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Abstract—Autonomous driving requires robust, accurate and
real-time environmental perception. Although cameras, LiDAR,
and radar provide complementary sensing capabilities, individ-
ual modalities remain vulnerable to limitations such as depth
ambiguity, point-cloud sparsity, adverse weather, and restricted
angular resolution. Multi-sensor fusion therefore represents a
key approach for improving 3D object detection and scene un-
derstanding. This systematic review analyzes research published
from 2022 to 2026 using the PRISMA framework and studies
retrieved from Scopus and Web of Science. The review examines
sensor characteristics and major fusion strategies, including
early, feature, late, and hybrid fusion. It also covers BEV rep-
resentations, Transformer-based architectures, evaluation meth-
ods, and benchmark datasets. Particular attention is given to
multimodal combinations involving cameras, LiDAR, and radar,
as well as cooperative perception through V2X systems. The
analysis shows a clear shift toward BEV-based feature fusion and
attention-driven architectures, reflecting their ability to integrate
heterogeneous spatial and semantic information. However, the
literature remains fragmented in several critical areas. Real-world
benchmarks covering adverse weather and challenging conditions
are still limited, while computational requirements remain a
major barrier to real-time onboard deployment. Robust online
calibration, adversarial security, cross-domain generalization, and
heterogeneous cross-manufacturer V2X perception are also insuf-
ficiently investigated. In addition, 3D occupancy representations
remain less explored than conventional bounding-box detection,
and emerging architectures such as Mamba and large language
models require broader validation on real-world data. These
findings reveal persistent gaps between research advances and
practical deployment, highlighting the need for efficient, secure,
weather-robust, and generalizable fusion approaches for hetero-
geneous sensors and cooperative autonomous driving scenarios
in real-world applications.

Keywords—Autonomous driving; multi-sensor fusion; Bird’s-
Eye View (BEV); multimodal perception; deep learning; transform-
ers; 3D object detection; adverse weather conditions

I. INTRODUCTION
A. Motivation

In recent years, the development and deployment of au-
tonomous vehicles have increased significantly, driven by
advances in artificial intelligence, sensing technologies, and
intelligent transportation systems [1], [2], [3]. This growth
was also accelerated by the COVID-19 pandemic, which high-
lighted the need for contactless delivery and transportation ser-
vices. During periods of restriction of movement, autonomous
vehicles showed potential to support the delivery of essential
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2,3,4

goods, including food, medicines, and household products,
while reducing human contact. The second important factor
is accident. In fact, every day, approximately 3,200 to 3,500
people worldwide die in road accidents. According to the
World Health Organization (WHO), this amounts to more than
1.16 million deaths per year [4]. The notable information is
that often 90% of these fatalities are cited as driver errors. In
autonomous driving systems, we discover perception. In fact,
it is about localizing, classifying, and tracking the 3D object
in real time with a high precision under any environmental
conditions. Sensors are the first communicator with the envi-
ronment, especially in object detection. Nevertheless, taking
each modality cannot satisfy the perception functionalities
for the advanced level of autonomous driving [5], [6]. In
addition, sensors degradation can affect the driving systems
performance. This degradation can be due to adverse weather
conditions or physical attacks [7].

Studies [5], [8], [9] describe in detail the limitations of
each sensor, the camera provides semantic information but
cannot provide depth, and its performances decrease at night
(low-luminosity). On the other hand, LiDAR is an important
3D precision, but is expensive, a high energy consumer, and
its performance degrades in rain or dense fog [42]. The
millimeter wave radar (mmWave) penetrates all precipitation
and automatically measures Doppler velocity, but suffers from
insufficient angular resolution and multi-trajectory noise in
urban environments [8], [12], [13]. The fundamental physical
complementarity allows multi-sensor fusion to be unavoidable

(51, [6], [9].

Since 2022, the field presents experienced a depth archi-
tecture revolution: Bird’s-Eye View representations (BEV) are
known as the standard for heterogeneous data fusion [14],
[15], the cross-attention mechanism [16], [17], [18] and the
cooperative perception vehicle to everything (V2X) open up
unprecedented possibilities [10], [11], [42], [19], [20], [103].

Survey articles in this research field are presented. Wang
et al [5] is the first complete survey article focusing on multi-
sensors with deep learning methods in autonomous driving
that introduces a taxonomy based on fusion strategies(early,
features, late) and quantitative depth analysis on KITTI [21]
and nuScenes benchmarks. But it does not cover the archi-
tectures discovered after 2022. In the same context, Wang
et al. [6] propose a more formalized taxonomy adding the
BEV paradigm, and transformers for multi-modal fusion with
extended comparisons in KITTI and nuScenes. This study is
limited by the absence of recent development, too such as
Mamba, and cooperative V2X and insufficient discussion of
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TABLE I. CRITICAL ANALYSIS OF EXISTING SURVEYS

Survey Ref. Journal (Year) BEV 4D Radar V2X Adverse Con- Adversarial Emergent Architec-
ditions Security tures
Wang et al. [5] 1ICV (2023) Partial No No No No No
Wang et al. [6] IEEE TIV (2023) Yes No No No No No
Fan et al. [8] 1IEEE TIV (2024) Partial Yes No Partial No No
Wang et al. [9] IEEE TITS (2024) Yes No No No No No
Valverde et al. [23] Sensors (2024) Partial Partial No No No No
Shi et al. [24] CMC (2025) Yes Partial No No No No
Li et al. [15] IEEE TITS (2026) Yes Partial Partial No Partial No
Umar et al. [28] Adv. Eng. Inf. (2026) No Partial No No No No
This SRL - 2026 Yes Yes Yes Yes Yes Yes
TABLE II. RESEARCH QUESTIONS BASED ON IDENTIFIED GAPS
QR Question statement Addressed gap Section of response
QR1 What are the main fusion strategies for 3D object Lack of 4D radar coverage in fusion pipelines and hetero- V-A
detection? geneous Vehicle-to-Everything strategies.
QR2 How do these techniques behave under various Absence of a review covering adverse conditions and adver- V-B

conditions (night/rain/fog, etc.)?

sarial security.

QR3 What datasets and metrics are used for evaluation?

Absence of V2X datasets and occupancy metrics. V-C

QR4 Which emerging architectures are fundamentally
transforming fusion?

Absence of reviews covering Mamba/SSM and limited cov- V-D
erage of LLMs.

