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Abstract. Dense 3D semantic occupancy perception is critical for mo-
bile robots operating in pedestrian-rich environments, yet it remains un-
derexplored compared to its application in autonomous driving. To ad-
dress this gap, we present MobileOcc, a semantic occupancy dataset for
mobile robots operating in crowded human environments. Our dataset is
built using an annotation pipeline that incorporates static object occu-
pancy annotations and a novel mesh optimization framework explicitly
designed for human occupancy modeling. It reconstructs deformable hu-
man geometry from 2D images, then refines and optimizes it using as-
sociated LiDAR point data. Using MobileOcc, we establish benchmarks
for two tasks: i) Occupancy prediction and ii) Pedestrian velocity predic-
tion, using different methods, including monocular, stereo, and panoptic
occupancy, with metrics and baseline implementations for reproducible
comparison. Beyond occupancy prediction, we further assess our annota-
tion method on 3D human pose estimation datasets. Results demonstrate
that our method exhibits robust performance across different datasets.
Our code and dataset are released at https://autonomousrobots.nl/
paper_websites/mobileocc

Keywords: 3D semantic occupancy · Mobile robot · Occupancy predic-
tion

1 Introduction

Semantic occupancy prediction [21,30,36,46,49] has emerged as a key perception
component in modern navigation 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,
existing datasets [29, 45, 48] 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, neglecting their deformable nature.

For mobile robots operating in human-centered environments, this limitation
is critical. Humans are among the most frequently encountered entities in naviga-
tion, and accurate occupancy prediction must capture their expressive geometry.
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Fig. 1: Qualitative results across occupancy resolutions. Top: input image from UT
Campus Object Dataset (CODa) [55]. Middle: our semantic occupancy label at fine
resolution (0.02 m). Bottom: semantic occupancy at coarse resolution (0.2 m). Gray
voxels denote unknown regions, whereas free space is not shown for clarity.

This is essential for socially aware navigation in dense crowds, interaction-centric
navigation among pedestrians, and physical human–robot interaction requiring
limb-level, pose-dependent representations.

In this paper, we present MobileOcc, a new semantic occupancy dataset de-
signed for human-populated environments. The dataset is annotated using a
proposed pipeline that fuses synchronized image and LiDAR data to generate
occupancy labels, with a particular focus on accurate human representation. The
pipeline produces occupancy annotations for static objects and for free and un-
known space by fusing accumulated and filtered semantic LiDAR points within
an OctoMap framework [19]. For human occupancy modeling, we introduce a
mesh optimization method that first detects humans in images to estimate their
initial pose and mesh, and then optimizes the mesh by fusing corresponding
LiDAR points. Compared with image-only human mesh recovery (HMR) meth-
ods, 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 [15,27,51], our fusion-based method produces robust
and accurate human meshes by leveraging the strengths of both modalities.

The contributions of this paper are as follows:

– We introduce MobileOcc, a 3D semantic occupancy prediction dataset built
on raw sensor data from UT Campus Object Dataset (CODa) [55] for mobile
robots navigating among near-field pedestrians.

– We develop an annotation pipeline that generates occupancy annotations
from synchronized RGB images and dense LiDAR data. In particular, the
pipeline leverages both image data and LiDAR point clouds to produce ac-
curate representations of human occupancy.
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– We establish MobileOcc as a benchmark suite by evaluating existing occu-
pancy frameworks on two tasks: i) 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 is important for navigation and is widely used in
autonomous driving. SemanticKITTI [1] introduced an occupancy perception
dataset based on the KITTI dataset, but it does not account for moving objects
and has limited scale and diversity. Subsequent datasets such as Occ3D [45],
OpenOccupancy [48], and SSCBench [29] provide larger-scale, densely annotated
voxel labels on nuScenes [4], Waymo [42], and KITTI-360 [1]. In off-road set-
tings, WildOcc [54] extends RELLIS 3D [23] with dense semantic occupancy for
unstructured environments. Tab. 1 summarizes key differences. These datasets
typically model moving vehicles as rigid bodies and accumulate points using
pre-labeled 3D bounding-box poses. However, humans are non-rigid and poorly
represented in these datasets. For mobile robots, humans are among the most
common dynamic objects encountered, and a dataset that accurately models hu-
man motion remains needed. Moreover, at fine resolution (Fig. 1), mesh-based
labels preserve limb-level geometry that rigid bounding-box approximations can-
not capture, which is critical for navigation in tight crowd gaps.

