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Towards a Robust Sensor Fusion Step for 3D Object
Detection on Corrupted Data

Maciej K. Wozniak*!, Viktor Karefjird*!, Marko Thiel?, Patric Jensfelt!

Abstract—Multimodal sensor fusion methods for 3D object
detection have been revolutionizing the autonomous driving re-
search field. Nevertheless, most of these methods heavily rely on
dense LiDAR data and accurately calibrated sensors which is
often not the case in real-world scenarios. Data from LiDAR
and cameras often come misaligned due to the miscalibration,
decalibration, or different frequencies of the sensors. Additionally,
some parts of the LiDAR data may be occluded and parts of the
data may be missing due to hardware malfunction or weather
conditions. This work presents a novel fusion step that addresses
data corruptions and makes sensor fusion for 3D object detection
more robust. Through extensive experiments, we demonstrate that
our method performs on par with state-of-the-art approaches on
normal data and outperforms them on misaligned data.

Index Terms—Object Detection, Segmentation and Categoriza-
tion; Sensor Fusion; Deep Learning for Visual Perception

I. INTRODUCTION

ELF-driving cars must understand their own surroundings,

such as vehicles, pedestrians, or cyclists, as well as their
pose to further estimate the velocity or future trajectory of
moving objects and plan their own movement accordingly.
3D object detection is often used to obtain this semantic
information about the environment [1].

3D object detection methods rely on different types of
data collected using LiDAR [2] or RGB cameras [3], or a
combination of those [4].

Although these methods are capable of achieving impressive
results, they often heavily rely on dense LiDAR data and
accurately calibrated sensors. Unfortunately, this is often not
the case in real-world scenarios and there are different ways
the input data can be corrupted. Data from LiDAR and camera
often comes misaligned due to poor initial calibration or
decalibration throughout the vehicle movement [5] as well as
different frequencies or latencies of the sensors [6]. Addition-
ally, some areas of the LiDAR may be occluded and parts
of the data may be missing due to hardware malfunction,
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weather conditions, or reflective surfaces [7]. Furthermore,
robotic platforms use LiDAR sensors with different resolutions
and even though some methods claim to achieve good results
on any given data set, they often underperform when tested
on domains they are not trained on (e.g. trained on 64-layer
LiDAR, tested on 16 layers) [8].

These different cases of data corruption lead to a consider-
able decline in performance for state-of-the-art single-modality
3D object detection methods, making them unreliable in real-
world scenarios. While multimodal fusion methods are also
impacted by these issues, they are more resilient than single-
modality approaches. Nevertheless, their effectiveness and ro-
bustness heavily depend on where and how the information is
fused within the model.

For example, early fusion, which combines modalities al-
most at the input level, is more prone to corrupted data. On
the other hand, deep fusion can be more robust as it allows the
network to learn more abstract representations from multiple
modalities, potentially mitigating the impact of corrupted or
missing information.

Similarly, the way in which the information is fused, what
we refer to as fusion step, can exhibit different levels of sensi-
tivity to corrupted data. For instance, combining features from
different modalities directly (e.g. simply concatenating them
together) makes the model highly susceptible to corruption in
any of the modalities, whereas using convolution operations to
fuse the data can improve handling noise and misalignment.

This work aims to explore how multi-modal fusion can be
performed to ensure robustness to corrupted data, required for
a practical application, since in the real world we rarely operate
on dense data without missing information and with perfectly
calibrated sensors. Our main contribution is a novel fusion step
for 3D object detection that outperforms other proposed state-
of-the-art fusion methods on data from miscalibrated sensors
and achieves similar or better results when it comes to LiDAR
layer removal and point cloud reduction. We also provide the
code for our benchmarking experiments, so that others can
reproduce our results as well as test their methods on corrupted
sensor data, making multimodal fusion more reliable in real-
world scenarios https://github.com/ViktorKare/bevf.