QR5 What are the current limitations and the most
promising future research trends?

Lack of certain important information. V-E

computational constraints for embedded systems. Zhang et al.
[22] point out that learning algorithms applied to urban driving
must specifically contend with this diversity of conditions and
sensors to remain reliable in practice. Fan et al. [8] focus on
4D mmWave radar, providing a comprehensive architecture
and analyzing the physical properties of the sensors. However,
the integration of 4D radar into tri-modal fusion architectures
combining LiDAR, cameras, and radar remains largely un-
explored. Its application in V2X scenarios and standardized
comparisons with LiDAR under adverse weather conditions
also require further investigation. Wang et al. [9] propose a
clear study introducing an approach based on the level of
fusion integration and analyzing the environment applications
in smart cities. Li et al. [15] have recently presented a complete
BEV survey that introduces the new architectures and topics.
However, adverse weather conditions and adverse security have
developed insufficiently. Valverde et al. [23] demonstrated a
transverse view of modalities based on clear taxonomy and
the historic analysis of the evolution of different methods, but
the width of the perimeter limits the depth of the analysis and
decreases the precision of quantitative comparisons between
single-modal and fused approaches. Shi et al. [24] address
these dependencies and analyze architectural trends. However,
their selection methodology lacks strength due to the absence
of a PRISMA protocol and Bibliometrix [29] analysis, while
multi-object tracking and adversarial robustness are still un-
addressed. Adnan et al. [25] specified their survey on multi-
object tracking using clustering techniques such as DBSCAN
and HDBSCAN, and tracking approaches like Kalman, IMM
et DNN. Dal’Col et al. [26] extend the perspective to joint
perception and trajectory prediction for autonomous driving,

while Fawole and Rawat [27] survey recent advances in
3D detection for autonomous vehicles, confirming both the
richness and the thematic dispersion of review efforts in this
field.

Nevertheless, the study is limited to LiDAR only and does
not cover the multi-sensor concepts and the transformers on
tracking. The last survey was conducted by Umar and al [28].
It is a systematic survey using the Kitchenham methodology
that includes 74 articles. A quality analysis and comprehensive
coverage of multi-sensor depth estimation, including camera,
LiDAR, radar, and fusion, were conducted. Nevertheless, this
study remains focused only on depth estimation and does not
address 3D detection, tracking, V2X cooperative perception,
Mamba/LLM models, or adverse weather conditions.

In general, these surveys show significant progress in multi-
modal autonomous perception, but still reveal important gaps
in the integration of new Al architectures, robustness in real-
world environments, the security of autonomous systems, and
distributed cooperative fusion. Table I recaps the comparative
study.

This article presents a systematic review covering studies
between 2022 and 2026. The main subject of this study is the
advancement in 3D object detection in autonomous driving
using multi-data sensor fusion architecture.

B. Purpose
This systematic review introduces five main objectives:

e identification and categorization of multi-sensor fusion
approaches for 3D object detection in autonomous
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Fig. 1. The structure of review.

driving(2022-2026).

e  Comparative analysis of the fusion strategy based on
the fusion level and the algorithmic architecture.

e Dataset and metrics analysis based on previous stud-
ies.

e Identification research gaps and concrete directions
proposition for future work.

e New architecture emergence synthesizes.

C. Research Questions

Based on a critical analysis of existing surveys and the
identified gaps, we define five research questions that structure
this entire review. These questions specifically target areas that
are not covered or are insufficiently addressed in the existing
literature. Table II represents the research questions.

In the rest of this review, articles search and selection
methodology is presented in Section II. The Bibliometrix

analysis is described in Section III. Contextual study is pro-
vided in Section IV. Discussion based on research questions
is described in Section V. The limitations of this review is
provided in Section VI. The conclusion is described in Section
VII. The structure of this review is designed in Fig. 1.

II. METHODOLOGY
A. Search Protocol

This review is guided by the PRISMA protocol (Pre-
ferred Reporting Items for Systematic Reviews and Meta-
Analyses). The research strategy is based on two comple-
mentary databases from Scopus and web of sciences(wos). In
fact, PRISMA protocol provides a transparent, rigorous, and
reproducible search strategy. It allows an evident description
of all steps of the research process, from the identification
of studies to their final selection specifying the databases
consulted, the keywords used and the inclusion and exclusion
criteria as demonstrating in the following sections.
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B. Search Key Words and Filter on Databases

Detailed research on the field needs to carefully choose the
key words in the search step. The key words used in the article
search are described below:

e  For Scopus: “multi-fusion” & multi sensor” & “3D
object detection” & “autonomous vehicles”

e  For WoS: “multi sensor” & “3D object detection” &
“autonomous vehicles”

This research finalized by finding 318 articles from Scopus
and 155 articles from Web of Sciences( WoS). Then, in the
Scopus website, We firstly filtered with “ year of publication
(2022-2026)”, and the number of articles is decreased to 430.

C. Inclusion and Exclusion Criteria

Identifying inclusion and exclusion criteria is a crucial
step in a systematic review. It defines which studies should
be retained or excluded according to the research objectives.
These criteria ensure a consistent and objective selection
process, reduce potential bias, and improve the reliability of
the results. Inclusion criteria are used to retain studies that are
relevant to the research questions, whereas exclusion criteria
eliminate studies that fall outside the scope of the review, such
as incomplete or duplicate studies.

The inclusion and exclusion criteria used in this study are
presented in Table III. A total of 26 duplicate articles were
removed using RStudio, and 187 papers were then excluded
that are not open access leaving 154 articles. Biblioshiny was
then used to filter the articles by language, and 15 articles
published in languages other than English were excluded.
Finally, a comprehensive review of the remaining articles was
conducted, resulting in 110 articles begin retained for the final
analysis. The selected studies focus on 3D object detection or
tracking in autonomous driving and provide quantitative results
for multi-sensor detection or tracking.

D. PRISMA Diagram

The PRISMA diagram is very important. In fact, It outlines
the various steps followed by the researcher, such as the
identification of references, the removal of duplicates, the
screening of titles and abstracts, the assessment of full-text
article eligibility, and the final inclusion of the selected papers.
Fig. 2 presents the PRISMA graph.

III. BIBLIOMETRIX ANALYSIS

Bibliometrix analysis is done thanks to the R-studio and
biblioshiny command. The following subsections describe the
analysis of the collected articles.

