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Abstract

Multi-View Pedestrian Detection (MVPD) aims to detect pedestrians in the form
of a bird’s eye view (BEV) from multi-view images. In MVPD, end-to-end trainable
deep learning methods have progressed greatly. However, they often struggle to detect
pedestrians with consistently small or large scales in views or with vastly different scales
between views. This is because they do not exploit multi-scale image features to gen-
erate the BEV feature and detect pedestrians. To overcome this problem, we propose
a novel MVPD method, called Multi-Scale Multi-View Detection (MSMVD). MSMVD
generates multi-scale BEV features by projecting multi-scale image features extracted
from individual views into the BEV space, scale-by-scale. Each of these BEV features
inherits the properties of its corresponding scale image features from multiple views.
Therefore, these BEV features help the precise detection of pedestrians with consistently
small or large scales in views. Then, MSMVD combines information at different scales
of multiple views by processing the multi-scale BEV features using a feature pyramid
network. This improves the detection of pedestrians with vastly different scales between
views. Extensive experiments demonstrate that exploiting multi-scale image features
via multi-scale BEV features greatly improves the detection performance, and MSMVD
outperforms the previous highest MODA by 4.5 points on the GMVD dataset.

© 2025. The copyright of this document resides with its authors.
It may be distributed unchanged freely in print or electronic forms.
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Figure 1: (a) Previous end-to-end MVPD methods generate a single-scale BEV feature from
single-scale image features and predict one occupancy map. (b) MSMVD generates multi-
scale BEV features from multi-scale image features and predicts multiple occupancy maps.
In MSMVD, the image encoder consists of the backbone and image-FPN.

1 Introduction

Pedestrian detection from images is a crucial component in various applications such as
surveillance systems [11], sports analyses [7], and human-computer interactions [37]. In
pedestrian detection, occlusion is a serious problem because it hinders detecting pedestrians
hidden behind obstacles or other pedestrians [5, 13]. As a potential solution, many studies
have focused on Multi-View Pedestrian Detection (MVPD) [5, 17, 36]. This task aims to
detect pedestrians in the form of a bird’s eye view (BEV) from multiple camera views. In
contrast to traditional monocular pedestrian detection [10, 40], MVPD utilizes multiple cal-
ibrated cameras with partially overlapping fields of view. MVPD is therefore expected to be
more robust to occlusion in the overlapping areas than monocular pedestrian detection by
aggregating complementary information across multiple views.

As with various computer vision tasks, end-to-end trainable deep learning methods are
the dominant approach in MVPD [1, 2, 12, 16, 17, 18, 30, 32, 33, 36, 39]. They adopt a
unified framework, as shown in Fig. 1(a). It first extracts image features for individual views
from a specific layer of the image encoder (e.g., the last convolutional layer in ResNet [15]).
Then, it generates a BEV feature by projecting the image features to the BEV space based
on calibrated camera parameters and predicts a BEV occupancy map from that BEV feature.
This framework aggregates complementary information from multiple views through the
BEV feature, enabling the model to train in an end-to-end manner.

End-to-end MVPD methods have outperformed non-end-to-end methods [3, 4, 5, 13, 31,
38]. However, as shown in the result of MVFP [1] in Fig. 2, they often struggle to detect
two types of pedestrians: those with consistently small or large scales (i.e., apparent sizes in
images) in views (yellow, pink, and purple rectangles), and those with vastly different scales
between views (red and blue rectangles). This is because single-scale image features from a
specific layer of the image encoder used in existing end-to-end methods to generate the BEV
feature have limited ability to represent pedestrians with diverse scales. In contrast to end-to-
end MVPD methods, many monocular methods [6, 14, 20, 21, 22] utilize multi-scale image
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Figure 2: (Top) Comparison of the predicted BEV maps using MVFP [1] and our proposed
method. MVFP corresponds to Fig. 1(a). Green circles represent detected pedestrian lo-
cations, and colored rectangles illustrate the differences between MVFP and our proposed
method. (Bottom) View images. Pedestrians with rectangles correspond to those with the
same color rectangles on the BEV maps.

