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Abstract—Combining LiDAR and camera data has shown
potential in enhancing short-distance object detection in au-
tonomous driving systems. Yet, the fusion encounters difficulties
with extended distance detection due to the contrast between Li-
DAR’s sparse data and the dense resolution of cameras. Besides,
discrepancies in the two data representations further complicate
fusion methods. We introduce AYDIV, a novel framework
integrating a tri-phase alignment process specifically designed to
enhance long-distance detection even amidst data discrepancies.
AYDIV consists of the Global Contextual Fusion Alignment
Transformer (GCFAT), which improves the extraction of camera
features and provides a deeper understanding of large-scale
patterns; the Sparse Fused Feature Attention (SFFA), which
fine-tunes the fusion of LiDAR and camera details; and the
Volumetric Grid Attention (VGA) for a comprehensive spatial
data fusion. AYDIV’s performance on the Waymo Open Dataset
(WOD) with an improvement of 1.24% in mAPH value(L2
difficulty) and the Argoverse2 Dataset with a performance
improvement of 7.40% in AP value demonstrates its efficacy in
comparison to other existing fusion-based methods. Our code
is publicly available at https://github.com/sanjay-810/AYDIV2

Index Terms—GCFAT, SFFA, VGA, Multi-modal fusion, 3D
object detection

I. INTRODUCTION

Automated driving perception systems rely on a range of
sensors to continually enhance their performance in critical
driving scenarios. Among these sensors, LiDAR and cam-
eras play vital roles in autonomous vehicles, particularly
in the domain of 3D object detection (3D OD), which
involves localization and classification [1]. LiDAR, despite its
importance, provides low-resolution information, numerous
methods [2]–[5] have been explored to achieve competitive
performance across various benchmark datasets. Nonetheless,
owing to the inherent constraints of LiDAR sensors, the point
cloud data they generate is typically sparse and lacks the
necessary contextual information to effectively differentiate
distant areas, ultimately leading to inferior performance [6].

Sensor fusion, particularly between LiDAR and camera
data, is a complex task due to the challenge of aligning
features from both sources. Two main approaches dominate
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the research: early-stage fusion and mid-level fusion. Early-
stage fusion, as exemplified by references like [7] and [8],
combines the two data sources immediately. On the other
hand, mid-level fusion, demonstrated by methods in [9],
[10], and notably by MV3D [11] and AVOD [12], integrates
features post extraction. MV3D uses Region of Interest (RoI)
fusion for a nuanced combination, while AVOD emphasizes
high recall by blending image and Bird’s Eye View (BEV)
features. The MMF approach [13] integrates 2D detection and
depth, enhancing 3D detection accuracy. Achieving accurate
data correspondence between sources is pivotal for effective
fusion.

To address the preceding problems, we propose a novel
fusion Network, termed AYDIV, which performs LiDAR-
camera fusion at both global and local levels, as shown in
Fig 1. Our AYDIV is comprised of three novel components:
Global Contextual Fusion Alignment Transformer (GCFAT),
Sparse Fused Feature Attention (SFFA), and Volumetric Grid
Attention (VGA). To offer detailed region-specific data for
objects at varying distances while preserving the precise po-
sitional information with greater granularity, we propose GC-
FAT method enhances image feature extraction by merging
depth estimation with RGB images, utilizing two attention
mechanisms: Local Multi-Scale Attention (LMSA) for small-
scale details and Global Diffuse Attention (GDA) for broader
patterns, resulting in a comprehensive image understanding.
SFFA offers a unique sparse attention mechanism to integrate
voxelized LiDAR features data with image features, leverag-
ing the Rectified Linear Unit (ReLU) over the conventional
sigmoid function in its attention block, potentially optimizing
image recognition. In contrast, VGA focuses on 3D RoI
features fusion rather than 2D, offering enriched spatial data
with depth details, proving crucial for tasks like 3D object
recognition.

