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Abstract. Multi-View Pedestrian Detection (MVPD) aims to detect
pedestrians in the form of a bird’s eye view map from multi-view images.
Recent MVPD methods adopt a unified framework that projects 2D im-
age features into a 3D world space and aggregates them into a single
feature. Although they are effective, they struggle to generalize to un-
seen camera configurations during training due to two main issues. First,
they are difficult to capture accurate visual geometry across views in un-
seen camera configurations. Second, they make detection models highly
dependent on distortion patterns during training arising from their im-
age feature projection. To address these, we leverage a visual geometric
foundation model and propose MV2GF. This foundation model has ex-
hibited strong generalization in capturing visual geometry across views
and predicting accurate 3D attributes in diverse camera configurations.
MV2GF fuses task-specific features with general-purpose geometric fea-
tures extracted by the foundation model to effectively capture the visual
geometry even in unseen camera configurations. Furthermore, MV2GF
projects each pixel in the image features to an appropriate 3D location
using 3D pointmaps predicted by the foundation model, preventing the
detection model from depending on distortion patterns during training.
Our experiments demonstrate the effectiveness of leveraging a visual geo-
metric foundation model for MVPD and that MV2GF generalizes better
than existing methods.

Keywords: Multi-view pedestrian detection - Bird’s eye view - Visual
geometric foundation model

1 Introduction

Pedestrian detection aims to find and localize pedestrians from images. This task
is a crucial component of many applications, such as surveillance systems [12],
autonomous driving 23|, and robotics [36]. These applications often require de-
tection in highly crowded and cluttered scenes. In such scenes, addressing oc-
clusion, which hinders detection, is important |7]. Fortunately, multiple cameras
with overlapping fields of view are often available in many applications. There-
fore, extensive studies have explored multi-view pedestrian detection (MVPD)
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Fig.1: (a) Previous MVPD methods. (b) Our MV2GF leverages a pretrained visual
geometric foundation model. The red blocks are trainable, and the blue block is frozen.

to overcome occlusion [8}{17,43]. This task aims to detect pedestrians in the form
of a bird’s eye view (BEV) map from multi-view images. By aggregating com-
plementary information across multiple views, MVPD is expected to be more
robust to occlusion than single-view pedestrian detection [511}/57].

Recent MVPD methods adopt a unified deep learning-based framework [1/-
3,113,116}, /17, [20% 134} |39, 40} |43}, |50L [55]. They first extract 2D image features for
individual views and project them into a 3D world space using calibrated camera
parameters. Then, they aggregate projected features from multiple views into a
single BEV feature based on visual geometric information across views contained
in the image features, such as 3D positional relationships among pedestrians or
objects in views. Finally, they predict a BEV map from the BEV feature.

While these methods have exhibited promising results, they struggle to gen-
eralize to camera configurations not included in MVPD training data [2}/43], due
to two main issues. Here, camera configurations include camera types, poses,
and positions. The first issue is that existing methods are difficult to accurately
capture visual geometry across views for unseen camera configurations during
training. To accurately capture it, understanding the correspondence between 2D
views and the 3D world space is important. Nonetheless, existing methods learn
this correspondence solely from camera configurations in limited MVPD train-
ing data. Since the 2D-3D correspondence varies with camera configurations, for
camera configurations not seen during training, existing methods often fail to
understand this correspondence and to capture accurate visual geometry. This
makes it difficult for detection models to aggregate features from multiple views
for such camera configurations. The second issue is that existing methods make
detection models heavily dependent on distortion patterns arising from image
feature projection for camera configurations in MVPD training data. Existing
methods employ a perspective transformation [17] or its derivative transforma-
tions [1H31/20,34.[39/50] to project 2D image features into a 3D world space. These
transformations cause shadow-like distortions that spread pedestrians out like
shadows |16], as they project all pixels in image features onto the same planes
in a 3D world space. These distortions obscure precise pedestrian locations on a
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BEV map, affecting detection performance [16]. Existing methods learn distor-
tion patterns from camera configurations in MVPD training data and implicitly
compensate for the distortions. However, they often fail to compensate for them
in the patterns for camera configurations not included in the training data, as
distortion patterns vary significantly with camera configurations. This hinders
generalization to camera configurations not seen during training.

To overcome these issues, as shown in Fig. [1| (b), we leverage a pretrained
visual geometric foundation model, also known as a feed-forward 3D reconstruc-
tion transformer [6}22}25]2841,144H47/51,/56|. It learns to capture visual geom-
etry across views from large-scale multi-view datasets using a transformer [42]
and demonstrates strong generalization performance in various multi-view 3D
tasks across diverse camera configurations. Therefore, leveraging multi-view im-
age features extracted by the transformer of the foundation model, which con-
tain general-purpose geometric information across views, helps the detection
model capture accurate visual geometry for camera configurations not included
in MVPD training data. In addition, instead of using a perspective transforma-
tion or its derivatives, we use 3D pointmaps predicted by the foundation model
to project image features into a 3D world space. These pointmaps indicate where
each pixel in multi-view images is located in a 3D world space [46]. Using these
pointmaps to project image features avoids shadow-like distortions because not
all pixels in the image features are projected onto the same planes.