features to effectively handle pedestrians with various scales, which are multiple features at
different resolutions extracted from different layers in the image encoder. Small pedestrians
are better represented in high-resolution features and vice versa, so conducting prediction for
each of the multi-scale image features helps the detection of pedestrians across a wide range
of scales. Despite their benefits, multi-scale image features have not been used in end-to-end
MVPD methods. Furthermore, in MVPD, since pedestrians often have vastly different scales
between views, the important scale information of each view for detecting such pedestrians
varies from one view to another. Therefore, to fully utilize multi-scale image features in
MVPD, it is important to combine information at different scales of multiple views.

In this paper, we propose a novel end-to-end MVPD method, called Multi-Scale Multi-
View Detection (MSMVD), as shown in Fig. 1(b). The main idea of MSMVD is to effec-
tively generate and leverage multi-scale BEV features that inherit the properties of multi-
scale image features from multiple views. To this end, MSMVD newly introduces two key
components: a multi-scale projection (MSP) and a BEV feature pyramid network (BEV-
FPN). Unlike existing methods that project only single-scale image features to the BEV
space, MSP projects the multi-scale image features extracted by the image encoder to that
space, scale-by-scale, as shown in Fig. 3(a). This design allows MSMVD to generate mul-
tiple BEV features at different resolutions (i.e., multi-scale BEV features), each of which
inherits the properties of the image features at its corresponding scale from multiple views.
Therefore, utilizing these multi-scale BEV features leads to precisely detecting pedestrians
with consistently small or large scales in views. BEV-FPN combines information at different
scales of multiple views by processing the multi-scale BEV features utilizing an FPN-like
network. This allows MSMVD to effectively detect pedestrians with vastly different scales
across views by combining important scale information of such pedestrians across multiple
views. Extensive experiments demonstrate that exploiting multi-scale image features of mul-
tiple views via multi-scale BEV features leads to better detection performances. Particularly
in terms of MODA metric [5], MSMVD outperforms previous state-of-the-art methods by
4.5 points on GMVD [36] and 0.5 points on Wildtrack [5] and MultiviewX [17].
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2 Related Work
Monocular pedestrian detection. One of the main difficulties in monocular pedestrian
detection is effectively handling pedestrians at various scales. Traditional methods tack-
led this difficulty by generating hand-crafted features such as HOG features [8] or SIFT
features [28] for multiple images with different resolutions. Modern deep learning meth-
ods [20, 21, 22, 24, 25, 26, 34, 41, 43] usually exploit multi-scale image features extracted
from different layers in the backbone (e.g., ResNet [15]), where small pedestrians are bet-
ter represented and detected in high-resolution features and vice versa. As a pioneering
work, SSD [25] leverages multi-scale image features and demonstrates their effectiveness.
FPN [22] enhances multi-scale image features using a top-down path that gradually fuses
low-resolution image features with higher-resolution image features. PAFPN [6, 14, 24, 29]
further improved FPN by adding an extra bottom-up path that gradually fuses output multi-
scale features of FPN from high to low resolution. EfficientDet [34] improves the detec-
tion performance by repeating a simplified version of PAFPN several times. Deformable
DETR [43] and RT-DETR [41] utilize Transformer [35] to generate effective multi-scale im-
age features. CSP [26], F2DNet [20], and LSFM [21] generate a powerful single-scale image
feature by merging multi-scale image features of FPN into one feature. Due to its simplicity
yet effectiveness, PAFPN is utilized by our method for the image encoder and BEV-FPN.