Our AYDIV has showcased outstanding performance in
3D object detection, excelling on both the WOD and the
AV2. Impressively, AYDIV outperform all current methods
that employ both camera and LiDAR for 3D detection on
these datasets, achieving an impressive 82.04 mAPH (L2)
detection rate on WOD.

To summarize, our main contributions to this paper are
described as follows:

• We are the first to integrate transformer blocks with the
GCFAT structure, enabling the fusion of global depth
information with RGB images and thereby enhancing
the extraction of depth features from RGB data.
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• Using the SFFA framework, we introduce a method that
fuses voxel point cloud and image features through a
sparse attention mechanism, optimizing their integra-
tion.

• Our novel RoI feature fusion VGA method refines the
fusion process between pseudo point clouds and image
features, leading to final integration.

• Tests on multiclass 3D datasets like Waymo and Argo-
verse 2 show AYDIV’s consistent performance across
varied distances, underlining its effectiveness in 3D
object detection.

II. RELATED WORK

LiDAR for 3D Object Detection. LiDAR point clouds,
typically described as disorganized collections of data points,
can be broadly categorized into three subgroups: voxel-based,
point-based, and point-voxel fusion methods. Voxel-based
techniques, as demonstrated in works such as [14]–[16],
group the point cloud data into voxels and subsequently
employ deep sparse convolution layers to extract features
from these voxels. Point-based approaches, as illustrated in
[15], [17], involve passing raw point cloud data through
stacked Multi-Layer Perceptrons (MLPs) to derive point-
level features. Recent studies, as evidenced by [7], [18],
have embraced a hybrid approach that captures both point
and voxel-based representations to obtain a comprehensive
feature representation. Alternatively, LiDAR point clouds can
also be represented as high-resolution range images, enabling
predictions based on depth, as exemplified in [19], [20].

LiDAR-camera Integration for 3D Object Detection.
Combining monocular recognition with LiDAR-generated
point clouds enhances 3D object detection [21]–[25]. Monoc-
ular systems can predict 3D boxes from 2D images but
lack depth information [22]. To address this, monocular
detectors estimate pixel-level depth [22]. 2D image object
recognition serves as a starting point for point cloud data
analysis [26]–[28], often achieved through a two-step object-
centered fusion in previous studies [12], [26].

Mid-level Fusion approaches, exemplified by Deep Con-
tinuous Fusion [24], [29] and others [30], [31], aim to
seamlessly integrate 2D and 3D modalities by exchanging
information between their backbones. However, the lack of an
effective matching mechanism between camera and LiDAR
features presents a challenge [32]. Furthermore, aggregating
multiple LiDAR points within the same 3D voxel introduces
complexities in handling corresponding camera features with
varying degrees of importance for 3D detection. In contrast,
our fusion matching aggregation network overcomes these
challenges by leveraging two distinct modalities, enabling a
more robust and accurate representation of the environment
and enhancing multi-modal 3D OD performance.

III. AYDIV

The AYDIV pipeline, depicted in Figure 1, revolves
around three key components: GCFAT, SFFA, and VGA. For
simplicity, we consider the given multi-modal input-output

sequences defined by {(Is, Ls), (I(s−1), L(s−1), ...}, where
the s-th input sequence comprises two modalities: LiDAR
represented as Ls and camera image as x ∈ Is ∈ RH×W×3.
The raw LiDAR point cloud of the s-th input is represented as
Ls → Praw

s where Praw
s = {(Up,Vp,Wp,Rp)}Tp=1, where

(Up,Vp,Wp) denotes the position of the LiDAR point, Rp

is the intensity and T is the total number of points.
Depth Estimation(Ds). Utilizing sparse LiDAR-generated

point cloud data(Praw
s ) in conjunction with correlated RGB

imagery, denoted as Is, proves advantageous for extracting
globally correlated features within the image feature extrac-
tion module. When provided with a set of point clouds
represented as Praw

s , we have the capability to transform
them into a sparse depth map, Ds ∈ RH×W×3, through a
well-defined projection function denoted as ξPraw

s ,Is → Ds.
In this particular scenario, the mapping function ξ takes
the form of a neural network commonly known as a depth
network [33].

