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Abstract

We address an advanced challenge of predicting pedestrian
occupancy as an extension of multi-view pedestrian detection
in urban traffic. To support this, we have created a new syn-
thetic dataset called MVP-Occ, designed for dense pedestrian
scenarios in large-scale scenes. Our dataset provides detailed
representations of pedestrians using voxel structures, accom-
panied by rich semantic scene understanding labels, facilitat-
ing visual navigation and insights into pedestrian spatial in-
formation. Furthermore, we present a robust baseline model,
termed OmniOcc, capable of predicting both the voxel oc-
cupancy state and panoptic labels for the entire scene from
multi-view images. Through in-depth analysis, we identify
and evaluate the key elements of our proposed model, high-
lighting their specific contributions and importance.

Project page — https://sithu31296.github.io/mvpocc

Introduction
Recognition of crowded pedestrians in large-scale environ-
ments, particularly in surveillance systems with multiple
CCTV cameras, has been an important area of research. Var-
ious multi-view tasks including multi-view crowd counting
(Zhang and Chan 2019; Zhang, Lin, and Chan 2021), multi-
target multi-camera tracking (Gan et al. 2021; Jeon et al.
2023; Luna et al. 2022; Nguyen et al. 2023), multi-view hu-
man pose estimation (Dong et al. 2019; Tu, Wang, and Zeng
2020; Zhang et al. 2021), and multi-view pedestrian detec-
tion (Hou, Zheng, and Gould 2020; Song et al. 2021; Hou
and Zheng 2021; Aung et al. 2024) have emerged in this
area. However, these tasks are still limited to the 2D ground
plane when estimating crowd density and global positions
of individuals. Although multi-view pose estimation meth-
ods yield 3D poses of pedestrians, they are yet constrained
to small environments with a limited number of people and
struggle with regressing metric-level 3D joint locations.

To address these limitations, we propose extending multi-
view pedestrian detection to multi-view pedestrian occu-
pancy prediction, as illustrated in Fig. 1, where the occu-
pancy status has to be predicted for every voxel in the en-
tire scene and every grid cell within the bird’s eye view
plane. Predicting occupancy status within the ground plane
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Figure 1: Visualizations of the proposed dataset. The pri-
mary objective is to predict the semantic and instance la-
bels of the voxels and determine each pedestrian’s location
within the scene. The dataset includes five expansive scenes
with dense pedestrian activity. (Best viewed in color.)

allows us to identify each pedestrian instance, while voxel-
level occupancy prediction provides rich geometric informa-
tion about the scene and a more articulate representation of
pedestrians, including their heights. Additionally, estimating
the semantic label of each voxel enables us to gain insight
into the surrounding contexts, which is an added advantage.
However, as highlighted in Table 1, existing datasets do not
provide this level of information, underscoring the need for
more comprehensive datasets tailored for spacious scenes
with crowded pedestrians.

Hence, we propose a novel synthetic Multi-View
Pedestrian Occupancy dataset, MVP-Occ, comprising five
large-scale scenes, designed to mimic real-world environ-
ments. In our dataset, the entire scene is represented by vox-
els, and each voxel is annotated with one of five classes, in-
dicating whether it belongs to a pedestrian, the background
environment, or is empty. Furthermore, our dataset goes be-
yond occupancy prediction, offering a variety of perception
tasks such as segmentation, pose estimation, semantic scene
completion, depth estimation, and more, spanning both 2D
and 3D domains. To the best of our knowledge, our dataset
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Dataset Type Modality #frames #scenes #peds. pose

PETS2009 Real I 0.42k 1 40 -
CMUPanoptic Real I+D 297k 1 8 ✓
Human-M3 Real I+P 12.2k 3 10 ✓
CityStreet Real I 0.5k 1 150 -
WildTrack Real I 0.4k 1 20 -
MultiviewX Syn. I 0.4k 1 40 -
GMVD Syn. I 6k 7 40 -

MVP-Occ Syn. I+D+P 12.5k 5 100 ✓

Table 1: Comparison with available multiview pedestrian
datasets. Ours is by far the most comprehensive with rich
2D/3D annotations, including I: image, D: depth, P: point
cloud, human poses, segmentation, and occupancy labels.

is the first to provide such comprehensive 3D annotations for
urban surveillance scenarios, opening avenues for further re-
search in pedestrian recognition and scene understanding.