Multi-view pedestrian detection. In MVPD, aggregating information on multiple views
is essential to reduce the effect of occlusion because each view has an overlapping but differ-
ent field of view [5, 17, 36]. Early methods [3, 4, 5, 13, 31, 38] detected pedestrians for each
view using monocular pedestrian detection and aggregated the detection results of multiple
views. While they were important early attempts in MVPD, they still relied on monocu-
lar detection, so the occlusion problem remained. To overcome this problem, end-to-end
trainable deep learning methods that do not rely on monocular detection have become the
dominant approach [1, 2, 12, 16, 17, 18, 30, 32, 33, 36, 39]. They generate a representation
of the BEV space, called the BEV feature, by projecting image features of multiple views
to the BEV space and predict a BEV occupancy map from the BEV feature. The informa-
tion on multiple views is aggregated through this BEV feature. MVDet [17] is a pioneering
end-to-end method that generates the BEV feature using inverse perspective mapping. To
further improve detection performance, recent studies have proposed more effective projec-
tions [1, 16, 18, 30, 32], data augmentations [12, 16, 30, 33], network architectures [1, 2, 12],
and training strategies [36, 39]. While they have improved the detection performances, ex-
ploring the effective way to exploit multi-scale image features of multiple views remains an
open problem.

3 Proposed Method

3.1 Overall Architecture
Figure 1(b) shows an overview of MSMVD. This takes N view images {In}N

n=1, where
In ∈R3×H×W is the image from the n-th view. Here, H and W are the height and width of the
image, respectively. The image encoder, consisting of the backbone and image feature pyra-
mid network (image-FPN), extracts multi-scale image features for individual views. Specifi-
cally, when using the ResNet [15] backbone, it first extracts image features {Fn

3 ,F
n
4 ,F

n
5 }N

n=1,
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where Fn
l ∈ RCl× H

2l ×
W
2l is the n-th view image feature from the l-th stage in ResNet, and

Cl is the channel size in the l-th stage. Then, as in many monocular methods [6, 14, 29],
image-FPN enhances these multi-scale image features, resulting in {F̃n

3 , F̃
n
4 , F̃

n
5 }N

n=1, where

F̃n
l ∈ RC× H

2l ×
W
2l is the enhanced n-th view image feature, and C is the channel size of the

image-FPN. For these multi-scale image features, small pedestrians are better represented in
F̃n

3 , and large pedestrians are better represented in F̃n
5 .

After obtaining multi-scale image features, our multi-scale projection (MSP) and subse-
quent max pooling generate multi-scale BEV features from those image features, and then,
BEV-FPN combines information at different scales of multiple views. MSP projects multi-
scale image features {F̃n

3 , F̃
n
4 , F̃

n
5 }N

n=1 to the BEV space based on camera parameters, scale-

by-scale. We denote these projected features as {Pn
3 ,P

n
4 ,P

n
5 }N

n=1, where Pn
l ∈ RC× X

2l−2 ×
Y

2l−2

is obtained from F̃n
l . Here, X and Y are the width and height of the ground truth BEV map.

This MSP allows the model to generate multi-scale BEV features that inherit the properties
of multi-scale image features of multiple views. We formulate MSP in Sec. 3.2. To ag-
gregate the information at each scale of multiple views, we perform max pooling along the
view direction, scale-by-scale, and generate multi-scale BEV features {B3,B4,B5}. Here,

Bl ∈ RC× X
2l−2 ×

Y
2l−2 is generated from {Pn

l }N
n=1. Namely, the information on small pedes-

trians of multiple views is aggregated to B3, and that on large pedestrians is aggregated to
B5. BEV-FPN combines the information at different scales of multiple views by processing
multi-scale BEV features, resulting in refined multi-scale BEV features {B̃3, B̃4, B̃5}, where

B̃l ∈ RC× X
2l−2 ×

Y
2l−2 . We describe the detailed structure of the BEV-FPN in Sec. 3.3.

Then, prediction networks followed by the sigmoid function predict multi-scale BEV

occupancy maps {M3,M4,M5} from the multi-scale BEV features, where Ml ∈R1× X
2l−2 ×

Y
2l−2

is predicted from B̃l . Because the predicted occupancy maps have lower resolutions than the
ground truth, we also predict offset maps {O3,O4,O5} to recover the discretization errors of

pedestrian locations, following MVDeTr [16]. Here, Ol ∈ R2× X
2l−2 ×

Y
2l−2 is predicted from

B̃l . MSMVD is optimized by calculating the loss for all occupancy maps and offset maps
during training and predicts the final occupancy map by merging multi-scale occupancy maps
during inference. We describe these training and inference procedures in Sec. 3.4.