II. SENSOR FUSION FOR 3D OBJECT DETECTION

One of the main benefits of the RGB camera in an object
detection scene is the semantic-rich nature of the data. Each
image holds hundreds of thousands of pixels that are closely
semantically related. LIDAR data on the other hand does not
carry semantic information and even expensive high-resolution
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Fig. 1: Deep neural network fusion architectures.
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Fig. 2: Basic fusion steps. These methods are often used as an intermediate stage in other, more advanced fusion steps.

LiDAR sensors capture point clouds that are much sparser in
comparison to RGB cameras, but their advantage is the ability
to directly retain geometric information about the scene. This
section describes multimodal fusion approaches used in 3D
object detection that integrate camera and LiDAR to leverage
the strengths of both sensors.

We describe common fusion architectures (where the fusion
happens in the network) as well as the fusion steps (how the
information is combined together) to support our analysis and
design.

A. Multi-modal Fusion Architectures

Multi-modal 3D object detection models fuse data at various
stages of the network [9], [10], [11], [4], [12]. The type of
fusion can be categorized in accordance with the level at which
the fusion is performed [13].

Early-fusion, showed in Fig. la, represents a data-level fu-
sion, where the modalities are combined before any significant
feature encoding. Strategies include a raw or processed image-
to-point projection. Methods like [14], [10] fuse semantic
segmentation of RGB image with the LiDAR point cloud. The
main difficulty with this approach is the significant difference
between the two data modalities at the early stage in the
pipeline, which can make these methods prone to noise and
corruption.

Late-fusion, showed in Fig. 1b, operates at the object level.
In this type of approach, the image and LiDAR pipelines are
largely isolated until proposals (e.g. bounding boxes) from
each branch are generated [12]. Fusion here focuses on in-
tegrating proposals from two branches and incorporating fea-
tures, such as confidence scores, to generate the model the
final IoU score.

Deep-fusion, showed in Fig. lc, performs fusion at the
feature level where both modalities are first encoded by a
neural network backbone (e.g. SwinTransformer for camera
[15] and PointNet for LiDAR [16]) into the feature space and
then combined together on the feature level. As Liu et al.,
Liang et al., or Bai et al. [11], [4], [6] showed, this approach

is the most robust towards different disturbances in the data and
performs significantly better than early or late fusion, however,
it comes with an inference speed penalty.

B. Fusion step

There are many ways how the information can be fused
together. We refer to this operation as a fusion step (marked
in Fig. 1) and discuss it in detail in this section.

The simplest way to combine camera and point cloud feature
tensors is through concatenation resulting in a large feature
tensor, showed in Fig. 2a. This leaves the dense detection head
with the unfused data, and consequently, the head learns to use
the two modalities to perform detection. The potential strength
of this fusion step approach is the low information loss. With a
sophisticated detection head, the choice to keep the two feature
spaces separated could be an advantage. This approach is used
as an intermediate operation in most of the methods, however,
PointPainting [17] uses it as a main part of the fusion-step
block.

The element-wise addition fusion step is feature-to-feature
addition, where each feature value in the LiDAR tensor is
added with the respective value in the image feature tensor
to create fused features of the same size, see Fig. 2b. Note
how the feature tensors from the two data streams must be the
same size to perform the step. This fusion step can be found
e.g. in MVXNet [10], although no point-wise operations are
performed in this fusion step as a consequence of the voxelized
feature space.

The next methods use different types of neural network
layers to fuse the signals. The convolution fusion step operates
on a concatenated tensor originating from the two separated
data sources. Once concatenated, the fusion step is not different
from a standard channel-reducing convolution. A kernel (slid-
ing window) operates on the feature space by sliding over the
larger concatenated feature tensor (see Fig. 2c). The operation
is then repeated to include all combinations. Notice how the
number of kernels is selected in such a way that the resulting
fused feature tensors are reduced along the channel dimension.
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The convolution is used in many methods as an intermediate
or standalone fusion step in many SOTA methods [11], [4].

We can think about previous fusion steps, showed in Fig. 2,
as basic building blocks. The following, more advanced ap-
proaches, often use them as intermediate operations.