Table 1: Comparison with existing 3D occupancy datasets. MobileOcc is the first
to provide non-rigid human occupancy with per-instance tracking for mobile robot
navigation.

Dataset Domain Human Model Instance Track Non-rigid

SemanticKITTI [1] Driving – ✗ ✗
Occ3D [45] Driving Rigid bbox ✗ ✗
OpenOccupancy [48] Driving Rigid bbox ✗ ✗
SSCBench [29] Driving Rigid bbox ✗ ✗
OpenScene [10] Driving Rigid bbox ✓ ✗
WildOcc [54] Off-road – ✗ ✗

MobileOcc (Ours) Pedestrian SMPL mesh ✓ ✓

2.2 3D Occupancy Prediction Methods

Unlike traditional filtering-based methods that fuse 3D points to generate an
occupancy map [7], occupancy prediction learns to map 2D images to voxel-
level semantic occupancy [46]. Camera-only methods such as VoxFormer [30]
and OccDepth [36] infer depth cues and decode a dense 3D volume. Surround-
view approaches [21,46,49] aggregate multi-camera features to improve coverage.
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Efficient variants such as FlashOcc [52] and Panoptic-FlashOcc [53] keep features
in BEV and lift logits to 3D. Our setting is complementary: we focus on mobile
robots in human-rich environments and evaluate such frameworks under non-
rigid human motion.

2.3 Image-Based Human Mesh Recovery

Estimating a 3D human body mesh from a single RGB image has been widely
studied using parametric models such as SMPL [35]. Regression-based meth-
ods [24, 26, 31] directly predict shape and pose parameters, while alternative
designs lift skeletons or heatmaps to meshes [9, 38], or use transformer regres-
sors [32,33]. However, purely image-based pipelines suffer from depth ambiguity.
To reduce this uncertainty, LiDAR-based methods [15, 27, 56] fit SMPL meshes
to point clouds, while S3 [51] uses implicit fields. LiDAR-only methods can be
brittle when human points overlap with nearby objects or become sparse at long
distances. We present a training-free method that first estimates an initial mesh
from an image, then refines it by fusing LiDAR data, leveraging both modalities
and generalizing directly across datasets.

3 MobileOcc Dataset Building

Our dataset is constructed by annotating the image and LiDAR data from the
CODa dataset [55] using the proposed annotation pipeline. This section intro-
duces 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 Fig. 2. Given synchronized image
streams and LiDAR along a robot trajectory, we first run OC-SORT [5] with
YOLOX [16] detection to obtain tracked 2D pedestrian bounding boxes with
IDs. For each tracked person, we estimate 2D pose with keypoint confidence
using VITPose [50], obtain instance masks via Mask2Former [8], and associate
each mask with the LiDAR point cloud. We apply semantic segmentation to
assign Cityscapes [11] class labels for static background elements. All prepro-
cessed data are time-stamped and co-referenced across modalities. With these
preprocessing steps, we perform human mesh optimization (Sec. 3.2) and static
mapping (Sec. 3.3), then fuse them into a 3D occupancy representation (Sec. 3.4).

3.2 Human Mesh Optimization

We propose an optimization-based framework that fuses LiDAR points with
monocular images to improve 3D human mesh estimation. Our approach first
obtains an initial parametric mesh (SMPL) from the image [35], then refines it
in three stages: i) filtering out occluded body parts using 2D keypoint cues, ii)
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Fig. 2: Overview of MobileOcc pipeline. The pipeline consists of: Data preprocessing,
Static mapping, Human mesh optimization, and 3D occupancy representation gen-
eration. The colors of the voxels follow the labeling scheme used in the Cityscapes
dataset [11]. 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.

performing a coarse mesh alignment to LiDAR via iterative closest point (ICP),
and iii) optimizing the SMPL pose/shape parameters to fit the image and LiDAR
observations jointly.
We use the following notation throughout the paper:

– SMPL parameters: pose θ = {θglob, θbody}, shape β, and camera trans-
lation tcam∈R3.