3.2 Multi-scale Projection

Figure 3(a) shows our multi-scale projection (MSP). To inherit the properties of multi-scale
image features of multiple views to the BEV feature, MSP projects multi-scale image fea-
tures {F̃n

3 , F̃
n
4 , F̃

n
5 }N

n=1 to the BEV space and output projected features {Pn
3 ,P

n
4 ,P

n
5 }N

n=1. Let
Kn ∈ R3×3 and [Rn|T n] ∈ R3×4 be the intrinsic and extrinsic camera parameter matrices of
the n-th view, respectively. Here, Rn represents the rotation, and T n represents the transla-
tion. We project n-th view multi-scale image features to the BEV space using the correspon-
dence [16, 17, 30, 32] between the n-th view 2D image pixel coordinates (un,vn) and the 3D
world position (x,y,z), as

γ
n

un

vn

1

= Kn[Rn|T n]


x
y
z
1

 , (1)
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Figure 3: (a) Multi-scale projection (MSP). (b) Image-FPN and BEV-FPN consist of top-
down and bottom-up paths. ⊕ indicates a concatenation. Image-FPN processes multi-scale
image features, and BEV-FPN processes multi-scale BEV features.

where γn is a scaling factor that accounts for a down-sampling of image features and deter-
mines the spatial resolution of the BEV feature. For each of n-th view multi-scale image fea-
tures, we set γn to the value that makes the resolution ratio of projected features {Pn

3 ,P
n
4 ,P

n
5 }

and that of the image features {F̃n
3 , F̃

n
4 , F̃

n
5 } the same. Specifically, for F̃n

l , γn is set so that
the spatial resolution of Pn

l is X
2l−2 × Y

2l−2 . This allows the model to inherit the properties
of multi-scale image features to multi-scale BEV features. We project each image feature
F̃n

l with multiple heights {z0,z1,z2,z3,z4}, like 3DROM [30], to utilize information about
the entire pedestrian body, where zi corresponds to the height of 30× i cm. Then, projected
features of multiple heights are concatenated along the channel direction and processed by a
1×1 convolutional layer, resulting in a final C-channel projected feature Pn

l .

3.3 BEV-FPN

BEV-FPN combines information at different scales of multiple views to precisely detect
pedestrians whose scales are vastly different between views because important scale features
of such pedestrians differ from one view to another. To this end, we utilize PAFPN [24] for
BEV-FPN, which consists of the top-down and bottom-up paths, as shown in Fig. 3(b). The
top-down path takes multiple features at different resolutions as input and gradually fuses
low-resolution features with higher-resolution features. This process combines important in-
formation in low-resolution features with that in higher-resolution features. The bottom-up
path takes the multiple features output from the top-down path as input and gradually fuses
high-resolution features with lower-resolution features. This process combines important
information in high-resolution features with that in lower-resolution features. Since the in-
formation of {Pn

l }N
n=1 is aggregated to Bl by MSP and max pooling, BEV-FPN combines

information at different scales of multiple views by processing multi-scale BEV features
{B3,B4,B5}. As a result, BEV-FPN outputs enhanced multi-scale BEV features {B̃3, B̃4, B̃5},
and they improve the detection of pedestrians with vastly different scales between views.

3.4 Training and Inference

During training, we calculate the loss for multi-scale BEV occupancy maps {M3,M4,M5}
and multi-scale offset maps {O3,O4,O5}. Following MVDeTr [16], we used the Focal
loss [23] and L1 loss variant [26, 42] for the occupancy maps and offset maps, respectively.
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Let Ldet(·, ·) be the loss function for the occupancy maps, and Loff(·, ·) be the loss function
for the offset maps. Our overall loss Lall is

Lall = ∑
l∈{3,4,5}

{Ldet(Ml ,M̂l)+Loff(Ol , Ôl)}. (2)

Here, M̂l is the ground truth occupancy map down-sampled to match with Ml and smoothed
using a Gaussian kernel. Ôl is the ground truth offset map corresponding to the discretization
error of M̂l . While we do not use O4 and O5 for inference, we calculate the losses for them
as auxiliary losses. We optimize MSMVD using Lall as the overall training objective.

