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Abstract—Estimation of human pose and shape (3DHPS) in
3D is crucial to ensure the safety of vulnerable road users
(VRUs) in autonomous driving (AD) scenarios, as it can serve
as an additional feature for trajectory prediction and ego-
motion planning in complex urban environments. To tackle this
problem, we propose a novel 3DHPS model called LIF-Net, which
utilizes RGB and LiDAR data to estimate VRUs as complete
3D bodies in the world coordinate system. LIF-Net utilizes a
two-branch approach to encode both modalities separately into
a latent representation. A cross-attention-based intermediate-
fusion module learns to combine the two representations into
a joint latent feature space, which is used by a Transformer
decoder module to predict the parameters of a Skinned Multi-
Person Linear Model (SMPL). We train and evaluate LIF-Net on
the Waymo Open Dataset (WOD), containing challenging real-
world scenarios with 2D and 3D keypoint annotations.

Experimental results demonstrate the effectiveness and ro-
bustness of our approach compared to single-modality methods
in challenging real-world AD scenarios, including poor lighting,
occlusions, and varying bounding box and detection quality, while
achieving an MPJPE of 122mm and a PA-MPJPE of 76 mm,
which is an improvement in MPJPE of 35.5% over image-based
methods and 9.1% over the LiDAR-based method. Code and
model will be made publicly available at 1if-net|

Index Terms—3D Human Pose and Shape Estimation, LiDAR-
Camera Fusion, Autonomous Driving, SMPL

I. INTRODUCTION

Understanding human behavior in 3D is a foundational
goal of computer vision, with critical applications in fields
ranging from robotics to augmented reality. This task is
especially crucial for the safety and reliability of autonomous
vehicles (AVs), where a deep understanding of pedestrian pose
and shape is essential for accurately predicting intent and
navigating complex urban environments [/1].

Despite increased research on multi-modal sensor fusion
for AD [2]-[4], the dominant paradigm for 3D Human Pose
and Shape (3DHPS) estimation has been monocular, which
regresses parameters of a statistical body model like SMPL [5]
directly from a single RGB image [6]. While these methods
have achieved impressive results, they are fundamentally con-
strained by the ill-posed nature of lifting 2D observations into
3D space. This leads to an inherent vulnerability to depth
ambiguities, where multiple 3D poses can correspond to the
same 2D projection. This problem is exacerbated in real-
world driving scenarios, which are characterized by severe
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Fig. 1: LIF-Net uses multi-modal inputs to robustly and accu-
rately estimate SMPL in both camera and LiDAR with cross-
attention feature-fusion (CAFF), even if one sensor modality
is weak (i.e., adverse lightning conditions in the image).

partial occlusions, significant variations in subject distances,
and challenging lighting conditions.

To overcome these limitations, on-board sensors like LIDAR
offer direct 3D geometric information, providing an accurate
signal for depth. However, research leveraging point clouds
for 3DHPS is less developed. While some works have demon-
strated feasibility with LiDAR-only methods [7[]—-[9], they are
limited by the inherent sparsity of the data. The most promis-
ing direction is therefore multi-modal fusion, yet existing
methods in this niche are also limited. The most closely related
work, the LEIR model [10], relies on concatenation-based
fusion and, crucially, was validated only in a controlled, indoor
sports environment, not in the wild. This reveals a critical gap
in the literature: a lack of robust, advanced fusion architectures
for SMPL-based mesh recovery that have been validated in the
complex, large-scale scenarios typical of autonomous driving.

In this work, we target this gap directly. We propose
a novel, transformer-based architecture for multi-modal 3D
human mesh recovery that can robustly process combined
RGB and LiDAR inputs. A key aspect of our contribution is a
method to generate accurate SMPL pseudo-ground truths for
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existing AD datasets by leveraging supervision from their 2proach, taken by LIiDAR-HMR/[8], introduces a sparse-to-
and 3D joint annotations. The core of our network is a crosdense reconstruction network to progressively re ne the body
attention module that fuses extracted LIDAR features wittmesh from the sparse input. While these approaches success-
RGB features by dynamically weighing each modality basddlly leverage direct geometric information, they are limited
on learned data to capture different situations, thus enhancimg the inherent properties of the data: LIiDAR point clouds
robustness and producing accurate mesh reconstructionsar@soften extremely sparse, especially for distant subjects, and
illustrated in Figur¢ [l and further in Figuré 3. We validate odack the rich semantic and textural cues from images that
approach by training and performing extensive evaluations are vital for identifying ne-grained details. The respective
the large-scale Waymo Open Dataset. limitations of each modality, i.e., depth ambiguity in RGB and

