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Figure 1. The proposed DSERT-RoLL dataset comprises stereo event, RGB, and thermal cameras, together with 4D radar and dual LiDAR,
collected in on-road driving across a wide range of weather and illumination conditions, and provided with precise 3D annotations.

Abstract

In this paper, we present DSERT-RoLL, a driving dataset
that incorporates stereo event, RGB, and thermal cameras
together with 4D radar and dual LiDAR, collected across
diverse weather and illumination conditions. The dataset
provides precise 2D and 3D bounding boxes with track IDs
and ego vehicle odometry, enabling fair comparisons within
and across sensor combinations. It is designed to alleviate
data scarcity for novel sensors such as event cameras and
4D radar and to support systematic studies of their behav-
ior. We establish unified 3D and 2D benchmarks that enable
direct comparison of characteristics and strengths across

sensor families and within each family. We report baselines
for representative single modality and multimodal methods
and provide protocols that encourage research on different
fusion strategies and sensor combinations. In addition, we
propose a fusion framework that integrates sensor specific
cues into a unified feature space and improves 3D detection
robustness under varied weather and lighting.

1. Introduction
Perception underpins autonomous driving, enabling safe
decision-making and control. Early unimodal systems [61,
135] suffered from limited accuracy and incomplete scene
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Figure 2. Complementary scenarios across sensor families. (a–b) 3D range sensors: (a) LiDAR-dominant, effective in clear conditions and
at long range with accurate geometry; (b) 4D radar-dominant, reliable in adverse weather (e.g., fog and snow) using Doppler. (c–e) Camera-
based sensors: (c) RGB-dominant, strong in daylight and textured scenes; (d) Event-dominant, responsive to small and rapid motions and
robust in high dynamic range; (e) Thermal-dominant, informative at night or in low light. Together, (a)–(e) illustrate complementary
strengths across sensor types.

coverage, motivating multimodal approaches. Fusing cam-
eras and LiDAR [75, 119] has become standard, combining
image semantics with point-cloud geometry to boost robust-
ness and accuracy. Nonetheless, extending these gains to
varied weather and lighting remains challenging.

Conventional RGB cameras are widely used in au-
tonomous driving due to their rich semantic informa-
tion [52, 71, 87, 101, 115, 117]. However, they are sen-
sitive to illumination changes and often degrade under high
dynamic range or low light. To mitigate these issues, two
alternative sensing modalities have gained attention:
• Thermal Cameras operate in the infrared spectrum and
are effective in night-time environments where RGB cam-
eras often struggle. They provide complementary cues be-
yond visible light, thereby enhancing perception robustness
under challenging conditions [12, 59, 97].
• Event Cameras [34] asynchronously capture changes in
brightness at the pixel level, enabling high temporal resolu-
tion and low-latency perception. Unlike frame-based cam-
eras, they naturally handle high dynamic range scenes and
fast motions, providing complementary information that en-
hances robustness in challenging environments.

From the perspective of 3D sensing, LiDAR oper-
ates independently of illumination but remains sensitive to
weather conditions [2, 42, 68], where sensing range may
decrease, and measurements can become noisy. To mitigate
these issues, alternative sensors have been explored.
• 4D Radar is a 3D range sensor that emits radio waves
and can acquire data even through adverse conditions such
as heavy rain or snow. In contrast to LiDAR, which often
suffers from reduced range and noise in adverse weather,
4D radar offers more stable perception [83, 92], serving as
a useful complement for all-weather operation.

Research leveraging novel sensors, including event cam-
eras and 4D radar, and, to a lesser extent, thermal cameras,
for perception under adverse conditions has accelerated in
recent years. However, existing benchmarks [24, 35, 83]
that include these sensors are typically modality-specific
and primarily compare against conventional RGB cameras
and LiDAR, leaving direct cross-sensor comparisons and
systematic studies of their fusion relatively underexplored.

To advance research in this direction, we present the
DSERT-RoLL dataset: Driving with Stereo Event-RGB-
Thermal Cameras, 4D Radar, and DuaL LiDAR/ As shown
in Fig. 1, we collected multi-modal data across diverse driv-
ing scenarios, including night, high dynamic range (HDR),
rain, snow, fog, and other challenging conditions. Through
DSERT-RoLL, we provide a comprehensive multi-modal
benchmark that supports robust perception and fusion stud-
ies under diverse driving conditions. Our dataset and ap-
proach differ from existing works in the following key as-
pects:
• While recent datasets have analyzed the advantages

of novel sensors, the evaluation of various sensors in
the same environment remains largely unexplored. In
contrast, the DSERT-RoLL dataset includes widely re-
searched emerging sensors and data collected from ex-
treme environments. By providing a fair benchmark for
training and evaluation across multiple sensors in the
same setting, DSERT-RoLL enables a deeper analysis of
each sensor’s strengths and characteristics.