During inference, we merge predicted multiple occupancy maps {M3,M4,M5} into one
occupancy map M ∈ R1× X

2 ×
Y
2 to combine pedestrians with various scales, as

M =
1
3
{M3 +Upsample(M4)+Upsample(M5)}, (3)

where the Upsample function indicates up-sampling of the occupancy map to the same spa-
tial resolution as M3 using a bilinear interpolation. Since down-sampling high-resolution
occupancy maps could lose detailed location information of pedestrians, we up-sample low-
resolution occupancy maps to the highest resolution. After the merging, we extract pedes-
trians over the threshold and convert their locations to those in the original X ×Y BEV map
using the offset map O3 in the same way as MVDeTr [16].

4 Experiments

4.1 Datasets

Wildtrack [5]. This is a real-world dataset consisting of images captured with 7 cameras and
comprises 400 frames. This dataset covers a 12m×36m region quantized into a 480×1440
grid using square grid cells of 2.5cm2. Each frame includes 20 pedestrians on average.
Wildtrack splits them into 360 frames for training and the remaining 40 frames for testing.
We use the randomly sampled 40 frames in the training split as the validation data.
MultiviewX [17]. This is a synthetic dataset using the Unity engine and closely follows the
style of Wildtrack. This dataset comprises 400 frames captured by 6 cameras and covers a
16m× 25m region. The region is quantized into a 640× 1000 grid. Each frame includes
40 pedestrians on average. MultiviewX also splits them into 360 frames for training and 40
frames for testing. We use 40 frames in the training split as the validation data.
GMVD [36]. This is a large-scale synthetic dataset and includes 7 scenes. Each scene varies
the number of cameras and camera layouts, which makes the dataset more challenging than a
constrained camera setup like Wildtrack or MultiviewX. Except for the camera setup and the
size of the covered region, all parameters follow those of MultiviewX. Each frame includes
20-40 pedestrians on average. GMVD splits them into 6 scenes with 4983 frames for training
and 1 scene with 1012 frames for testing. Following Vora et al. [36], we use MultiviewX as
the validation data during training on the GMVD train split and evaluate trained models on
the GMVD test split. Since GMVD is the largest dataset, we set it as the main dataset for
our experiments.
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Method MODA MODP Precision Recall
Vora+ [36] 68.2 76.3 91.5 75.5
SHOT† [32] 71.5 77.9 93.7 76.7
Suzuki+ [33] 72.3 77.1 91.3 77.1
3DROM† [30] 73.7 77.3 92.2 80.5
MVAug† [12] 73.8 77.9 91.9 80.8
OmniOcc† [2] 75.1 76.9 92.3 82.0
MVFP† [1] 75.7 78.2 94.3 80.5
Ours 80.2 81.3 95.7 83.9

Table 1: Comparison on GMVD. † indicates our re-implementation results.

Method Wildtrack MultiviewX
MODA MODP Precision Recall MODA MODP Precision Recall

Vora+ [36] 86.7 76.2 95.1 91.4 88.2 79.9 96.8 91.2
MVDet [17] 88.2 75.7 94.7 93.6 83.9 79.6 96.8 86.7
SHOT [32] 90.2 76.5 96.1 94.0 88.3 82.0 96.6 91.5
MVDeTr [16] 91.5 82.1 97.4 94.0 93.7 91.3 99.5 94.2
M-MVOT [39] 92.1 81.3 94.5 97.8 96.7 86.1 98.8 97.9
MVAug [12] 93.2 79.8 96.3 97.0 95.3 89.7 99.4 95.9
3DROM [30] 93.5 75.9 97.2 96.2 95.0 84.9 99.0 96.1
OmniOcc [2] 93.5 81.5 94.9 97.8 94.4 88.7 98.7 95.6
MVFP [1] 94.1 78.8 96.4 97.7 95.7 85.1 98.4 97.2
Ours 94.6 83.3 95.9 98.8 97.2 91.3 99.8 97.4

Table 2: Comparison on Wildtrack and MultiviewX. OmniOcc is re-implemented by us.