Fully connected (showed in Fig. 3) starts from concatenat-
ing two feature tensors from the image and point cloud into one
spatial dimension. Next, the tensor is flattened along the other
spatial dimension and used as input for the fully connected
layer. This fusion module includes batch normalization and
an activation function after the fully connected layer, before
feeding this information into the detection head. PointFusion
uses a similar approach with multiple fully connected layers
(MLP) [18]).

Zhijian et al. [11] proposed the encoder-decoder fusion
step to address spatial and channel misalignment. We refer to
channel misalignment as a misalignment between features in
the LiDAR and camera feature spaces in the channel direction.
As showed in Fig. 4 a small encoder-decoder network module
was added after the convolution fusion step.

First, channel-wise encoding is used where the channel
space is encoded to a smaller space, and then this is decoded
to upscale it to the original channel size. The idea behind this
step is to target any channel-wise misalignment.

The second parallel step is spatial encoding and decoding
where the spatial dimensions are encoded to a smaller space
and in a similar way, a decoder is applied in succession to
restore the original dimensions. This feature aligning encoding-
decoding is applied to account for misalignment but it also
comes with more learnable parameters.

Additionally, two-way encoding does not have any non-
encoded information pass through (skip connection) that helps
perceive non-encoded information and does not share the
information between the channels.

Hu et al. proposed the Squeeze-and-Excitation (SE) [19],
that was later used as a fusion step by Liang et al. [4], showed
in Fig. 5.

The squeeze step makes a global average pooling to ag-
gregate features in order to create channel-wise descriptors.
The excitation step then uses fully connected layers to produce
channel-wise activations that are applied to the map of features.
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Fig. 5: SE block fusion step.

The output of the SE block can then be used to scale the
convolutional features, according to information value. Thus,
essential interdependencies can be enhanced.

It is important to mention that the fusion steps described
above were used in many multimodal fusion methods as stand-
alone steps or as one of the intermediate processes in the fusion
step. There are also other architectures worth mentioning,
such as the transformer-based fusion step in Transfusion [6]
or probability voting step in CLOCs [12]. Moreover, some
methods use a step architecture that resembles some of the
fusion steps but are hard to classify as one category, such as
RolFusion [20]. For the sake of this research, we focus on the
ones described in depth in this section, since they are used in
the best performing methods.

III. METHODS

Fusion steps presented in Section II often struggle to main-
tain the same level of performance on corrupted data such as
sensor misalignment, lower resolution, or missing points, as
they do on correct data. In light of this, we propose a novel
fusion step that enhances the robustness and reliability of the
fusion process, even in the presence of corrupted data.

Our fusion step, showed in Fig. 6, draws the inspiration from
previously developed fusion steps enhancing their robustness
by alternating them and combining them together, leading to
improved overall performance.

The fusion step starts with a convolution, followed by an
encoder-decoder structure and a Squeeze-and-Excitation (SE)
block. The encoder architecture contains three branches that
work in parallel. In the first branch, the fusion features are
passed through (skip-connection) through a one-layer encoding
step. The second spatial encoding branch reduces the spatial
dimension and upscales to the appropriate dimensions after the
decoder layers. The original 200 x 200 feature space is reduced
to 100 x 100 and back again. The third branch performs the
same spatial encoding, but also, a channel encoding, where the
channel space is funneled to half the original size.

Next, the SE block attentively scales the relationships be-
tween the fused feature channels. The squeeze and excitation
operations enhance the important information by modeling
the channel inter-dependencies through an adaptive average
pooling operation, establishing and enhancing the relationships
between channels as they might otherwise be lost in the
channel-reducing convolution fusion process.

As we emphasized before, our method was carefully de-
signed to address the issues caused by lower sensor resolution,
missing LiDAR data or sensor misalignment, but we also want
to ensure that our method performs on par with other SOTA
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Fig. 6: Our method: the convolution fusion step, followed by encoder-decoder with SE-block.

methods when data is not corrupted. Therefore, in our encoded-
decoder block, the first branch is an information pass-through
that allows the model to operate with high performance in a
non-misaligned scenario. The other two branches account for
sensor-to-sensor misalignment.