• Although there are numerous benchmarks and datasets
based on widely used sensors like frame cameras and Li-
DAR, benchmarks based on emerging sensors, such as
event cameras, thermal cameras, and 4D radar, are rel-
atively scarce. The proposed DSERT-RoLL dataset con-



Table 1. Comparison of object detection datasets in autonomous driving. Upper rows use conventional sensors; lower rows include novel
sensors. The symbol △ marks annotations not officially provided but added by other authors. If 3D boxes exist, ‘Num Data’ counts samples
with 3D boxes; otherwise, it counts all samples. Additional comparisons with more datasets are provided in the supple.

Dataset Num Adverse Weather 3D Range Sensor Camera Sensor Ground-truth
Data Clear Rain Fog Snow LiDAR Radar RGB Event Thermal 3D Bbox. Tr. ID Odom

KITTI [37] 15k Stereo
Waymo [98] 230k Multi-view
NuScenes [7] 40k 3D Multi-view

Argoverse 2 [110] 150k Multi-view
K-Radar [83] 35k 4D Multi-view

TJ4DRadSet [131] 7.8k Mono
DSEC [35] 5.4k Stereo Stereo △ △
1Mpx [89] 32M Mono Mono

SeeingThroughFog [4] 13.5k 3D Stereo Mono
KAIST [24] 8.9k Stereo Mono

DSERT-RoLL (Ours) 22k 4D Stereo Stereo Stereo

tributes to enhancing data richness and is expected to sup-
port a wide range of studies, including domain adaptation,
domain generalization, and more.

• While differences between camera sensors and 3D range
sensors are well documented, Fig. 2 shows that comple-
mentary strengths also exist within each sensor type, for
example among cameras such as RGB, event, and ther-
mal, and among 3D range sensors such as LiDAR and
4D radar. Each type excels under different failure modes,
which suggests synergy rather than simple substitution.
Building on this, we propose a framework that leverages
these complementary strengths to achieve robust 3D ob-
ject detection under varying weather and illumination. By
integrating cues into a unified feature space, our method
improves perception reliability across conditions.

2. Related Works
Traditional Driving Datasets. Numerous datasets [7, 25,
37, 98, 110] have demonstrated the potential for safe au-
tonomous driving perception [11, 66, 111, 125] through
the use of RGB and LiDAR-based data [78, 90, 113], hu-
man annotations, and extensive training with large-scale
datasets. Subsequent research [29, 91] has incorporated
more diverse driving scenes under various conditions, and
by expanding the scale of data, it has enabled the devel-
opment of more robust perception algorithms. However,
due to the inherent limitations of RGB and LiDAR sen-
sors, their robustness in extreme environments (e.g., fog,
snow) remains insufficient. Consequently, research in
this area is advancing with the emergence of novel sen-
sors [4, 85, 128, 132], fostering additional fusion studies.
Thermal Camera-based Driving Datasets. Thermal
imaging captures emitted infrared radiation rather than re-
flected visible light, providing illumination-invariant cues
that complement RGB, especially in darkness and adverse
weather. This is particularly valuable for object detection
in road scenes, where nighttime and inclement conditions
demand robust perception across diverse environments. Re-

cent RGB–thermal benchmarks [24, 38, 48, 96, 97, 102]
have catalyzed research on multimodal detection, segmen-
tation [41, 60], and tracking [3, 31] under challenging il-
lumination and weather [4, 73, 100]. Alongside dataset
growth, fusion methodologies have matured from early fea-
ture concatenation to more principled designs [28, 30, 49,
62, 82, 104, 114, 133].

Event Camera-based Driving Datasets. Event cam-
eras asynchronously report per-pixel brightness changes
with microsecond latency and extremely high dynamic
range, producing motion-blur-free signals [21, 58] that
complement frame-based RGB and LiDAR under fast ego-
motion [6, 43, 79, 81], low light [22, 57, 63, 72, 112, 118],
and glare [80, 138]. These properties make them well
suited for autonomous-driving perception in road scenes,
where rapid maneuvers and abrupt illumination transitions
demand temporally precise, HDR sensing. Recent event-
driven driving benchmarks with single [5, 26] or stereo sen-
sors [23, 35, 88, 136], aligned RGB cameras, and vehicle
telemetry have supported progress across a broad range of
perception tasks [10, 19, 20, 23, 36, 50, 54, 55, 89, 93, 99,
108]. Despite these advantages, multimodal fusion beyond
fusion with RGB [17, 18, 129] remains underexplored in
event-based vision, and annotations for 3D perception are
still scarce. By providing additional modalities alongside
events and 3D annotations, this work serves as a strong
foundation for subsequent research on event cameras.

