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Abstract

Dense 3D semantic occupancy perception is critical for mo-
bile robots operating in pedestrian-rich environments, yet it
remains underexplored compared to its application in au-
tonomous driving. To address this gap, we present Mo-
bileOcc, a semantic occupancy dataset for mobile robots
operating in crowded human environments. Our dataset is
built using an annotation pipeline that incorporates static
object occupancy annotations and a novel mesh optimiza-
tion framework explicitly designed for human occupancy
modeling. It reconstructs deformable human geometry from
2D images and subsequently refines and optimizes it using
associated LiDAR point data. Using MobileOcc, we es-
tablish benchmarks for two tasks, i) Occupancy prediction
and ii) Pedestrian velocity prediction, using different meth-
ods including monocular, stereo, and panoptic occupancy,
with metrics and baseline implementations for reproducible
comparison. Beyond occupancy prediction, we further as-
sess our annotation method on 3D human pose estimation
datasets. Results demonstrate that our method exhibits ro-
bust performance across different datasets.

1. Introduction

Semantic occupancy prediction [20, 28, 36, 47, 50] has
emerged as a key perception component in modern nav-
igation systems. It predicts a 3D field representing free,
occupied, and unknown space, along with semantic labels,
directly from image inputs. This enables the construction
of a differentiable perception model that can be seamlessly
integrated into downstream planning tasks. However, ex-
isting datasets [29, 46, 49] for training semantic occupancy
prediction models are primarily developed for autonomous
driving scenarios and focus on rigid objects such as roads,
buildings, and vehicles. In contrast, non-rigid objects, such
as humans, appear less frequently and are typically modeled
by aggregating multi-view points into rigid bodies, neglect-
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Figure 1. Qualitative results across occupancy resolutions. Top:
input image from UT Campus Object Dataset (CODa) [57]. Mid-
dle: our semantic occupancy label at fine resolution (0.02 m). Bot-
tom: semantic occupancy at coarse resolution (0.2 m). Gray voxels
represent unknown regions, while free space is not visualized for
clarity.

ing their deformable nature. For mobile robots, however,
humans are among the most frequently encountered dy-
namic entities during navigation. Therefore, a semantic oc-
cupancy prediction dataset designed for human-populated
environments is still missing.

In this paper, we present MobileOcc, a new semantic
occupancy dataset designed for human-populated environ-
ments. The dataset is annotated using a proposed pipeline
that fuses synchronized image and LiDAR data to gener-
ate occupancy labels, with a particular focus on accurate
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human representation. The pipeline produces occupancy
annotations for static objects, as well as for free and un-
known space, by fusing accumulated and filtered semantic
LiDAR points within an OctoMap framework [18]. For hu-
man occupancy modeling, we introduce a mesh optimiza-
tion method that first detects humans in images to estimate
their initial pose and mesh, then optimizes by fusing corre-
sponding LiDAR points. Compared with image-only hu-
man mesh recovery (HMR) methods, which suffer from
depth and scale ambiguities, and LiDAR-only approaches,
which are limited by sparse points, missed detections, and
pose uncertainty in cluttered or distant scenes [14, 27, 53],
our fusion-based method produces robust and accurate hu-
man meshes by leveraging the strengths of both modalities.

The contributions of this paper are as follows:

* We introduce MobileOcc, a 3D semantic occupancy pre-
diction dataset built on raw sensor data from UT Campus
Object Dataset (CODa) [57] for mobile robots navigating
among near-field pedestrians.

* We develop an annotation pipeline that generates occu-
pancy annotations from synchronized RGB images and
dense LiDAR data. In particular, the pipeline leverages
both image information and LiDAR point clouds to pro-
duce accurate human occupancy representations.

* We establish MobileOcc as a benchmark suite by eval-
uating existing occupancy frameworks on two tasks: 1)
semantic occupancy prediction and ii) pedestrian velocity
prediction, with baselines across monocular, stereo, and
panoptic occupancy methods.

2. Related Work

2.1. 3D Occupancy Prediction Datasets

3D occupancy prediction plays an important role in naviga-
tion tasks and is widely used in autonomous driving. Se-
manticKITTI [1] first introduced an occupancy perception
dataset based on the KITTI dataset, but it does not account
for moving objects and has limited scale and diversity. Sub-
sequent datasets such as Occ3D [46], OpenOccupancy [49],
and SSCBench [29] provide larger-scale, densely anno-
tated voxel labels on nuScenes [4], Waymo [43], and
KITTI-360 [1]. In off-road settings, WildOcc [56] extends
RELLIS-3D [22] with dense semantic occupancy for un-
structured environments. These newer datasets typically
model moving vehicles as rigid bodies, accumulating points
for each vehicle using pre-labeled 3D bounding box poses.
However, humans are non-rigid and are not well represented
in these datasets (as shown in Figure 1). For mobile robots,
humans are among the most common dynamic objects en-
countered in navigation tasks, and a dataset capable of ac-
curately modeling human motion is still needed.

2.2. 3D Occupancy Prediction Methods

Unlike traditional filtering-based methods that fuse 3D
points to generate an occupancy map [7], occupancy predic-
tion typically learns to map 2D images from a single or mul-
tiple cameras to voxel-level semantic occupancy [47]. The
image itself contains only 2D information; therefore, lifting
2D features to 3D is crucial for occupancy prediction meth-
ods. Camera-only methods such as VoxFormer [28] and Oc-
cDepth [36] first infer depth or geometry cues and then de-
code a dense 3D volume. With surround-view input, TPV-
Former [20], SurroundOcc [50], and OccNet/OpenOcc [47]
aggregate multi-camera features before or during lifting
to improve coverage in long-range and occluded regions.
Building on these ideas, FB-OCC [31] and BEVDet4D [19]
combine voxel and BEV representations and exploit tempo-
ral cues to obtain strong camera-only baselines for dynamic
scenes. FlashOcc [54] and Panoptic-FlashOcc [55] further
emphasize efficiency and panoptic consistency by keeping
features in BEV and lifting logits to 3D. Our setting is com-
plementary: we focus on mobile robots in human-rich en-
vironments and evaluate such occupancy frameworks under
non-rigid human motion.