The spatial encoding branch facilitates the association of
spatial-neighboring features from the two data streams, as they
are likely to represent the same object with slight spatial mis-
alignment. The channel and spatial encoding branch includes
the encoding which is added to account for misalignment in
the channel space (between features in the LiDAR and camera
feature spaces in the channel direction) since object features
can be represented differently in the two feature modalities.

While we tried different numbers of encoding branches, such
as just spatial encoding, we got the best results for corrupted
and uncorrupted cases with a three-branch encoder-decoder.

At this stage, the input to the SE-block includes features of
the same scene encoded in three different ways by each of the
encoder-decoder branches. The SE-block attentively associates
the combined three-branch feature spaces. The multi-scale
features include to a degree the same object three times, one
from each of the three branches. The following SE-block is
thus of significant importance as it associates those channels
together after the encoder-decoder, ahead of the detection head.

IV. EXPERIMENTAL SETUP

This section describes metrics and the experimental setup
used for evaluation. Through the experiments, we examine
real-world scenarios often occurring in the context of robotics
platforms, when understanding the environment is hindered
due to partial sensor failure, sensor misalignment, or lower
sensor resolution.

Our experiments are divided into two main parts. In the
first part, we test the robustness of different SOTA methods
for 3D object detection and see what performance decrease
we can expect to choose the most robust method. We focus on
fusion methods, but also test camera and LiDAR-only methods
for reference. In the second part, we evaluate our proposed
fusion step when there is sensor misalignment and with the
best performing method from the first part as a baseline by
replacing their fusion step with ours.

We run the experiments on a desktop computer with Intel
Core 17-12700KF (12 cores, 20 threads) 5.00 GHz CPU and
an NVIDIA GeForce RTX 3090 (24 GB) GPU.

A. Metrics

Average Precision (AP) is defined as the area under the
precision-recall curve, P(r), where mAP is the class-wise

mean of AP. Here, N is the number of classes, and AP, is
the average precision for class k, see Eq. (1).

N
1
AP = /P(r)dr , mAP = N;Apk (1)

The KITTI [21] metrics require a 70% Intersection over
Union (loU) for cars (moderate difficulty) with a minimum
bounding box height of 25 pixels and a maximum truncation
of 30%. The nuScenes [22] deviates from the definition of a
match. It is determined by thresholding the 2D center distance
on the ground plane instead of using the JoU. This results in
mAP score being up to 2x higher on KITTI than nuScenes for
the same methods, thus the numerical values cannot be directly
compared between the Table I and Table II. The mean Average
Precision mAP is then calculated by threshold averaging, based
on distance D = {0.5, 1,2, 4} in meter. We also used nuScenes
Detection Score NDS Eq. (2), here TP is a set of five true
positive metrics described in detail in [22].

1
NDS = —(5 mAP + E (1 —=min(1, mTP))) (2)
10
mTPeTP

B. LiDAR data corruption

Different datasets, smaller mobile robots, or otherwise less
expensive autonomous driving setups commonly make use of
lower-resolution LiDAR sensors, as in Fig. 7b or Fig. 7c. Thus,
we simulate and test how reducing LiDAR resolution to 16, 4,
and 1 layer impacts the 3D object detection model and fusion
steps.

Additionally, a wide variety of disturbances can impact the
quality of measurement from a LiDAR sensor. A generic and
overarching strategy to highlight how sensitive the multi-modal

(a)  Original
point cloud.

LiDAR (b) LiDAR point cloud (c¢) LiDAR point cloud
reduced to 16 layers. reduction to 4 layers.

(d) Reference point cloud (e) 50% point reduction.

Fig. 7: Example of LiDAR layer and points reduction.
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(a) Reference image. (b) Translational noise.

(c) Reference image. (d) Rotational noise.

Fig. 8: Visualization of sensors misalignment problem.

object detection methods are to the absence of high-quality
LiDAR data is to simulate point cloud density reduction. In
cases of low-reflection, due to snow, rain, or other environmen-
tal effects, the LiDAR reflection beams can be lost and, thus,
the point cloud consists of fewer points Fig. 7e. We simulate
this scenario by removing the points on seeded pseudo-random
sampling at different ratios of point dropping.