4D Radar-based Driving Datasets. Automotive 4D
radar measures range, azimuth, elevation, and radial ve-
locity (Doppler), delivering long-range, illumination- and
weather-robust cues that complement RGB and LiDAR
with direct motion observables [33]. These properties are
attractive for perception [83, 116] in adverse conditions,
such as fog, rain, snow, and nighttime, where temporally
stable velocity estimates and extended detection ranges are
critical. Recent 4D radar driving datasets [1, 46, 84, 94, 122,
122, 131] provide synchronized radar point clouds together
with LiDAR and cameras, and have demonstrated success-
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Figure 3. Distribution of training and testing data with respect to weather conditions, lighting conditions, and object classes.

Table 2. Sensor suit details.
Sensors Model Name Resolution FoV FPS
RGB 2 × BFS-U3-51S5C 2448 × 2048 82.2◦ × 66.5◦ 10
Event 2 × Prophesee EVK4 1280 × 720 76.7◦ × 65.5 ◦ >10k
Thermal 2 × FLIR A65 640 × 512 90◦ × 69◦ 30
Sensors Model Name Max. Range FoV FPS
4D Radar RETINA-4FN 100m 100◦ × 24◦ 20
Long-range Livox HAP 150m 120◦ × 25◦ 10LiDAR
Short-range os0-128 100m 360◦ × 90◦ 20LiDAR

GPS/IMU Microstrain N/A N/A 10/1003DM-GX5-45

ful perception under these adverse conditions. As LiDAR
datasets have grown, a wide range of sensor combination
studies have emerged. By contrast, 4D radar is relatively re-
cent and has primarily been paired with cameras or LiDAR.
Our work aims to provide a foundation for exploring richer
4D radar-based multimodal configurations, including event
cameras and thermal cameras, enabling broader research on
these combinations.
Multi-modal 3D Object Detection. 3D object detec-
tion [51, 69, 86, 106] aims to estimate 3D bounding boxes
and object orientations. Unimodal LiDAR approaches [16,
53, 67, 76, 77, 124, 126] leverage the depth accuracy of
point clouds to regress 3D boxes. Recently, multimodal
fusion has been actively explored to exploit the comple-
mentary strengths of different sensors under diverse con-
ditions. The most common setup fuses RGB images with
LiDAR [13, 32, 109, 120]. This pairing adds color and tex-
ture to precise depth and improves small object recall and
3D localization. To improve robustness in adverse weather
and low light, radar [47, 70, 134] has also been incorpo-
rated. With the advent of a 4D radar that provides range,
Doppler, azimuth, and elevation information, camera and
radar fusion [8, 9] has advanced further. Moreover, recent
architectures [13, 85] enable fusion of two or more modal-
ities within a unified framework.

3. DSERT-RoLL Dataset

3.1. Sensor Configuration

As illustrated in Fig. 1, we equipped the vehicle with
the multi-modal sensor setting described in Table 2. We
first mounted LiDAR sensors, which are widely adopted

3D range sensors for object detection, including a long-
range LiDAR and a high-resolution short-range LiDAR.
The long-range LiDAR is used to obtain reliable object an-
notations over extended distances, whereas the short-range
LiDAR provides high-resolution fine-grained point mea-
surements with an enlarged vertical field of view, thereby
offering dense geometric coverage. To further ensure per-
ception performance under extreme weather such as fog
or snow, we additionally equipped the vehicle with a 4D
Radar. All cameras were deployed in stereo configurations
to fully cover the frontal field of view, and we extended the
setup beyond RGB sensors by incorporating a thermal cam-
era and an event camera. These complementary modalities
enhance robustness against challenging lighting conditions
and motion blur, providing reliable perception in adverse
environments. Finally, a GPS antenna and IMU sensors
were mounted near the camera suite on the vehicle to en-
able precise localization of the ego-vehicle.

3.2. Data Distribution
The DSERT-RoLL dataset encompasses diverse driving
scenarios, including highways, urban streets, suburban
roads, and narrow alleys. In total, the data collection pro-
cess results in 22K frames of multi-modal sensor measure-
ments captured under various environmental conditions.