In response to the challenges of single-modal estimatigeometric sparsity in LIDAR, are complementary, creating a
and the lack of robust fusion architectures for the autonomostsong motivation for multi-modal fusion that combines their
driving domain, our main contributions are as follows: respective strengths.

We introduce a novgl_ mtermed.late-fusmn architecture f_(g_ Multi-Modal Fusion for 3D Perception

the autonomous driving domain that uses cross-attention )

to address the complementary failure modes of RGB andCGiven the complementary nature of RGB and LIiDAR,
LiDAR for robust, state-of-the-art SMPL estimation.  Multi-modal fusion has become a key research direction for
We perform extensive evaluation of a multi-modal SMPLIOPust 3D perception. A common baseline for tasks like
based pose estimation method on the challenging, Iarg?ED object detection is to concatenate unimodal features and
scale, and multi-modal Waymo Open Dataset. process them with an MLP [28]; however, this approach does
We show signi cant performance improvements compot explicitly model the spatial relationships between feature
pared to single-modality SMPL estimation approacheg€ts: Consequently, state-of-the-art methods have shifted to
reducing the pose error (MPJPE) by up to 35.5% ovéftention-based mechanisms that can dynamically align and
image-based and about 9% over LiDAR-based methoc‘f&‘?igh features from different sensors [2], [3]. While these

demonstrating the effectiveness and robustness of &igfvanced fusion techniques are well-established for general
fusion strategy. perception, their application to 3D Human Pose and Shape

(3DHPS) estimation remains less developed. Prior works in

1. RELATED WORKS applying multimodal feature fusion to 3DHPS have pro-
gressed from regressing keypoinis |[20]4[31] to generating
non-parametric human meshes |[32], but the task of SMPL

Research in 3D Human Pose and Shape (3DHPS) estimafiamameter estimation in the wild is rarely addressed. The
has been dominated by monocular methods, which begast closely related work that does, the LEIR modell [10],
with the foundational works of the SMPL model| [5] andelies on concatenation-based fusion and was validated only
regression-based Human Mesh Recovery (HMR) [6]. Early controlled, indoor environments. This reveals a clear gap
approaches relied on iterative optimization to t the moddbr a more sophisticated, attention-based fusion architecture
to 2D evidence|[[11], but the eld has since shifted towardgalidated on a challenging, in-the-wild autonomous driving
end-to-end regression networks. These are often trained dataset.
a combination of datasets, leveraging in-the-loop optimiza- o . )
tion [12] or powerful backbones [13] to generate pseud&-- Pose Estimation in the Autonomous Driving Domain
ground truth annotations. More recently, transformer-based3DHPS in the autonomous driving (AD) domain presents
architectures have become state-of-the-art, using pose prionggue challenges compared to controlled studio datasets, e.g.,
as queries|[14], learned tokens [15], or explicit camera mosevere occlusions, large subject distances, and ego-motion.
eling [16] to achieve robust results. An emerging trend M/hile prior work has addressed 3D keypoint estimation in this
to further condition these models on other modalities, sudontext [26], full parametric mesh recovery remains a signif-
as natural language, where text prompts are used to guidant problem, primarily due to the scarcity of representative,
the pose estimation and resolve ambiguities, as demonstrdtde-scale datasets. A survey of the data landscape (Tlable I)
by PromptHMR [17]. However, despite these advancementeyeals an evolution from these early studio datasels [20], [21]
all methods that rely primarily on a single RGB image artwards more diverse in-the-wild [22], [23] and synthetic|[24]
fundamentally constrained by the ill-posed nature of lifting 2@ollections for pre-training [14]) [15]. However, datasets with
observations to 3D space, making them inherently vulneralttee synchronized RGB and LIiDAR data required for multi-
to depth ambiguity and occlusions. modal research are scarce, and those that do exist [7], [9], [10]