A. Annual Scientific Production

From 2023, the number of articles increase rapidly thanks
to the BEVFusion paper, which introduces the fusion in BEV
space as a dominant paradigm. The year 2025 presents the pic
articles with more than 45 articles. Fig. 3 demonstrates the
evolution of the number of articles per year.

Vol. 17, No. 9, 2026

B. Citation Per Year

The average number of citations decreases over time, which
is expected given the different publication dates of the studies.
Highly cited papers are mainly review articles and influential
approaches, such as BEVFusion and TransFusion. In contrast,
articles published in 2025 and 2026 have had less time to
accumulate citations, which does not diminish their scientific
contributions. Fig. 4 presents the average number of citations
per year, with a notable increase in 2022 that coincides with
the emergence of influential BEV-based fusion architectures
such as BEVFusion.

C. Bradford Law

Based on Bradford law, the core of zone 1 presents mainly
the dominant sources : Sensors (MDPI), IEEE Transactions
on Intelligent transportation systems, IEEE Access, IEEE
Robotics and Automation Letters, drones, world electric vehi-
cle journal, and IEEE Transactions on Intelligent Vehicles. Fig.
5 demonstrates the classification zones based on BradfordLaw
and the most relevant sources based on document number.

D. Source Production Over Time

Fig. 6 shows that Sensors is the dominant source producer
from 2022 to 2026. On the other hand, the second dominant
source is variable each year. Between 2022 and 2024, IEEE
Robotics and Automation Letters wins to retain the second
producer place, but in 2025 and 2026 it is back to the fourth
producer. The attractive evolution is from IEEE Transactions
on Intelligent transportation systems. In fact, it is translated
from the fourth source with less than five articles in 2024 to
the second one in 2026 with ten articles. In the same context,
the world electric vehicle journal begins its way to produce
articles on this field after 2023.

E. Source Impact

To improve the importance of the source in our search
and based on Bibliometrix tools, we calculate the Local H-
index of each source. The local impact H-index means that
“x” articles from this source in the database(Scopus+WoS
database) are cited at least “x” times on the studied articles(in

the concatenate database).

Fig. 7 shows that the source “Sensors” is the source with
the highest H-index impact that is equal to 6. As local impact
H-index , 6 is an important value that improves the importance
of these sources.

F. Trend Topics

Fig. 8 shows that the concepts 3D object detection and au-
tonomous driving coincide in 2025 with its higher frequencies.
In fact, it illustrates the novelty of the theme.

G. Summary

The previous subsections allow us to conclude the impor-
tance and tendance of our review. In fact, statics from the
Bibliometrix analysis improve that the 3D object detection is
a trendy subject and define the most important source in this
field. As a conclusion, this Bibliometrix analysis helps us to
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TABLE III. INCLUSION AND EXCLUSION CRITERIA

Criteria Inclusion Exclusion

Theme 3D object detection or tracking in autonomous driving Map construction or trajectory planning
Language Only English Any other language

Date range Published between 2022 and 2026 Before 2022

Source type Peer-reviewed conference or journal articles

Non-peer-reviewed sources

Relevance

Quantitative results about multi-sensor detection or tracking

Articles using mono-modality (not critical)

PRISMA Flow Diagram

(adapted for bibliometric studies)

Regords identified from Web of Scienc
Identification (n = 155)

Iti &3D object ion& el

Records from
Scopus
(n=318)

Al

(n = 473)

Total records retrieved

A 4

2022-2026
(n = 430)

After time span filter

Excluded by time span
(n=43)

A 4

open access
(n = 243)

After document type filter

Excluded by document type
(n=187)

v

(n=217)

After duplicate removal filter

Excluded by duplicate removal
(n=26)

A 4

Eligibility

(n = 154)

After subject category filter
Computer science

Excluded by subject category
(n=63)

v

English
(n=139)

After language filter

Excluded by language
(n=15)

vV

Not relevent
(n=110)

After other filter

Excluded by other
(n=29)

A 4

(n=110)

Studies included in the analysis

Fig. 2. PRISMA chart.

reflect on some notions related to 3D object detection theme
which are defined in the research questions. In addition, it
provides a look to the most important source of articles to
enhance our study.

IV. CONTEXTUAL STUDY

The studies of the literature are interested in multi-sensor
data fusion and depth estimation in autonomous driving. The
comprehensive lecture of articles in the systematic review
research allows us to conclude the the brilliance of the architec-
tures such as transformer, Mamba, V2X and others. In addition,
BEV is found in the literature as the basic of perception
system and 3D detection. As a consequence, our research is

dedicated to improve how these emergent architectures solve
the BEV shortcomings. To satisfy this search, we need to start
from the basic of multi-sensor fusion. The new approaches
and architectures start from the mono-modality with classic
architectures. The following sections will present the evolution
of perception tools and approaches.

A. Detection Using Camera Only

In production, monocular methods are the most useful
because they are the cheap ones. A 2D detection with high
precision in real time is satisfied thanks to YOLOv4 [30]
and YOLOv11 [31] architectures. However, 3D detection from
the camera presents only a fundamental challenge. In fact,
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capture the non-Euclidean structure of point clouds, surpass-
ing standard voxelizations. In real world deployment, Li-
DAR presents several deficiencies, including degradation under
heavy precipitation (about 80% returns lost in dense fog) [42],
sparsity and lack of semantic information for fine classification

[5], [6].

C. Detection Using Radar Only

The unique physic complementarity is represented by the
Millimeter radar. In fact, it does not degrade under intense
precipitation, Doppler velocity measurement and provides a
wide range of about 200-250m [8]. The 4D mmWave radar
introduces the vertical dimension to provide a real spatial di-
mension. The SMIFormer [38] approach uses multi-view trans-
formers for 3D detection with 4D radar. The Range-Angle-
Doppler Net(RADNet) [39] method treats the 3D Range-
Angle-Doppler tensor, avoiding information loss due to con-
version to point clouds. Multi-View Feature Assisted Network
for 4D Radar Object Detection (MVFAN) [13] introduces a
multi-view architecture to enhance 3D detection using only
4D radar. Radar alone is still significantly inferior to LiDAR
in spatial resolution, suffers from important speckle noise, and
to false positives due to multi-path detection in dense urban
environments. Precise object classification remains difficult
without additional visual information [8], [12].