The DSERT-RoLL dataset is categorized into six
weather conditions: clear, fog, light rain, heavy rain, light
snow, and heavy snow. This design allows a fair compar-
ison of the strengths of different sensor modalities under
diverse weather conditions. A key advantage of DSERT-
RoLL is that multiple modalities are captured simultane-
ously in the same environment, enabling deeper research on
multi-sensor fusion, particularly for 3D range sensors.

While 3D range sensors (e.g., LiDAR and Radar) are
largely unaffected by illumination, camera-based percep-
tion can vary significantly depending on lighting. To facili-
tate fusion research in such scenarios, we further categorize
the data into four lighting conditions: normal, low light,
overexposed, and HDR.

The dataset defines three object categories, namely vehi-
cle, pedestrian, and bike, which represent the most common
types of driving datasets. We split the dataset into training
and test sets with a 7:3 ratio. As shown in Fig. 3, the distri-
butions of weather, lighting, and object classes are balanced
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Figure 4. Overview of the proposed multi-modal 3D detection framework. LiDAR and 4D Radar features are voxelized and fused to
generate initial 3D box proposals. RGB, thermal, and event features are then projected into 3D space via voxel-centric sampling and
integrated through confidence-based fusion. The refined fused features are used for final bounding box prediction.

across both splits. This balanced coverage across diverse
scenarios and environmental conditions makes DSERT-
RoLL a reliable benchmark for evaluating the robustness
of perception models in challenging real-world settings.

4. Multi-modal Approach on 3D Detection

To demonstrate the benefits of leveraging multi-modality,
we propose a method that effectively fuses diverse sen-
sor modalities into a unified feature space. This in-
depth methodology is made possible by the strength of our
DSERT-RoLL benchmark dataset, which incorporates mul-
tiple modalities within a single collection. In this section,
we elaborate on the design and implementation of the pro-
posed approach and highlight how multi-modal fusion con-
tributes to robust perception performance.
Overall Framework. As illustrated in Fig. 4, the inputs to
our framework consist of 3D range sensors and multi-modal
single-view images. For the 3D range sensor, we use a Li-
DAR (L) and a 4D Radar (4R) providing point sets PL =
{(xi, yi, zi)|fL

i }
NL
i=1 and P4R = {(xj , yj , zj)|f4R

j }N4R
j=1 .

Here, (x, y, z) denotes the 3D spatial coordinate of each
point, and f ∈ RCp represents point-wise features such
as intensity (LiDAR) or Doppler velocity (4D Radar). NL

and N4R denote the number of points from LiDAR and 4D
Radar, respectively. Each point cloud is processed by a 3D
voxel-based backbone [135] to obtain voxel features FL

V

and F4R
V , with FV ∈ RX×Y×Z×CV , where CV denotes the

number of channels and (X,Y, Z) represents the voxel grid
size. For the camera sensors, we incorporate three modali-
ties: an RGB image IR ∈ RH×W×3, a thermal image IT ∈

RH×W×1, and a voxel grid [137] of events IE ∈ RH×W×5,
which are processed by a 2D backbone [74] to extract fea-
tures FR

I ,F
T
I ,F

E
I ∈ RH/4×W/4×CI , where CI denotes the

number of channels for RGB, thermal, and event features.

We first generate initial 3D bounding boxes from the
range sensors and then refine them by incorporating com-
plementary cues from the camera sensors, where confidence
is taken into account during the fusion. Finally, all hetero-
geneous inputs are processed through our proposed multi-
modal fusion strategy to produce unified representations for
3D object detection.

Initial 3D Box Proposal from Range Sensors. To per-
form effective and efficient computation in 3D space, the
voxel features FL

V and F4R
V are collapsed along the verti-

cal axis and transformed by 2D convolutions on the ground
plane into bird’s-eye-view (BEV) features FL

BEV,F
4R
BEV ∈

R
X
s ×Y

s ×CB , where X and Y are the voxel grid dimensions
in the horizontal plane, s is the stride, and CB is the channel
dimension. Given the BEV features FL

BEV and F4R
BEV, we

concatenate the two modality features along the channel di-
mension and apply a convolutional layer to fuse them. This
simple yet effective fusion produces cross-modally enriched
BEV representations while maintaining computational effi-
ciency. Through the detector [121], we obtain the initial
set of bounding boxes B = {b1, b2, . . . , bn}, where n is a
pre-defined box number.