Based on this, we propose Multi-View detection with a Visual Geometric
Foundation model, named MV2GF. In this paper, we mainly employ pretrained
Depth Anything 3 (DA3) [28] as a visual geometric foundation model. This is
because it can predict 3D attributes at a real-world metric scale, inject cam-
era parameters, and process more than two views in a single forward pass, all
of which are suitable for MVPD. To effectively leverage multi-view image fea-
tures and 3D pointmaps from DA3, we introduce two key components: Task-
specific and Geometric information Fusion (TGF) and Feature Pointmap Ag-
gregation (FPA). TGF aims to fuse general-purpose geometric information from
DA3 with task-specific information and to generate informative multi-view im-
age features. First, this extracts multi-scale image features for individual views
using a trainable ResNet [15] and takes multi-view image features from the frozen
DA3 transformer. By training ResNet end-to-end for MVPD, its features contain
task-specific information focused on pedestrians, whereas DA3 features contain
general-purpose geometric information. Subsequently, TGF fuses ResNet fea-
tures with DA3 features using a feature pyramid network (FPN) [29], yielding
informative high-resolution image features. TGF helps capture visual geometry
across views for diverse camera configurations, even those not seen in MVPD
training data, while highlighting foreground pedestrians in individual views. FPA
aims to aggregate information across views and generate a BEV feature using im-
age features from TGF and 3D pointmaps from DA3, while avoiding distortions.
First, it projects each pixel in the image features to an appropriate location in a
3D world space using coordinates obtained from the 3D pointmaps. Then, FPA
generates a 3D voxel feature by aggregating features from multiple views within
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each voxel using max pooling and outputs a BEV feature by compressing the
vertical dimension. FPA prevents the detection model from becoming dependent
on distortion patterns during training.

Extensive experiments demonstrate that leveraging a visual geometric foun-
dation model via our TGF and FPA greatly improves generalization performance
to camera configurations not included in MVPD training data. Particularly on
MODA metric |21], MV2GF trained on GMVD [43| training data outperforms
the previous state-of-the-art method by 4.6 points for GMVD testing data, 4.7
points for MVPerception [52], and 2.2 points for Wildtrack [7].

2 Related Work

2.1 Multi-view Pedestrian Detection

There are two main paradigms in MVPD. Traditional methods [4}(8}(0}/14}/37]
49| first detect pedestrians for each view using single-view pedestrian detec-
tion [35,/58]. They then aggregate detection results for the same pedestrians
across views into locations on a BEV map using techniques such as conditional
random field 4], mean-field inference [14], or clustering [49]. Although these
methods are important early attempts, their final detection performance is lim-
ited because occlusion severely hinders the detection in each view. To address
this, recent methods [1H3L[13L[16L[17}[20L|34L[39L40}43}/50,/55] adopt a unified deep
learning-based framework that does not rely on single-view pedestrian detec-
tion. They project image features across multiple views into a 3D world space
and aggregate projected features into a single BEV feature based on visual ge-
ometric information across views contained in image features. They predict a
BEV map from this BEV feature. MVDet |17] is a pioneer of these methods and
projects image features onto a ground plane using a perspective transformation.
To further improve detection performance, subsequent studies have extended
MVDet by introducing more effective projections |112}/34,[39}/50], training strate-
gies |13,/16.[34}140,/43L[55], and network architectures [2}[3}/16}20,24].

Despite these improvements, in terms of capturing visual geometry across
views and representing it in image features, many existing methods |[3,/16}[17
341(39L143,|50] simply apply a single-view image encoder for each view, such as
dilated ResNet [15,53}54] or FPN [29]. Some methods |2}[20}24] have introduced
effective image feature extraction tailored for MVPD. MVFP |[2]| highlights the
features of the image foreground by combining mean and max pooling, focusing
on the geometry of pedestrians. BoosterSHOT [20] selects information in image
features important for capturing the geometry in scenes using a network like
squeeze-and-excitation attention [18]. While they have improved detection per-
formance, existing methods learn to capture visual geometry across views solely
from camera configurations in limited MVPD training data and struggle to accu-
rately capture it for camera configurations not seen during training. Our MV2GF
leverages multi-view features extracted by a visual geometric foundation model
to effectively capture the visual geometry for diverse camera configurations.
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Fig. 2: (a) Overview of MV2GF. It consists of (b) TGF and (c) FPA. We set the red
blocks to be trainable, and the gray blocks do not have trainable parameters.