Alongside the newly proposed dataset, we introduce a ro-
bust baseline model, termed OmniOcc to tackle the chal-
lenge of multi-view pedestrian occupancy prediction. Our
model is characterized by its expandability and ability to
handle various combinations of camera configurations and
scene dimensions during train and test time. Additionally,
our model is designed to predict 2D pedestrian occupancy
in the ground plane while simultaneously predicting 3D se-
mantic occupancy for the entire scene. Using pedestrian in-
stances as center locations, our model can further group se-
mantic occupancy into instance and panoptic occupancies.

Furthermore, we establish a new evaluation benchmark to
assess the performance of the proposed model on both 2D
and 3D occupancy predictions. Our experiments cover con-
ventional evaluations on the same scene and also address
the challenging task of synthetic-to-real transfer with the
WildTrack dataset (Chavdarova et al. 2018), for which we
have generated the ground-truth segmentation data. Through
these extensive analyses, we conduct an in-depth examina-
tion of the proposed model, dissecting the individual con-
tributions of each component. The results underscore the su-
periority of our approach over previous multi-view detection
methods, particularly highlighting its prowess in synthetic-
to-real evaluation, where existing methods falter in transfer-
ring knowledge when confronted with disparate scenes.

Related Work
Multi-view human pose estimation. Existing works
(Dong et al. 2019; Tu, Wang, and Zeng 2020; Lin and Lee
2021) on multi-view 3D pose estimation methods have pre-
dominantly concentrated on constrained environments with
a limited number of individuals. As summarized in Table 1,
widely used datasets for this task, such as CMU-Panoptic
(Joo et al. 2015) and Human-M3 (Fan et al. 2023) are not
intended for expansive scenarios involving a large num-
ber of pedestrians. Consequently, there exists a demand for
datasets that accurately portray complex CCTV-like situa-
tions, characterized by sparsely installed cameras that cap-

ture large scenes with dense pedestrian crowds.

Multi-view pedestrian detection. Recent research efforts
(Song et al. 2021; Hou and Zheng 2021; Qiu et al. 2022;
Aung et al. 2024) have focused on detecting dense pedestri-
ans in large scenes using multi-view information. However,
the datasets associated with these methods, such as Wild-
Track (Chavdarova et al. 2018), MultiviewX (Hou, Zheng,
and Gould 2020), and GMVD (Vora et al. 2023), only pro-
vide pedestrian locations on the ground plane, lacking de-
tailed information on poses and actions. This limitation
may restrict their utility in certain applications. To address
this gap and align with our research objectives, we aim to
develop a dataset that includes detailed information about
pedestrians and provides rich context at the scene level, thus
facilitating a broader range of research applications.

Semantic scene completion. Representing scenes with
volumetric occupancy and semantic labels has been ac-
tively researched in the context of semantic scene comple-
tion (SSC) tasks. SSC methods typically rely on pairs of
RGB and depth images as input and require intermediate
representations (Song et al. 2017; Chen et al. 2020; Wu et al.
2020; Tang et al. 2022). Moreover, they focus mainly on
small indoor environments, capturing static scenes and ob-
jects, while later advancements (Roldao, de Charette, and
Verroust-Blondet 2020; Cao and de Charette 2022; Yao et al.
2023) expanded the SSC to outdoor scenes by inferring
dense geometry and semantics from a single monocular im-
age. However, these methods still have limitations, including
using a single RGB image as input and focusing on scene re-
construction with large objects.

3D occupancy prediction. There has been a surge of in-
terest in representing the surrounding environment around
autonomous vehicles through dense occupancy and semantic
labels using multiple cameras, following Tesla AI Day(Tesla
2022). Subsequent research works (Huang et al. 2023; Wei
et al. 2023; Li et al. 2023; Zhang, Zhu, and Du 2023; Liu
et al. 2023) have aimed to address this challenge through the
3D occupancy prediction task. Concurrently, efforts (Tong
et al. 2023a; Fang and Li 2023; Tong et al. 2023b; Tian et al.
2023) have been made to improve the quality of datasets by
densifying the sparse occupancy labels obtained from the
LiDAR sensors. Although our proposed task shares similar-
ities with the works mentioned earlier, there are distinct dif-
ferences. Our task focuses on scenarios with variable cam-
era setups that capture static scenes with dense pedestrian
crowds. In contrast, above methods address scenarios in-
volving a fixed camera setup installed on autonomous ve-
hicles that observe dynamic scenes and prioritize large sur-
rounding environments rather than individual pedestrians.