2.3. Image-Based Human Mesh Recovery

Estimating a full 3D human body mesh from a single RGB
image has been widely studied using parametric models.
Early regression-based methods like HMR [23] directly pre-
dict SMPL [35] shape and pose parameters from an image,
regularized by learned priors. Subsequent works improve
accuracy with stronger priors and training schemes, as in
SPIN [25] and CLIFF [30], but still suffer from depth am-
biguity and limited geometric detail. Alternative designs
lift skeletons or lixel-based heatmaps to meshes [9, 37], or
use transformer regressors [32, 33]. Implicit-surface ap-
proaches [40, 51] learn continuous occupancy or signed-
distance fields to represent detailed shapes, yet purely
image-based pipelines remain sensitive to missing depth.
To reduce this depth uncertainty, several methods incor-
porate LiDAR as input. LiDARCap [27, 58] and LiDAR-
HMR [14] fit SMPL-based meshes to long-range LiDAR,
while S3 [53] models human shape, pose, and skinning via
implicit fields. However, LIDAR-only methods can be brit-
tle when human points overlap with nearby objects or be-
come sparse at long distances, leading to missed detections
and ambiguous poses.

We present a method that first obtains an initial 3D hu-
man pose and mesh from an image, then refines it by fus-
ing LiDAR data via a novel optimization framework. This
training-free approach leverages both modalities and gener-
alizes directly across datasets.



3. MobileOcc Dataset Building

Our dataset is constructed by annotating the image and Li-
DAR data from the CODa dataset [57] using the proposed
annotation pipeline. This section introduces the pipeline by
first providing a general overview of the workflow and then
detailing its key components.

3.1. Annotation Pipeline

Our general annotation pipeline is shown in Figure 2. Given
synchronized image streams and LiDAR along a robot tra-
jectory, we apply a comprehensive annotation pipeline to
capture both dynamic and static scene elements. Sev-
eral data preprocessing steps are used before getting the
occupancy annotations. We first run OC-SORT [5] with
YOLOX [15] detection on monocular camera footage to ob-
tain tracked 2D bounding boxes with IDs for all pedestrians
across frames. For each tracked person, we estimate 2D
pose with keypoint confidence using VITPose [52]. We then
obtain fine instance masks via Mask2Former [8] and asso-
ciate each mask with the LiDAR point cloud to get points
for each person. Finally, we apply semantic segmentation to
assign Cityscapes [10] class labels, providing category pri-
ors for static background elements (road, vegetation, sky,
etc.) and distinguishing dynamic objects. All preprocessed
data are time-stamped and co-referenced across modalities
to enable proper separation of dynamic pedestrians from
static background before voxelization. With these prepro-
cessing steps, we perform human mesh optimization (Sec-
tion 3.2), and static mapping (Section 3.3), then fuse them
into a 3D occupancy representation (Section 3.4).

3.2. Human Mesh Optimization

We propose an optimization-based framework that fuses Li-
DAR points with monocular images to improve 3D human
mesh estimation. Our approach first obtains an initial para-
metric mesh (SMPL) from the image [35], then refines it
in three stages: i) filtering out occluded body parts using
2D keypoint cues, ii) performing a coarse mesh alignment
to LiDAR via iterative closest point (ICP), and iii) optimiz-
ing the SMPL pose/shape parameters to fit the image and
LiDAR observations jointly.

We use the following notation throughout the paper:

* SMPL parameters: pose = T giob; body9, shape
and camera translation team 2 RS.

¢ Camera: intrinsics K.

» Mesh: M with vertex matrix M( ; ) 2 R%% 3, yisi-
ble subset V. M with n = jVj.

* LiDAR: point cloud P = fp;gjL; with m = jPj.

e Operators: projection (), global rotation R( ), and
SMPL joints Ji( ).

3.2.1. Initial SMPL Prediction

We first obtain an initial estimate of the SMPL parameters
with CLIFF [30], a top-down HMR regressor (detects a per-
son, then regresses SMPL parameters from the person crop
while conditioning on the box’s full image location). CLIFF
produces an initial mesh Mg with shape parameters |,
pose parameters o, and a global translation ty by extend-
ing a ResNet-based HMR network [23] to incorporate the
person’s bounding box location in the image and to com-
pute loss in uncropped image coordinates. This provides a
reasonable starting point for the person’s pose and location
in the camera frame. However, like all monocular meth-
ods, it still suffers from pose and shape errors due to depth
ambiguity, which our subsequent steps correct.

3.2.2. LiDAR-Mesh Alignment

Before optimizing the human mesh provided by CLIFF, we
first perform visibility filtering (details in the supplemen-
tary material) to identify the visible mesh vertices from Li-
dar. We then coarsely register the visible mesh vertices V
to the LiDAR points P via ICP [2], estimating a rigid trans-
form T 2 SE(3) initialized from ( giob; tcam). Applying
T yields an updated global pose ( Eﬂob; t%,,) that places
the mesh correctly in 3D space. However, since ICP is rigid
and does not alter internal joint angles, the pose can become
inconsistent with the image. Our final optimization step re-
solves these inconsistencies by adjusting pose and shape us-
ing both image and LiDAR cues.