In terms of projecting image features into a 3D world space, existing MVPD
methods rely on a perspective transformation or its derivative transforma-
tions . As described in Sec. [1} these transformations introduce
shadow-like distortions . By applying a convolutional neural network (CNN)
or deformable attention to projected features, existing methods learn distor-
tion patterns and implicitly compensate for the distortions, achieving robust de-
tection against patterns identical to those in MVPD training data. However, this
makes detection models heavily dependent on distortion patterns during training
and hinders generalization to camera configurations not included in the training
data, as distortion patterns vary significantly with camera configurations. In the
context of autonomous driving, transformer-based projections
are the dominant projections and can mitigate the distortions. However, they
assume that camera configurations and the size of the BEV map are identical
during training and testing, making them unsuitable for practical MVPD. Our
MV2GF avoids the distortions by using 3D pointmaps predicted by a visual
geometric foundation model to project image features, as described in Sec.

2.2 Visual Geometric Foundation Models

Recently, visual geometric foundation models |§|,, also

known as feed-forward 3D reconstruction transformers, have exhibited strong
generalization abilities across various multi-view 3D tasks, such as multi-view
depth estimation, 3D reconstruction, and camera pose estimation. Through
training on large-scale multi-view datasets, they learn to capture accurate vi-
sual geometry across views for diverse camera configurations by applying trans-
formers to multi-view images or videos. DUSt3R and MASt3R
are pioneers in visual geometric foundation models. They predict 3D pointmaps
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between two views by applying a transformer to a pair of images and com-
pute various 3D attributes from these pointmaps. While effective for two views,
they require a time-consuming and unstable post-processing to consider more
than two views. Subsequent studies have focused on overcoming this limita-
tion |6122}|28/41}/44,/45,/47.|51[56]. Among them, VGGT |44] has achieved better
results across various 3D tasks than previous methods by applying a transformer
to multiple views in a single forward pass and leveraging multi-task learning. Af-
ter that, MapAnything [22|, Pi3X 47|, and Depth Anything 3 (DA3) |28] have
been extended from VGGT to predict 3D attributes at a real-world metric scale
and inject camera parameters. Our MV2GF leverages DA3 because of such abil-
ities and its high generalization performance for diverse camera configurations.

3 Proposed Method

This section introduces MV2GF, which leverages a visual geometric foundation
model to improve the generalization performance of the detection model to cam-
era configurations not included in MVPD training data. Figure [2[ (a) shows an
overview of MV2GF that contains TGF and FPA. We leverage Depth Anything
3 (DA3) [28] as a visual geometric foundation model. From multi-view images
and camera parameters, DA3 extracts general-purpose geometric features that
capture visual geometry across views and predicts 3D pointmaps for individual
views. MV2GF leverages these geometric features and 3D pointmaps in TGF
and FPA, respectively. TGF aims to fuse internally extracted task-specific fea-
tures with general-purpose geometric features extracted by DA3 and to generate
informative high-resolution image features. By doing so, MV2GF uses the visual
geometry captured by DA3 for MVPD. FPA aims to project image features ex-
tracted by TGF into a 3D world space using 3D pointmaps predicted by DA3
and to generate a BEV feature by aggregating features across views. By using
these pointmaps, MV2GF effectively avoids shadow-like distortions. Finally, a
detection head predicts a BEV map from the BEV feature. Hereafter, we explain
DA3, TGF, FPA, and the training and inference of MV2GF in that order.

3.1 Preliminary

In this subsection, we explain DA3 28], which our method leverages as a visual
geometric foundation model. The inputs to DA3 are multi-view images {IB}Y_,
and camera parameters {g"}_, (intrinsics and extrinsics) of N views. I} €
R3*HoxWb g the n-th view image, where Hp and Wp are the height and width
of the input image. g" € R? is the n-th view camera parameters, representing the
translation vector t* € R3, the rotation quaternion ¢ € R*, and the field of view
f™ € R%. First, DA3 patchifies I}} into a set of tokens T} € REp*(Hp/14-Wn/14)
and embeds g" into a token ¢ € REP*! where Cp is the channel size of DA3.
Then, it captures visual geometry across views via a transformer with L blocks
consisting of cross-view and within-view attention, as

{el', T"}3y = TransformerBlock ({cf 1, 7/ 1}, (1)
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where ¢ € REP*1 and Tj* € REP*(Hp/14Wn/14) are tokens from the I-th trans-
former block TransformerBlock;(+). For simplicity, we omit the positional encod-
ing in the transformer. DA3 predicts a 3D pointmap P" € R3*HoXWp for each
view using tokens from four blocks {l1,ls,l3,14} and camera parameters, as

P" = Prediction({T}}, T}, 5,17, '), (2)

where Prediction(-) indicates the prediction head of DA3. For 2D image pixel
coordinates (u,v), P"(u,v) € R® represents predicted 3D world coordinates of
the pixel I%(u,v) € R3. Let {EL, EZ,EZ;,E” _, be rearranged multi-view
image features, where EJ* € RCDXHD/ 14xWn /14 i5 rearranged from T” MV2GF

uses these {E]', E]', E', E/"})_ | in TGF and the pointmaps {P"})_, in FPA.

119 1P l3?