Method
First, we introduce a baseline model to tackle the multi-view
pedestrian occupancy prediction task. This task entails pre-
dicting the location of each pedestrian and classifying voxels
into one of the pre-defined semantic classes. The subsequent
sections provide detailed information about various compo-
nents of the proposed model.
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Figure 2: Overview of the proposed model. Image features are extracted using a backbone network augmented with an FPN.
Next, multi-view 2D features are projected onto the voxel grid along rays and processed with a 3D U-Net to construct a feature
volume. Semantic occupancy predictions are generated using a two-layer MLP network, whereas a single convolutional layer
predicts the occupancy status of pedestrians. Finally, pedestrian instances are grouped on the basis of both predictions to obtain
instance and panoptic occupancy labels. (Best viewed in color.)

Model Overview
Fig. 2 shows an overview of the proposed model, which
takes a set of N posed multi-view images {In}Nn=1.
Here, In ∈ R3×H×W with H height and W width
of the image. The goal is to estimate dense 3D seman-
tic, instance, and panoptic occupancies, represented by
Vsem ∈ RCs×X×Y×Z , Vpan ∈ RCp×X×Y×Z , Vins ∈
RNp×X×Y×Z , respectively, along with 2D pedestrian occu-
pancy Pocc ∈ R1×X×Y . In these expressions, Cs and Cp in-
dicate the number of semantic and panoptic classes, respec-
tively, Np denotes the total number of pedestrians within the
scene, while X , Y , and Z denote the dimensions of the voxel
grid that defines the scene.

Image encoder. Given that the input modality is in pixel
space, we employ a ResNet (He et al. 2016) model to ex-
tract multi-scale 2D features. These features are instrumen-
tal in capturing diverse semantic and contextual information
across different scales, which is particularly advantageous
for detecting small pedestrians within spacious scenes. The
multi-scale features are effectively fused with an FPN (Lin
et al. 2017) network. The spatial resolution of the fused fea-
ture map is set to one-fourth of the original image size.

View transformer. In estimating the occupancy status and
semantic properties of the entire scene, a crucial step in-
volves translating the multi-view features onto the 3D space.
Recent query-based feature transformation methods(Huang
et al. 2023; Liu et al. 2023; Wei et al. 2023) are not
suitable for our context due to various camera configu-
rations and distinct scene dimensions. As an alternative,
we adopt a non-parametric feature transformation approach
(Rukhovich, Vorontsova, and Konushin 2022), which has
been shown to achieve comparable performance (Harley
et al. 2023). This method operates under the assumption of

a uniform depth distribution along the ray, implying that all
voxels along a camera ray are filled with identical features
corresponding to a single pixel in a 2D space.

To implement this process, we first construct a voxel grid
Vn ∈ R3×X×Y×Z that contains voxel centers and corre-
sponds to the n-th view. The value of each center of the
voxel p = (x, y, z)T is interpolated bilinearly from the im-
age feature Fn at the projected pixel coordinates (un, vn) of
p. Afterward, these feature samples are averaged from all
views, considering only the valid number of 2D projections
as Eqs. (1) to (3).

V(p) =
1

N

N∑
n=1

Mn(p)Vn(p), (1)

Mn(p) =

{
1 if 0 ≤ un ≤ W

4 and 0 ≤ vn ≤ H
4 ,

0 otherwise,
(2)

Vn(p) = interp((un, vn), Fn), (3)

where (un, vn)
T = K ′

nRn(p, 1)
T , K ′

n is the scaled intrin-
sic matrix, Rn is the extrinsic matrix, and Mn is a binary
mask indicating whether the projected p is inside the cam-
era’s frustum or not.