To directly address this depth ambiguity, a smaller baire typically captured in controlled, non-AD environments.
growing body of work explores 3DHPS directly from 3D The Waymo Open Dataset (WOD) |27] is a notable excep-
point clouds. Pioneering methods have adapted point clotioh, providing the necessary scale and diversity of complex
processing architectures like PointNet++|[18] to regress SMRIthan scenarios to serve as a suitable benchmark for this
parameters from LIDAR scans, demonstrating feasibility itmsk. This highlights a critical gap in the literature: a lack
both indoor [[19] and outdoor settings| [7],| [9]. Another apef robust, SMPL-based mesh recovery methods speci cally

A. Single-Modal 3D Human Mesh Recovery



TABLE I: Dataset overview and comparison. The column “Frames” refers to the number of frames annotated with any type
of keypoint or pose information. 2DKP, 3DKP, and SMPL refer to the dataset labeled with 2D keypoints, 3D keypoints, and
SMPL parameters respectively. Multi. Subj. refers to the scene holding multiple or only a single annotated subject. ITW and
AD refer to the dataset being in the wild (ITW), i.e., non-studio environment, or AD domain.

Dataset Data structure

Frames | Modality C | Modality L | 2DKP | 3DKP | SMPL | multiple subj. [ ITW | AD
Human3.6M [20] 3.6M 7 7 7 7 7
MPII [21] 40.5k 7 7 7 7 7
3DPW [22] 51k 7 7
EMDB [23] 105k 7 7 7 7
BEDLAM [24] 380k 7 7 7
LIiDARHuman2.6M [7] | 18.4K 7 7 7
SLOPERA4D [9] 32K 7 7 7
RELI11DY [10] 3.6K 7 7 7
FreeForm [25] 578k 7
PedX [26] 2.5k 7
WOD [27] 178k 7

Y Refers to publicly available portion of the dataset, not total number reported in the original publication.

designed for and validated on a large-scale, multi-modal AD output the nal pose () and shape () parameters for the
benchmark. Our work directly targets this gap, proposing @MIPL model.

novel fusion architecture and demonstrating its effectivenessRGB Encoder. To extract rich semantic features, we em-
on this challenging domain. ploy a Vision Transformer Large (ViT-H/16) backbone [34],
initialized with ViTPose [35] weights pre-trained for human

S . METHOD pose estimation. This choice is motivated by the strength
A. Preliminaries of vision transformers in modeling global context via self-
a) SMPL: In this work, we utilize the SMPL model [5]. attention [36], [37], making them highly effective for dy-
The modelM is a function,M ( ; ) ! V, that maps nhamic outdoor scenes. The encoder processes an input RGB

body pose ( 2 R™) and shape ( 2 R!%) parameters to a Crop Xgo 2 R® 2% 2% from ground-truth bounding boxes,
high-resolution 3D vertex mesti 2 R®% 3. These vertices tokenizes it into 256 patches, and passes them through 24
can then be mapped to 3D keypoints via a pre-de ned joiffiansformer blocks to produce the nal feature mapy 2
regressor. RB 1280 16 12.

b) HMR: Human mesh recovery (HMR) aims to recon- LIDAR Encoder. To encode geometric structure from
struct a person via the SMPL poseand shape parameters sparse point clouds, we employ a PointNet++ [18] backbone
by learning the predictor of (1 ;P), when imagel , point that is trained from scratch on our target dataset. While other
cloud P, or both are provided. The function also includes methods like VoxelNet [38] operate on voxelized represen-
the camera translation, allowing the prediction of 3D mesh&afions, our choice is consistent with recent pose estimation
solely by image and resulting (I ;P)=(; ; ). literature [8], [10], [29] as PointNet++ directly processes raw