A. LiDAR Feature Extraction through Voxelization

As part of the preprocessing phase, we transform the s-th
input point cloud data (Praw

s ) into a voxelized representation
with dimensions Hv×Wv×Cv , denoted as Ls, and compute
voxel features by averaging point-wise features for non-
empty voxels [34]. To identify key points, we employ the
furthest point sampling (FPS) method [34], resulting in K
key points (LK

s ), where K equals 4096 for both experiments.
Following that, we characterize non-empty voxels by com-
puting the mean of characteristics such as 3D coordinates and
reflectance values from all points within each voxel. The fea-
ture volumes of the point cloud then undergo transformation
through a sequence of 3×3×3 3D sparse convolutions [34],
resulting in downsampled spatial resolutions of 1×, 2×, 4×,
and 8×. The sparse feature volumes may be conceptualized
as ensembles of feature vectors that are linked to particular
voxels. Ultimately, the final feature vectors for each voxel in
the LiDAR sample are represented as FLiDAR ∈ RH×W×C .

B. GCFAT

We introduce a novel fusion alignment transformer called
GCFAT, as depicted in Figure 2, which integrates local
features from the RGB image (x ∈ Is) and global depth
estimation (xd ∈ Ds) to produce aligned feature represen-
tations. Therefore, each GCFAT stage comprises alternating
local attention and global diffused attention (GDA) modules,
which extract enriched feature representations. Local win-
dows operate similarly to baseline vision transformers, such
as the Swin Transformer [35], Global Transformer [36] while
the RGB images pass through a local query generator that
utilizes the Local Multi-scale Attention (LMSA) module to
extract local features and focus on different levels of detail
[35].

GDA The LMSA mechanism is constrained to interro-
gating patches that fall within a designated local window.
By contrast, the global attention mechanism possesses the
capability to interrogate diverse modalities that are obtained
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Fig. 1: AYDIV Pipeline: The pipeline integrates multiple modalities through three essential parts: GCFAT, SFFA, and VGA. Each of
these parts plays an important role in the complex interaction of local and global contextual attention mechanisms. GCFAT considers the
camera as a local feature and the depth information as a global query through its image and LiDAR point clouds. SFFA aligns the image
features extracted by GCFAT with the voxelized LiDAR features in a cohesive feature alignment manner. Finally, VGA combines sparse
voxelized LiDAR features and SFFA camera features in a grid space.

Fig. 2: GCFAT Comprises LMSA and GDA

from the computation of depth maps (xd), while operating
within a unified framework. Unlike other single modalities
method, the computation of the global query element is
pre-determined. Therefore, GDA uses global query tokens
from depth maps (xd) to interact with local key and value
representations, while GCFAT efficiently captures local and
spatial complexities by exchanging local and global self-
attention blocks between the two modalities(Is,Ds). The
GDA module enhances the global context by applying atten-
tion to the entire scene, considering the correlation between
RGB-derived features (key-value pairs) and the initial depth
map (query). Specifically, the global depth query, qg , has
dimensions B × C × hp × wp, representing batch size (B),
embedding patch dimension (C), and local patch window
height and width (hp and wp). To align with the total window
count, qg is duplicated along the batch dimension, resulting
in an augmented batch size of B∗ = B × N∗, where
N∗ represents the number of local patch windows. In each
local window, key and value are computed using a linear
layer, efficiently extracting relevant information. Through the
interaction of local windows and global depth query tokens,
the GDA module extends its receptive field, attending to
diverse regions in the input feature maps. Thus, the GDA

module is expressed as,

GDA(x, xd) = LN (αv)

where, α = Softmax(g(qg, kT )) (1)

where, qg ∈ xd, k ∈ x, and v ∈ x are the query, key
and value for GDA respectively. The g(·) represents attentive
function between two different modalities as described in
Equation 1. In addition, the LN (·) refers to different variants
of normalization, we use the Layer Norm [36]. Consequently,
we denote the extraction of image features based on the
global depth query as FGCFAT ∈ RH×W×C .

