession, allowing for a deep
network with fewer parameters. However, this series of
small filters may sometimes lead to a gradual loss of
spatial hierarchies, potentially causing a performance
discrepancy in all models that achieved satisfactory
performance. Our custom neural network model stood
out by offering significantly faster inference times and
achieving 94.7% accuracy on the test dataset. This
attribute is particularly advantageous for autonomous
driving applications, where timely decision-making
is critical. Consequently, our model presents a more
suitable option for real-time camera consistency checks
in the context of autonomous vehicle sensor fusion,
balancing both accuracy and computational efficiency.

B. Camera data consistency detection on Camera-only
data

For the camera consistency checking based on
camera-only data, we deployed three methods, with
the deep learning-based approach achieving the best
results. Initially, we experimented with ORB (Oriented
FAST and Rotated BRIEF) and a Siamese network
with a ResNet backbone, but these methods failed to
reliably identify pairs with inconsistent data. Conse-
quently, we opted for a deep learning method to extract
features.
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We employ the D2-Net model [1] to extract features
and check the consistency of image pairs. The D2-
Net model leverages a single Convolutional Neural
Network (CNN) that serves dual purposes as a dense
feature descriptor and a feature detector. This method,
known as describe-and-detect, postpones the detection
stage to leverage more stable high-level features, result-
ing in robust keypoint detection even under challenging
conditions.

V. EXPERIMENTS AND EVALUATION

A. Camera-Only Data Consistency Checking

a) Feature Extraction:: We employed D2-Net, a
convolutional neural network designed for robust fea-
ture extraction. The feature extraction process involves
the following steps:

b) Feature Matching and Consistency Deter-
mination:: The extracted features are matched us-
ing a nearest-neighbor approach with cross-checking.
RANSAC filtering is then applied to these matches
to identify inliers, which represent consistent feature
correspondences between the two images.

The consistency of an image pair is determined
based on the number of inliers. The pair is considered
consistent if the number of inliers exceeds a predefined
threshold. Otherwise, it is labeled as inconsistent.

The accuracy of our camera-only consistency-
checking model was evaluated based on its perfor-
mance on the prepared dataset. The model achieved
high accuracy in distinguishing consistent from in-
consistent image pairs. Detailed results are showed in
Table II.

B. Camera Data Consistency Checking on Camera-
LiDAR Fusion Data

We evaluate the model’s accuracy using the cross-
entropy loss function, following Mao et al. [32], which
is suitable for binary classification tasks. The cross-
entropy loss measures the difference between the pre-
dicted probabilities and the actual labels, encouraging
the model to make accurate predictions by penalizing
divergence. By minimizing this loss function with a
learning rate of 0.001, we refine the model’s parame-
ters to enhance its ability to accurately assess camera
data consistency, which is crucial for the reliability of
autonomous driving applications.

VI. CONCLUSION

The research presents an advancement in detect-
ing camera failures for autonomous driving using a
camera-lidar fusion framework. We also developed a

deep learning feature extraction method to check the
consistency of camera-only data and a deep learn-
ing method to check the consistency of camera data
based on camera-lidar fusion, which was tested on the
nuScenes dataset.

Our new data augmentation technique, combined
with the DetectNet model, has proven to be highly
effective in addressing the camera-lidar consistency
checking problem, achieving an accuracy of over 95%
and demonstrating high efficiency. Additionally, our
deep learning model, which extracts and maps features
from image pairs using advanced feature extraction
techniques, achieved perfect accuracy in the camera-
only consistency checking problem.
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