Voxel encoder. A 3D U-Net (Çiçek et al. 2016) based net-
work is applied to process the voxel volume leveraging its
effectiveness in handling volumetric data across various 3D
tasks (Gan et al. 2023; Miao et al. 2023). It consists of a stack
of three residual blocks, each with three downsampling 3D
convolutional layers followed by three transposed 3D convo-
lutional layers with C = 64 channels. This allows the net-
work to capture and refine hierarchical features within the
voxel volume, enabling precise occupancy prediction and
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semantic label assignment. The channel dimension is dou-
bled in each downsampling layer and halved in each upsam-
pling layer, following (Murez et al. 2020).

Occupancy decoder. As the voxel encoder already has a
sufficient learnable capacity to accurately infer geometric
and semantic information, we opt for a straightforward de-
sign for the 3D occupancy decoder. We utilize a two-layer
MLP network to produce semantic occupancy prediction
Vsem, encapsulating the classification of each voxel into one
of five distinct semantic classes (Cs = 5).

Location decoder. We compress the feature volume by
averaging along the vertical dimension (Z), resulting in
a bird’s eye view (BEV) feature map. A single convolu-
tional layer is then applied to generate a 2D occupancy map
Pocc, which indicates the presence or absence of pedestri-
ans within each cell of the BEV grid. We find that additional
processing of the feature volume does not enhance location
accuracy. This suggests that the pedestrians’ locations are
primarily inferred from the occupancy status of 3D voxels.

Pedestrian instance grouping. Taking advantage of the
simultaneous prediction of Vsem and Pocc, we group the se-
mantic occupancy of pedestrian class, Vp

sem into Vins. Let
L ∈ RNp×2 = {lj}

Np

j=1 denote the set of Np pedestrian lo-
cations, obtained by filtering Pocc with a pre-defined confi-
dence threshold τ and applying non-maximum suppression.
An affinity matrix S ∈ RXY Z×Np can be defined where
each element Si,j represents the euclidean distance between
the i-th voxel and j-th location:

Si,j = ∥vi − lj∥, (4)

Wi,j =

{
1 if Si,j < r,

0 otherwise,
(5)

where vi is the coordinate vector with x and y coordinates of
p. Wi,j is a binary mask to check if Si,j is within a threshold
r of 50 cm. Then, for each voxel i, we can find the index of
the closest location j:

Di = argmin
j

Si,:Np , (6)

and if ∃i such that Wi,j = 1, we set the label of i-th voxel in
Vins to Di. We obtain panoptic occupancy prediction Vpan ∈
RCp×X×Y×Z after combining Vins ∈ RNp×X×Y×Z with
three background/stuff classes of Vsem, where Cp = Cb +
Np and Cb = 3.

Loss
3D occupancy loss. Discretizing the vast expanse of the
scene results in a large amount of free voxels. To address
the dominance of the Free class and ensure balanced opti-
mization across all classes, we use a weighted cross-entropy
loss, Lwce. The weights are derived from the inverse of the
class frequency fc, computed as w = 1

log(fc+ϵ) , where ϵ ≪
1, following (Roldao, de Charette, and Verroust-Blondet
2020; Milioto et al. 2019). Furthermore, we incorporate the
Lovász-Softmax loss Llovasz (Berman, Triki, and Blaschko

Scenes Alley Plaza Field Park Facade WildTrack

#cameras 6 3 4 8 7 7
size(m) 18×45 15×46 29×40 48×43 36×12 12×36
#peds. 60 50 40 100 40 20

Table 2: Comparison between MVP-Occ and WildTrack.

2018) to enhance segmentation quality for pedestrians. We
also apply the scene-class affinity loss Laffinity (Cao and
de Charette 2022) to further improve overall segmentation
quality by optimizing geometry and semantics separately.
The final 3D occupancy loss is formulated as follows:

L3D = λwce · Lwce + λlovasz · Llovasz + λaffinity · Laffinity, (7)

where λwce = 0.4, λlovasz = 0.3, and λaffinity = 0.3 are hy-
perparameters to balance the loss components.

2D occupancy loss. Occupancy prediction in the BEV
plane resembles a keypoint detection problem, aiming to
produce a heatmap that reflects the likelihood of occupancy
at each position on the ground plane. We utilize a Gaussian
kernel to splat all ground-truth pedestrian locations onto a
heatmap and compute the mean squared error (MSE) be-
tween the predicted and ground-truth occupancy maps.