C. SFFA

Fig. 3: SFFA combines extracted LiDAR and image features.

Introducing a single-stage integration technique called
SFFA as depicted in the Figure 3, which aligns sparse
voxelized LiDAR features (FLiDAR) with image features
from GCFAT (FGCFAT ). Similar to GDA module, we treat
the features extracted from GCFAT as keys(k) to search
for correspondences with queries(q), thereby aligning Li-
DAR features (FLiDAR) with similar structures in FGCFAT

images. To provide a clearer understanding of the key-
query-value matching in our proposed SFFA mechanism, we
describe it below,

SFFA(FLiDAR,FGCFAT ) = LN (βv)

where, β = ReLU(f(q, kT )) (2)

10659



where, q ∈ FLiDAR, k ∈ FGCFAT , and v ∈ FGCFAT

are the query, key and value for SFFA respectively. The f(·)
represents attentive function between two different modalities
as described in Equation 2. Moreover, the ReLU block output
and the original FGCFAT values are merged through matrix
multiplication, capturing correspondences and integrating 3D
structure from FLiDAR with texture and color details from
FGCFAT . In addition, we follow the same normalisation
in proposed AYDIV method LN (·) = RMSNorm(·) [37].
Hence, we represent the extraction of image features using
the global LiDAR query as FSFFA ∈ RH×W×C .

D. VGA

Fig. 4: VGA: Volumetric integration between FLiDAR
i and FSFFA

i

though ith channel.

We present VGA in Figure 4, a novel grid-wise fusion
technique that integrates the along channel dimensionality
between two modalities: pseudo Image RoI features (output
from the SFFA module), denoted as FSFFA, and pseudo
LiDAR RoI features, represented as FLiDAR. Therefore, we
apply a fully MLP layer to generate a set of scalars (θLiDAR

i ,
θSFFA
i ) where both θLiDAR

i and θSFFA
i are learnable pa-

rameters. The fusion of (FLiDAR, FSFFA) is obtained by
weighting them with (θLiDAR

i , θSFFA
i ), resulting in the fused

attentive grid feature Fi ∈ RH×W×C . Mathematically, Fi is
obtained as follows:

(θLIDAR
i , θSFFA

i ) = σ(MLP (CONCAT (FLiDAR
i ,FSFFA

i )))
(3)

Fi = MLP (CONCAT (θLiDAR
i FLiDAR

i , θSFFA
i FSFFA

i ))
(4)

By transforming 2D images into 3D-like cloud structures,
we can intricately combine the RoI features from both images
and point clouds.

E. Loss function

AYDIV uses Voxel R-CNN [14] for RPN and RoI loss, in
addition to using Fusion Loss [37] and transformer associated
loss [38].

IV. EXPERIMENTS

A. Dataset details

WOD [52] leads in 3D object detection benchmarks,
with 1,150 sequences, 200K+ frames, and a mix of LiDAR,
images, and 3D bounding boxes. It consists of 798 training,
202 validation, and 150 testing sequences, with a 75-meter
detection range and a 150m x 150m coverage area. We
evaluate models using Average Precision (AP) and Average
Precision weighted by Heading (APH) [32], [52]. We present
the results for both LEVEL_1 (L1) and LEVEL_2 (L2)
difficulty items, providing a comprehensive assessment and
contrast of the models’ performance.

AV2 [53] validates our long-range experiments, empha-
sizing a 200-meter perception range and 400m × 400m
coverage area. It includes 1,000 sequences: 700 for training,
150 for validation, and 150 for testing [54]. AV2 encompasses
30 object classes, but we evaluate using the 20 head classes,
excluding the 10 tail classes, with the Average Precision (AP)
metric [6], [19], [55].