Camera-3D Range Sensor Fusion. We aim to leverage
the camera features, which contain multiple strengths and
rich semantic information, to gain additional performance.
To integrate image features into the 3D space in a multi-



Table 3. Ablation study across sensor modalities on the DSERT-RoLL dataset for 3D detection. For the modalities, we use the following
notation: R: RGB, E: Event, T: Thermal, 4R: 4D Radar, and L: LiDAR.

Modality
Weather Condition Light Condition

Clear Fog Light Heavy Light Heavy Normal Low Over HDRRain Rain Snow Snow Light Expose
L 82.90 65.67 89.62 62.97 77.26 54.14 74.71 86.10 75.82 74.51

R+L 84.67 66.14 90.29 72.82 78.40 59.43 76.26 87.41 77.55 79.31
4R+L 88.26 67.41 91.43 67.41 77.43 69.96 79.43 88.73 82.85 82.98

R+4R+L 88.35 67.38 91.79 79.03 84.39 70.26 81.31 91.04 80.34 83.93
R+E+4R+L 88.70 71.45 92.94 80.11 82.75 71.64 81.92 91.43 83.37 86.55
R+T+4R+L 89.48 71.00 93.94 79.77 84.02 71.32 82.26 92.20 83.20 85.66

R+E+T+4R+L 90.30 71.42 95.10 80.26 85.59 72.94 82.93 92.65 85.47 86.33

modal manner, we propose a voxel-centric sampling strat-
egy. Specifically we extract non-empty voxel indices from
the LiDAR and 4D Radar voxel features FL

V and F4R
V to

obtain FL
V and F4R

V . We then combine the features on the
union of these indices to form a unified sparse voxel feature
space. We denote the resulting set as

FV = FL
V ∪ F4R

V = {(Vj , fVj )}
NV
j=1, (1)

where Vj is the voxel index, fVj
∈ RCV is the fused feature

of a non-empty voxel, and NV is the number of non-empty
voxels. Let ΩL and Ω4R denote the sets of non-empty vox-
els for the LiDAR and 4D Radar, respectively. For each Vj

in the union Ω = ΩL ∪Ω4R, the fused feature is defined by

fVj
=


fLVj

if Vj ∈ ΩL \ Ω4R,

f4RVj
if Vj ∈ Ω4R \ ΩL,

P
[
fLVj

| f4RVj

]
if Vj ∈ ΩL ∩ Ω4R,

(2)

where [· | ·] denotes channel-wise concatenation and P is a
per-scale linear projector that maps the concatenated 2CV

channels back to CV . Thus, voxels with neither modality
remain absent, voxels with exactly one modality keep that
feature as-is, and voxels with both modalities are concate-
nated and projected to preserve dimensionality while en-
abling cross-modal fusion.

For each non-empty voxel Vj , we obtain modality-
specific projections onto the image planes of the RGB, ther-
mal, and event cameras as uR

j = MR · Vj , uT
j = MT ·

Vj , uE
j = ME ·Vj , where MR, MT , and ME are the pro-

jection matrices, which are the products of the intrinsic and
extrinsic matrices for each modality. The projected loca-
tions uR

j , u
T
j , u

E
j are used to sample nearby image features

from FR
I , FT

I , and FE
I , respectively. Given the modality-

specific projections uR
j , u

T
j , u

E
j , aggregated image features

are obtained by sampling feature values in the neighborhood
of each projection. For modality m ∈ R, T,E, the sam-
pling process for the number of sampled point, Q, yields
the following aggregated features.

f̂mj =

Q∑
q=1

wq · Fm
I (um

j +∆um,q
j ), (3)

where ∆um,q
j and wq are the learnable offset and aggre-

gation weight for the q-th sampling point. Both the offsets
∆um,q

j and the weights wq are predicted from the voxel fea-
ture, fVj

. Each voxel feature fVj
is treated as the query,

while the aggregated image features f̂mj serve as keys and
values. The deformable cross-attention [103] for voxel Vj

is formulated as f̂mVj
= Attn(Q = fVj , K = f̂mj , V = f̂mj ).