Total loss. The final loss function is a composite of both
3D and 2D occupancy losses, expressed as:

L = (1− λ) · L3D + λ · L2D, (8)

where λ = 0.3 is a weighting coefficient and prioritizes L3D

due to its higher complexity and difficulty in optimization.

Datasets
This section presents MVP-Occ, our new synthetic dataset,
and describes how we added new labels to the existing real-
world WildTrack dataset (Chavdarova et al. 2018) for eval-
uation purposes.

MVP-Occ Dataset
Our dataset is generated using the CARLA simulator (Doso-
vitskiy et al. 2017), originally developed for autonomous
driving research (Sun et al. 2022; Weng et al. 2021; Sima
et al. 2023; Yang et al. 2024). Due to its comprehensive
functionalities and rapid development capabilities, we have
adapted it to suit our urban traffic scenario.

Scene generation and simulation. CARLA offers diverse
environments, from which we select specific scenes for
our study. Similarly to Human-M3(Fan et al. 2023) and
GMVD(Vora et al. 2023), we provide multiple scenes to
investigate cross-scene performance, named Alley, Plaza,
Field, Park and Facade, as described in Table 2. Each scene
is designed with unique characteristics to challenge the
model’s adaptability and robustness. Pedestrian models from
the built-in assets library are utilized to simulate foot traffic,
including activities such as walking and running. Pedestri-
ans are strategically spawned within and outside the scene
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Method MVDet∗ SHOT∗ GMVD† MVFP† OmniOcc (Ours)†

Training MODA MODP F1 MODA MODP F1 MODA MODP F1 MODA MODP F1 MODA MODP F1
Alley 93.4 87.9 96.6 95.0 91.0 97.5 91.9 88.3 95.8 95.8 90.8 97.8 96.8 88.9 98.0
Plaza 87.5 88.5 93.3 88.9 89.5 94.2 85.5 87.4 92.3 89.3 90.7 94.4 92.4 86.7 96.1
Field 82.1 85.6 90.5 85.3 88.9 92.2 82.4 85.2 90.6 84.9 87.1 92.2 92.6 86.9 96.3
Park 88.9 84.9 94.2 88.5 87.3 93.9 88.4 84.5 93.9 91.2 87.5 95.5 93.4 87.9 96.6
Facade 91.4 87.4 95.5 92.0 89.5 95.8 90.1 88.1 94.8 92.7 90.9 96.2 93.7 89.8 96.8
Avg. 88.7 86.7 94.0 89.9 89.2 94.7 87.7 86.7 93.5 90.8 89.4 95.2 93.8 88.0 96.8

Table 3: 2D pedestrian occupancy prediction under same-scene evaluation on MVP-Occ. Previous methods are supervised with
ground-plane locations, while our method additionally utilizes voxel-level supervision. ∗ methods are scene-specific, while †

methods can work with variable camera setups. The best and second best results are bolded, and underlined, respectively.

to emulate entry and exit patterns and navigate through the
scene through AI control, which enables obstacle avoidance
and autonomously generates navigation paths to predefined
target locations. In addition, manual intervention is applied
to manipulate certain pedestrians, ensuring their presence
within or departure from the scene upon reaching their des-
ignated destinations. Moreover, we control the timing and
speed of certain pedestrians to simulate group motions, such
as synchronized walking or following behaviors, and main-
taining flock formation.

Rendering and data generation. We render a compre-
hensive suite of sensors, including RGB, depth, semantic,
and instance segmentation sensors, as depicted in Fig. 1. The
camera setup configuration and the degree of overlapping
fields of view are meticulously adjusted for each scene. The
dataset is generated at 10 FPS for 2500 frames, with an im-
age size of 1920×1080. Point clouds obtained from monoc-
ular views are fused and subsequently voxelized within the
area of interest to get occupancy labels. Details are provided
in the supplementary material. A 10 cm voxel size is used
for discretization and is categorized into one of five unified
classes: Free, Pedestrian, Ground, Wall, and Others with a
supercategory of Background class for all scenes. Note that
in our dataset, only one instance/thing class (Pedestrian) ex-
ists with three stuff classes (Ground, Wall, and Others) for
the panoptic occupancy prediction task.