B. Implementation Details

Network Architecture. The LiDAR block in AYDIV is
based on the Voxel-RCNN architecture [45]. We calculate
depth information using both modalities, following the depth
network from [33]. We employ augmentation methods such
as rotation, flipping, global scaling, local noise, and training
with similar classes [45]. The Voxelization features are
extracted using a 3D voxel CNN with four levels, featuring
dimensions of 16, 32, 64, and 64 [45]. In the GDA mod-
ule, the number of attention 8 heads (Nh) with projection
dimension of C = 64, and patch sizes of attention windows
(hp and wp) set to 7. We apply 30% dropout to the attention
affinity matrix for regularization. The MLP layer after the
GDA module and the SFFA shares the same structure, with
one head in SFFA. RoI-grid pooling uses VGA, selecting
6× 6× 6 grid points within each 3D proposal, followed by
an MLP layer with 64 filters without dropout.

Training and Inference Details. AYDIV is trained from
scratch using the ADAM optimizer with a batch size of 32
and a learning rate of 0.01 for 100 epochs. In the proposal
refinement stage, 128 proposals are randomly selected, main-
taining a 1:1 ratio between positive and negative proposals.
We set the voxel size to (0.1m, 0.1m, 0.15m) for both
datasets to enhance spatial resolution [6], [28], [32]. During
inference, NMS is applied twice: first with an IoU threshold
of 0.7 to choose the top-100 region proposals as inputs for
the detection head, and then, after refinement, with an IoU
threshold of 0.1 to remove redundant predictions [6].

C. Performance on WOD and AV2

WOD. The performance of AYDIV on the WOD test and
validation set is detailed in Table I and Table II, respectively.
As illustrated in Table I, AYDIV stands out, achieving supe-
rior performance over other leading methods for both L1 and
L2 difficulties. When compared to the LoGoNet [32], AYDIV
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TABLE I: Comparison of Model Performance for 3D Detection on the WOD Test Set. In the table, ‘L’ and ‘I’ denote LiDAR and camera
sensors, respectively. ‘TTA’ and ‘Ens’ represent test-time augmentation and ensemble model outputs, indicated by #

Method Modality ALL (mAPH) VEH (AP/APH) PED (AP/APH) CYC (AP/APH)
L2 L1 L2 L1 L2 L1 L2

AYDIV TTA # (Ours) L+I 82.04 (+1.02) 89.12/88.45 83.21/82.03 88.98/87.01 85.63/83.24 84.35/83.34 82.31/80.87
AYDIV (Ours) L+I 81.77 88.69/88.02 83.01/81.98 88.82/86.84 85.22/83.12 83.74/83.21 81.84/80.20
LoGoNet Ens# [32] L+I 81.02 88.33/87.87 82.17/81.72 88.98/85.96 84.27/81.28 83.10/82.16 80.93/80.06
BEVFusion TTA# [39] L+I 79.97 87.96/87.58 81.29/80.92 87.64/85.04 82.19/79.65 82.53/81.67 80.17/79.33
LidarMultiNet TTA# [40] L 79.94 87.64/87.26 80.73/80.36 87.75/85.07 82.48/79.86 82.77/81.84 80.50/79.59
MPPNet Ens# [15] L 79.60 87.77/87.37 81.33/80.93 87.92/85.15 82.86/80.14 80.74/79.90 78.54/77.73
MT-Net Ens# [41] L 78.45 87.11/86.69 80.52/80.11 86.50/83.55 80.95/78.08 80.50/79.43 78.22/77.17
DeepFusion Ens# [6] L+I 78.41 86.45/86.09 79.43/79.09 86.14/83.77 80.88/78.57 80.53/79.80 78.29/77.58
AFDetV2 Ens# [16] L 77.64 85.80/85.41 78.71/78.34 85.22/82.16 79.71/76.75 81.20/80.30 78.70/77.83
INT Ens# [42] L 77.21 85.63/85.23 79.12/78.73 84.97/81.87 79.35/76.36 79.76/78.65 77.62/76.54
HorizonLiDAR3D Ens# [43] L+I 77.11 85.09/84.68 78.23/77.83 85.03/82.10 79.32/76.50 79.73/78.78 77.91/76.98
LoGoNet [32] L+I 77.10 86.51/86.10 79.69/79.30 86.84/84.15 81.55/78.91 76.06/75.25 73.89/73.10
BEVFusion [39] L+I 76.33 84.97/84.55 77.88/77.48 84.72/81.97 79.06/76.41 78.49/77.54 76.00/75.09
CenterFormer [44] L 76.29 85.36/84.94 78.68/78.28 85.22/82.48 80.09/77.42 76.21/75.32 74.04/73.17
MPPNet [15] L 75.67 84.27/83.88 77.29/76.91 84.12/81.52 78.44/75.93 77.11/76.36 74.91/74.18
DeepFusion [6] L+I 75.54 83.25/82.82 76.11/75.69 84.63/81.80 79.16/76.40 77.81/76.82 75.47/74.51