– Camera: intrinsics K.
– Mesh: M with vertex matrix M(β,θ) ∈ R6890×3; visible subset V ⊂ M

with n = |V|.
– LiDAR: point cloud P = {pj}mj=1 with m = |P|.
– Operators: projection ΠK(·), global rotation R(θ), and SMPL joints Ji(β).

Initial SMPL Prediction We obtain an initial SMPL estimate using CLIFF [31],
a top-down HMR regressor that predicts shape β0, pose θ0, and translation t0

from a person crop conditioned on its full-image bounding box location. This
provides a reasonable initial pose and location in the camera frame, but like all
monocular methods, it suffers from depth ambiguity, which our subsequent steps
correct.

LiDAR-Mesh Alignment Before optimizing the human mesh provided by
CLIFF, we first perform visibility filtering to identify the mesh vertices visible
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in the LiDAR data. We then coarsely register the visible mesh vertices V to the
LiDAR points P via ICP [2], estimating a rigid transform T∈SE(3) initialized
from (θglob, tcam). Applying T yields an updated global pose (θ′

glob, t
′
cam) 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 resolves these inconsistencies by adjusting pose and
shape using both image and LiDAR cues.

Mesh Optimization To resolve the remaining pose inconsistencies highlighted
in Fig. 2 (red ellipse), we refine all SMPL parameters (β,θ, tcam) to better
fit both the 2D and 3D data. Inspired by SMPLify [3], we formulate this as
minimizing an objective function

Ltotal(β,θ, tcam) = LJ + λ3D L3D + λθ Lθ + λa La

+ λβ Lβ + λocc Lθ,occ

(1)

that contains terms for image alignment, 3D alignment, and regularization priors
with scalar weights λ:

– 2D joint reprojection (LJ): Penalizes the distance between the projected
3D joints of the mesh and the detected 2D keypoints in the image,

LJ =
∑
i

wi ρ
(
ΠK

(
R(θ)Ji(β)

)
+ tcam − Jest

i

)
, (2)

where wi is the keypoint confidence and ρ(·) is the Geman–McClure robust
penalty [17].

– 3D LiDAR alignment (L3D): Minimizes the distance between visible mesh
vertices V and the LiDAR point cloud P using a symmetric, size-normalized
Chamfer distance:

L3D =
1

|V|
∑
v∈V

min
p∈P

∥v − p∥22 +
1

|P|
∑
p∈P

min
v∈V

∥p− v∥22. (3)

Optimizing over θ and β lets this term correct local pose/shape errors that
pure 2D fitting cannot.

– Pose prior (Lθ): The SMPLify MoG pose prior [3] discourages implausible
joint configurations,

Lθ = − log

N∑
j=1

gj N (θ; µθ,j ,Σθ,j). (4)

– Anti-hyperextension prior (La): Discourages unnatural positive bending
at elbows/knees (as in [3]),

La =
∑

k∈{knees, elbows}

exp(θk). (5)
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– Shape prior (Lβ): A quadratic prior on shape parameters keeps β within
the SMPL space [35],

Lβ = β⊤Σ−1
β β. (6)

– Occlusion-aware pose consistency prior (Lθ,occ): For joints flagged in-
visible by the visibility filter, we regularize deviation from the initialization
to prevent unrealistic drift. Let I be the set of occluded joints with initial
and current unit quaternions {q(0)

i ,qi}; we use

Lθ,occ =
∑
i∈I

(
1− ⟨q(0)

i ,qi⟩2
)
. (7)

We optimize Ltotal with respect to (β,θ, tcam) using gradient descent in Py-
Torch. The result is a refined set (β̂, θ̂, t∗cam) 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 L3D (LiDAR-mesh Chamfer) and Lθ,occ (occlusion-aware pose
consistency), while keeping LJ , Lθ, La, Lβ . We drop interpenetration due to its
high cost and limited impact on final accuracy [26]. Our occlusion-aware visibil-
ity and pose-consistency terms help keep occluded limbs in reasonable positions
without explicit handling of interpenetration. Moreover, since we voxelize occu-
pancy from the final mesh surface (i.e., the exterior boundary), interpenetration
primarily results in rare internal self-overlaps and has minimal effect on the
occupied/free voxel boundary.