WildTrack Dataset
WildTrack (Chavdarova et al. 2018) is a real-world dataset
captured using seven cameras with significant overlapped
fields of view. We aim to evaluate synthetic-to-real perfor-
mance on this dataset by training on the proposed synthetic
scenes. However, the dataset only provides pedestrian loca-
tions on the ground plane and lacks occupancy labels, which
are difficult to obtain in real-world scenes. To address this,
we assess 3D occupancy prediction performance by compar-
ing the rendered occupancy predictions with 2D segmenta-
tion masks. Due to the absence of segmentation data in Wild-
Track, we manually annotated each image, generating 2D
semantic, instance, and panoptic segmentation labels. This
approach enables us to validate our model’s performance in
predicting accurate 2D segmentations, serving as a proxy for
its 3D occupancy prediction capabilities.

Metric Semantic Occ. Inst Occ. Panoptic Occ.
Training mIoU IoUPed. IoUBg. AP PQ SQ RQ
Alley 93.6 68.5 99.9 95.8 95.3 96.0 99.1
Plaza 93.5 67.6 99.9 92.0 94.6 96.1 98.2
Field 93.6 68.2 99.9 93.6 94.5 96.5 97.7
Park 91.8 62.9 98.9 95.5 94.5 95.9 98.3
Facade 93.7 69.5 99.8 94.8 95.9 97.0 98.8

Table 4: 3D occupancy prediction under same-scene evalua-
tion on MVP-Occ.
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Figure 3: Qualitative results of 2D and 3D occupancy predic-
tions under same-scene evaluation on the Park scene. (Best
viewed in color.)

Experiments
In this section, we first report on the evaluation metrics
and training details. The subsequent sections provide exten-
sive experiments on both 2D and 3D occupancy prediction
benchmarks and lastly, ablation studies.

Evaluation metrics. We use commonly adopted metrics
from multi-view detection methods to gauge the perfor-
mance of 2D occupancy prediction. These include MODA
(Multi-Object Detection Accuracy), MODP (Multi-Object
Detection Precision), and F1 score, each offering insights
into the model’s proficiency in pedestrian detection within
the scene. For 3D semantic occupancy, we calculate voxel-
level IoU metrics to quantify the overlap between predicted
and ground-truth occupancies for each semantic class and
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Method GMVD MVFP OmniOcc (Ours)

Training MODA F1 MODA F1 MODA F1
Alley 11.8 34.1 11.9 36.5 33.3 63.2
Plaza 7.5 15.5 14.3 35.1 15.0 54.1
Field 5.2 10.0 24.8 41.9 41.2 60.4
Park 1.8 24.5 18.5 47.6 48.7 72.1
Facade 46.3 71.9 52.6 74.9 75.4 87.5

Table 5: 2D occupancy prediction under synthetic-to-real
evaluation on WildTrack. Our model outperforms previous
methods in all scenes.

Metric Semantic Occ. Insta. Occ. Panoptic Occ.
Training mIoU IoUP IoUG AP AP25 PQ SQ RQ
Alley 74.5 46.1 89.5 25.8 55.0 54.5 75.8 65.2
Plaza 34.1 19.0 36.6 3.7 12.8 43.5 73.2 50.8
Field 62.3 42.6 78.5 20.9 41.4 43.7 69.3 57.6
Park 75.2 47.9 89.7 23.4 47.8 54.1 75.6 64.7
Facade 79.8 58.4 90.7 40.2 70.0 58.9 76.2 72.3

Table 6: 3D occupancy prediction under synthetic-to-real
evaluation on WildTrack. Note that the evaluation is done
with multi-view segmentation data due to the lack of occu-
pancy ground-truths.

mean IoU across all classes. We report AP (Average Preci-
sion) as mask AP using pycocotools (Lin et al. 2014) for 3D
instance occupancy and PQ (Panoptic Quality) metric (Kir-
illov et al. 2019), which is composed of SQ (Segmentation
Quality) and RQ (Recognition Quality) for 3D panoptic oc-
cupancy. Details are provided in the supplementary material.