c) Coordinate systemsWe de ne three right-handed points, excelling at capturing ne-grained detail by hierarchi-
coordinate systems used throughout this work:H{J.iq [27]:  cally learning local and global context. Before encoding, the
a vehicle-centered frame; (Hcam [33]: a standard pinhole point cloud for each subject is transformed into the sensor's
camera frame; and (3Fswe. [5]: a pelvis-centered body coordinate frame and centered on the subject's root. We sample
frame. All input 3D data, such as LiDAR points and groundor pad this cloud to a xed size dilp = 512 points, where
truth 3D joints, are initially provided irFyong. Our entire the padding operation randomly selects points, copies them,
processing pipeline, including the nal SMPL mesh predictiorfnd applies a small normally distributed noise witk 0:01
operates in th& .., frame. We use the calibrated extrinsic andhe encoder processes the resulting indyt 2 RNP 3 to
intrinsic parameters provided by the dataset to transform d@®duce a global feature vectdiipar 2 RB 1024 f5r the

from Fuorg 10 Fcam fusion module.
] Feature Fusion.To robustly integrate visual and geometric
B. Architecture information, we employ a cross-attention module with eight

The overall architecture of our proposed network, illustrateattention heads. We choose this over MLP-based fusion [28]
in Figure 2, comprises four main components: a pre-trained unimodal self-attention [39] to explicitly model inter-modal
RGB encoder, a LiDAR encoder, a feature fusion module, aimteractions. The core strategy is to use the dense feature
a transformer decoder head initialized with weights pre-trainesiap from the image encoder to query the global, geometric
for the task of SMPL parameter regression. While the RG&ntext provided by the LiDAR features, enhancing robustness
encoder and decoder head leverage pre-trained weights, dgainst sensor degradation. The attened image feature map
LiDAR encoder and fusion module are trained from scratdorms the query tensorQ,q,. Concurrently, the global LiDAR



Fig. 2: An overview of our multi-modal architecture for 3D human pose and shape estimation. The network fuses features
from a ViTPose image encoder and a PointNet++ LIDAR encoder via cross-attention using RGB features as queries and
LiDAR features as keys and values. A transformer regressor predicts SMPL parameteysgupervised by 2D/3D keypoint

(L2p; L3p) and parameteri(syp) losses. Modules marked with a re icon are either trained or ne-tuned, while those marked
with a snow ake icon are frozen.

feature is linearly projected to match the image featuresipervision using an L1 error between the predicgdapd
channel dimension, forming the keys and valuég. and ground-truth ¥) 3D keypoints.
Vpe. Multi-head attention computes the fused representation

frusion 2 RB 192 1280 "which is passed to the decoder head, Lap = k¢ yk @
according to: The second key supervision signal is the 2D keypoint loss,
0 KT! Lop, which anchors the 3D estimate in the image plane
frusion = Softmax Fgf b™ pc Voo, 1) by .pro!ectlng the predicted 3.D. jointg using the camera
dk projection function and penalizing the L1 error against the

2D ground truthy.
wheredy is the key dimensionality.

Transformer Decoder Head. To regress the nal SMPL Lo =k (9) Yk, 3

parameters, we use a transformer decoder head which isg ensure plausible predictions, we regularize the output
initialized with pre-trained HMR2 weights [14] and ne-tunedyith an L2 loss on the SMPL parametetssyp, (Eq. 4):

on our multi-modal data using the fused feature rhggon as ) 5

context. Following [14], an SMPL mean-parameter-initialized LswpL= + " (4)
guery token attends to this context, with its output passed 2 2

through linear layers to predict a residual update for the nal ®)
body pose () and shape (). The nal objective function is a weighted sum of these

SMPL Model. The nal output of our network consists components (see Sec. IV-C for hyperparameter values):
of the SMPL pose () and shape () parameters, which

generate a 3D human mesh. As detailed in the preliminaries Liotar= 3plap+ 2plap+  swplswmpL (6)
(Section 11I-A), we utilize the SMPL model [5], and its weights

i . O IV. EXPERIMENTS
remain frozen during training.