3.3 Static Map Generation

We build a high-resolution static semantic map by fusing multi-frame LiDAR ge-
ometry with camera-derived semantics, while explicitly filtering dynamic pedes-
trians, including those outside the camera frustum.

LiDAR-based Detection To avoid moving pedestrians being imprinted into
the background, we run a LiDAR 3D detector per sweep and use its pedestrian
outputs, together with the image-based pedestrian detection result, as a mask
during static mapping. Points that fall within these masks are excluded from
static map generation. This stage neither changes semantic labels nor trains any
model, and its sole purpose is to suppress pedestrian evidence before building
the static map.

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

3.4 3D Occupancy Representation

Static-dynamic Alignment We merge the human-free static map (Sec. 3.3)
with pedestrian evidence (Sec. 3.2) in a shared robot-local frame as shown
in Fig. 2. For each frame, we transform the current static points and raster-
ized meshes into a common local coordinate frame using the synchronized robot
pose, then voxelize them. Static voxels inherit Cityscapes [11] semantics from
RGB points. Pedestrian voxels carry per-instance identifiers, as we assign each
tracked pedestrian a unique ID label.

Label Assignment After alignment, we instantiate voxel grids in the robot
frame with a user-specified resolution (up to 0.02 m) and assign labels in a pri-
ority order: dynamic humans take precedence over static background, so pedes-
trians do not get imprinted into the background during fusion. If no pedestrian
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 [19], which contributes free/unknown
states so that occupied space is supported by explicit geometry. This produces
an aligned voxel grid in which static semantics and dynamic human occupancy
coexist, and all remaining space is consistently categorized as either free or un-
known.

We output our final data in the NuScenes [4] dataset format to ensure easier
integration and consistency with existing tools.

4 Results

In this section, we present a comprehensive evaluation of our approach. We
first evaluate human mesh optimization on three datasets. We then validate
the quality of the generated occupancy labels against available ground-truth
annotations and quantify the robustness of upstream detection. Finally, we train
representative baselines on MobileOcc and report performance on two tasks: i)
occupancy prediction and ii) pedestrian velocity prediction.

4.1 Human Mesh Evaluation

We evaluate our human mesh optimization method in 3DPW [47], SLOPER4D [12],
and HumanM3 [14] datasets. We report four standard metrics: PVE (Per-Vertex
Error, mm), the average vertex-level Euclidean distance; MPJPE (Mean Per-
Joint Position Error, mm) over the dataset’s kinematic joint set; PA-MPJPE
(Procrustes-Aligned MPJPE, mm), which isolates articulated pose quality from
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Table 2: Simulated LiDAR comparison on 3DPW [47]. Video/Image methods use no
depth and are reported with root alignment. Ours fuses simulated LiDAR without root
alignment.

Modality Method PVE ↓ MPJPE ↓ PA-MPJPE ↓

Video

VIBE [25] 99.1 82.9 51.9
DynaBOA [18] 82.0 65.5 40.4
MotionBERT [57] 79.4 68.8 40.6
WHAM-B [41] 71.0 59.4 37.2

Image

SMPLify [3] 106.8 – –
TRACE [44] 97.3 79.1 37.8
SPIN [26] 96.9 59.2 –
ROMP [43] 93.4 76.7 47.3
HybrIK [28] 82.3 71.6 41.8
CLIFF [31] 81.2 69.0 43.0
Cha. [6] 76.3 66.0 39.0
PLIKS [40] 73.3 60.5 38.5

LiDAR
Ours (Ouster-32) 73.2 57.0 47.7
Ours (Ouster-64) 57.2 43.9 38.5
Ours (Ouster-128) 50.5 39.1 35.1

global placement; and MPERE [15] (Mean Per-Edge Relative Error), the average
relative error of mesh edge lengths. PVE and MPERE are reported only when
the vertex ground truth is available.

Results on the 3DPW Dataset 3DPW [47] dataset is a popular in-the-
wild dataset with 3D pose and shape ground truth. Since no LiDAR points are
available, we add synthetic LiDAR sweeps at 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 following the CARLA LiDAR noise model [13].
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.