TABLE II: Comparative Performance Analysis on the Waymo Validation Set for 3D Vehicle Detection (IoU = 0.7), Pedestrian Detection
(IoU = 0.5), and Cyclist Detection (IoU = 0.5). PV-RCNN [45] is our baseline model.

Method Modality ALL (mAPH) VEH (AP/APH) PED (AP/APH) CYC (AP/APH)
L2 L1 L2 L1 L2 L1 L2

SECOND [46] L 57.23 72.27/71.69 63.85/63.33 68.70/58.18 60.72/51.31 60.62/59.28 58.34/57.05
PointPillars [4] L 57.53 71.60/71.00 63.10/62.50 70.60/56.70 62.90/50.20 64.40/62.30 61.90/59.90
LiDAR-RCNN [47] L 60.10 73.50/73.00 64.70/64.20 71.20/58.70 63.10/51.70 68.60/66.90 66.10/64.40
CenterPoint [19] L 65.46 - -/66.20 - -/62.60 - -/67.60
PointAugmenting [5] L+I 66.70 67.4/- 62.7/- 75.04/- 70.6/- 76.29/- 74.41/-
Pyramid-PV [48] L - 76.30/75.68 67.23/66.68 - - - -
PDV [49] L 64.25 76.85/76.33 69.30/68.81 74.19/65.96 65.85/58.28 68.71/67.55 66.49/65.36
Graph-RCNN [50] L 70.91 80.77/80.28 72.55/72.10 82.35/76.64 74.44/69.02 75.28/74.21 72.52/71.49
3D-MAN [51] L - 74.50/74.00 67.60/67.10 71.70/67.70 62.60/59.00 - -
Centerformer [44] L 73.70 78.80/78.30 74.30/73.80 82.10/79.30 77.80/75.00 75.20/74.40 73.20/72.30
DeepFusion [6] L+I - 80.60/80.10 72.90/72.40 85.80/83.00 78.70/76.00 - -
MPPNet [15] L 74.22 81.54/81.06 74.07/73.61 84.56/81.94 77.20/74.67 77.15/76.50 75.01/74.38
MPPNet [15] L 74.85 82.74/82.28 75.41/74.96 84.69/82.25 77.43/75.06 77.28/76.66 75.13/74.52
LoGoNet [32] L+I 75.54 83.21/82.72 75.84/75.38 85.80/83.14 78.97/76.33 78.58/77.79 75.67/74.91
Baseline [45] L 63.33 77.51/76.89 68.98/68.41 75.01/65.65 66.04/57.61 67.81/66.35 65.39/63.98
AYDIV (ours) L+I 78.77 (+15.44) 86.36/85.72 81.04/79.75 88.20/86.24 82.79/79.07 81.73/80.24 78.32/77.50