3.2 Task-specific and Geometric Information Fusion

Figure [2[ (b) shows our Task-specific and Geometric information Fusion (TGF).
TGF generates informative high-resolution image features for individual views
by fusing task-specific features extracted by a trainable ResNet [15] and general-
purpose geometric features extracted by the frozen DA3. The former features
highlight foreground pedestrians in each view, and the latter features help cap-
ture visual geometry across views for diverse camera configurations.

The inputs to TGF are DA3 features {E}', ET., ET' , EJ! MV and multi-view
images {I"}_,. The input resolution of I" € R***W may be different from
that of Ij} due to the pretraining setting of DA3. First, TGF extracts multi-scale
features {F3', F3', Fj*, FI'} for each view using a trainable ResNet, where F}' €
ROkxH/2ExW/2" 4 q C}, are the n-th view feature and the channel size of the k-th
stage in ResNet, respectively. By making ResNet trainable for MVPD, these fea-
tures contain task-specific information focused on pedestrians at various scales.
Then, TGF resizes Ey!, Ej’, Ej’, and Ej; to the same resolution as Iy, F3', Fy',
and FZ' using a bilinear interpolation, respectively, and concatenates the same
resolution features along the channel direction. Let these concatenated features
be {Fy", Fy", Fy™, Fyn}, where F; € R(Cx+Cp)xH/2"xW/2" ‘pinally by applying
FPN [29] to these features, TGF gradually fuses task-specific information with
general-purpose geometric information from low-resolution to high-resolution,
resulting in informative high-resolution image feature F'" € RE*H/4xW/4 Here,
C is the channel size in FPN. By performing these processes for all views, TGF
outputs {F'”}ﬁf:l. These features contain not only task-specific information but
also general-purpose geometric information extracted by DA3, helping capture
visual geometry across views for diverse camera configurations, even those not
seen in MVPD training data.

3.3 Feature Pointmap Aggregation

Figure 2| (c) shows our Feature Pointmap Aggregation (FPA). FPA projects im-
age features extracted by TGF into a 3D world space based on 3D pointmaps
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predicted by DA3 and aggregates them into a single BEV feature. Using these
pointmaps, each pixel in the TGF features is projected to an appropriate 3D lo-
cation, thereby avoiding shadow-like distortions. This makes the detection model
more robust to camera configurations not included in the training data than em-
ploying a perspective transformation or its derivatives used in existing methods.

The inputs to FPA are 3D pointmaps {P"})_, from DA3 and image features
{F'"}N_| from TGF. First, FPA resizes each of {F "}N_, to the same resolution
as P™ using a bilinear interpolation and rearranges the N pointmaps and resized
features into P € R3*WV-HoWb) and F ¢ REX(NV-Ho Wn) - After this, we obtain
the 3D world location for each C-channel feature vector F'(i) € RS by P(i) € R3.
Next, FPA creates C-channel voxel grids V € RE*X/4xY/4xZ and initializes each
voxel with a C-channel zero vector. Here, X and Y are the height and width of a
BEV map defined by the datasets, and Z is the assumed vertical dimension. We
set the height and width of V' to one-fourth those of the original BEV map for
computational efficiency. Then, for each voxel in V', FPA performs max pooling
to feature vectors whose 3D locations lie within that voxel and uses the pooling
result as a feature vector of the corresponding voxel. Let the voxel size of V' be
0, x 0, x 0. This process is formulated, as

0,z 0.(x+1)
S(z,y,z)=<¢s€{l,...,N-Hp-Wp} Oyy < P(s) < Oy(y+1) ,
0.z 0.(z+1)
(3)
V(z,y,z) = max F(s), (4)

s€S(z,y,2)

where (z,y, z) indicates the voxel coordinates in V. If S(z,y,2) = &, we keep
V(z,y,z) as the zero vector. Finally, we compress Z dimension in V' by rear-
ranging it to V e R(C-Z2)xX/4xY/4 gand applying a CNN, resulting in a BEV
feature B € REXX/4xY/4 This series of processes projects the most relevant
and informative features from multiple views into each 3D voxel and aggregates
information across views into a BEV feature. FPA projects each feature vector
to an appropriate 3D location, avoiding shadow-like distortions and improving
generalization to camera configurations not included in the training data.

3.4 Training and Inference

The detection head, followed by the sigmoid function, predicts a BEV pedestrian
occupancy map M € RYX/4xY/4 from a BEV feature B. Because M has a lower
resolution than the ground truth BEV map, the detection head also regresses
the offset map O € R2XX/4XY/4 44 recover the discretization error, as in [16].