Tab. 2 presents the results of our method compared with other image- and
video-based HMR approaches evaluated on the 3DPW dataset. Since image- and
video-based methods inherently lack depth, they are evaluated using root align-
ment [47], 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 metrics without using root
alignment, indicating better absolute placement (PVE/MPJPE) and pose accu-
racy (PA-MPJPE). Performance increases with denser LiDAR, which provides
more reliable 3D correspondences.

Results on the SLOPER4D and HumanM3 Datasets We further evaluate
our method on SLOPER4D [12] and HumanM3 [14] datasets, which are targeted
for LiDAR-based 3D human pose estimation. SLOPER4D [12] 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



10 J. Kim et al.

Table 3: Comparison on real LiDAR: SLOPER4D and HumanM3. Modality: RGB =
image, LiDAR = point clouds, RGB+LiDAR = fused. The PA-MPJPE (mm) columns
isolate the effect of our LiDAR optimization over the CLIFF initialization.

SLOPER4D [12] HumanM3 [14]

Method PVE ↓ MPJPE ↓ PA-MPJPE ↓ MPERE ↓ MPJPE ↓ PA-MPJPE ↓

LiDAR-based
PRN [15] – 57.0 – – 82.2 –
V2V-PoseNet [37] – 50.7 – – 83.0 –
LiDAR-HMR [15] 51.9 51.0 – 0.094 77.6 –
LiDARCap [27] 148.1 158.3 – 0.050 175.8 –
SAHSR [22] 81.2 72.6 – 0.085 105.5 –
VoteHMR [34] 60.9 54.6 – 0.079 105.8 –

RGB-based
CLIFF [31] 93.7 84.7 69.3 0.057 106.3 66.5

RGB+LiDAR
Ours 64.4 55.8 43.5 0.060 83.9 58.1

dataset at a time. HumanM3 [14] 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 [15].
MPERE is computed for any method that outputs a mesh (SMPL-based or
model-free that reconstructs 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: visibility filtering, single-sweep rigid pre-
alignment, and joint refinement using RGB and LiDAR, all evaluated in the
sensor frame.

We compare against LiDAR methods benchmarked on these two datasets
and present additional results using our base image model, CLIFF [31]. As sum-
marized in Tab. 3, our method achieves strong accuracy without any LiDAR-
specific training. The PA-MPJPE columns directly isolate the effect of our
LiDAR-guided optimization: comparing CLIFF (RGB) to Ours (RGB+LiDAR)
shows substantial reductions on both SLOPER4D and HumanM3, confirming
that most gains arise from test-time optimization with LiDAR constraints. Most
competing methods are trained on LiDAR (and often dataset-specific) supervi-
sion, whereas our improvements arise purely from the optimization process at
inference.

4.2 Occupancy Label Quality

Pointwise manual semantic annotation of 3D LiDAR data is prohibitively expen-
sive, and CODa provides such labels for only a small portion of its sequences.
We validate our voxel labels against CODa ground truth on 4 sequences (400
frames) and assess detection reliability across conditions; quantitative results are
reported in Tab. 4.
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Fig. 3: Qualitative comparison of different baselines under various lighting conditions,
including sunny, night, and cloudy scenes.
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Fig. 4: Panoptic occupancy prediction performance using Panoptic-FlashOcc (8f) [53].
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Fig. 5: Pedestrian velocity prediction using Panoptic-FlashOcc-vel (8f). The directions
are shown in colors and arrows.

Static voxel-label quality We evaluate final static semantic voxel labels
against CODa’s ground-truth semantic LiDAR point annotations for road, veg-
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etation, and terrain. High GT coverage confirms that our voxel grid captures
nearly all annotated geometry. The primary error source is taxonomy and domain
mismatch between our Cityscapes-trained segmentation and CODa’s campus-
outdoor categories; e.g., CODa’s “Short Vegetation” maps to Cityscapes’ terrain
or vegetation depending on context, which mainly limits vegetation and terrain
IoU.