Training details. Multi-view images are resized to
1280×720, and ResNet-18 is used as the backbone network.
Each scene in our dataset is divided into training and testing
sets, allocating 80% of the initial frames to the training split
and reserving the remaining 20% for testing purposes, while
WildTrack uses a 90/10 split. A voxel size of 10 cm for dis-
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Figure 4: Qualitative results of synthetic-to-real transfer
from Facade to WildTrack. (Best viewed in color.)

cretization results in variable grid dimensions, depending on
the scene dimensions, as detailed in Table 2. τ is set to 0.5
to filter out low-confidence detections in 2D occupancy pre-
diction. The optimization process employs the AdamW op-
timizer with an initial learning rate of 1× 10−3 and a decay
rate of 1× 10−2. Training is conducted over 5 epochs, with
a cosine learning rate scheduler dynamically adjusting the
learning rate. The experiments were performed using four
NVIDIA A100 GPUs, with a batch size of 4.

Same-Scene Evaluation
In this evaluation scheme, all models undergo training in the
train set and are evaluated on the test set of each scene in the
proposed MVP-Occ dataset.

2D occupancy prediction. We compare our model with
previous multi-view detection methods, MVDet (Hou,
Zheng, and Gould 2020), SHOT (Song et al. 2021),
GMVD (Vora et al. 2023), and MVFP (Aung et al. 2024),
using the 2D occupancy prediction benchmark in Table 3.
Our model outperforms all previous methods trained solely
with 2D occupancy maps. However, despite an overall im-
provement in detection, our model yields a lower MODP
score in most scenes, which measures the precision of true
positive instances relative to the ground truth. The observed
discrepancy can be attributed to the inherent misalignment
between regressing each pedestrian’s location on the ground
plane and the voxel-level whole-body representation.

3D occupancy prediction. In Table 4, we present the
same-scene performance of the proposed model on the new
3D occupancy prediction benchmark, which includes se-
mantic, instance, and panoptic occupancies. As anticipated,
under the same-scene evaluation protocol, the model demon-
strates exceptional performance, achieving nearly 99% IoU
for the Background class and 62-68% IoU for the Pedestrian
class, depending on the scene. Qualitative results for the
Park scene are provided in Fig. 3, showcasing the model’s
capability to effectively reconstruct the scene and accurately
detect pedestrians when provided with ground-truth data for
the scene of interest.

Synthetic-to-Real Evaluation
In this evaluation scheme, all models are trained on each
synthetic scene of the proposed MVP-Occ dataset and then
evaluated on the real WildTrack scene.

2D occupancy prediction. We compare against previ-
ous cross-scene multi-view detection models, GMVD (Vora
et al. 2023) and MVFP (Aung et al. 2024) in Table 5. Un-
like the Facade scene, other scenes in our dataset exhibit
significant differences from WildTrack, including variations
in camera setup and scene characteristics. Despite these
challenging scenarios, the proposed model demonstrates su-
perior performance across all scenes compared to previ-
ous methods, which often struggle with disparate scenes.
Notably, GMVD, which relies on ground plane detection,
fails to transfer whereas MVFP, which utilizes 3D feature
pulling, shows better generalization performance. Our Om-
niOcc model surpasses both by incorporating scene under-
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Lwce Llovasz Laffinity mIoU IoUPed. IoUOthers

- - - 85.3 67.1 59.9
✓ - - 89.4 67.2 79.8
✓ ✓ - 93.4 67.9 99.7
✓ - ✓ 93.4 67.4 99.9
✓ ✓ ✓ 93.7 69.5 99.7

Table 7: Ablation study on different loss functions.

standing, which helps mitigate these issues. The Park scene,
with its diverse pedestrian distribution further enhances our
model’s ability to focus on pedestrians, resulting in im-
proved pedestrian detection performance. All models per-
form well when using the Facade scene, which was designed
to closely resemble WildTrack’s conditions.