C. Camera-LiDAR missaglingment

To further test the fusion steps with respect to the multi-
sensor misalignment problem and misalignment as a result of
poor calibration, we propose a misalignment experiment in
which the fusion steps will be subject to purposefully added
misalignment between the camera and the LiDAR sensor.

In addition to the tests proposed by [6], which only handles
translation misalignment, our experiments also include rota-
tional misalignment and the combination of both, a commonly
occurring problem in the robotics field. This is achieved by
adding random noise to the transfer matrices between the
respective camera frames, and the joint reference frame, re-
sulting in a shift between the point cloud and camera, as
showed in Fig. 8a and Fig. 8b. Thus, in the joint feature space,
the soon-to-be-fused features are spatially misaligned, and the
fusion step must be performed in a way that respects any such
misalignment.

The experiment is performed on a series of translation and
rotation misalignments. In the translation case, noise is added
to all three directions simultaneously, x, y, z. In the rotational
experiment, noise is added at the same time to roll, pitch, and
yaw.

Note, that results for uncorrupted data in Table IV are
slightly different than in Table I and Table III due to the
different train/test split.

V. EXPERIMENTS

Our experiments are divided into two main parts. In the first
part, we test the robustness of different SOTA methods for 3D
object detection and see what performance decrease we can
expect to choose the most robust method.

In the second part, we use the most robust model and test
SOTA and our fusion steps against sensor misalignment.

TABLE I: Result from the LiDAR layer removal and LiDAR point
reduction on nuScenes [22].

Scores on nuScenes [22]

Method Defect mAP NDS AmAP
BEVFusion-Liang [4] Layer 32 54.01 60.66
with PointPillars [2] configuration removal 16 4752 56.66 -12.0%
Fusion type: Deep-fusion 4 42.10 5280 -22.1%
Fusion step: Convolution with 1 1523 3475 -71.8%
SE-block Points 100% 54.01  60.66
reduction 90% 53.83  60.53 -0.3%
80% 5358 6040  -0.8%
50% 5122 5887  -52%
TransFusion [6] Layer 32 58.95 5427
Fusion type: Deep-fusion removal 16 4240 4524  -28.1%
Fusion step: Transformers based 4 27.06 3643 -54.1%
on object queries 1 0222 1154  -96.2%
Points 100% 5895 5427
reduction 90% 5848 54.05 -0.9%
80% 57.83 5369 -1.8%
50% 53.79 51.51 -8.7%
PointPillars [2] Layer 32 39.71 53.15
Single modal: LiDAR only removal 16 28.64 4659 -27.9%
4 15.61 3835 -60.7%
1 0.64 11.61 -98.4%
Points 100% 39.71  53.15
reduction 90% 39.40 5298 -0.8%
80% 39.03 52.72 -1.9%
50% 3639 5112 -8.8%
FCOS3D [3] Layer removal 32,16,4,1 29.80 37.74
Single modal: Points reduction  100%,90%, 29.80 37.74

RGB camera only (no affected by Lidar) 80%, 50%

LAmAP indicate the percentage decrease in
mAP in relation to the non-reduced baseline

TABLE II: Result from the LiDAR layer removal and LiDAR point
reduction on KITTT [21].

Scores on KITTI [21]