4.2 Implementation Details and Evaluation Metrics
Unless otherwise mentioned, we employed ResNet18 [15] and PAFPN [24] for the back-
bone and image-FPN in the image encoder, respectively. ResNet18 was pretrained on Ima-
geNet [9]. We use four convolutional layers for each prediction network. We set the channel
size C to 256 and the detection threshold to 0.4.

Input images were resized to 720×1280. Following MVDeTr [16], we applied random
resizing and cropping to images as the data augmentation during training. We optimized
the model using the Adam optimizer [27]. We set the batch size to 1 and accumulated the
gradient over 16 batches. The learning rate was initialized to 1.0× 10−3 and decayed to
1.0×10−6 following a cosine schedule. We set the training epoch to 10 for GMVD and 50
for Wildtrack and MultiviewX. More training details are provided in Supp. A.

Following previous studies [17, 36], we used four standard metrics provided by Chav-
darova et al. [5] and Kasturi et al. [19]: multiple object detection accuracy (MODA), multiple
object detection precision (MODP), recall, and precision. A detected pedestrian was classi-
fied as a true positive if its distance from the ground truth was within 0.5 meters. We used
MODA as the primary performance indicator following previous studies [17, 36].

4.3 Comparison with Previous State-of-the-Art Methods
To verify the effectiveness of MSMVD, we compared it with previous state-of-the-art meth-
ods on GMVD, as shown in Table 1. Previous methods generate a single-scale BEV feature
from single-scale image features, as shown in Fig. 1(a). Since several previous methods had
been evaluated only on Wildtrack and MultiviewX, we re-implemented them for GMVD.
Results of other methods are directly copied from the original papers. MSMVD signifi-
cantly outperformed the previous methods on all metrics. In particular, it achieved MODA
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MODA MODP Precision Recall
Baseline 71.8 80.0 93.6 76.9
+ MSP 74.9 80.5 94.3 80.3
+ MSP and BEV-FPN 80.2 81.3 95.7 83.9

MODA MODP Precision Recall
M3&O3 79.1 81.2 94.9 83.6
M4&O4 78.1 80.3 95.0 82.4
M5&O5 77.6 79.5 95.0 81.9

Ours 80.2 81.3 95.7 83.9
(a) (b)

Table 3: (a) Effect of each component in MSMVD. (b) Comparison of our multi-scale infer-
ence and single-scale inference.

Method Backbone MODA MODP Precision Recall Params (M)

Baseline

ResNet18 71.8 80.0 93.6 76.9 11.7
ResNet34 72.1 78.2 95.5 75.6 21.8
ResNet50 74.3 79.2 94.1 79.2 24.2
ResNet101 75.8 78.9 96.8 78.3 43.2

Ours

ResNet18 80.2 81.3 95.7 83.9 22.9
ResNet34 81.0 81.5 94.8 85.7 33.0
ResNet50 82.0 81.3 94.9 85.6 35.9
ResNet101 82.2 82.6 97.2 85.6 54.9

Table 4: Effect of backbone size on the baseline model and our proposed method.

and MODP 4.5 and 3.1 points higher than the previous highest scores, respectively. These
results demonstrate that exploiting and combining multi-scale image features of multiple
views leads to a better detection performance and show that MSMVD is superior to the other
methods. Figure 2 visually compares the results of MSMVD and MVFP [1]. While MVFP
failed to detect pedestrians with consistently small (yellow and pink rectangles) or large (a
purple rectangle) scales in views and pedestrians with vastly different scales between views
(red and blue rectangles), our MSMVD accurately detected these pedestrians. This indicates
the advantages of MSMVD over MVFP. Specifically, the detection of the former pedestrians
indicates the advantage of exploiting multi-scale image features and conducting prediction
for each of the multi-scale BEV features, and that of the latter pedestrians indicates the ad-
vantage of combining the information at different scales of multiple views by BEV-FPN.