D. Classic Approaches VS Deep Learning Approaches

Classic approaches such as stereo triangulation, ICP for
LiDAR,etc.. are interpretable and do not need labeled data,
but they are noise-sensing, not very generalizable, and as-
sume quasi-static conditions [8], [9]. Exploring large annotated
corpora allows deep learning to change the 3D detection.
CNNs, Transformers, and State-Space Models (Mamba) are
the best for autonomous driving under various conditions, but
a higher computational cost is the price of this enhancement
[14], [15], [37]. Table IV represents the comparative table of
sensor performance for 3D object detection tested on KITTI
and evaluated with the metric Average precision, except the
combination radar+camera due to the absence of radar in
KITTI dataset.

E. Real-Time and Offline

The real-time and offline distinctions are crucial for deploy-
ment. Real-time models should treat each frame in less than

Vol. 17, No. 9, 2026

50 ms in em embedded calculators with energy vulnerabilities.
They use light backbones such as MobileNet, PointPillars,
and light ResNet-18, with quantification and pruning. T-3MS
fusion [40] improves that an economical VLP-32C LiDAR
and a 360° camera achieves state of the art without increased
test-time. 360° DAMOT [41] marks energy efficiency with
fast encoders and a portable Docker/ROS architecture. Offline
models such as BEVFusion, TransFusion, and CoMCM [42]
prioritize maximum accuracy for algorithmic validation but
are computationally prohibitive in production. Tran et al.[43]
propose T360Fusion, a multimodal 360° temporal fusion
method based on Transformers that aims for a balance between
accuracy and latency, while Hossain [44] applies lightweight
multi-sensor fusion to short- and long-range obstacle detection
for a delivery robot, illustrating the transferability of these
architectures beyond the realm of autonomous road vehicles.

V. RESULTS AND DISCUSSION BASED ON RESEACH
QUESTIONS

This section answers the five research questions defined
from the gaps identified in Section I-C. Each subsection
provides a structured, quantified, and critical analysis of the
110 articles.

A. QRI: Multi-Modal Fusion Strategies and Sensors Combi-
nations

Fusion approaches categorize in four classes based on
the integration level. Table V synthesizes the characteristics,
advantages, and limitations of each method.

1) Early fusion: Early fusion combines raw data directly.
PixelFusion [45] introduces a pixel fusion by projecting the
point clouds of LiDAR on the image plan, allowing integra-
tion of fine information(texture/color) before the voxelization
step. ExistenceMap-PointPillars [46] integrates pseudo-cards
to PointPillars, improving robustness when data degradation.
The Segmentation Guided Fusion Network(SGFNet) [65] uses
a foreground segmentation head to guide the projection of the
pixel-point, avoiding LiDAR sparsity artifacts. Zhao et al. [47]
introduce a multi-scale voxel fusion module specifically opti-
mized for small objects, achieving 73.81% AP_3D hard cars
and 48.03% AP_3D hard pedestrians on KITTI. Other works
refine the pixel-point fusion process itself: Tian et al. [48]
employ singular value decomposition (SVD) to geometrically
align LiDAR point clouds and camera images; Zuo et al. [49]
propose a supervised cross-fusion method that reduces the need
for dense annotations; and Yildiz et al. [SO] combine real-time
detection with semantic distance measurement using camera-
LiDAR fusion. Chen et al. [51] propose CFFCNet, an object-
center-guided feature completion network designed for more
accurate localization and dimension estimation from LiDAR
point clouds. Fig. 9 represents the process of early fusion
methods.

2) BEV feature fusion: since 2022, the fusion of BEV
features has been the dominant paradigm [14], [15]. In fact,
BEVFusion combines camera and LiDAR characteristics in the
same BEV space without depth problems. AttBEV [18] outper-
forms BEVFusion with the channel-spatial attention module
CBAM, obtaining NDS = 67.95% (+2.63%) on nuScenes.
MV2DFusion [16] generates independent semantic queries
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TABLE IV. COMPARATIVE TABLE OF SENSOR PERFORMANCE FOR 3D OBJECT DETECTION

Modal Advantages Limits Performance (tested on
KITTI)
Camera High resolution, rich semantic informa- Depth errors, absence of direct 3D de- ~70-80% AP

tion and texture, and low cost

tection, and sensitivity to lighting and
weather conditions

LiDAR 3D precision and robust under lighting Degradation under precipitation, spar- ~85-92% AP
conditions sity, and high cost

4D Radar Wide range, direct measurement of Low angular resolution and multipath ~40-60% AP
Doppler velocity, and robustness under noise
adverse weather conditions

LiDAR + Camera (BEV fu- Geometric and semantic complementar- Critical calibration, high computational ~88-95% AP

sion) ity

cost, and need for temporal synchroniza-
tion

Camera + Radar Robustness under adverse conditions,
semantic information, and Doppler ve-

locity measurement

Modest 3D precision ~55-70% NDS

LiDAR + Radar Geometric complementarity and robust-
ness under lighting and weather condi-

tions

Pipeline is not yet standardized and ~87-92% AP

datasets are scarce

TABLE V. COMPARISON OF MULTIMODAL FUSION APPROACHES FOR 3D OBJECT DETECTION

Approach Description Advantages

Limitations Examples (Refs.)

Fusion of raw sensor data be-
fore feature extraction

Early fusion

Rich multimodal information with
low-level details preserved

Requires precise calibration and in-
volves high computational cost

[45], [46], [47], [83], [82]

Feature fusion Fusion of extracted features in Good performance—efficiency Heterogeneous feature alignment [16], [17], [18], [59], [60],
a shared BEV space trade-off and improved robustness and increased training complexity [66], [53], [67], [84], [85],

to miscalibration [86], [87]
Late fusion Combination of the outputs of Modularity, fault tolerance, and Limited modeling of fine-grained [61], [62], [63], [64], [88],

independent models

flexibility across different domains

cross-modal correlations

[891, [90], [91]

Deep hybrid Multi-level feature integration High detection accuracy, context Requires  substantial —annotated [10], [42], [12], [16], [20],
with adaptive fusion awareness, and adaptive multi- training data and high [92], [93], [103]
modal integration computational resources
Sensors errors via the Height-Adaptive Aggregation strategy. BEV
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Fig. 9. Early fusion approach.