To validate our proposed multi-modal fusion architecture,
we conduct a series of comprehensive experiments on the
large-scale Waymo Open Dataset (WOD) [27]. We rst de-

Following state-of-the-art methods [6], [14], [15], our nettail our experimental setup, including the dataset prepara-
work is trained end-to-end by minimizing a total objectivéion, evaluation metrics, and implementation details. We then
function, L «ota;, Which is a dynamically adapted, weighted surpresent our main quantitative results, comparing our model's
of up to three components. Our training is primarily driveperformance against state-of-the-art single-modal and multi-
by the 3D keypoint lossl 3p, which provides direct spatial modal baselines. Following this, we perform extensive ablation

C. Losses



studies to rigorously analyze the contribution of each ki}ABLE II: Overview of dataset splits, listing the .number of
component of our model, particularly the impact of our crosfl@mes and counts of 2D-only, 3D-only, and combined 2D+3D
attention fusion mechanism. Finally, we provide qualitativé@mples with camera (C), LIDAR (L), 2D keypoints (fp),

results to visually demonstrate our model's performance af@d 3D keypoints (KP). Symbols<= fully available, =

robustness in challenging, in-the-wild autonomous drivinigt available, = partially available. The nal "All" category
scenarios. represents the total accumulated count of all unique pedestrian

samples across the different subsets.

A. Dataset
Dataset SelectionOur work requires a large-scale, multi- \?\fgt - Slegfg XC L ZDXKP 3D KP
modal dataset situated in the autonomous driving (AD) do- o | wogy 26619 X - X
main. As shown in our dataset survey in Table I, WOD [27] Total 167,967 X ~ X
is the only publicly available dataset that simultaneously pro- WOE’E;” 3946 " X X
vides urban AD scenarios, multi-subject complexity, synchro- ® %%%% é’%%% N § §
nized LiDAR-camera data, and human keypoint annotations — " Woggz, 4655 X X X X
in 2D and 3D. While it lacks the direct SMPL annotations ] | wor., 905 X X X X
needed for our primary task, its scale and in-the-wild nature < | To@l 5560 X X X X
make it the most suitable benchmark. — wggﬁ' 12‘:39%%479 . - -
Dataset Statistics and SplitsThe WOD dataset provides < woéﬁ 178536 =~ -~ ~ ~

approximately 179k pedestrian samples, which we divide
according to the of cial train/val split. As shown in Table II,
these samples have varying annotation availability. Our epredicted pose with the ground truth. Therefore, PA-MPJPE
periments leverage the different subsets based on whetldeused to navigate to the source of potential errors within
they have 2D keypointsWORb), 3D keypoints YWOBb), or the pose itself, while MPJPE is a stricter metric better suited
both (WOEh3p). All models are ultimately evaluated on theto measure true pose accuracy without such alignment. The
WOE,, split, which contains samples with complete multimetric is de ned as:
modal annotations. N

Pseudo-Ground Truth Generation. Since WOD lacks PA-MPJPE($;y)= —  ksR§i +t yik,: (8)
SMPL labels, we generate pseudo-ground truths for our N i=1
training set. Instead of using traditional optimization-based, Training

tting, which can yield noisy and implausible poses, We . oqel | |E-Net, is trained on four NVIDIA H100

leverage a state-of-the-art regression model, TokenHMR uaPUs for 1000 epochs. We use the AdamW optimizer with

The key advantage is that TokenHMR's discrete latent SPaSE i itial learning rate ofl0 4 and a weiaht decay of0 4
acts as a powerful learned prior, ensuring all generated POYEGS 9 9 y ’

. - .- - k he learning r nstant through he training.
are anatomically realistic and providing a stable supervisi € keep the learning rate constant throughout the training

: We use a batch size of 64 per GPU. The training objective
signal. To further re ne these labels, we replace the re- . :
ressed global orientation with the orientation derived fror%Omblnes the 3D keypoint loss (L1), 2D keypoint loss (L1),
g 9 . . and the SMPL parameter loss. The weights for these loss
the ground-truth 3D bounding boxes. For consistency across

all joint annotations we apply the COCO convention. compongnts were determ|r_1ed_ empirically t.hrough a series
of experiments on the validation set, starting from values

B. Evaluation Metrics common in the literature [14], [15]. The used weights are set to

Following common practice [14]-[16], we evaluate the3> =° 10 ?, 20=5 10 % and sypL=10 % The swp
performance of our method using two standard metrics f}%ﬂght is further dlstrlbu4ted internally to penalize }he global
3D human pose estimation, reported in millimeters (mm$rientation (gova = 10 %), b°d35’ pose (pose = 10 “), and
where lower is better. Our core 3D evaluation relies on MesjaPe parametersieias= 5 10 ). For our ablation studies,
Per Joint Position Error (MPJPE) and its Procrustes-Aligndge RGB-only baseline (LIF-Nggs) is trained with this same
variant (PA-MPJPE). protocol. However, the LiDAR-only baseline (LIF-Ng) can