3.2.3. Mesh Optimization

To resolve the remaining pose inconsistencies highlighted
in Figure 2 (red ellipse), we refine all SMPL parameters
( ; :team) to better fit both the 2D and 3D data. Inspired
by SMPLIify [3], we formulate this as minimizing an objec-
tive function

L + 4L
aa(l)

Liow( ; jteam) =L+ 3plap+
+ L + occlL ;occ

that contains terms for image alignment, 3D alignment, and

regularization priors with scalar weights (details of scalar

weights and optimization provided in the supplementary
material):

* 2D joint reprojection (Lj): Penalizes the distance be-
tween the projected 3D joints of the mesh and the detected
2D keypoints in the image,

>
Lo= wi

K R()Ji() +team IP ;5 (2

where wj is the keypoint confidence and () is the Ge-
man—-McClure robust penalty [16].

* 3D LiDAR alignment (L3p): Minimizes the distance be-
tween visible mesh vertices V and the LiDAR point cloud
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Figure 2. Overview of MobileOcc pipeline. The pipeline consists of: Data preprocessing, Static mapping, Human mesh optimization, and
3D occupancy representation generation. The colors of the voxels follow the labeling scheme used in the Cityscapes dataset [10]. Human
instances are assigned colors, and unknown regions are shown in gray. In human mesh optimization, the green and red skeletons represent
the ground truth and the predicted 3D pose of the mesh, respectively.

P using a symmetric, size-normalized Chamfer distance:
1 X

1
Lsp ==~ minkv pki + =  minkp vk&:
30 Vi, P2P P iPj . vav b Vi
3)
Optimizing over and  lets this term correct local
pose/shape errors that pure 2D fitting cannot.
¢ Pose prior (L ): The SMPLify MoG pose prior [3] dis-

courages implausible joint configurations,

X
L = log giNC; i ) “
i=1
* Anti-hyperextension prior (L;): Discourages unnatural
positive bending at elbows/knees (as in [3]),
>

exp( k): (&)

k2fknees, elbowsg

La=

¢ Shape prior (L ): A quadratic prior on shape parameters
keeps  within the SMPL space [35],

L=~ 1: (6)

Occlusion-aware pose consistency prior (L .occ): For
joints flagged invisible by the visibility filter, we regular-
ize deviation from the initialization to prevent unrealistic

drift. Let I be the set of occluded joints with initial and
current unit quaternions quo); gig; we use

X
L .occ = 1 hq§0);Qii2 : (7
i21
We optimize Ly, with respect to ( ; ;tcam) using

gradient descent in PyTorch. The result is a refined set
(" " t,m) that balances fitting the image (2D joints) and
fitting the LiDAR (3D points), while respecting human
shape and pose priors. In contrast to SMPLify [3], we omit
the interpenetration term and instead add Lzp (LiDAR-
mesh Chamfer) and L .o¢c (occlusion-aware pose consis-
tency), while keeping Ly, L , Ly, L . We drop interpen-
etration due to its high cost and limited impact on final ac-
curacy [25]. Our occlusion-aware visibility and pose con-
sistency terms help keep occluded limbs in reasonable po-
sitions without explicit interpenetration handling.

3.3. Static Map Generation

We build a high-resolution static semantic map by fusing
multi-frame LiDAR geometry with camera-derived seman-
tics, while explicitly filtering dynamic pedestrians, includ-
ing those outside the camera frustum.



3.3.1. LiDAR-based Detection

To avoid moving pedestrians being imprinted into the back-
ground, we run a LiDAR 3D detector per sweep and use its
pedestrian outputs, together with the image-based pedes-
trian detection result, as a mask during static mapping.
Points falling inside these masks are excluded from the
static map generation. This stage does not change semantic
labels nor train any model, and its sole purpose is to sup-
press pedestrian evidence before building the static map.

3.3.2. Multi-frame Aggregation

We fuse LiDAR geometry and camera semantics over time
in a global frame. Each sweep is pose-compensated, and
image semantics are lifted to the corresponding 3D points,
which are then inserted into a voxel map that maintains
compact per-voxel label counts. As frames accumulate,
each voxel label is updated through max-voting, and geo-
metric sanity checks (e.g., ground consistency) reject out-
liers. After processing the sequence, the final static map is
obtained by assigning each voxel a semantic label, yielding
a human-free background that we later combine with human
meshes to obtain human-aware occupancy.

3.4. 3D Occupancy Representation
3.4.1. Static-dynamic Alignment

We merge the human-free static map (Section 3.3) with
pedestrian evidence (Section 3.2) in a shared robot-local
frame as shown in Figure 2. For each frame, we transform
the current static points and rasterized meshes into the same
local coordinates using the synchronized robot pose, then
voxelize them. Static voxels inherit Cityscapes [10] seman-
tics from RGB points. Pedestrian voxels carry per-instance
identifiers, as we assign each tracked pedestrian a unique ID
label.

3.4.2. Label Assignment

After alignment, we instantiate voxel grids in the robot
frame with a user-specified resolution (up to 0.02 m) and as-
sign labels in a priority order: dynamic humans take prece-
dence over static background, so pedestrians do not get im-
printed into the background during fusion. If no pedes-
trian points are present, we assign static semantics using
a majority-label-wins rule to avoid label oscillation when
many points land in the same voxel. Remaining cells are
completed using an OctoMap query [ 18], which contributes
free/unknown states so that occupied space is supported
by explicit geometry.This produces an aligned voxel grid
where static semantics and dynamic human occupancy co-
exist, and all remaining space is consistently categorized as
free or unknown.