from images and point clouds, then combines them sparingly
via cross-attention, achieving state-of-the-art performance on
nuScenes and Argoverse2 [52]. Xu et al. [17] propose a
Frustum-Aware Fusion Network with cross-attention, and a
multi-modal alignment module providing 90,88% /84.,47%
/80,99% mAP_3D respectively for cars/pedestrians/cyclists on
KITTI. Li et al. [66] provide a Deformable Cross-Modal
Spatial Attention with learnable offsets, robust for calibration

is enhanced by ECL3D [53] through the combination be-
tween Depth-Semantic Feature Enhancement (DSE) and Edge-
guided Channel-Spatial Enhancement (ECSE) as part of Lift-
Splat-Shoot without additional inference cost. RM20cc[54]
extends the BEV paradigm towards semantic 3D voxel occu-
pancy prediction with bidirectional (from 2D to 3D and vice
versa) reprojection and integration of the Inertial Measurement
Unit(IMU), more suitable for trajectory planning. In the same
context, Li et al.[55] propose Panoptic-VSNet, which leverages
prior semantic knowledge to guide multimodal 3D panoptic
segmentation, combining instance detection and dense scene
understanding into a single BEV pipeline. Based on a similar
principle of selectivity, Jacobson et al. [56] propose Center
Feature Fusion, which first identifies relevant object locations
in camera and LiDAR streams before fusing only a limited
subset of associated features in BEV, thereby reducing com-
putational cost compared to approaches that project the entire
image. Liu et al.[57] enhance detection robustness in complex
traffic through unified BEV feature alignment, while Wang et
al. [58] propose TF-CMFA, which combines temporal fusion
and cross-modal alignment for robust 3D detection in dynamic
environments. The feature level fusion is described in Fig. 10.

3) Late and cooperative fusion: LCF3D [61] introduces
a late cascade fusion (late + cascade) that provides two
main functionalities: Filtering the false positives of LiDAR
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Fig. 10. Feature level fusion approach.

by the association of the 2D image camera detection and
from unmatched 2D detections, the 3D frustums retrieve of
missed objects. Its main objective is cross-domain. In fact,
it allows for different configurations for sensors in training
and testing. Without access to internal architectures, Fadili
et al. [66] provide multi-source black-box cooperation that
enables collaboration between agents from different manufac-
turers(crucial conditions for real deployment). CLF-BEVSORT
[62] uses a Kalman filter for 3D multi-object tracking by
combining camera and LiDAR in BEV. It offers a lightweight
alternative to intensive deep learning methods. Naveen et al.
[97] combine multiple sensors using deep learning for the
onboard perception of autonomous electric vehicles. Dheepika
and Umadevi [98] propose a hybrid approach combining 3D
detection and tracking within a single deep learning pipeline.
Regarding multi-object tracking, Cho and Kim [107] combine
multi-positive contrastive learning with deep reinforcement
learning for 3D LiDAR tracking, while Sochaniwsky et al.
[108] employ a camera-LiDAR fusion framework designed
for road traffic monitoring. These architectures also find ap-
plications in related fields: Liu et al. [109] and Bultmann
et al. [110] apply similar multi-sensor fusion principles to
drone landing and semantic segmentation; Rho et al .[105]
to underwater 3D reconstruction; and Shang et al. [111] to
obstacle avoidance for autonomous vehicles, demonstrating the
broader transferability of these fusion techniques beyond the
road traffic context alone. Yan et al. [100] enhance cooperative
vehicle-infrastructure perception using enriched point cloud
features and dedicated spatial attention, while Zimmer et al.
[101] propose InfraDet3D, a multimodal detection architecture
leveraging cameras and LiDAR mounted on road infrastruc-
ture. Yuan et al. [104]propose a keypoint-based deep feature
fusion method for cooperative vehicle detection, serving as
a foundational reference for this type of approach. The late
fusion process is demonstrated in Fig. 11.

4) Trend fusion: Camera-radar: Since 2023, the combina-
tion of camera and radar has experienced significant growth.
In fact, it is an economical and robust alternative [8], [64],
[68], [69], [70], [71]. With spatial information and radar
speed, CR3DT [64] extends BEV detection and camera only
methods. It provides +5,3% mAP and +14,9% average multi
object tracking accuracy (AMOTA) in nuScenes. To improve
detection and tracking in bad weather, NeXtFusion [68] uses
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attention mechanisms. The Dual-branch network allows to
design interactions between camera and radar with point cloud
offset compensation. Xiao et al. [70] combine perspective view
fusion for depth estimation and BEV fusion for final detection.
MLF-4DRCNet [71] introduces a 4D radar + camera multi-
level fusion with cross-attention on nuScenes. The LiDAR
and radar fusion is possible and offers a robust system under
adverse conditions and a better range as demonstrated in [72]
but it lacks semantic information. Qi et al. [112] proposes
FusionBev, an architecture that also combines LiDAR and 4D
radar in BEV space, confirming the growing relevance of this
sensor combination for robust 3D detection. Li et al. [99], for
their part, guide radar vision fusion using multi-scale region
proposals, whereas Ruddat et al. [102] specifically address the
detection of vulnerable road users through fusion that is robust
to 4D radar sparsity. In the same context, Khatab et al. [106]
specifically evaluate the detection of vulnerable objects using
a dedicated multi-sensor system.

B. QR2: Performance Under Different Driving Conditions

1) Adverse weather conditions: To face adverse weather
conditions, ContextualFusion [73] proposes a fusion with
convolutional gate. As a result, ContextualFusion performs
better than the standard BEVFusion providing +11,7% mAP at
night and +8,3% in rain in nuScenes. Depending on detected
weather conditions, SAMFusion [74] proposes to dynamically
weight the modalities. The adaptive sensor fusion demonstrates
significant gains in rain, fog, and night. Tian et al. [75]
demonstrate that the LiDAR-radar combination with voxel
augmentation and BEV synchronization significantly improves
3D detection in dense fog in Oxford Radar RobotCar. HRFuser
[76] is evaluated on nuScenes DENSE (snow, fog, rain),
demonstrating the robustness of multi-resolution radar fusion
in nighttime conditions. Fast All-day [77] fuses LiDAR and a
visible camera for detection in all weather conditions. More
recently, Wang et al. [113] proposed SWG-Fusion, which
leverages a vision-language model (VLM) to dynamically
guide multimodal fusion in BEV based on the severity of de-
tected weather conditions, illustrating the growing integration
of language models into mechanisms for robustness against
adverse conditions.
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2) Probabilistic robustness and uncertainty: An adaptive
uncertainty quantification for the Kalman filter is proposed
by Ulreich et al. [78]. In fact, the proposed method allows
to dynamically estimating the noise measure based on the
condition, making the tracking more robust face to sensor
degradation. Yang et al. [79] introduce Evidential Fusion based
on Dempster-Shafer theory, separately treating epistemic and
random uncertainty for a dynamic weighting of modalities
according to their instantaneous reliability.