Confidence-based Voxel Fusion. We concatenate the
image-enhanced voxel features from all modalities (m ∈
{R, T,E}) to form

F̂cam
V =

[
F̂R

V | F̂T
V | F̂E

V

]
∈ RNV ×(KCV ), K=3, (4)

where F̂R
V , F̂T

V , and F̂E
V denote the RGB, thermal, and event

branches, respectively. For camera-axis attention, we view
F̂cam

V as a 3D tensor, RNV ×K×CV . We compute the camera-
wise gates using a global summary as

w = σ

(
1

NV CV

NV∑
i=1

CV∑
c=1

F̂cam
V (i, :, c)

)
∈ [0, 1]1×K×1,

(5)
where σ denotes the sigmoid activation. Each camera
branch is reweighted by its corresponding scalar gate as:

F̄cam
V = w ⊙ F̂cam

V ∈ RNV ×K×CV ,

where ⊙ denotes element-wise multiplication. Finally, we
concatenate the image-enhanced voxel features with the
original voxel features. A feed-forward network is then ap-
plied to reduce the channel dimension and yield the final
fused features F̃V ∈ RNV ×CV .
Bounding Box Refinement. Given the initial bounding box
proposals B = {b1, b2, . . . , bn} from the range sensors, we
further perform refinement using the final fused voxel fea-
tures F̃V ∈ RNV ×CV . For each proposal bi, we divide
the 3D region into S × S × S regular sub-voxels and ap-
ply ROI pooling [27, 44] to extract proposal-aligned fea-
tures from both the fused image-enhanced voxel features
F̃V and the original voxel features. This produces grid fea-
tures F̃i

V ∈ RS3×CV for each initial bounding box, which
are then passed through a multi-layer perceptron (MLP) to
estimate the refined boxes, B̃ = {b̃1, b̃2, . . . , b̃n}.



Table 4. 3D object detection performance comparison on the DSERT-RoLL dataset. We categorize the methods into three groups: stereo-
based, 3D range sensor–based, and multi-modal fusion-based approaches. For the modalities, we use the following notation: R: RGB, E:
Event, T: Thermal, 4R: 4D Radar, and L: LiDAR.

Modality Methods
Weather Condition Light Condition

Clear Fog
Light Heavy Light Heavy

Normal
Low Over

HDR
Rain Rain Snow Snow Light Expose

Stereo-based
R DSGN [14] 31.08 43.66 42.48 20.51 25.94 0.01 29.99 25.68 22.55 40.69
R LIGA [40] 35.52 41.67 37.52 20.57 26.02 0.00 31.31 30.06 22.44 42.80
E DSGN [14] 24.23 22.06 26.93 31.38 23.12 0.01 21.41 21.42 15.58 36.44
E LIGA [40] 27.11 22.53 23.43 22.84 24.61 0.00 23.10 23.20 15.30 34.92
T DSGN [14] 28.49 25.98 37.50 28.74 36.52 0.02 16.89 36.07 25.83 36.03
T LIGA [40] 28.96 31.87 36.87 25.72 39.83 0.00 17.02 34.62 23.28 40.50

3D Range Sensor-based
L VoxelNeXt [15] 86.06 59.51 90.19 71.82 82.86 54.75 78.93 88.76 71.06 80.93
L HEDNet [127] 79.27 48.41 84.74 68.36 70.29 55.98 71.64 83.34 63.97 73.33
L SAFDNet [123] 79.30 43.83 82.82 57.33 65.07 49.30 66.28 81.62 58.38 76.19

4R RTNH [83] 23.49 37.30 43.40 27.86 36.96 21.70 28.70 26.28 24.69 27.00
4R VoxelNeXt [15] 25.03 44.03 48.78 27.91 37.42 32.79 31.82 24.02 32.50 35.03
4R HEDNet [127] 24.10 43.51 41.16 28.57 31.28 25.67 28.92 22.28 37.01 30.82

Multi-modal Fusion-based
R+L LoGoNet [64] 87.18 64.96 91.41 79.12 79.74 66.20 79.01 90.56 80.49 82.78
R+L BEVFusion [75] 85.20 62.40 90.91 73.30 75.22 57.61 76.86 87.55 78.07 78.90
R+L DeepFusion [65] 87.19 63.94 91.91 75.61 81.77 57.26 79.19 90.81 78.66 80.10

R+4R HGSFusion [39] 25.74 46.49 49.62 28.49 37.87 34.02 32.66 24.31 34.47 35.96
4R+L InterFusion [107] 84.52 66.94 94.31 76.56 74.13 64.82 79.31 87.49 75.55 79.95
4R+L RL3DOD [8] 85.05 63.15 88.39 76.17 81.41 65.87 77.77 87.26 78.32 81.50

R+T+4R+L SAMFusion [85] 87.03 65.13 91.69 78.02 79.81 70.59 80.54 89.93 80.16 82.50
R+E+T+4R+L Ours 90.30 71.42 95.10 80.26 85.59 72.94 82.93 92.65 85.47 86.33