To validate the versatility of MSMVD, which is not limited to GMVD, we also compared
it with previous methods on Wildtrack and MultiviewX, as shown in Table 2. The result of
OmniOcc [2] is achieved by our re-implementation, and the results of the other methods are
directly copied from the original papers. MSMVD outperformed the previous methods on
almost all metrics. In particular, it exceeded the previous highest MODA by 0.5 points on
both datasets. These results demonstrate that our method is effective for various datasets.

4.4 Ablation Study
In this subsection, we investigate the effect of MSP, BEV-FPN, our inference procedure, and
the backbone size. We set the model that removes MSP and BEV-FPN from MSMVD and
generates a single-scale BEV feature from single-scale image features extracted by the last
layer of the image encoder as the baseline. All experiments were conducted on GMVD. In
Supp. B, we also investigate the effect of the training with O4 and O5, the offset prediction,
the pooling method, the architecture of image-FPN and BEV-FPN, and the scaling factor γn

in MSP.
Effect of each component. To investigate the contribution of MSP and BEV-FPN, we grad-
ually added them to the baseline, as shown in Table 3(a). Adding MSP significantly im-
proved MODA and recall and outperformed all methods in Table 1 on MODA, other than
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OmniOcc and MVFP. This indicates that adding MSP reduces missed detection and demon-
strates the effectiveness of utilizing multi-scale image features via multi-scale BEV features.
Adding BEV-FPN further improved the detection performance and outperformed all meth-
ods in Table 1. This shows that adding BEV-FPN enhances multi-scale BEV features and
demonstrates the importance of combining information at different scales of multiple views.
Effect of merging multi-scale occupancy maps. To investigate the effect of merging pre-
dictions at multiple scales during inference, we compared our inference procedure with using
only a single-scale occupancy map and the corresponding offset map, as shown in Table 3(b).
When employing our inference procedure, we achieved a better detection result than when
using only a single-scale occupancy map and its offset map. This demonstrates the advantage
of combining predictions at multiple scales. In addition, even when using only a single-scale
occupancy map and offset map, MSMVD outperformed all methods in Table 1. This also
indicates that MSMVD’s BEV feature is superior to that of other methods.
Effect of the backbone size. MSMVD has more parameters than the baseline due to MSP
and BEV-FPN. To show that the performance improvement by MSMVD is not simply due
to this parameter increase, we applied backbones with different sizes and investigated their
effect on the detection performance, as shown in Table 4. While larger backbones improved
the detection performance of the baseline, MSMVD with ResNet18 achieved a better result
than the baseline with the same or more parameters. This demonstrates that MSMVD is
superior to a simple parameter increase by larger backbones. Larger backbones are also
beneficial to our method, and MSMVD with the largest ResNet101 achieved 82.2 MODA
and 82.6 MODP, which significantly outperformed existing methods in Table 1.

5 Conclusion

We proposed a novel end-to-end multi-view pedestrian detection (MVPD) method, called
MSMVD. In contrast to previous methods that rely only on single-scale image features,
MSMVD exploits multi-scale image features via multi-scale bird’s eye view (BEV) features
to effectively detect pedestrians at various scales. In addition, MSMVD combines infor-
mation at different scales of multiple views by processing multi-scale BEV features using
a feature pyramid network. This makes the model more robust to pedestrians with vastly
different scales between views. Extensive experiments demonstrate that exploiting multi-
scale image features via multi-scale BEV features improves the detection performance, and
MSMVD achieved a new state-of-the-art result on three major MVPD datasets. We hope
that our work opens new possibilities in exploring end-to-end MVPD.
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