3) Hidden and small objects: The detection of hidden and
small objects is a major and crucial challenge. In fact, the ex-
traction of LiDAR features in probable occlusion regions from
3D frustums defined by 2D detections is guided by a Spatial
Attention Frustum [80]. Adaptive Multiscale Attention Feature
Aggregation is developed with contextual priors in occlusion
regions [81]. Zhao et al. [47] target small objects thanks to a
multi-scale voxel fusion module with three granularities.

4) Adverse attack: El-Fatyany [94] identifies a fundamental
structural vulnerability: multi-sensor fusion pipelines can be
manipulated by physical patch attacks inserted into the camera
modality, deceiving the 3D detector despite an intact LiDAR.
The proposed solution based on Unet segmentation is a first
step to face this type of attack.

This gap constitutes an unquantified operational risk for
the public deployment of autonomous vehicles.

5) Quantitative evaluation: TableVI demonstrates the
quantitative evaluation of the methods of the articles in this
state-of-the art.

Entries are grouped by dataset and that cross-row compar-
isons across different metrics/datasets are illustrative only, not
statistically equivalent.

C. OR3: Evaluation Metrics and Datasets

Evaluation metrics and dataset selection are a crucial
step in algorithm evaluation and comparison study between
different methods

1) Evaluation metrics: Metrics allows a comparative study
between different systems. The most useful metrics are:

e mean Average Precision (mAP): the main metric for
3D detection, it represents the average precision for
all classes and thresholds IoU (0.5 for pedestrians and
0.7 for cars in KITTI dataset)

e (nuScenes Detection Score (NDS): the standard of
leaderboard nuScenes, it is a composite score com-
bining the mAP with five kinematic attributes.

e  Higher Order Tracking Accuracy (HOTA): detection,
association and localization are the three fundamentals
components of object tracking, the HOTA score is
designed to balance them.

e Average Multiple Object Tracking Accuracy
(AMOTA): the standard metric of nuScenes for
the multiple object tracking dataset.

e AP _BEV/AP_3D: precision in Bird’s Eye View and
in 3D on KITTI with IoU threshold 0.5/0.7.
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e Intersection over Union (IoU): the main metric used
in computer vision to measure the overlap between
two geometric regions. The IoU is used to evaluate
the accuracy of object detection, image segmentation,
and object tracking models.

e Identity Switches (IDS): represents the number of
identity switches indicating the quality of temporal
association in tracking.

2) Datasets: Datasets are crucial for autonomous driving
systems. Its variety allows to test the systems in different con-
ditions, to evaluate its performance and to compare between
different modals. Each dataset has its own characteristics such
as the equipments of the vehicle (sensors), scenes, classes
(pedestrians, cars, roads,..). TableVII represents an overview
of the datasets used in multi-sensor fusion.

D. QR4: Emerging Architectures

Each modality is encoded separately using a CNN or
Transformer, and the resulting features are projected into a
shared BEV space and fused through concatenation or cross-
attention. This represents the dominant paradigm for multi-
sensor fusion in 3D detection. Nevertheless, this paradigm has
several limitations when moving beyond standard conditions,
particularly in non-Euclidean point clouds, multi-vehicle co-
operation, complex semantic contexts, and direct trajectory
planning.

To address these limitations, emerging architectures, in-
cluding Mamba, GCNs, LLMs, and 3D occupancy-based mod-
els, have been developed. This section identifies the limitations
of conventional architectures and discusses how emerging
architectures address these challenges. Table VIII summarizes
the main limitations and the corresponding architectures pro-
posed to address them.

1) From local fusion to sequential cooperative fusion:
Mamba/SSM:

a) The addressed problems: Cooperative multi-vehicle
perception requires combining BEV representations from mul-
tiple moving agents. The representations are captured at
marginally different timestamps, with point cloud densities that
vary based on each vehicle’s relative position. Transformers
address this fusion through cross-attention between the agents’
BEV representations. However, two structural issues render
this approach suboptimal in this precise context.

e first problem: The quadratic complexity O(n?) of
self-attention: In multi-vehicle, the sequence of BEV
tokens for N vehicles grows linearly with N, while
memory and computation time grow quadratically.

e  Second problem: The non-causal aspect of attention:
Each vehicle transmits its BEV state at regular inter-
vals. Standard attention treats all tokens as temporally
equivalent, ignoring the causal structure of this succes-
sive communication. The context transmitted by the
vehicle at time t—1 should influence the interpretation
of the transmission at time t, yet attention does not
model this type of sequential dependency.

To resume, the perception of V2V is based on temporal
state of BEV of N agents. Transformers ignored sequential
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Ref. Modalities Datasets Results Test conditions

[17] LiDAR + Camera KITTI 90.88%, 84.47%, and 80.99% AP3p for the Easy, Moderate, and Hard set-
Car category tings

[17] LiDAR + Camera nuScenes 89.2% and 64.9% APs3p for Pedestrian and Moderate setting
Bicycle detection

[18] LiDAR + Camera nuScenes 67.95% NDS Standard evaluation

[16] LiDAR + Camera nuScenes 76.7% NDS and 74.5% mAP Standard evaluation

[75] LiDAR + Radar Oxford RobotCar Accuracy rates of 93.2%, 92.5%, and 88.7% Foggy conditions
at IoU levels of 0.5, 0.65, and 0.8, respec-
tively

[74] Camera + LiDAR + Radar Seeing Through Fog Improvement of 17.2 AP points for pedes- Adverse weather conditions
trians in dense fog and 15.62 AP points in
heavy snow at long range

[73] LiDAR + Camera AdverseOp3D 6.2% mAP improvement over state-of-the-art Adverse weather conditions
methods (rain and night)

[64] Camera + Radar nuScenes 5.3% mAP improvement and 14.9% AMOTA Standard evaluation
improvement