During training, we compute Focal loss |30] for M and L1 loss [58] for O,
following [16]. Let Lqet and Log be losses for M and O, respectively. They are
defined using the down-sampled and Gaussian-smoothed ground truth BEV map
M e RV>X/4xY/4 and the ground truth offset map O € R2XX/4xXY/4 5

Lqer = FocalLoss(M, M), Log = L1Loss(O,O), (5)
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where FocalLoss(-, -) and L1Loss(+,-) denote Focal loss and L1 loss, respectively.
In addition, as in [17], we predict occupancy maps of pedestrian heads and
feet for each view from TGF image feature F'™ and compute Focal loss for
these predictions as an auxiliary loss. Let My, .. € RIXH/AXW/4 and Mg, €
RIXH/4xW/4 he predicted occupancy maps of pedestrian heads and feet for n-th
view. We compute a loss L for them, as

view

I/Liew = FOC&ILOSS(M}?eadw Ml:leads) + FOC&ILOSS(MfZet’ Mf?eet% (6)
where M . € RVH/AXW/A and Mp € RVH/AXW/A are the down-sampled
ground truth heads and feet map for n-th view smoothed with a Gaussian kernel,
respectively. We optimize MV2GF using the following overall loss £, as

1

L= £det + £off + szjzvzlﬁzfiew' (7)

During inference, we extract pedestrians over the threshold from a predicted

BEV occupancy map M and convert their locations to those in a X x Y BEV
map using a predicted offset map O, in the same way as [16].

4 Experiments

4.1 Datasets

In this subsection, we explain the three MVPD datasets used in our experiments.
Note that the following datasets are not used for pretraining of DA3.

Wildtrack [7]. This is a real-world dataset comprising 400 multi-view frames at
1080 x 1920 resolution captured by 7 cameras. Wildtrack covers a 12m x 36 m
region quantized into 480 x 1440 grids using square grid cells of 2.5 cm X 2.5 cm.
Each frame includes 20 pedestrians in the region on average. The first 360 frames
are used for training, and the last 40 frames are used for testing.

MVPerception [52|. This is a synthetic dataset comprising 800 multi-view
frames captured by 6 cameras and closely follows the style of Wildtrack. This
dataset covers a 16 mx 25 m region quantized into 640x 1000 grids. Each frame in-
cludes 80 pedestrians in the region on average, making this dataset more crowded
than the other two datasets. The first 720 frames are used for training, and the
remaining 80 frames are used for testing.

GMYVD [43]. This is a large-scale synthetic dataset. While the other two datasets
consist of a single scene and camera configuration, GMVD comprises 7 scenes and
13 camera configurations. In addition, this dataset contains diverse environmen-
tal conditions, such as time and weather. Therefore, GMVD is more challenging
than the other two datasets. A total of 5997 multi-view frames at 1080 x 1920
resolution are included in this dataset. Each scene covers a different-sized region,
and each region is quantized into grids using the same grid cell size as Wildtrack.
Each frame includes 20-40 pedestrians on average. In our experiments, we split
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Method GMVD-D MVPerception Wildtrack

MODA MODP Prec. Rec. MODA MODP Prec. Rec. MODA MODP Prec. Rec.
MVDet 17| 69.3 76.8 949 732 | 655 71.1 90.1 73.6 | 60.7 725 826 76.9
SHOT (39 71.5 779 93.7 76.7| 694 731 911 76.8| 70.8 731 823 90.2
MVDeTr |16 73.8 817 961 769 | 71.3 780 928 773 | 724 781 856 87.1
3DROM |34| 745 778 93.7 80.0| 741 756 91.1 821 | 76.2 757 852 921
BoosterSHOT [20]| 749 80.2 96.2 77.8 | 745 764 874 87.1| 786 79.0 874 91.8
OmniOcc |3] 75.1 769 923 820 | 766 740 903 857 | 8.0 779 90.5 91.7
MVFP |2 75.7 782 943 805 | 799 748 919 87.6| 8.2 783 922 931
MSMVD [50] 80.2 813 957 839 | 81.8 794 942 87.2| 8.7 793 922 93.6
Ours 84.8 83.1 96.8 87.7| 86.5 80.6 98.5 87.8| 87.9 79.6 94.7 93.2

Table 1: Comparison with previous methods under settings where camera configura-
tions during testing are different from those during training. All models are trained on
GMVD-D training split.

GMVD in two ways. First, we split GMVD into 6 scenes with 11 camera con-
figurations for training and the remaining 1 scene with 2 camera configurations
for testing. We refer to this split as GMVD-D and use it to evaluate detection
performance when camera configurations during testing differ from those during
training. Second, we split GMVD into the first 80% frames of each scene and
camera configuration for training and the remaining 20% frames for testing. We
refer to this split as GMVD-S and use it to evaluate detection performance when
camera configurations during testing are the same as those during training.

4.2 Implementation Details and Evaluation Metrics

Unless otherwise mentioned, we used ResNet18 [15] in TGF and pretrained DA3
Giant [28] as a visual geometric foundation model. ResNet18 was pretrained
on ImageNet [10]. DA3 Giant consists of 40 transformer blocks (i.e., L = 40)
and uses tokens from 20th, 28th, 34th, and 40th blocks for prediction (i.e.,
{l1,12,15,14} = {20, 28, 34,40}). The channel size Cp in DA3 was 1536. Since the
grid cell size of the ground truth BEV map is 2.5cm x 2.5cm for all datasets,
we set 0, and 6, in FPA to 10cm. We set 6, to 50 cm and Z of voxel grids V' to
4. This means using features up to 2.0m in the vertical direction, covering the
height of most pedestrians. We set the channel size C' in FPN to 256 and the
detection threshold to 0.4. We used a convolutional layer for the detection head.