TABLE III: The table presents AV2 validation split performance across categories. Significant improvements (in bold) are seen in some
categories. The first three models use ‘L’ and the remaining three use ‘L+I’. #: Simulated on the same enviorments
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CenterPoint [19] 61.0 36.0 33.0 28.0 26.0 25.0 22.5 16.0 16.0 12.5 9.5 8.5 7.5 8.0 8.0 7.0 6.5 3.0 2.0 14 17.5
CenterPoint+ [55] 67.6 38.9 46.5 16.9 37.4 40.1 32.2 28.6 27.4 33.4 24.5 8.7 25.8 22.6 29.5 22.4 6.3 3.9 0.5 20.1 26.67
FSD [55] 67.1 39.8 57.4 21.3 38.3 38.3 38.1 30.0 23.6 38.1 25.5 15.6 30.0 20.1 38.9 23.9 7.9 5.1 5.7 27.0 29.58
BEVFusion [39] # 67.2 39.8 58.1 31.9 36.3 35.2 36.7 34.1 26.1 46.8 33.6 21.2 22.2 16.9 31.2 22.8 13.2 5.4 9.6 32.6 31.05
DeepFusion [6] # 70.7 42.3 62.1 32.8 40.8 40.0 42.2 42.6 28.3 50.1 40.1 21.7 29.7 17.6 40.2 25.3 14.7 7.9 10.7 35.1 34.74
LoGoNet [32] # 73.6 42.5 64.4 32.9 41.5 40.1 42.6 42.3 28.8 49.3 41.3 20.7 25.9 18.5 39.8 25.2 15.5 7.2 10.8 35.4 34.91
AYDIV (ours) 76.2 47.1 67.4 38.6 39.1 42.3 44.8 41.0 30.6 52.7 40.6 25.4 30.9 21.8 41.4 30.7 19.8 10.9 10.8 39.8 37.70(+2.79)

showcases significant improvements, all achieved without
the use of ensemble techniques or Test Time Augmentation
(TTA). More specifically, our non-TTA version of AYDIV
outperforms the LoGoNet [32] by margins of 2.18 AP/L1,
1.92 APH/L1, 3.21 AP/L2, and 2.68 APH/L2 for vehicles;
1.98 AP/L1, 2.69 APH/L1, 3.67 AP/L2, and 4.21 APH/L2
for pedestrians; and 7.68 AP/L1, 7.96 APH/L1, 7.95 AP/L2,
and 7.10 APH/L2 for cyclists, culminating in an aggregate
enhancement of 4.67 mAPH/L2. Using the TTA version,
AYDIV outperforms LoGoNet-Ens [32] by 0.79 AP/L1, 0.58
APH/L1, 1.04 AP/L2, and 0.31 APH/L2 in the vehicle class;
0.05 AP/L1, 1.05 APH/L1, 1.36 AP/L2, and 1.96 APH/L2 in
the pedestrian category; and 1.25 AP/L1, 1.18 APH/L1, 1.38
AP/L2, and 0.81 APH/L2 for cyclists, resulting in an overall
growth of 1.24% mAPH/L2.

Table II provides a comprehensive comparison of model

performance for 3D detection on the WOD validation set. No-
tably, AYDIV demonstrates significant improvements across
different difficulty levels. In the L1 difficulty level, it outper-
forms LoGoNet [32] validation results on WOD by margins
of 3.15 AP/L1, 3.00 APH/L1, 5.20 AP/L2, and 4.37 APH/L2
for vehicles; 2.40 AP/L1, 3.10 APH/L1, 3.82 AP/L2, and
2.74 APH/L2 for pedestrians; and 3.15 AP/L1, 2.45 APH/L1,
2.65 AP/L2, and 2.59 APH/L2 for cyclists, leading in an
aggregate enhancement of 4.27% mAPH/L2. These enhance-
ments demonstrate AYDIV’s ability in accurately identifying
all classes, highlighting the potential of multi-modal feature
alignment in refining 3D object detection.

AV2. Table III represents the performance of AYDIV with
other state-of-the-art methods where we have considered
both modalities performance. With the introduction of the
modified version, CenterPoint+, we observed a remarkable
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(a) AYDIV

(b) LoGoNet

Fig. 5: A qualitative comparison of long-range 3D object detection.
BEV maps on left, 2D image from camera 1 on right. Red: Predicted
boxes. Black: Detection score.