Loss Functions. We train the entire framework in an
end-to-end manner. The overall loss consists of three terms:
the RPN loss [27, 44] LRPN, the confidence prediction
loss [27] Lconf, and the box regression loss [27, 95] Lreg:

L = LRPN + λ1Lconf + λ2Lreg. (6)

5. Experiments on Multi-modal Approach
5.1. Experimental Settings
We train the entire framework in an end-to-end manner
using four NVIDIA Quadro RTX 8000 GPUs. The loss
weights for both λ1 and λ2 are set to 1. For evaluation,
to align with the front camera’s field of view, we constrain
the point cloud along the X-axis to the range [0, 70] me-
ters. We set the sampled points K as 4 for feature aggrega-
tion in the camera-3D range sensor fusion module. Follow-
ing prior work [27, 44], the bounding-box refinement grid
size, S, is set to 6. We evaluate all models using the official
Waymo Open Dataset metrics [98]. We report Average Pre-
cision (AP) with a 3D IoU threshold of 0.5. Following prior
work [4, 56, 83] under the standard challenge conditions
for 3D perception, our main tables emphasize the vehicle
class. The results for additional classes are provided in the
supplementary material. We use a long-range LiDAR for
the LiDAR modality, and for all camera modalities, we use

only the left camera from the stereo setup.

5.2. 3D Object Detection Results Across Modalities

The proposed method operates adaptively across diverse
modality combinations, providing a framework that high-
lights the strengths of multi-modal fusion. To study these
effects, we conduct ablations over different sensor combi-
nations and report the results in Table 3.

We begin with the most fundamental 3D range sensor,
LiDAR, which serves as the base for initial bounding box
estimation. From this foundation, we incrementally incor-
porate additional modalities to evaluate how each sensor
contributes to detection robustness and accuracy under var-
ious environmental conditions. Adding RGB introduces
richer semantics and contextual cues, improving category
discrimination and boundary localization under moderate
conditions. However, its impact is limited in extreme light-
ing and weathers, so the overall gains remain modest in the
most challenging scenarios. Introducing 4D Radar further
enhances spatial consistency and stability, especially in ad-
verse weather (e.g. heavy snow) where LiDAR signals may
degrade. The fusion of LiDAR and 4D Radar yields no-
ticeable gain across most conditions, confirming the com-
plementary nature of their geometric cues. When event and
thermal modalities are integrated, the model becomes more



Table 5. 2D object detection performance on the DSERT-RoLL dataset, focusing on camera-based methods. For the modalities, we use the
following notation: R: RGB, E: Event, and T: Thermal

Modality Methods
Weather Condition Light Condition

Clear Fog Light Heavy Light Heavy Normal Low Over HDRRain Rain Snow Snow Light Expose
R YOLOv10 [105] 76.47 72.99 84.95 76.68 58.76 2.84 71.98 67.69 76.25 76.15
R DEIM [45] 81.85 82.99 91.48 73.60 65.07 13.37 77.76 72.74 85.14 79.50
E RT-DETR [130] 73.77 83.17 83.57 58.93 47.28 0.023 69.89 58.28 78.87 77.83
E DEIM [45] 65.56 85.67 80.77 64.36 50.00 0.075 69.31 53.94 57.20 69.38
T YOLOv10 [105] 78.31 83.84 92.16 76.75 75.30 0.619 69.48 74.15 73.93 81.03
T DEIM [45] 81.84 85.56 83.21 77.75 77.04 0.576 66.07 76.69 84.91 86.19

R+E GM-DETR [114] 84.24 87.54 95.07 80.92 59.44 15.62 83.32 73.61 86.04 81.90
R+T GM-DETR [114] 84.10 86.64 92.18 77.99 79.44 1.48 71.87 77.41 86.12 88.70
T+E GM-DETR [114] 85.44 92.13 88.35 79.64 81.19 11.20 71.00 78.96 87.74 93.04

R+T+E GM-DETR [114] 90.36 93.66 96.28 82.29 81.60 16.56 82.07 82.60 94.93 93.52

resilient to dynamic illumination changes and low-visibility
environments. In particular, R+E+T+4R+L, which lever-
ages all modalities, achieves the highest performance over-
all, demonstrating the framework’s ability to adaptively fuse
heterogeneous inputs and fully exploit the advantages of
multi-modal perception.

6. Benchmarks on the DSERT-RoLL Dataset
DSERT-RoLL enables fair, like-for-like evaluation across
multiple modalities on the same scenes. With both 3D
and 2D manual annotations and diverse weather and light-
ing conditions, it offers a rigorous testbed for robustness
and generalization. Accordingly, we establish benchmarks
for both 3D Object Detection and 2D Object Detection on
DSERT-RoLL dataset.