[61] LiDAR + Camera KITTI / nuScenes Best or second-best performance among the Different evaluation parame-
evaluated methods ters

[40] LiDAR + Camera nuScenes 74.9% NDS and 72.8% mAP Class imbalance

[47] LiDAR + Camera KITTI 73.81% 3D AP for cars and 48.03% 3D AP Hard level for cars and per-
for persons sons (small objects)

[42] LiDAR V2V OPV2V 0.704 AP@0.5 and 0.495 AP@0.7 Cooperative perception

[10] LiDAR + Camera OPV2V and DAIR-V2X State-of-the-art performance Heterogeneous  cooperative

perception tasks
[20] LiDAR-based single vehicle + V2XSet-V21 0.292 improvement in AP@0.5 and 0.289 Infrastructure and collaborat-
infrastructure camera improvement in AP@0.7 ing vehicles
TABLE VII. COMPARISON OF DATASETS USED FOR MULTIMODAL 3D OBJECT DETECTION

Dataset Year Scenes Annotated frames Classes Sensors

nuScenes 2019 1000 40K 23 Cameras + LiDAR + Radar

KITTI 2012 50 15K 8 Cameras + LiDAR

AdverseOp3D 2024 100 4K 23 Cameras + LiDAR + Radar

VoD 2022 ~8700 ~8700 13 Camera + Radar + LiDAR

K-Radar 2022 62 35K 5 Camera + LiDAR + Radar

Oxford Radar RobotCar 2019 32 240K Focus on zone ge- Camera + LiDAR + Radar + GP-

ometry S/INS

Seeing Through Fog 2020 >10K km recorded in 1600 4 Camera + LiDAR + Radar

(nuScenes DENSE) real test scenarios

‘Waymo Open Dataset 2019 1150 12.5M 4 Camera + LiDAR

OPV2V 2021 73 12K Vehicles Camera + LiDAR

DAIR-V2X 2022 Not reported 71,254 15 Camera + LiDAR

TABLE VIII. LIMITATIONS OF BEV TRANSFORMERS AND CORRESPONDING ARCHITECTURES FOR MULTI-SENSOR FUSION

BEV Transformer Limitations

Effects on Multi-Sensor Fusion

Corresponding  Ar-

chitecture

Quadratic complexity (O(n?)) High computational cost when processing long BEV se- Mamba [42]
quences and multi-vehicle scenarios

Non-causal BEV representation Agent cooperation and temporal dependencies are not ex- Mamba [42]
plicitly captured by the attention mechanism

Processing on a Euclidean grid Voxelization can lose fine-grained spatial relationships in GCN [37]
non-Euclidean point clouds

Limited semantic context fusion Limited ability to reason about scene-level semantic context LLM [12]

and assess interactions between heterogeneous agents

Discrete representation

Limited representation of the continuous space between
objects

3D Occupancy [54]
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causal structure and suffer from quadratic complexity, making
them very expensive for real-time multi-agent pipelines.

b) How Mamba face to these problems?: Mamba is a
selective State-Space Model that models sequences through a
segmented continuous-time state equation. Its operation in the
context of cooperative fusion relies on two main aspects.

e  First, linear complexity (O(n)): Due to a parallel scan
algorithm, Mamba processes sequences in linear time.
For a sequence of BEV tokens of length n, the memory
cost is (O(n)), rather than (O(n?)). This property
makes it possible to perform fusion over long multi-
agent BEV sequences for on-board deployment.

e Second, contextual selection: The parameters of the
state equation are input-dependent and change accord-
ing to the content of each BEV token. This property
allows Mamba to dynamically select relevant infor-
mation from previous agents to interpret the current
state.

In conclusion, CoMCM [42] proposes two Mamba modules
for cooperative fusion. The Contextual Clustering Mamba
module scans each agent’s BEV tokens in two details: global
,the agent’s full sequence, and local ,semantic clusters within
each BEV map. The Collaborative Mamba in the BEV module
then merges the hidden states of N agents into a unified coop-
erative BEV representation via a multi-agent scan. The result is
state-of-the-art performance on OPV2V, with inference latency
suitable for real-time on-board deployment.

2) From voxelization to non-Euclidean structure: GCN:

a) The addressed problem: A Point cloud is a set
of points irregularly distributed of 3D space without regular
grid. Before treating it with CNN or Transformer, most of
architectures such as PointPillars, VoxelNet, and BEVFusion
convert the point clouds in a regular representation. This
voxelization resolves the problem of irregularity, but loses fun-
damental structural information. Standard voxelization erases
non-Euclidean spatial relationships between LiDAR points,
such as connectivity, local surface properties, and curvature.
CNNs and Transformers applied to voxel grids cannot rebuild
these lost relationships. Consequently, detection accuracy for
small objects and fine contours is critical.

b) How GCNs respond to this problem?: A hierarchical
Graph Neural Network clearly builds a graph from the LiDAR
point cloud, where each point is a node, and edges encode
spatial relationships between neighboring points. Messages
passing between nodes enable the aggregation of local in-
formation and the computation of feature representations that
reflect the actual structure of points cloud. The key element
is hierarchy: the hierarchical GCN creates multiple scales of
graph representation, ranging from the finest (relationships be-
tween individual points) to the coarsest (relationships between
object regions). At each level, a graph pooling operator reduces
the number of nodes while preserving important structural
relationships. This multi-level approach is conceptually similar
to multi-scale CNNs, but operates on graph structures rather
than grids.

In fact, It outperforms standard voxelization architectures
on KITTT and nuScenes, especially for small objects.
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3) From geometric fusion to contextual semantic fusion:

LIM:

a) The addressed problems: All multi-sensor fusion ar-
chitectures operate on the fundamental geometric and statistic
level. They detect objects by associating visual and geometric
features with predefined categories, using supervised learning
on a closed dataset. The major limit of this approach is
designed in three situations.

e  First, contextual reasoning between agents is impos-
sible. In a V2X system where a vehicle shares its
detections with a pedestrian on the street, a geometric
fusion system cannot reason about the meaning of this
configuration: is it a pedestrian about to cross? A cy-
clist stopping? CNNs and geometric Transformers do
not possess semantic understanding of human behavior
that can reasoning these scenes.

e Second, open-vocabulary classification is beyond the
reach of current systems. In fact, any object not
present in the training categories is ignored or mis-
classified.

e  Third, semantic evaluation of risk. It requires a reason-
ing beyond the simple detection. This needs a causal
model of the world that geometric architectures cannot
build.

b) How LLM deal with these problems?: The UAV-
vehicle is a cooperative framework driven by LLM(GPT-4)
proposed by de Curtd & de Zarza [12]. In fact, the language
model merges and interprets multi-modal data from heteroge-
neous points of view, providing a semantic risk assessment.
Although based on simulated data, this study opens up a
fundamentally new path for contextual semantic fusion that
goes beyond purely geometric approaches.