Method Defect mAPsp  mAPyr AmAPyyoy
MVX-Net [10] Layer 64 62.92 75.54
Fusion type: Early-fusion removal 16 43.48 56.23 -30.9%
Fusion step: Point-wise 4 6.04 14.62 -90.4%
concatenate 1 0.02 0.90 -99.9%
Points 100% 62.92 75.54
reduction 90% 62.37 75.30 -0.8%
80% 61.48 74.41 -2.3%
50% 56.38 69.51 -10.4%
CLOCs [12] Layer 64 69.02 81.58
Fusion type: Late-fusion removal 16 46.51 63.26 -32.6%
Fusion step: Object 4 8.04 34.18 -88.4%
candidate probability scoring 1 1.98 11.99 -97.1%
Note: Calculated from Points 100% 69.02 81.58
class-specific models reduction 90% 67.88 80.15 -1.7%
80% 66.96 78.74 -3.0%
50% 60.30 74.19 -12.6%
PointPillars [2] Layer 64 64.36 75.43
Single modal: LiDAR only removal 16 47.96 65.63 -25.5%
4 15.22 20.07 -76.4%
1 0.90 5.19 -98.6%
Points 100% 64.36 75.43
reduction 90% 63.63 75.43 -1.1%
80% 62.11 74.51 -3.5%
50% 55.73 69.82 -13.4%
SMOKE [23] Layer removal 64, 16,4, 1 351 52.83
Single modal: Points reduction  100%, 90%, 3.51 52.83

RGB camera only 80%, 50%

(not affected by LiDAR)

A. Robustness experiments - layer and LiDAR point removal

In the first two experiments, we evaluate SOTA methods
on lower density LiDAR data. In Table I and Table II the
fusion type section denotes at what level the respective
method fuses the data streams using the taxonomy as intro-
duced in Section II. The fusion step section denotes how
that fusion is realized.

In the LiDAR layer removal experiment, each method
is evaluated on 16,4, and 1 layered point cloud data on
64 (KITTI) or 32 (nuScenes). The results are showed in
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Fig. 9: Comparison of different methods’ performance when tested on data with reduced LiDAR layers and reduced point cloud.

TABLE III: LiDAR layer and point number reduction on our fusion

step versus baseline fusion step.
Scores on nuScenes [22]

Metod Defect mAP NDS AmAP
Our fusion step: Convolution with — Layer 32 51.69 56.18
encoder-decoder SE-block removal 16 46.38 5422 -10.2%
Augmented 4 42.65 51.94 -17.5%
1 2098 3790 -59.4%
Points 100% 51.69  56.18
reduction  90% 51.65 5745 -0.01%
80% 51.57 5745 -0.2%
50%  49.68  56.32 -3.9%
Beseline fusion step Layer 32 54.01  60.66
Convolution with SE-block [4] removal 16 47.52 56.66 -12.0%
4 42,10 5280 -22.1%
1 1523 3475  -71.8%
Points 100%  54.01  60.66
reduction  90% 53.83  60.53 -0.3%
80%  53.58 60.40 -0.8%
50%  51.22  58.87 -5.2%

Table I and Table II and Fig. 9, highlight how the early-
fusion method, MVX-Net [10] and the late-fusion method,
CLOCS [12] show significant performance drops as the
layer number decreased, in comparison to much more
sable deep-fusion methods Transfusion [6] and BEVFusion-
Liang [4]. The single-modal LiDAR-only PointPillars [2]
largely follows the decrease in performance. This highlights
the fact that presented fusion methods still heavily depend
on high-resolution LiDAR data and largely fail to operate
independently on the unaffected RGB images when LiDAR
data is corrupted.

In the point cloud reduction experiment, we evaluate each
method on point clouds randomly reduced to 90%, 80%, and
50% to simulate LiDAR performance deviations. We can once
again observe how the BEVFusion-Liang [4] can retain perfor-
mance as the LiDAR point cloud data is affected negatively.

Further, the early fusion method MVX-Net [10] outperforms
the LiDAR-only PointPillars [2] model in the most extreme
case. In this case, the point cloud is affected in an unordered
way and fusion methods find a way to associate correspond-
ing point clouds with the image feature, resulting in a less
significant performance drop.

When we compare both deep fusion methods, we can see
that BEVFusion-Liang [4] outperforms Transfusion [6] on
LiDAR layer removal and is slightly worse when it comes
to point cloud reduction. Nevertheless, the percentage-wise
decrease in performance is much smaller, suggesting it is more
robust to various data perturbations.

B. Proposed fusion step

The results above led us to choose BEVFusion-Liang [4] as
the baseline for the evaluation of our proposed fusion step.