We output our final data in the NuScenes [4] dataset for-
mat to ensure easier integration and consistency with exist-
ing tools.

4. Results

In this section, we present a comprehensive evaluation of
our approach. First, we assess human mesh optimization
using three different datasets. Second, we train represen-
tative baselines on MobileOcc and report performance on
two tasks: i) occupancy prediction and ii) pedestrian veloc-
ity prediction.

4.1. Human Mesh Evaluation

We evaluate our human mesh optimization method in
3DPW [48], SLOPER4D [11], and HumanM3 [13] datasets.
Four metrics are used in total:

* PVE (Per-Vertex Error, mm): average Euclidean distance
between each predicted mesh vertex and its ground-truth
counterpart. We evaluate on the canonical SMPL topol-
ogy (6890 vertices) when vertex supervision is available.

* MPJPE (Mean Per-Joint Position Error, mm): average
Euclidean distance over the dataset’s standard kinematic
joint set. Joint locations are obtained from the predicted
SMPL mesh via the dataset’s regressor, matching the
ground-truth protocol.

* PA-MPJPE (Procrustes-Aligned MPJPE, mm): MPJPE
after a rigid Procrustes alignment (rotation, uniform scale,
translation) between predicted and ground-truth joints,
isolating articulated pose quality from global placement.

* MPERE [14] (Mean Per-Edge Relative Error, unitless):
average relative L1 error of mesh edge lengths between
prediction and ground truth.

4.1.1. Results on the 3DPW Dataset

3DPW [48] dataset is a popular in-the-wild dataset with
3D pose and shape ground truth. Since no LiDAR points
are available in it, we add synthetic LIDAR sweeps with
different densities in the camera frame. Specifically, we
mimic Ouster-style sensors with vertical beams = 32, 64,
128 (higher ¥ denser body coverage) and added Gaussian
range perturbations and probabilistic point dropouts follow-
ing the CARLA LiDAR noise model [12] (details of how
the synthetic LiDAR sweeps can be found in the supple-
mentary material). This allows us to i) isolate the effect of
adding LiDAR points to image/video HMR; and ii) study
how performance scales with sensor density.

Table | presents the results of our method compared
with other image- and video-based HMR approaches eval-
uated on the 3DPW dataset. Since image- and video-based
methods inherently lack depth, they are evaluated with root
alignment [48], which translates the predicted pelvis to the
ground truth position. In contrast, our method instead uses
simulated LiDAR on the human body to optimize position,
pose, and shape directly in the sensor frame.

The results show that our method improves in all met-
rics without using root alignment, indicating better absolute
placement (PVE/MPJPE) and pose accuracy (PA-MPJPE).



Modality Method PVE| MPJPE| PA-MPJPE

VIBE [24] 99:1 82:9 51:9
Video DynaBOA [17] 82:0 65:5 40:4
MotionBERT [59] 79:4 68:8 40:6
WHAM-B [42] 71:0 59:4 37:2
SMPLify [3] 106:8 - -
TRACE [45] 97:3 79:1 37:8
SPIN [25] 96:9 59:2 -
Image ROMP [44] 93:4 76:7 47:3
HybrlK [26] 82:3 71:6 41:8
CLIFF [30] 81:2 69:0 43:0
Cha. [6] 76:3 66:0 39:0
PLIKS [41] 73:3 60:5 38:5
Ours (Ouster-32) 73:2 57:0 47:7
LiDAR Ours (Ouster-64) 57:2 43:9 38:5
Ours (Ouster-128) 50:5 39:1 35:1
Table 1. Simulated LiDAR comparison on 3DPW [48].

Video/Image methods use no depth and are reported with root
alignment. Ours fuses simulated LiDAR and operates without root
alignment in the sensor frame.

Performance increases with denser LiDAR, which provides
more reliable 3D correspondences.

4.1.2. Results on the SLOPER4D and HumanM3
Datasets

We further evaluate our method on SLOPER4D [11] and
HumanM3 [13] datasets, which are targeted for LiDAR-
based 3D human pose estimation. SLOPER4D [11] has
synchronized RGB image and LiDAR points, and ground-
truth mesh vertices. An Ouster-OS1-128 LiDAR is used for
data collection, and only one person appears in the dataset at
a time. HumanM3 [13] has multiple humans at a distance,
and a Livox Mid-100 LiDAR is used. It has ground-truth
for 3D joints but not for the mesh.

On SLOPER4D, we report PVE, MPJPE, PA-MPJPE,
and MPERE. MPERE [14] is computed for any method
that outputs a mesh (SMPL-based or model-free that re-
constructs surfaces). On HumanM3, vertex ground truth
is unavailable, so we report only joint metrics (MPJPE and
PA-MPJPE). At test time, we reuse the 3DPW pipeline: vis-
ibility filtering, single-sweep rigid pre-alignment, and joint
refinement using RGB and LiDAR, all evaluated in the sen-
sor frame.

We compare against different LIDAR methods that have
been benchmarked on these two datasets and add additional
results with our base image model, CLIFF [30]. As sum-
marized in Table 2, our method achieves strong accuracy
without any LiDAR-specific training. We initialize from
an image model (CLIFF) and improve substantially through
test-time optimization with LiDAR constraints. Table 3 iso-
lates this effect on PA-MPJPE by directly comparing the
initialization (CLIFF) to our optimized result (Ours). The
substantial reductions on both SLOPER4D and HumanM3

SLOPER4D [11] HumanM3 [13]
Method PVE| MPJPE| MPERE | MPJPE |
LiDAR-based
PRN [14] - 57:0 - 82:2
V2V-PoseNet [38] - 50:7 - 83:0
LiDAR-HMR [14] 51:9 51:.0 0:094 776
LiDARCap [27] 148:1 158:3 0:050 175:8
SAHSR [21] 81:2 72:6 0:085 105:5
VoteHMR [34] 60:9 54:6 0:079 105:8
RGB-based
CLIFF [30] 937 84:7 0:057 106:3
RGB+LiDAR
Ours 64:4 55:8 0:060 83:9

Table 2. Comparison on real LIDAR: SLOPER4D and HumanM3.
Modality denotes the sensor used at inference (RGB = monocu-
lar/stereo image streams, LiDAR = point clouds, RGB+LiDAR =
fused).