MPJPE measures the mean Euclidean distance between §iy be trained with the syp loss on theWOBbsp split, as
N predicted 3D joints) and ground-truth 3D jointsy() after this is thg only sub§et that has both the necessary LiDAR input
aligning their root (pelvis) joints. It provides a measure 4nd the image-derived pseudo-ground truth SMPL parameters.

absolute pose accuracy, de ned as: D. Quantitative and Qualitative Evaluation
1 X We present the primary quantitative results of our method,
MPIPE(S:y) = & K& viks: (7)  LIF-Net, on the WOD validation split as MPJPE and pa-

i=1 MPJPE, compared to several other pose and joint estimation
Procrustes-Aligned MPJPE (PA-MPJPE) computes the methods. Table Il shows the quantitative results our model
error after nding the optimal scale fact® 2 R, rotation achieves on the WOD validation split as MPJPE and PA-
matrix R, and translation vector 2 R® that best align the MPJPE, compared to several other pose estimation methods,



and improves the performance evaluated on MPJPE by 35.5% hird, we assess different training strategies for multi-modal
and 9% compared to the image-only and LIiDAR-only model&)put. Speci cally, we show ablation studies on our proposed
respectively. The methods LIDARHMR [8], 4D-Humans [14]strategy using pseudo-global orientation and modeling the
and TokenHMR [15] estimate complete SMPL parameter setgput in a camera coordinate system instead of a vehicle
using LiDAR-only or camera-only approaches. 4D-Humarmoordinate system. Table VI summarizes the results achieved
and TokenHMR initialized with weights provided by thein these experiments. One can clearly see that applying the
authors have been ne-tuned on the used training set usipgeudo-orientation derived from the detection bounding boxes
the losses introduced to train LIF. LIDAR-HMR was nothelps stabilize the pose estimations in 3D space by improving
ne-tuned as we used the provided WaymoV2 checkpointhe quality of the generated pseudo-groundtruth SMPL param-
One can clearly see that the placement of the meshes in 8ers. The effect of computing everything in a camera-based
space bene ts from our proposed fusion approach compareabrdinate system, in contrast to that, is barely visible.

to the camera-only SMPL estimation methods, evident in theFinally, we evaluate the performance versus ef ciency of our
signi cantly reduced MPJPE metrics. LIDARHMR shows amodel using four different ViT backbone sizes (Table VII).
superior performance in PA-MPJPE, which means that it learfibe results conrm a clear trade-off: while the lightweight
the spatial relationships between joints better, but places ti@-S model is 13% faster than the ViT-H model, its accuracy
mesh worse than LIF-Net in 3D space, evident in its worse lower, with 14% and 24% increases in MPJPE and PA-
MPJPE value. Figure 3 illustrates representative qualitatiPJPE, respectively. This provides a range of options for
results that highlight the diversity and complexity of thdalancing speed and performance depending on the application
Waymo Open Dataset and demonstrate our model's robustnesguirements.

across challenging scenarios. ) o ) ] »
TABLE IV: Ablation I: Training on different input modalities,

TABLE Il Quantitative comparison in MPJPE and PA-evaluated orWOER .
MPJPE of 3DHPS methods dWOER,. The results clearly
show the impact of fusing camera and LiDAR modalities for

Input Modality | MPJPE # [mm]  PA-MPJPE # [mm]

pose estimation in MPJPE. Image only 180 152
LiDAR only 128 75
Method | Modality | MPJPE # [mm]  PA-MPJPE # [mm] LiDAR + Image 122 76
4D-Humans [14] C 189 96
TokenHMR [15] c 202 72
LIDARHMR [8] L 134 63 ) : ) . : .
LIF-Net (ours)? ciL 122 76 TABLE V: Ablation 1I: Comparison of fusion strategies for

multi-modal input, evaluated owWOEg,,.