We benchmark the baseline against a version with our fusion
step Section III on the experiments in Section V-A. The
results in Table III highlight how our fusion step performs
very similarly to the baseline BEVFusion [4] model when it
comes to the LiDAR layer removal and point cloud reduction.
While our method achieves higher m A P for most LiDAR layer
removal scenarios, it performs only slightly worse compared
to the baseline on point cloud reduction.

We can also observe that the percentage-wise drop for
our fusion step is lower than the baseline, proving that our
solution is more robust and less prone to data corruption.
The key reason behind the comparatively lower percentage-
wise performance decrease lies in our fusion step architecture.
Our fusion step proves to be reliable while handling corrupted

IEEE Robotics and Automation Letters (RA-L) paper, presented at ICRA 2024, Yokohama, Japan. Cite as RA-L paper.



WOZNIAK ef al.: TOWARDS A ROBUST SENSOR FUSION STEP FOR 3D OBJECT DETECTION ON CORRUPTED DATA . 7
IEEE Robotics and Automation Letters (RA-L) paper, presented at ICRA 2024, Yokohama, Japan. Cite as RA-L paper.

TABLE IV: 3D object detection results from sensor misalignment with different fusion steps experiments on the chosen model [11].

Misalignment with max. limits. nuScenes [22]

Fusion Step Metric None 10cm 100cm 1° 3° 10cmU1°  #params
Element-wise add mAP 5533 5527 49.52 5347 4673 53.37

as in MVXNet[10] NDS 55.17 5295 48.23 5139 4557 51.47 88.0M
Concatenation mAP 4730 4729 41.69  46.53 3743 39.43

as in PointPainting[17] NDS 4534 4570 41.55 4480 3836 40.32 87.2M
Fully connected mAP 5430 5339 45.82 51.05 43.40 49.97

as in PointFusion[18] NDS 53.87 5118 46.19 4953 4422 49.17 87.3M
Convolution mAP 51.06  50.54 4471 49.79  41.70 44.69

as an option in [4] or [11] NDS 49.68  48.99 4479 4834 4279 4391 89.3M
Convolution with encoder-decoder mAP 48.72 48.50 41.73 46.75 3774 47.20

as in BEVFusion-MIT [11] NDS 49.93 4848 4390 46775 41.15 47.34 93.1M
Convolution with SE-block (Baseline) mAP 5720 56.23 49.18 54.51  46.40 54.08

as in BEVFusion-Liang [4] NDS 56.65 5334 4840 5215 46.10 51.74 89.5M
Convolution with SE-block mAP 5577 56.34 49.40 5425 46.77 53.47

Baseline Augmented as in BEVFusion-Liang [4) ~ NDS 5546 5336 48.58 52.03  46.94 51.58 89.5M
Convolution with encoder mAP 55.75 55.08 49.55 53.53 4413 52.25

decoder and SE-block (Ours) NDS 5524 5232 49.00  51.68 46.11 50.59 95.0M
Convolution with encoder mAP 56.34 57.14 53.92 55.89 49.36 56.15

decoder and SE-block Augmented (Ours) ~ NDS 5702  54.85 53.31 54.44 51.56 54.33 95.0M

!The best results are in bold and second-best are underlined.

Mean Average Precision [mAP]

Mean Average Precision [mAP]

0 10 20 30 40 50
Average Misalignment [cm]

(a) Sensor misalignment — translation

0 0.5 1

E 25 3
Average Misalignment [degrees]

(b) Sensor misalignment — rotation

Fig. 10: Robustness evaluation of fusion steps on sensor misalignment.

data and dealing with unexpected disturbances. This added
robustness enables our fusion step to maintain more stable
performance even when parts of the LiDAR layers or points
are removed.