PA-MPJPE (mm) |

Method Modality SLOPER4D HumanM3
CLIFF [30] RGB 69:3 66:5
Ours RGB+LiDAR 43:5 58:1

Table 3. Comparison in PA-MPJPE (mm) between our base
image-model CLIFF and Ours after LIDAR optimization.

confirm that most of the gains arise from the LIDAR-guided
optimization. Most competing methods are trained on Li-
DAR (and often dataset-specific) supervision, whereas our
improvements arise purely from the optimization process at
inference.

4.2. Benchmark Results
4.2.1. Benchmark Details

We evaluate all methods using a voxel resolution of 0.2 m,
with the occupancy grid spanning X 2 [0:4;10:0]m, y 2
[ 4:8;4:8]m, and z 2 [ 1:0;3:8]m. The raw sequences
are downsampled to 5 Hz by taking every second frame.
The training split contains 92,303 samples, and the val-
idation split contains 24,208 samples, corresponding to
79.22% and 20.78% of the total data, respectively. Among
these, 30,457 training frames and 7,165 validation frames
have pedestrian annotations. We use 10 semantic classes,
including one free-space class and nine occupied classes.
Rare or ambiguous categories are merged: bicycles, motor-
cycles, and scooters are combined into a single two-wheeler
class, and several static structural categories are grouped
into an other-structure class.

4.2.2. Baseline Implementations

Monocular BEV-based baselines. Our monocular base-
lines include BEVDet4D [19] as a detection and velocity
baseline, and FlashOcc [54] and Panoptic-FlashOcc [55] as
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Figure 3. Qualitative comparison of different baselines under various lighting conditions, including sunny, night, and cloudy scenes.
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Figure 4. Panoptic occupancy prediction performance using Panoptic-FlashOcc (8f) [55].

Stereo Left Ground Truth Velocity Prediction Stereo Left Ground Truth Velocity Prediction

Figure 5. Pedestrian velocity prediction using Panoptic-FlashOcc-vel (8f). The directions are shown in colors and arrows.



semantic and panoptic 3D occupancy baselines. We use 8
historical frames based on their public settings. The orig-
inal BEVDet4D, FlashOcc, and Panoptic-FlashOcc mod-
els assume multi-view surround-camera inputs, whereas our
dataset contains only front-view images. Therefore, we
adapt them to a monocular setting by using only the left
stereo camera for depth estimation. We also introduce
Panoptic-FlashOcc-vel, which extends the detection head of
Panoptic-FlashOcc to predict velocities (Vy; Vy) with an L1
loss for velocity supervision.

Stereo baseline: VoxFormer [28]. We adapt
VoxFormer-T with 4 historical frames to our stereo setup,
sampling frames alternately in time to match the temporal
coverage of the 8-frame monocular baselines. Stage-1 takes
voxelized stereo-matching depth as input and predicts a 3D
occupancy volume at 0.4m resolution, which is then upsam-
pled to our 0.2m target grid. We follow the public training
settings of each baseline. The detailed hyperparameters are
shown in the supplementary material.

4.2.3. Main Results

3D occupancy prediction. Table 4 and Figure 3 compare
the baselines on the semantic occupancy prediction task.
FlashOcc (FO) achieves the highest mean IoU (mloU) and
outperforms the other methods on most classes. Panoptic-
FlashOcc (PF) yields a minor mloU drop relative to FO
due to the multi-task trade-off. VoxFormer (VF) remains
competitive on pedestrians, possibly because it benefits
from stereo depth, whereas FlashOcc may inherit monoc-
ular pedestrian detection errors from BEVDet4D pretrain-
ing. Cars and trucks show lower IoU than in self-driving
benchmarks, primarily because they are less common in our
dataset.

Panoptic occupancy. We further evaluate the pedestrian
detection and panoptic occupancy quality using BEVDet4D
and Panoptic-FlashOcc. As shown in Table 5 and Fig-
ure 4, BEVDet4D (BD) provides only pedestrian detections,
while Panoptic-FlashOcc (PF) predicts voxel-level panop-
tic labels. Pedestrian Average Precision (APPeY) is evalu-
ated across distance thresholds 0.1 m, 0.2m, 0.5m and 1 m
on detected centers. Besides standard panoptic metrics, we
also report PQY, a relaxed panoptic quality [39] that re-
laxes the strict IoU requirement for stuff classes and is better
suited for vision-only occupancy prediction.