6.1. 3D Object Detection Benchmark Results
The selected 3D detector models, organized by sensor-
configuration groups, are categorized into three types:
stereo-based, 3D range sensor–based, and multi-modal fu-
sion–based approaches.
Stereo camera-based methods. We select two existing
methods, LIGA [40] and DSGN [14]. To isolate the effect
of the sensor type, we keep the architectures and training
settings identical and simply replace the camera input with
event or thermal data.
3D range sensor-based methods. We select 3D range
sensor–based methods, VoxelNeXt [15], HEDNet [127],
and SAFDNet [123], for our evaluation, and additionally
adopted RTNH [83] for the 4D Radar modality. Since the
LiDAR pipeline naturally extends to 4D Radar, these meth-
ods enable fair and consistent evaluation across 3D range-
sensor modalities.
Multi-modal fusion methods. We include the following
multi-modal methods as comparisons: LoGoNet [64], BEV-
Fusion [75], DeepFusion [65], HGSFusion [39], InterFu-
sion [107], RL3DOD [8], and SAMFusion [85].

As shown in Table 4, we observe that limited informa-
tion settings, specifically stereo without explicit 3D depth

and 4D radar only, tend to underperform, whereas LiDAR
is generally strong thanks to accurate geometric cues. How-
ever, LiDAR performance drops in adverse weather such as
fog and snow. In contrast, multi-modal methods compen-
sate: cameras provide missing semantic detail and 4D radar
adds weather robustness. Our approach adaptively fuses all
available sensor types, delivering consistently strong results
across weather and illumination conditions.

6.2. 2D Object Detection Benchmark Results
Although this paper focuses on 3D detection, DSERT-RoLL
also supports 2D detection research and provides a foun-
dation for future multi-modal studies. To facilitate sub-
sequent work, we establish a 2D benchmark and report
baseline results using existing methods only. Specifically,
we evaluate the camera-based methods YOLOv10 [105],
RT-DETR [130], and DEIM [45] for the single-modality
setting, and GM-DETR [114] for the multi-modal setting.
Consistent with our 3D evaluation, we report Average Pre-
cision (AP) at a 2D IoU threshold of 0.5 with an empha-
sis on the Vehicle category; results for additional categories
are available in the supplementary material. For 2D de-
tection, we use the left camera images for each modality.
As shown in Table 5, and in line with our 3D results, the
multi-modal setting demonstrates greater robustness across
diverse weather and illumination conditions.

7. Conclusion
We present DSERT-RoLL, a comprehensive multi-modal
perception dataset featuring stereo Event–RGB–Thermal
cameras, 4D radar, and dual LiDAR sensors. We establish
benchmarks on DSERT-RoLL for both 3D and 2D object
detection and introduce a modality-adaptive fusion base-
line that strengthens detection under challenging weather
and lighting conditions. We believe DSERT-RoLL will
serve as a valuable foundation for future research, promot-
ing progress in robust multi-modal perception and enabling
more reliable 3D and 2D understanding under diverse real-
world conditions.
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J. Xu, and A. M. López. Pedestrian detection at day/night
time with visible and fir cameras: A comparison. Sensors,
16(6):820, 2016. 3

[39] Z. Gu, J. Ma, Y. Huang, H. Wei, Z. Chen, H. Zhang, and
W. Hong. Hgsfusion: Radar-camera fusion with hybrid
generation and synchronization for 3d object detection. In
Proceedings of the AAAI Conference on Artificial Intelli-
gence, volume 39, pages 3185–3193, 2025. 7, 8

[40] X. Guo, S. Shi, X. Wang, and H. Li. Liga-stereo: Learn-
ing lidar geometry aware representations for stereo-based
3d detector. In Proceedings of the IEEE/CVF international
conference on computer vision, pages 3153–3163, 2021. 7,
8

[41] Q. Ha, K. Watanabe, T. Karasawa, Y. Ushiku, and
T. Harada. Mfnet: Towards real-time semantic segmen-
tation for autonomous vehicles with multi-spectral scenes.
In 2017 IEEE/RSJ International Conference on Intelligent
Robots and Systems (IROS), pages 5108–5115. IEEE, 2017.
3

[42] M. Hahner, C. Sakaridis, D. Dai, and L. Van Gool. Fog sim-
ulation on real lidar point clouds for 3d object detection in
adverse weather. In Proceedings of the IEEE/CVF interna-
tional conference on computer vision, pages 15283–15292,
2021. 2
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