C. Proposed fusion step - sensor misalignment

Sensors are often miscalibrated or decalibrate during the
robot’s movement. Fusion methods must account for these
issues to be useful in real-world applications. The results of
the sensor misalignment experiments are presented in Table IV
and Fig. 10. During the training, the whole network (and fusion
step) is trained for 6 epochs in addition to the LIDAR backbone
which is pretrained for 24 epochs, and the image backbone is
pretrained for 36 epochs. We trained and tested all the fusion
steps on the nuScenes data set. The training schedule uses an
ADAM optimizer and step-downs learning rate at epoch 4 and
epoch 6, lowered to 10, and then to 10~° in the final epoch.

The convolution with encoder-decoder and SE-block marked
with augmentation have the data abstraction applied during the
training. This pipeline is identical to the step-down learning
schedule, except for the last epoch where a small amount
of noise, randomly chosen data corruption - small sensor
misalignment or removal/addition of a small number of points
to the point cloud, is added. The idea is that the noise makes
the fusion step more general and less susceptible to data
corruption. The results of the misalignment experiments give
insight into the performance of each fusion step in normal
conditions, light, and finally severe misalignment.

While our method benefits from this approach the other
methods did not, and their performance dropped by 5 — 10%
in most of the cases. For that reason, in the Table IV we only
included augmented results for our method and the baseline.

The results showed in Table IV highlight how the concate-
nation is at large the worst performer of the three simple fusion
steps: convolution, element-wise add, and concatenation. We
can also observe how the element-wise add is one of the
best-performing fusion steps overall, despite its simple nature.
Further, the convolution with SE-block is the best performer
in the non-misaligned case, but our method, convolution with
encoder-decoder and SE-block, outperforms the other methods
in small and large translational and rotational misalignments.

Our augmented method performs better than the non-
augmented version in all testing scenarios. Thus, we conclude
that adding noise not only assists misaligned cases but
also generalizes the fusion operation at large, achieving the
best performance in almost every case on corrupted and
uncorrupted data.

To summarize, our approach surpasses both the baseline and
other state-of-the-art fusion step techniques when evaluated for
sensor misalignment, exhibiting the lowest performance drop
in both easy and hard cases.

D. Model Size and inference speed

In Table IV we showed the number of parameters required
by each model. The similarity between them comes from the
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fact that the number of all the parameters does not change
much (percentage-wise) between different fusion steps, since
the fusion step block represents only a small part of all the
model’s parameters (models tested in Table 4 have from 87
to 95M of parameters) and the image backbone SwinTrans-
former [15] is responsible for 55.7M parameters.

We have identified that the creation of the BEV, which is
performed by the LSS network [24], is the slowest part of
our system. That resulted in an inference speed of 0.8 FPS
regardless of the fusion step we used.

Finally, we also tested a smaller version of our model
(62.3M parameters) using ResNet-50 image backbone with
23M parameters. Regardless of the much smaller backbone and
overall model, we still got a very slow inference time (between
1.1-1.3 FPS), since the LSS network is the main bottleneck.
Additionally, this method performed much worse on the base-
line uncorrupted data (mAP = 16.07 and NDS = 24.22),
thus we did not run any further experiments with it.

VI. DISCUSSION AND FUTURE WORK

In this work, we have developed a novel fusion step for
3D object detection, robust and adaptable to various real-
world scenarios. We compared our fusion step against a wide
range of existing fusion methods. Our approach consistently
outperformed SOTA methods across different scenarios, partic-
ularly where sensors are misaligned, and demonstrated greater
robustness (lower percentage-wise decrease) when tested on
LiDAR layer removal and point reduction. Additionally, it
is comparable to other SOTA methods when evaluated on
uncorrupted data.

Although our proposed fusion step demonstrates good per-
formance, the improvement is limited due to the impact of
sensor misalignment and lower resolution of the LiDAR on
far away objects, compared to those nearby. In certain appli-
cations, such as mobile robots using lower-resolution LiDAR
sensors, the solution could involve restricting LiDAR maxi-
mum distance during training and testing the methods since in
these applications it is more crucial to detect nearby objects
than ones 50 — 70m away.

Finally, it would be beneficial to address challenging
weather conditions, such as rain or fog, that can significantly
degrade the quality of both sensor inputs. These questions
will be deferred to future research, as they require further
investigation and analysis.
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