Pedestrian velocity prediction. Finally, we compare
BEVDet4D and Panoptic-FlashOcc-vel (PF-vel) on the
pedestrian velocity prediction task. Table 6 summarizes
the absolute velocity error (AVE; m/s) over all ground
truth pedestrian voxels (AVE-T), true-positive detections
within 1 m (AVE-D), and correctly classified voxels occu-
pied by pedestrians (AVE-O), together with mloU. PF-vel
achieves comparable velocity accuracy while maintaining
voxel-level semantic occupancy. Qualitative examples in
Figure 5 show that PF-vel produces plausible velocities for

most pedestrians but still exhibits typical failure cases such
as confusion between forward and backward walking direc-
tions, indicating remaining headroom for improving pedes-
trian velocity prediction together with panoptic occupancy.

mpedestrian
mcar
mother struct.
pole
mroad
terrain
mtruck
mtwo-wheeler
vegetation

Method | IoU mloU

VE-T 57.81 24.89 |32.79 1.39 28.47 7.08 70.90 23.57 5.23 28.04 26.52
FO (8f) |57.71 27.18 |31.91 5.36 31.00 10.16 70.82 27.29 7.35 30.85 29.88
PF (8f) |57.83 26.64 |32.45 3.66 31.79 9.96 70.35 25.90 5.87 30.99 28.83

Table 4. 3D occupancy prediction performance. VF-T denotes
VoxFormer-T, and FO and PF denote FlashOcc and Panoptic-
FlashOcc. The best results are shown in bold. IoU denotes the
geometric loU.

Method | PQ PQY RQ SQ |PQPed RQPed gQPed | ApPed

BD@®H| - - - - - - - 41.7
PF(8f) [19.9 28.1 658 32.6| 425 602 707 | 455

Table 5. Baseline performance on 3D panoptic occupancy. BD
denotes BEVDet4D and PF denotes Panoptic-FlashOcc.

Method | AVE-T| AVE-D| AVE-O| | mloUt

BEVDet4D (8f) 1.00 0.36 - -
PF-vel (8f) 0.97 0.39 0.67 26.00

Table 6. Comparison of pedestrian absolute velocity error (AVE).

5. Conclusion

This paper presents MobileOcc, a human-aware seman-
tic occupancy dataset for mobile robots operating in
pedestrian-dense, near-field environments. We provide
baselines for occupancy prediction and pedestrian-velocity
estimation across monocular, stereo, and panoptic settings.
We further validate the human-mesh optimization compo-
nent on established datasets, where the addition of LiDAR
points for optimization substantially improves image-based
methods and remains robust across datasets. Together, the
dataset, pipeline, and benchmarks form a practical testbed
for perception stacks that must jointly reason about humans,
static objects, and free space to enable safe, precise naviga-
tion in crowds.

Limitations and future work. Currently, Mo-
bileOcc focuses on outdoor scenes, which may limit
generalization across domains and conditions. Future
extensions include broadening geographic and environ-
ment diversity (e.g., indoor spaces and adverse weather).
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Supplementary Material

A. Visibility filtering

We follow the notation introduced in Sec. 3.2 of the main
paper: SMPL parameters ( ; ;tcam), mesh M with vis-
ible subset V M, LiDAR point cloud P, and camera
intrinsics K. Our visibility filtering selects a subset of mesh
vertices that i) are geometrically visible from the camera
and ii) belong to body parts that are likely unoccluded in
the image. The resulting visible subset V is then used for
ICP registration and for the 3D LiDAR alignment loss L3p.

A.1. Backface culling

The SMPL mesh M consists of triangular faces, each with
three vertices in 3D. For each face f, we compute i) a unit
face normal Nf that indicates which direction the face is
pointing, and ii) a representative point C¢ at the center (cen-
troid) of the triangle. Let 0 denote the 3D position of the
camera. The viewing direction from the camera to face T is
then

_ % O |
Iof_kcf ok,

®)

We classify a face as front-facing if the angle between its
normal and the viewing direction is sufficiently small. We
implement this using the inner product between the normal
and the viewing direction:

Ny ps <Ww; ©)

where W is a backface-culling threshold (tuned per dataset,
see Table 7). All faces that satisfy this condition are consid-
ered front-facing, and all vertices that belong to at least one
such face form a candidate visible set Vione M.

This step removes mesh regions oriented away from
the camera. It therefore should not be matched to Li-
DAR points, thereby reducing the influence of faces that
are clearly not visible from the current viewpoint.

A.2. Body-part filtering from 2D keypoints

Backface culling alone does not handle self-occlusion (e.g.,
the arm on the far side of the body) or occlusion by other
objects. To further restrict the mesh to regions observed, we
use the same 2D keypoints and confidence scores as in the
2D joint reprojection loss, L.

Let J¢t denote the detected 2D joints and Wj their con-
fidence scores. For each SMPL body part b (e.g., torso,
left upper arm, right lower leg), we define a small set of
2D joints Jp that are informative for that part (for exam-
ple, shoulder and elbow for an upper arm). A body part is
marked as occluded if all of its associated joints have low

confidence:

maxw; < \Jcon 1 10
23, i f (10)

where J.oqr 1S a dataset-specific threshold, listed in Table 7.

For each occluded body part, we remove all mesh faces
whose vertices belong to that part from the candidate visi-
ble set Vo Obtained by backface culling. Since the SMPL
template provides a fixed correspondence between mesh
faces and semantic body parts, this mapping is known in
advance and does not depend on pose or shape. The re-
maining faces define a refined visible mesh that is consistent
with both the camera viewpoint and the 2D keypoint evi-
dence. This body-part filtering improves robustness in cases
with occluded limbs by preventing LiDAR points from be-
ing matched to mesh regions that are not supported by the
image.

A.3. Final visible vertex set

Combining backface culling and body-part filtering yields

our final set of visible mesh vertices V. M. By construc-

tion,

* V contains only vertices that belong to front-facing faces,
and

* vertices assigned to body parts marked as occluded by the
2D keypoints are removed.

We treat V as the subset of the mesh that is both visible in

the image and observable by the LiDAR sensor. All subse-

quent 3D processing is restricted to V. Focusing on V in-

stead of the full mesh reduces the influence of self-occluded

or truncated limbs and leads to more stable LiDAR-mesh

alignment in scenes with occlusions.