We resized input images to 720 x 1280 for TGF and to 280 x 504 for DA3.
We optimized the model using the Adam optimizer [32]. We set the batch size to
1 and accumulated gradients over 16 batches. We initialized the learning rate to
1.0x 1072 and decayed it to 1.0 x 10~° following a cosine schedule. We trained the
model for 10 epochs on GMVD-D and GMVD-S, and for 50 epochs on Wildtrack
and MVPerception. More detailed implementations are provided in Supp. A.

Following previous studies [1743], we used four common metrics proposed by
Chavdarova et al. [7] and Kasturi et al. [21]: multiple object detection accuracy
(MODA), multiple object detection precision (MODP), precision (Prec.), and
recall (Rec.). A detected pedestrian was classified as a true positive if its distance
from the ground truth was within 0.5 meters. MODA was used as the primary
metric because it considers both false positives and false negatives.
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Method GMVD-S MVPerception Wildtrack

MODA MODP Prec. Rec. [ MODA MODP Prec. Rec.  MODA MODP Prec. Rec.
MVDet 17| 82.8 80.4 97.1 853 | 90.0 81.2 94.3 95.8 | 88.2 757 94.7 93.6
SHOT (39 84.5 79.6 975 86.7| 923 855 952 97.1 | 90.2 76.5 96.1 94.0
MVDeTr |16 86.9 84.6 974 893 | 93.0 90.2 96.5 96.6 | 91.5 821 974 94.0
3DROM |34| 88.1 84.7 97.0 90.5| 941 8.5 974 96.7| 935 759 972 96.2
BoosterSHOT [20]| 88.7 849 97.0 91.5| 945 885 983 96.1| 928 84.9 97.5 95.3
OmniOcc |3] 89.8 827 972 924 | 942 864 974 96.8 | 935 815 949 978
MVFP |2 88.6 81.0 974 91.0| 95.0 857 984 96.5| 941 788 96.4 97.7
MSMVD [50] 91.1 86.6 98.0 93.0 | 964 91.1 99.7 968 | 94.6 833 959 98.8
Ours 91.3 86.1 97.2 93.9| 96.5 90.5 98.6 97.8| 94.7 829 95.8 98.9

Table 2: Comparison with previous methods under settings where camera configura-
tions during testing are identical to those during training. All models are trained on
the training split of the same dataset used for testing.

4.3 Comparison with Previous Methods

To verify the effectiveness of MV2GF, we compared its generalization ability to
camera configurations not included in MVPD training data with that of previ-
ous state-of-the-art methods. Especially, we employed MVDet [17], SHOT [39),
MVDeTr [16], 3DROM [34], BoosterSHOT [20], OmniOcc [3], MVFP |2], and
MSMVD |[50]. For the first five methods, we added max pooling after the projec-
tion to handle any number of views by modifying their official implementations.
For the other methods, we re-implemented them from scratch based on the orig-
inal papers. These previous methods rely on a perspective transformation or its
derivatives to project image features and learn to capture visual geometry across
views solely from camera configurations in MVPD training data. Table [1| shows
the comparison results when models were trained on GMVD-D training split and
tested on GMVD-D testing split, MVPerception, and Wildtrack. MV2GF out-
performed previous methods on all metrics for GMVD-D and MVPerception. It
also achieved the highest MODA, MODP, and precision, and the second-highest
recall for Wildtrack. In particular, it exceeded the previous highest MODA by 4.6
points for GMVD-D, 4.7 points for MVPerception, and 2.2 points for Wildtrack.
These results show that MV2GF generalizes better to camera configurations not
included in MVPD training data than previous methods and demonstrate the
effectiveness of leveraging a visual geometric foundation model for MVPD. We
visualized the detection results in Supp. E.

While our primary objective is to improve the generalization ability of the de-
tection model, detection performance when camera configurations during testing
are identical to those during training is also important. Table [2] shows the com-
parison results when models were trained on GMVD-S training split, MVPercep-
tion training split, or Wildtrack training split and tested on the corresponding
testing split. For all datasets, MV2GF achieved superior MODA and recall to all
previous methods and was comparable to MSMVD. Particularly on MODA, it
outperformed MSMVD by 0.2, 0.1, and 0.1 points for GMVD-S, MVPerception,
and Wildtrack, respectively. These results demonstrate that MV2GF is effective
even when camera configurations during testing are identical to those during
training. On the other hand, MV2GF underperformed MSMVD on MODP and
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TGF FPA|MODA MODP Prec. Rec.
73.4 785 932 79.1
v 77.8 795 93.8 83.3