Pedestrian occupancy quality We evaluate dynamic pedestrian voxel labels
using CODa 3D pedestrian bounding boxes as proxy ground truth. Since CODa
does not provide dense human-geometry annotations, bounding boxes serve as
the best available reference; however, they are inherently conservative because
they overcount occupied volume by including empty space around the body
and by including ground-plane voxels at pedestrians’ feet. We therefore consider
only camera-visible occupied voxels within each bbox volume and exclude the
bottom 0.1m of each bbox, which contains road/terrain voxels rather than body
geometry. As shown in Tab. 4, precision is 84.4% and recall is 81.9%, confirming
that our labels capture the majority of pedestrian geometry.

Pedestrian occupancy quality vs. LiDAR body GT. Bounding boxes
overcount occupied volume, so we additionally validate the SMPL-derived vox-
els against a tighter reference built from raw LiDAR returns. For each pedes-
trian within the benchmark range, we extract the LiDAR points that fall inside
CODa’s human-annotated 3D bounding box and voxelize them on the 0.2 m eval-
uation grid to obtain a per-pedestrian LiDAR body ground truth, a sampling
of the sensor-facing body surface, restricted to the camera frustum to ensure a
like-for-like comparison with our SMPL voxels. LiDAR returns lie on the visible
body surface, whereas SMPL voxelization fills the body volume, so a LiDAR
voxel naturally sits roughly half a body-depth (∼ 0.19 m, measured) ahead of
the corresponding SMPL voxel at the body center. We therefore evaluate at the
standard ±1 voxel-size center-to-center tolerance, with precision (SMPL→GT)
and recall (GT→SMPL). Tab. 5 reports per-sequence results across 400 frames
and 790 pedestrian instances. Precision reaches 95.5 and F1 92.5, substantially
above the conservative bounding-box proxy, confirming that the pedestrian vox-
els closely match true body geometry.

Detection robustness To quantify how upstream detection errors propagate
into occupancy labels, we perform manual quality assurance on 300 frames span-
ning crowded, uncrowded, and nighttime conditions (Tab. 4). Daytime detection
achieves high recall and precision across both crowd densities. Nighttime recall
decreases due to low illumination, while precision remains high, indicating that
missed detections dominate false positives. These misses affect only the frames
in which they occur and do not propagate into the static map, since pedestrian
filtering already excludes detected humans from static fusion and human occu-
pancy overrides static labels during alignment. We distinguish between daytime
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Table 4: Occupancy label quality and upstream detection robustness. Top: voxel labels
evaluated against CODa ground truth (4 sequences, 400 frames). Bottom: manual
detection QA on 300 frames (T : correct; Mvis/Mocc: missed visible/occluded(counts);
W : false positives).

Static Semantic Voxels (vs. GT LiDAR points)
mIoU (road / veg. / terrain) 71.2 (88.8 / 68.0 / 57.0)
GT point coverage 96.8
Voxel-level accuracy 88.1
Point-level accuracy 94.0

Pedestrian Voxels (vs. GT 3D bounding boxes)
Precision 84.4
Recall 81.9
F1 83.1

Detection Robustness (manual QA, 300 frames)
Condition T Mvis Mocc W Recall Precision Missvis%
Crowded 480 6 6 5 98.8 99.0 1.2
Uncrowded 191 1 2 0 99.5 100 0.5
Night 40 12 3 1 76.9 97.6 23.1

Table 5: Pedestrian voxel quality vs. LiDAR body GT, per CODa sequence (400
frames, 790 pedestrian instances).

Seq 7 11 16 18 All

Precision ↑ 95.2 98.9 91.1 96.9 95.5
Recall ↑ 83.6 87.8 95.6 92.6 89.9
F1 ↑ 89.0 93.0 93.3 94.7 92.5

and nighttime sequences in the dataset, enabling users to select subsets that
match their target deployment conditions.

5 Benchmark

5.1 Benchmark Details

We evaluate all methods at 0.2m voxel resolution over a grid spanning x ∈
[0.4, 10.0]m, y ∈ [−4.8, 4.8]m, z ∈ [−1.0, 3.8]m, downsampled to 5 Hz. The train-
ing/validation split contains 92,303/24,208 frames (79/21%), of which 30,457/7,165
have pedestrian annotations. We use 10 semantic classes (one free-space, nine
occupied), merging rare categories: bicycles, motorcycles, and scooters into two-
wheeler, and several static structural categories into other-structure.