B. Scalar Weights and Optimization

The mesh refinement in Section 3.2 of the main paper mini-
mizes the multi-term objective in Eq. |, combining 2D joint
reprojection Ly, 3D LiDAR alignment L3p, pose and shape
priors L and L , an anti-hyperextension prior Ly, and an
occlusion-aware pose consistency term L .occ. All terms
are fully differentiable with respectto ( ; ;tcam).
Our optimization scheme contains several scalar hyper-
parameters:
e Lossweights , 5, , 3p,and .
¢ The Geman—McClure scale usedin L.
» The backface culling threshold w used in the visibility
filter.
» The joint confidence threshold J..ns used for part-level
occlusion reasoning.
These hyperparameters influence the trade-off between im-
age alignment, LiDAR alignment, and prior regularization.



To obtain the best configurations, we perform Bayesian Op-
timization on a subset that is held out from the final eval-
uation for each dataset. For each trial, we run the full op-
timization pipeline with a candidate parameter configura-
tion and evaluate the resulting meshes using the relevant
3D metrics (e.g., PVE, MPJPE, PA-MPJPE). Bayesian Op-
timization maintains a surrogate model of the objective over
the hyperparameter space and iteratively proposes new con-
figurations that balance exploration and exploitation. In
practice, we run 100 iterations per dataset and select the
best-performing configuration on the subset.

Table 7 lists the resulting values for all datasets used in
our experiments. Note that the UT Campus dataset does not
provide ground-truth SMPL annotations; for this dataset,
we select hyperparameters based on qualitative inspection
of the resulting meshes.

Dataset a 3D oce w Jeonf

3DPW 100 22 11.0 50 800 35 0.2 0.6
SLOPER4D 100 0.75 85 1.0 500 55 0.2 0.7
HumanM3 100 1.0 3.0 175 600 135 —-1:0 0.6
UT Campus 100 1.4 10.0 10.0 300 50 0.2 0.7

Table 7. Sub-optimal scalar weights and thresholds per dataset.

In all experiments, we start from the initial mesh pre-
diction provided by the base HMR model and run gradient
descent on ( ; ;t.an) until convergence or a fixed iteration
budget is reached. The chosen hyperparameters ensure that
the optimization improves both image and LiDAR align-
ment while keeping poses and shapes within a plausible re-
gion of the SMPL space and preventing excessive drift of
occluded limbs.

C. Synthetic LiDAR sweeps

For datasets without real LIDAR (3DPW [48]), we simulate
LiDAR sweeps directly on the ground-truth SMPL meshes
to study how LiDAR characteristics affect our method. For
each camera frame, we place a virtual LIDAR at the camera
center and emit rays based on the vertical and horizontal an-
gular resolutions of an Ouster-style spinning sensor. Each
ray intersects the SMPL mesh to obtain a 3D return, analo-
gous to a time-of-flight measurement. If a ray does not hit
the mesh within the valid range, it produces no return.

We model three virtual sensors with increasing angular
resolutions: “Ouster-32”, “Ouster-64”, and “Ouster-128”.
For each simulated return, we add range and angular per-
turbations and randomly drop individual points to mimic
missed detections. All rays are restricted to the camera frus-
tum, so the simulated LiDAR only observes the same region
as the RGB camera. Since 3DPW does not contain full 3D
scene geometry, occlusions from other objects are not simu-
lated. Instead, our visibility filter (Section A) discards mesh

regions that are likely occluded in the image.

The sensor configurations are summarized in Table 8.
All three sensors share the same noise characteristics and
valid distance range [0:5;90] m, but differ in vertical and
horizontal resolution. We use these simulated sweeps as in-
put to our pipeline, keeping all other components identical
to the real-LiDAR setting. This design allows us to isolate
the impact of LiDAR density and noise on performance.

Nr. Type Resolution Range noise Angular noise  Range
Vert. Hor. mean std mean std min max
1. Ouster-32 32 512 £25:0 100 0.0 0.01 05 90.0
2. Ouster-64 64 1024 £25:0 100 0.0 0.0l 0.5 90.0
3. Ouster-128 128 2048 +25:0 10.0 0.0 0.01 0.5 90.0

Table 8. Specifications of the simulated LiDAR sensors used
on 3DPW [48]. Resolution is given in vertical and horizontal
channels, range noise mean/std are in millimeters, angular noise
mean/std are in degrees, and range min/max are in meters. All
sensors use the same noise levels and a fixed dropout probability
of 10%.

The simulated LiDAR sweeps approximate realistic
Ouster sensors in terms of angular resolution, range
noise, and dropout behavior, while being perfectly time-
synchronized with the RGB images and SMPL ground
truth. This provides a controlled setting to quantify how
much additional 3D information is needed for our optimiza-
tion to improve over purely image-based HMR.

Ours No visibility filtering
Sensor Metric mean std mean std t-value p-value
PVE | 82.0 50.9 843 60.2 9512 0.3416

Ouster-32  MPIPE | 629 42.6 649 527 9.623 0.3360
PA-MPJPE | 502 35.0 515 423 7.720 0.4402

PVE | 669 40.0 69.3 47.6 12.585 0.2082
Ouster-64 MPIPE | 482 310 504 364 15.002 0.1337
PA-MPJPE | 41.1 294 423 348 8.588 0.3905

PVE | 58.7 354 60.2 422 8.879 0.3747
Ouster-128 MPIPE | 43.6 264 453 35.6 12506 0.2112
PA-MPJPE | 37.2 27.1 387 335 11.350 0.2565

Table 9. Ablation study on the visibility filter for partially oc-
cluded body parts. “Ours” denotes the full model with the visibil-
ity filter, while “No visibility filtering” disables this component.