v | 81.3 826 955 854
v v 84.8 83.1 96.8 87.7

ResNet DA3|MODA MODP Prec. Rec.
v 81.3 82.6 95.5 85.4

v 77.5 779 95.1 81.7

v v 84.8 83.1 96.8 87.7

@) (b)
MODA MODP Prec. Rec. 0. (cm)MODA MODP Prec. Rec.
Only 20th| 83.6 82.7 96.5 86.7 12.5 81.6 817 96.3 84.8
Only 28th| 83.6 83.0 96.4 86.8 25 84.5 828 96.6 875
Only 34th| 83.9 83.0 96.5 87.1 50 84.8 83.1 96.8 87.7
Only 40th| 84.0 83.1 96.0 87.6 100 84.3 83.1 96.3 876
All 84.8 83.1 96.8 87.7 200 83.7 829 96.1 87.3
(c) (d)
MODA MODP Prec. Rec. MODA MODP Prec. Rec.
DINOv2| 829 822 956 86.9 MapAnything| 83.0 823 96.5 86.2
DINOv3| 83.2 825 96.6 86.2 Pi3X 823 826 964 855
DA3 84.8 83.1 96.8 87.7 DA3 84.8 83.1 96.8 87.7
(e) ()

Table 3: (a) Effect of TGF and FPA. (b) Effect of using features from ResNet and
DA3 in TGF. (c) Effect of using features from multiple transformer blocks in DA3. (d)
Effect of 6, in FPA. (e) Effect of using features from a visual geometric foundation
model. (f) Effect of the visual geometric foundation model choice. Default settings in
MV2GF are marked in gray . All models are trained on GMVD-D training split and
tested on its testing split.

precision. This is because MSMVD uses multi-scale BEV features with multi-
scale image features, enabling precise pedestrian localization. In Supp. C, we
investigated the effect of this multi-scale BEV design.

4.4 Ablation Studies

In this subsection, we investigated the effects of each component in MV2GF
from various viewpoints. We conducted more detailed investigations in Supp. B.
Unless otherwise mentioned, all models were trained on GMVD-D training split
and tested on GMVD-D testing split.

Effect of TGF and FPA. To investigate the effects of TGF and FPA on
detection performance, we incrementally added each of them to a baseline model.
As a baseline model, we used MVDet |17] trained with our loss and employed
ResNet18 |15] and FPN [29] for its image feature extraction. Table [3| (a) shows
the effects of TGF and FPA. Adding TGF improved detection performance on all
metrics, and the improvement was 4.4 points on MODA. The baseline with TGF
outperformed all previous methods in Tab. [Il on MODA, other than MSMVD.
This result demonstrates the effectiveness of using geometric features from DA3
via TGF to capture visual geometry across views. Adding FPA also improved
detection performance, and the improvement was greater than that by TGF. In
addition, the baseline with FPA outperformed all previous methods in Tab. [Ijon
MODA. This result highlights the effectiveness of projecting image features via
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FPA while avoiding shadow-like distortions. The combined use of TGF and FPA
further improved detection performance, and the improvement from the baseline
was 11.4 points on MODA. This result indicates that both TGF and FPA are
important for better generalization to camera configurations not included in
MVPD training data.

Effect of using features from ResNet and DA3 in TGF. In TGF, we
utilized both task-specific ResNet features and general-purpose geometric DA3
features. To verify the advantage of this, we compared cases where both features
were used with only ResNet features or DA3 features were used, as shown in
Tab. 3| (b). Using both features outperformed using either on all metrics. In par-
ticular, using both features outperformed using only ResNet features and only
DAS3 features by 3.5 points and 7.3 points on MODA, respectively. These results
demonstrate that both task-specific ResNet features and general-purpose geo-
metric DA3 features are important for better detection performance in camera
configurations not included in the training data.

Effect of using features from multiple transformer blocks in DA3. In
TGF, we used geometric DA3 features from four transformer blocks (20th, 28th,
34th, and 40th blocks) that were also used for predicting 3D pointmaps in DA3.
To verify the advantage of this, we compared cases where features from all four
blocks were used with features only from one block were used, as shown in
Tab. [3| (¢c). Using features from four blocks yielded better detection performance
across all metrics than using features from a single block. This result demon-
strates the effectiveness of capturing visual geometry across views using the
features from multiple transformer blocks in DA3.

Effect of 6, in FPA. We compared different 6, in FPA, as shown in Tab. 3| (d).
Note that we set 6, to 50cm by default, and all models used features up to
2.0m in the vertical direction. From 200 cm to 50 cm, smaller 6, achieved better
detection performance. This is because a too large 6, compresses features too
much in the vertical direction, preventing the use of the entire pedestrian’s body
information in predicting a BEV map. On the other hand, from 50 cm to 12.5 c¢m,
employing smaller 6, degraded detection performance. This is because a too
small 6, leaves many grids in V as zero vectors, making V too redundant. These
results show that our default 8, = 50 cm is the best choice.

Effect of using features from a visual geometric foundation model.
To verify that the performance improvement by using DA3 features stems from
its characteristic tailored to capturing visual geometry across views rather than
merely from a large amount of pretrained data, we implemented cases where DA3
features in TGF were replaced with features of DINOv2 [33] or DINOv3 [3§],
as shown in Tab. 3| (¢). When using DINOv2 or DINOv3 features, superior
detection performance was achieved compared to using only ResNet features
(see Tab. 3| (b)), but it was inferior to that of using DA3 features. This result
demonstrates the advantage of using DA3 features that focus on capturing visual
geometry across views.
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MSMVD Ours

MODA MODP Prec. Rec.  MODA MODP Prec. Rec.