5.2 Baseline Implementations

Monocular BEV-based baselines. Monocular baselines include BEVDet4D [20]
as a detection and velocity baseline, and FlashOcc [52] and Panoptic-FlashOcc [53]
as semantic and panoptic 3D occupancy baselines. We use 8 historical frames



14 J. Kim et al.

based on their public settings. The original BEVDet4D, FlashOcc, and Panoptic-
FlashOcc models assume multi-view surround-camera inputs, whereas our dataset
contains only front-view images. Therefore, we adapt them to a monocular set-
ting by using only the left stereo camera to estimate depth. We also introduce
Panoptic-FlashOcc-vel, which extends the detection head of Panoptic-FlashOcc
to predict velocities (vx, vy) with an L1 loss for velocity supervision.

Stereo baseline: VoxFormer [30]. 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 upsampled to our 0.2m target grid. We follow the public
training settings of each baseline.

5.3 Benchmark Results

3D occupancy prediction. Tab. 6 and Fig. 3 compare the baselines on the se-
mantic occupancy prediction task. FlashOcc (FO) achieves the highest mean IoU
(mIoU) and outperforms the other methods on most classes. Panoptic-FlashOcc
(PF) yields a minor mIoU drop relative to FO due to the multi-task trade-off.
VoxFormer (VF) remains competitive on pedestrians, possibly because it ben-
efits from stereo depth, whereas FlashOcc may inherit monocular pedestrian
detection errors from BEVDet4D pretraining. 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 panop-
tic occupancy quality using BEVDet4D and Panoptic-FlashOcc. As shown in Tab. 7
and Fig. 4, BEVDet4D (BD) provides only pedestrian detections, while Panoptic-
FlashOcc (PF) predicts voxel-level panoptic labels. Pedestrian Average Precision
(APPed) is evaluated across distance thresholds 0.1 m, 0.2 m, 0.5m and 1m on
detected centers. In addition to standard panoptic metrics, we also report PQ†,
a relaxed panoptic quality [39] that relaxes 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. Tab. 7 sum-
marizes the absolute velocity error (AVE; m/s) over all ground truth pedes-
trian voxels (AVE-T), true-positive detections within 1 m (AVE-D), and cor-
rectly classified voxels occupied by pedestrians (AVE-O), together with mIoU.
PF-vel achieves comparable velocity accuracy while maintaining voxel-level se-
mantic occupancy. Qualitative examples in Fig. 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 directions, indicating
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Table 6: 3D occupancy prediction performance. VF-T: VoxFormer-T, FO: FlashOcc,
PF: Panoptic-FlashOcc. Best in bold. IoU denotes geometric IoU.

Method IoU mIoU

VF-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

ped. car oth.str. pole road terrain truck 2-wh. veg.

Table 7: Panoptic occupancy and pedestrian velocity prediction. BD: BEVDet4D, PF:
Panoptic-FlashOcc, PF-vel: Panoptic-FlashOcc-vel.

Scene-level Pedestrian AVE (m/s)↓

Method PQ PQ† RQ SQ PQPed RQPed SQPed APPed T D O mIoU↑

BD (8f) – – – – – – – 41.7 1.00 0.36 – –
PF (8f) 19.9 32.6 28.1 65.8 42.5 60.2 70.7 45.5 – – – –
PF-vel (8f) – – – – – – – – 0.97 0.39 0.67 26.00

that there is remaining headroom for improving pedestrian velocity prediction
in conjunction with panoptic occupancy.

6 Conclusion

This paper presents MobileOcc, a human-aware semantic 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 component on established datasets, where adding LiDAR
points for optimization substantially improves image-based methods and remains
robust across them. 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 navigation in crowds.

Limitations and future work. Currently, MobileOcc focuses on outdoor
scenes, which may limit generalization across domains and conditions. Future
extensions include broadening geographic and environmental diversity (e.g., in-
door spaces and adverse weather). Additionally, our non-rigid model uses SMPL
and does not capture carried or accompanying objects; we plan to extend the
benchmark toward human-object occupancy to better handle such cases.
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