C.1. Ablation study

We perform an ablation study on 3DPW [48] to quantify
the contribution of each newly introduced component: 1)
the visibility filter, ii) the 3D LiDAR alignment term L3p,
and iii) the occlusion-aware pose prior L .occ. For each of
the three simulated sensors, we run our method with one
component removed at a time and compare PVE, MPJPE,
and PA-MPJPE to the full model.



Ours No L :occ No L3p
Sensor Metric mean std mean std t-value p-value mean std t-value p-value
PVE | 73.2 50.9 75.9 759 -68.66 0:00 1712 113.1 -191.95 0:00
Ouster-32 MPIJPE | 57.0 42.6 58.2 432 -66.92 0:00 159.3 1132 -194.86 0:00
PA-MPJPE | 47.6 35.0 48.9 355 -53.33 0:00 49.6 22.1 -78.44 0:00
PVE | 57.2 40.0 60.1 41.3 -33.20 1:09 x 10 28 1732 1174  -188.63 0:00
Ouster-64 MPJPE | 43.9 31.0 452 31.8 -27.73 0:00 161.7 117.8  -191.47 0:00
PA-MPJPE | 38.5 29.4 404 31.0 2421 0:00 49.2 21.6 -77.00 0:00
PVE | 50.5 354 524 36.8 -7.18 1:43 x 10 12 174.9 1214 -185.41 0:00
Ouster-128 ~ MPJPE | 39.1 26.4 40.3 27.6 -5.74 9:71 x 10 ° 163.4  121.8  -188.04 0:00
PA-MPIJPE | 35.1 27.1 36.6 28.9 -1.27 3:62 x 10 18 494 23.0 -76.71 0:00

Table 10. Ablation study on the proposed loss terms in the objective function (Eq. 1), evaluated on the full 3DPW [48] test set (35,515
frames). Removing the occlusion-aware pose prior L ;occ slightly degrades performance, while removing the 3D LiDAR alignment term

L3p leads to a drastic increase in error across all sensors.

Table 9 focuses on the visibility filter. Since this compo-
nent only affects frames where at least one body part is (par-
tially) occluded, we construct a subset of 1,063 frames from
3DPW [48] that each contain at least one occluded limb
(about 2.9% of the dataset). On this subset, we compare our
full model with visibility filtering to a variant where the fil-
ter is disabled. Across all three simulated sensors, removing
the visibility filter consistently increases PVE, MPJPE, and
PA-MPJPE, although the numerical differences are modest.
This confirms that masking out occluded regions helps in
precisely those challenging cases, while having little effect
on fully visible poses.

Table 10 investigates the two new loss terms from Sec-
tion 3.2: the occlusion-aware pose prior L .occ and the 3D
LiDAR alignment term L3p. Here, we evaluate on the full
3DPW test set (35,515 frames). For each sensor, we report
the performance of the full model (“Ours”) and compare it
to 1) a variant without L .occ and ii) a variant without L3p.

The 3D term L3p has by far the most significant impact.
Removing it roughly doubles the PVE and MPJPE across
all three sensors, bringing performance close to that of us-
ing only ICP alignment without any LiDAR-aware refine-
ment. This confirms that the LiDAR-mesh Chamfer term
is crucial for correcting local pose and shape errors beyond
what ICP alone can provide.

The occlusion-aware pose prior L .o¢c yields a more mi-
nor but consistent gain: disabling this term slightly wors-
ens all metrics, indicating that softly constraining occluded
joints toward their initial configuration helps prevent unre-
alistic drift while still allowing visible joints to move freely.

D. Baseline Details

BEVDet4D. The public configuration uses an effective
batch size of 64 (8x8), a learning rate of 2 10 *, and
20 epochs. We retain these settings but train on a single
A40 using batch 8 with 8-step gradient accumulation, and
shorten training to 15 epochs. The BEV and depth ranges

are X 2 [0;12:8]m, y 2 [ 6:4;6:4]m, and depth [1;15]m
with 0.5 m bins.

FlashOcc and its variants. All variants are initialized
from our BEVDet4D (1f) checkpoint (12 epochs). The orig-
inal setupuses LR1 10 4, effective batch 16 (4x4), and
24 epochs; we match the batch size on a single A40 via
batch 4 with 4-step accumulation and train for 15 epochs.
The occupancy volume follows our final evaluation grid:
X 2 [0:4;10:0]lm, y 2 [ 4:8;4:8]m, z 2 [ 1:0;3:8]m at
0.2 m resolution, with depth bins [1; 12] m at 0.5 m.

VoxFormer. For VoxFormer-T we keep the public train-
ing settings (20 epochs and learning rate 2 10 #). The
original configuration uses batch size 1 on 8§ GPUs (effec-
tive batch 8); on our single A40 we use batch size 1 with
8-step gradient accumulation to match this.

Input processing and augmentation. All methods use
the same image pipeline: input images of 1024 1224
(H W) are vertically cropped from rows 144 to 1008
(yielding 864  1224) and then resized to 384  544.
BEVDet4D and the FlashOcc family use the default im-
age augmentations from their public code (no BEV-space
augmentation). For fairness, we also implement a random
horizontal flip for VoxFormer in the image space.

EMA and checkpoints. The public VoxFormer code
does not maintain an exponential moving average (EMA)
model, so we report results from the final checkpoint.
BEVDet4D and the FlashOcc family use EMA in their offi-
cial implementations, and we therefore evaluate these base-
lines using their EMA weights.
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