52.4% improvement in AP compared to its previous version,
CenterPoint. Additionally, the FSD method showed a signif-
icant performance jump in single modality-based 3D OD.
The FSD method demonstrated an improved performance
by 10.91% in AP compared to CenterPoint+. BEVFusion
enhanced AP by 4.73% relative to FSD when both modalities
were considered. When cross-former-based feature fusion
was added to DeepFusion via feature alignment, AP increased
by 10.62% compared to BEVFusion. While considering
local-global attention mechanisms in LoGoNet, a negligible
performance enhancement of 0.5% in AP value was observed.
Our proposed AYDIV, which incorporates three attention
components, outperformed LoGoNet with an AP of 37.70, a
7.40% improvement. For a better understanding of AYDIV’s
performance, we have compared performance in Figure 5,
where it is evident that AYDIV can detect more objects with
a high confidence score in BEV maps.

V. ABLATION STUDIES ON WOD
(A) Influence of each component. Table IV summarizes

the impact of individual components on AYDIV model
performance in two scenarios. Without SFFA, using only
GCFAT and VGA results in a performance drop of 4.51%
for vehicles, 7.78% for pedestrians, and 5.64% for cyclists
compared to using all components. This is due to limitations
in the sparse LiDAR feature extractor (FLiDAR), which fails
to achieve optimal fusion alignment despite estimating depth
(Ds) using LiDAR on images. When GCFAT is excluded, the
performance drop is more substantial: 9.48% for vehicles,
23.97% for pedestrians, and 14.18% for cyclists, despite
projecting the image feature to match LiDAR feature, causing
it to behave like a conventional voxelized LiDAR-based
detector.

TABLE IV: Influence of each component in AYDIV WOD testing
set in L2 difficulty

Components APH (L2)
GCFAT SFFA VGA VEH PED CYC
✓ ✓ 77.47 76.20 74.56

✓ ✓ 72.05 60.01 66.02
✓ ✓ ✓ 81.98 83.98 80.20

TABLE V: Different Vision Transformer performance on the
Waymo Testing Set in L2 difficulty while excluding Ds

Vision Transformer APH (L2)
VEH PED CYC

SwinV2 \Ds+SFFA+VGA 76.21 78.45 76.23
GCVIT \Ds+SFFA+VGA 77.46 78.93 77.19
GCFAT+SFFA+VGA 81.98 83.98 80.20

(B) Importance of Ds in AYDIV. We evaluated two pop-
ular vision transformers models, SwinV2 [35] and GCVIT
[36], in conjunction with the SFFA and VGA components,
while excluding depth information (Ds). The results, in
Table V, showed that using SwinV2 reduced our model’s
performance by 7.04% for vehicles, 6.58% for pedestrians,
and 4.95% for cyclists compared to AYDIV. When we
used GCVIT with fused conv2D, the performance improved
compared to SwinV2 but still didn’t reach AYDIV’s level,
with drops of 5.51% for vehicles, 6.01% for pedestrians,
and 3.75% for cyclists. Despite including other alignment
methods, the absence of global context LiDAR information
(disparity with images) leads to a noticeable decline in
detection performance. This highlights the importance of
using Ds as a global query to minimize disparity and enhance
performance.

VI. CONCLUSIONS

We introduced AYDIV, a 3D multi-modal object detec-
tion method based on transformers, consisting of three key
components: GCFAT, SFFA, and VGA. These components
were designed to capture both local and global dependencies,
thereby enhancing the efficacy of 3D detection at both short
and long distances. To determine the efficacy of AYDIV,
we conducted comprehensive experiments on the WOD and
AV2 benchmark datasets. AYDIV demonstrated its efficacy
in multi-modal object detection by achieving competitive
performance when compared to state-of-the-art methods. In
addition, we conducted comprehensive ablation experiments
to compare the effect of each proposed component on AY-
DIV’s performance to other transformer-based techniques.

In the future, AYDIV could be expanded to include ro-
bustness analysis, where we would examine both natural
robustness and adversarial robustness conditions. While we
have applied it in the context of autonomous vehicle data, the
fusion alignment method can potentially find applications in
other safety-critical domains, such as autonomous airports,
where air traffic controllers depend on precise 3D detection
methods to make critical decisions for complex tasks.
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