3D occupancy prediction. We justify the performance of
the 3D occupancy prediction by evaluating the rendered 2D
segmentation masks with manually labeled ground-truth 2D
segmentation data. Unlike the scenes in our dataset, the
WildTrack dataset has only three semantic classes: Free,
Pedestrian, and Ground. Based on Table 6, the 3D semantic
occupancy prediction yields conclusions similar to the 2D
occupancy prediction. However, for 3D instance and panop-
tic occupancy predictions, we observe better segmentation
quality for individual pedestrians in the Alley scene com-
pared to the Park scene. The best performance is consistently
achieved by the Facade scene, which continues to deliver
outstanding results across all occupancy prediction tasks.
The qualitative results in Fig. 4 further demonstrate the im-
pressive generalization capabilities of the Facade scene in
WildTrack. The segmentation quality of individual pedestri-
ans is notably more accurate for the Facade scene, where the
model was trained. Nevertheless, addressing the challenges
associated with scene understanding in dissimilar scenes re-
quires further investigation and methodological refinements.

Ablation Study
For all experiments under the ablation study, we utilize the
Facade scene unless otherwise specified.

Loss functions. In Table 7, we conduct an ablation
study examining various combinations of loss functions us-
ing a 3D semantic occupancy prediction benchmark. The
weighted cross-entropy loss Lwce significantly enhances seg-
mentation quality for less dominant classes, such as an ad-
vertisement board in the Others class. Direct optimization
of the Jaccard index using Llovasz or incorporating Laffinity
proves to be effective in refining the segmentation quality for
the Pedestrian and Others classes, with a trade-off between
the two classes. Additionally, we find that optimizing the ge-
ometric and semantic aspects separately requires more time
to converge. Ultimately, the best performance is achieved by
combining all of the aforementioned loss functions.

Semantic scene understanding. We conduct an ablation
study to assess the impact of semantic scene understanding
(SSU) on 2D occupancy prediction and 3D instance occu-
pancy prediction benchmarks. By removing the Background

SSU 2D Pedestrian Occ. 3D Instance Occ.

MODA MODP F1 AP AP25 AP50

- 66.5 77.1 81.6 38.2 66.2 39.0
✓ 75.4 80.3 87.5 40.2 70.0 39.8

Table 8: Impact of semantic scene understanding (SSU) un-
der synthetic-to-real evaluation on WildTrack.

PIG Testing Park WildTrack

Training mIoU IoUPed. mIoU IoUPed. IoUFree

- Park 91.8 62.9 75.1 47.9 87.8
✓ Park 91.8 62.9 75.2 47.9 87.9

Table 9: Impact of pedestrian instance grouping (PIG) on 3D
semantic occupancy prediction.

class and retaining only the voxel occupancy state – indicat-
ing whether a voxel is occupied (i.e., containing a Pedes-
trian) or Free – the results presented in Table 8 demon-
strate that integrating SSU significantly enhances perfor-
mance in both tasks. This experiment highlights the critical
importance of contextual scene understanding, particularly
in cross-scene scenarios where conditions vary.

Pedestrian instance grouping (PIG). PIG is crucial for
our model to predict instance and panoptic occupancy ac-
curately. It also improves qualitative results for the predic-
tion of semantic occupancy, as visualized in Fig. 3, where
it eliminates floating voxels in the absence of pedestrian in-
stances. However, these improvements are not reflected in
the quantitative scores (Table 9) under the same-scene eval-
uation scheme, due to the large number of voxels compared
to the number of uncertain voxels. Even so, the synthetic-to-
real results indicate a slight improvement in the Free class,
where noises in the free space are significantly reduced.

Conclusions
This paper proposes a pioneering synthetic dataset specif-
ically crafted for dense pedestrian scenarios in expansive
multi-view environments. Our dataset is the first of its kind,
offering extensive 2D and 3D annotations that are particu-
larly suited for urban surveillance contexts, thereby creating
new opportunities for research in this area. Through meticu-
lous analysis, we present a robust baseline model that effec-
tively addresses the challenges of multi-view pedestrian oc-
cupancy prediction. Our findings underscore the importance
of occupancy prediction and semantic scene understanding
in boosting pedestrian detection performance, enabling our
model to achieve state-of-the-art accuracy. Furthermore, our
model accurately reconstructs scenes with dynamic pedestri-
ans when provided with 3D ground-truth data. Importantly,
we demonstrate excellent synthetic-to-real occupancy pre-
diction performance through scene replication, paving the
way for applications in real-world scenarios.
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