ZMPJPE vs. PA-MPJPE Trade-off: Our fusion approach excels at

absolute 3D positioning (MPJPE), which is critical for AD safety, by Fusion Strategy ‘ MPJPE # [mm] PA-MPJPE # [mm]
leveraging LIDAR localization cues. This results in a favorable trade-off
with a minor degradation in the optimized PA-MPJPE. Cross-Attention 122 76

MLP 152 89

E. Ablation Studies : . - :
. o TABLE VI: Ablation Ill: Comparison of training strategies
To isolate the contribution of each component of our modghy myiti-modal input, evaluated OWOER, . We investigate

we performed several ablation studies. These experimeis effects of pseudo global orientation and projecting into a
were designed to quantify the performance impact of our k@¥mera coordinate system.

architectural choices, particularly our fusion mechanism.
First, we evaluate our model with different input settings: Orient Cam | MPJPE # [mm] PA-MPJPE # [mm]
image-only, LiDAR-only, and fused input, to assess the impact—_ i 130 75
of modality choice. As shown in Table IV, combining both 128 76
modalities improves performance, highlighting the benet of  x . 122 76
multimodal fusion. One can see that the LIDAR input has - 128 75
a bigger in uence on the performance of the model as we
evaluate the placement of joints in 3D space.
Second, we applied different architectures for the fusion V. CONCLUSION
component of the network to evaluate the effectiveness of ourThis paper represents a novel LIDAR and image fusion
proposed cross-attention-based feature fusion. Speci cally, wechitecture for 3D human mesh recovery by utilizing cross-
compare two simple fusion strategies for combining LiDARttention feature-fusion. With this proposed method, we ad-
and camera features: cross-attention and an MLP. Resutsss the signi cant challenge of 3D human mesh recovery
in Table V show that cross-attention outperforms the muéh autonomous driving scenarios, where unimodal approaches
simpler MLP alternatives, indicating the bene t of explicitlyare fundamentally limited. Our extensive experiments on the
modeling inter-modal dependencies during fusion. Waymo Open Dataset demonstrate that fusing both LiDAR

x




Fig. 3: We show multiple qualitative samples, highlighting both the diversity and complexity of WOD, and demonstrate our
model's robustness to common failure modes in autonomous driving detections. The gure is structured as follows. Row one
and two: Input of image and LiDAR modality. Row three and fdulF-Net outputs overlaying the image and LiDAR inputs.

Row ve and six: TokenHMR and LiDAR-HMR outputs overlaying their respective input. The samples hold the following
casesSample a, b. Occlusion, multi-subjeBttom-up 3D joint estimators often fail to predict occluded parts, such as hidden
heads or limbs overlapping with nearby pedestrians. A top-down SMPL approach mitigates this by leveraging body priors
to reconstruct missing or occluded regions consiste®&mple c, d. Large objects, annotation mismaf2baspite low visual

contrast between a black umbrella and clothing, all models can estimate the pose correctly. In contrast, inconsistent 2D/3D
bounding boxes in the other sample cause fusion errors due to mismatched pedestrian regions, while single modality models
perform well. Sample e, f. Poor Lightnindmage model accuracy drops signi cantly under adverse lighting, while fusion and
LiDAR models remain robusSample g, h. Point cloud nois€ontaminated point clouds impair LIDAR estimation, but fusion

and image models consistently maintain pose accuracy. Samples e, f, g, h highlight the robustnesdrofNetir

and RGB modalities consistently improves performance addtaset. Future work will therefore focus on integrating a
robustness, leading to state-of-the-art results in these cldddicated pedestrian detection module and on validating our
lenging real-world conditions. Speci cally, our model achieveapproach across other multi-modal datasets to further assess
an improvement of approximately 35.5% over image-baséd generalization capabilities.

methods and 9.1% over the LiDAR-based method in terms of

MPJPE.

While our model shows strong performance, we acknowl-
edge two key limitations: its reliance on the alignment be- This research was conducted within the project “Solutions
tween multi-modal ground-truth bounding boxes for subjeeind Technologies for Automated Driving in Town: An Ur-
localization, and its validation on a single, albeit large-scalban Mobility Project”, funded by the Federal Ministry for
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