4) From object detection to spatial understanding: 3D
occupancy:

a) The addressed limitations: 3D bounding box de-
tection has been the standard representation for multi-sensor
fusion systems since PointPillars and VoxelNet. This represen-
tation is standardized, but it presents three major limitations
for trajectory planning.

e  First, Bounding boxes do not represent free space. For
safe trajectory planning, the module needs to know
not only the location of the object but also where the
navigable space lies.

e  Second, Bounding boxes are inappropriate for objects
with irregular forms.

e  Third, Bounding boxes need a precise temporal as-
sociation for tracking. The data-to-track association
problem must be solved at all times.

This association problem is several under the conditions of
occlusion, object crossings, or missing detections.

b) How 3D occupancy face these limitations?: Re-
projection Multi-Task Multi-Sensor [54] is the first 3D oc-
cupancy network to integrate LiDAR-camera fusion within a
multi-task framework. Its architecture comprises three mod-
ules:
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TABLE IX. SYNTHESIS OF THE IDENTIFIED RESEARCH GAPS

Vol. 17, No. 9, 2026

Gap Description Impact

Adverse-weather benchmarks Lack of standardized real-world datasets covering adverse weather conditions (night, rain, Critical
fog, etc.)

Adversarial security of multi-sensor fu- Only one article investigates adversarial attacks in multi-sensor fusion [25] Critical

sion

Computational efficiency Most state-of-the-art methods are too computationally demanding for on-board systems High

Heterogeneous cross-manufacturer V2X Multi-agent systems equipped with heterogeneous sensor configurations remain insuffi- High
ciently studied

Multi-sensor 3D occupancy Few alternatives to bounding-box representations are available for downstream planning Medium

Cross-domain generalization Models often exhibit limited transferability to new environments and geographical regions High
[96]

Robust online calibration Few approaches remain robust under dynamic sensor miscalibration [95] High

Mamba/LLM Promising approaches, but their performance has not yet been extensively validated on Medium

large-scale real-world datasets

e A dual-branch encoder is represented in the LiDAR
branch via voxelization and in the camera branch via
Lift-Splat-Shoot

e A BEV fusion module featuring bidirectional 2D/3D
reprojection and IMU data integration for temporal
consistency

e A multi-task head that predicts the semantic voxel
occupancy grid and standard 3D bounding boxes at
the same time

Compared to previous monocular camera occupancy meth-
ods, the results demonstrate an improvement in voxel IoU
on nuScenes, while maintaining standard 3D detection per-
formance.

5) Synthesis: Emerging architectures are fundamentally
transforming multi-sensor fusion not through incremental im-
provements, but through a paradigm shift over four dimen-
sions: the temporal scalability of multi-agent cooperation [42],
the topological fidelity of LiDAR encoding [37], contextual
semantic scene reasoning [12], and the very nature of the
fusion output representation [54]. Each addresses a structural
limitation that dominant BEV Transformers cannot resolve
without fundamentally adjusting their paradigm.

E. ORS5: Gap analysis and future works

1) Gap analysis: This study allows us to introduce eight
gaps. These gaps define the most promising opportunities
for future work and establish the field’s priority areas for
development. Table IX synthesis the identified gaps.

2) Future direction:

e  Build self-calibrating models that adapt to sensor drift
in real time.

e real-world datasets with standardized weather condi-
tions subtile for comparison.

e  Light onboard architectures.
e  Developing robust systems against adversarial attacks.
e Lightweight 3D occupancy.

e Mamba and LLMs for contextual fusion.

VI. LIMITATIONS OF THIS STUDY

This systematic literature review was conducted according
to rigorous academic protocols. However, several limitations
must be acknowledged for the spirit of transparency and the
credibility of the results.

A. Publication Bias

The articles studied are peer-reviewed publications. This
excludes unpublished work, industrial technical reports, and
preprints from major companies. The excludes works could
offer valuable insights into fusion systems under real-world
operating conditions.

B. Language Restriction

Only articles in English were considered. Relevant studies
published in Chinese, Japanese, or Korean may have been
excluded.

C. Datasets Diversity

The predominance of KITTI and nuScenes, which can bias
evaluations toward specific geographic and climatic conditions.
This can affect driving in rural environments and developing
countries.

D. Database Coverage

Although Scopus and WoS are the most comprehensive
reference databases, some relevant articles may have been
missed due to indexing variations or alternative terminology.

VII. CONCLUSION

This systematic literature review, conducted in accordance
with the PRISMA protocol, analyzed 110 articles published
between 2022 and 2026, rigorously selected from Scopus and
Web of Science.

The results confirm that multi-sensor fusion provides sig-
nificantly superior accuracy, robustness, and reliability com-
pared to single-sensor approaches. Among the various strate-
gies, feature fusion in BEV space with cross-attention mech-
anisms or deformable transformers has become the dominant
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paradigm. Late fusion introduces a cross-domain generaliza-
tion advantage, and cooperative V2X hybrid deep fusion opens
up significant prospects.

Architecture has been enhanced since 2024. The major
architectural contributions are: Mamba state-space models
for Bird’s Eye View Vehicle to vehicle cooperation, fusion
based on probabilistic uncertainty quantification, LLMs for
multi-agent semantic fusion, multi-sensor, multi-task 3D oc-
cupancy, and heterogeneous cross-modality V2X cooperation.
4D mmWave radar has established itself as an essential third
complementary modality.

The identified gaps define a clear research docket:

e A unified adverse weather benchmark based on real
world data.

e  Adversarial security for multi-sensor fusion.
e  Lightweight architecture for embedded deployment.
e  Cross-domain generalization.

e  Robust online calibration.

These challenges conduct the transition from academic re-
sults to safe, certifiable, and large-scale deployed autonomous
driving systems.
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