82.7 81.1 952 87.1| 85.9 82.0 96.8 88.9

79.9 79.0 93.0 86.3 | 84.1 80.5 96.8 87.0

70.5 787 88.6 809 | 80.0 80.3 955 84.0

61.4 726 850 745 | 738 780 93.7 79.1

340 63.0 760 498 | 576 733 86.3 67.6
Table 4: Effect of the number of input views N for MSMVD |[50] and our MV2GF.
Both models are trained on GMVD-D training split and tested on data comprising 6
views in GMVD-D testing split.

N Wk Ut 2

Effect of the visual geometric foundation model choice. In the experi-
ments, MV2GF employed DA3 as a visual geometric foundation model because it
can predict 3D attributes at a real-world metric scale, inject calibrated camera
parameters, and process more than two views in a single forward pass. Ma-
pAnything |22] and Pi3X [47] also have such abilities, while DA3 predicts 3D
attributes more accurately than them. We investigated the effect of the visual ge-
ometric foundation model choice by replacing geometric features in TGF and 3D
pointmaps in FPA with those of MapAnything or Pi3X, as shown in Tab. 3] (f).
Employing DA3 achieved better detection performance than employing the oth-
ers. This result indicates that employing a stronger visual geometric foundation
model yields better detection performance. On the other hand, even when MapA-
nything or Pi3X was employed, our method outperformed all previous methods
in Tab. |1} This demonstrates that our method generalizes better than previous
methods, regardless of the visual geometric foundation model choice.

Effect of the number of views. We investigated the effect of the number of
input views N on detection performance. Table [f] shows the detection perfor-
mance of MSMVD [50] and our MV2GF for different N on data comprising 6
views in GMVD-D testing split. Reducing N negatively affected detection per-
formance across all metrics for both MSMVD and MV2GF. Meanwhile, MV2GF
exhibited less performance degradation than MSMVD and achieved superior de-
tection performance across all N. This result demonstrates that MV2GF is more
robust than MSMVD with respect to the number of input views.

5 Limitations

Although leveraging a visual geometric foundation model yields high generaliza-
tion performance for MV2GF to camera configurations not included in MVPD
training data, it has a negative impact on inference speed. To investigate this
impact, we measured the inference speed of our MV2GF and previous methods
using an Nvidia 80GB A100 GPU. Table [f] shows the inference speed of each
model, including data loading and preprocessing. These inference speeds were
measured on data comprising 6 views in GMVD-D testing split. MV2GF was
slightly slower than previous methods. In particular, the gap in inference speed
between MV2GF and previous methods was from 1.2 FPS to 1.9 FPS. While
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FPS
MVDet [17] 5.2
SHOT {39] 48
MVDeTr |16] 46
3DROM |[34] 46
BoosterSHOT [20]| 4.7
OmniOcc |3] 4.6
MVFP 2] 46
MSMVD |50] 4.5
Ours 3.3

Table 5: Comparison of inference speed. These inference speeds are measured on data
comprising 6 views in GMVD-D testing split using an Nvidia 80GB A100 GPU.

the inference speed required for practical application has not been explicitly dis-
cussed in the field of MVPD, most MVPD datasets comprise multi-view videos
at a frame rate of 2.0 FPS [7]17)/43\52|. Therefore, the inference speed of MV2GF
is sufficient to process these datasets. In future work, we will explore an effective
way to accelerate the inference of MV2GF by employing a model compression
technique (e.g., knowledge distillation).

6 Discussion and Conclusion

We propose a new multi-view pedestrian detection (MVPD) method, named
MV2GF. It leverages a visual geometric foundation model to improve the gener-
alization ability of the detection model to camera configurations not included in
MVPD training data. In particular, MV2GF leverages multi-view features and
3D pointmaps from this foundation model. The former contains general-purpose
geometric information and helps capture visual geometry across views for diverse
camera configurations, even those not seen in MVPD training data. The latter
is used to project each pixel in image features to an appropriate location in a
3D world space, thereby avoiding shadow-like distortions that occur in previous
methods. Extensive experiments demonstrated the advantage of leveraging a vi-
sual geometric foundation model for MVPD, and MV2GF achieved significantly
superior generalization performance compared to previous methods. We hope
that our work will broaden the scope of MVPD applications.

When MV2GF was trained on data with different camera configurations from
those in the testing data (see Tab. , it generalized better than previous meth-
ods. However, its detection performance still underperformed previous methods
trained on data with the same camera configurations as the testing data (see
Tab. . Optimizing detection performance for specific camera configurations is
important for some applications. In future work, we will explore a way to further
improve detection performance in such situations while maintaining generaliza-
tion ability to camera configurations not included in MVPD training data.
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