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robotics [2], sports analytics [3], and autonomous mobile 
robot control [4].

Recent methods for multi-view pedestrian detection con-
sider all input images jointly to learn a dense feature map 
in bird’s-eye-view (BEV) [5–10]. This BEV representation, 
which is aligned with the ground plane, is then refined, typi-
cally with convolutional layers, to obtain an occupancy map 
describing likely pedestrian locations. Finally, the occu-
pancy map is post-processed via thresholding and non-max-
imum suppression to derive pedestrian detections. Although 
these methods have achieved impressive results, they rely 
on labeled multi-view datasets, which are typically scarce 
due to the costs of multi-camera setups and image annota-
tion. In practice, labeled data is typically limited to simula-
tions or a single real-world camera rig, leading to overfitting 
and poor generalization across different camera setups.

Collecting unlabeled data from the real-world test setup, 
however, is relatively straight-forward, making unsuper-
vised domain adaptation (UDA) a promising solution to 
the generalization challenges in multi-view detection. UDA 
is well established for monocular perception tasks such as 
image classification, semantic segmentation, and object 
detection, with mean teacher self-training as a popular 
approach [11–13]. This approach trains a student model on 

Introduction
Multi-view detection aims to detect objects from a set of 

images captured simultaneously by multiple cameras, each 
providing a distinct view of the same scene. Using multi-
ple views allows for greater robustness to occlusions and 
facilitates inferring 3D properties of objects, which can be 
challenging with a single camera. In this paper, we focus 
on multi-view pedestrian detection, where the goal is to 
detect pedestrians and estimate their location on a ground 
plane using images captured by multiple stationary cameras. 
This task is relevant in applications like surveillance [1], 
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Abstract
We address multi-view pedestrian detection in a setting where labeled data is collected using a multi-camera setup different 
from the one used for testing. While recent multi-view pedestrian detectors perform well on the camera rig used for train-
ing, their performance declines when applied to a different setup. To facilitate seamless deployment across varied camera 
rigs, we propose an unsupervised domain adaptation (UDA) method that adapts the model to new rigs without requiring 
additional labeled data. Specifically, we leverage the mean teacher self-training framework with a novel pseudo-labeling 
technique tailored to multi-view pedestrian detection. This method achieves state-of-the-art performance on multiple 
benchmarks, including MultiviewX→Wildtrack. Unlike previous methods, our approach eliminates the need for external 
labeled monocular datasets, thereby reducing reliance on labeled data. Extensive evaluations demonstrate the effectiveness 
of our method and validate key design choices. By enabling robust adaptation across camera setups, our work enhances 
the practicality of multi-view pedestrian detectors and establishes a strong UDA baseline for future research.
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unlabeled data using pseudo-labels generated by a mean 
teacher [14], an exponential moving average of the student’s 
parameters. However, to the best of our knowledge, Lima 
et al. [15, 16] constitute the only works to explore UDA 
in multi-view pedestrian detection. In their approach, they 
adapt a multi-view detector through self-training, but rely 
on a pre-trained external detector based on large, labeled 
monocular datasets, limiting practicality for applications 
without access to such resources.

We address this gap by considering a strict UDA setting 
that excludes any external labeled dataset or pre-trained 
detector. Apart from its practical relevancy due to restric-
tive licensing of datasets and derived detectors, it is also 
conceptually interesting as it opens possibilities to extend 
the framework to new object types in the future. We build 
on mean teacher self-training, adapting it for multi-view 
pedestrian detection and identifying key success factors for 
the strict UDA settings. Importantly, we propose a novel 
pseudo-labeling method to enhance pseudo-label reliability, 
significantly improving self-training efficacy. Our method 
achieves state-of-the-art performance across multiple 
benchmarks. Furthermore, while recent works primarily 
focus on bridging simulated and real-world domains, few 
consider the challenges posed by changing camera configu-
rations. To facilitate this, we introduce two new benchmarks 
specifically for cross-camera rig adaptation.

Our contributions can be summarized as follows: 

1.	 We unveil the potential of self-training for multi-view 
pedestrian detection under a strict UDA setting and 
develop a state-of-the-art method for this problem.

2.	 We propose a simple yet effective pseudo-labeling 
method that improves pseudo-label reliability and 
thereby the effectiveness of self-training.

3.	 We demonstrate the efficacy of our method on multiple 
established benchmarks and on two new benchmarks, 
which we introduce to specifically address cross-cam-
era rig adaptation.

1  Related work

1.1  Multi-view pedestrian detection

Multi-view pedestrian detection aims to utilize cameras 
with different viewpoints to enable more robust detection 
and localization in 3D than what is possible with a single 
camera. Early methods relied on background subtraction 

in each view and inferred 3D ground plane positions using 
graphical models combined with Bayesian inference [17–
19]. Since background subtraction is not sufficiently dis-
criminative in crowded scenes, many later works replaced 
this component with more advanced methods of monocular 
perception, such as 2D bounding box detection [20–22], 
human pose estimation [20], or instance segmentation 
[23]. These methods also proposed alternative ways to fuse 
individual detections, such as projecting detections onto a 
ground plane and grouping them based on Euclidean prox-
imity [20, 21, 23], or employing Conditional Random Fields 
(CRF) [22]. However, because these methods rely on mon-
ocular perception, any deficiencies in the individual views 
can degrade overall performance.

In contrast, end-to-end methods consider all input 
images jointly, enabling a more comprehensive under-
standing of correspondences across views. Early methods 
processed each view with a Convolutional Neural Net-
work (CNN) to extract features and then applied either a 
Multilayer Perceptron (MLP) [24] or CRF [25] to generate 
detections by jointly considering these features. Recently, 
MVDet [5] introduced a new approach by projecting fea-
tures from individual views into a bird’s-eye view (BEV) 
through a perspective transformation, creating dense fea-
ture maps in BEV. Many recent methods build on this idea 
through improved perspective view feature extraction [26], 
enhanced feature aggregation in BEV [6, 7, 10], modified 
decoders [27, 28], and multi-view-specific data augmenta-
tion techniques [8, 9]. While these approaches continue to 
push the state-of-the-art in multi-view pedestrian detection, 
they require labeled multi-view datasets for training and 
typically fail to generalize well to new camera setups. In 
this work, we aim to relax the dependency on labeled multi-
view data, making these methods more useful in practice.

1.2  Unsupervised domain adaptation (UDA)

Given a labeled dataset from a source domain and an unla-
beled dataset from a target domain, Unsupervised Domain 
Adaptation (UDA) aims to transfer knowledge from the 
source to the target, allowing models to generalize to new 
data distributions without additional labels. UDA has been 
widely applied in computer vision tasks, including image 
classification [29–31], semantic segmentation [32–35], 
and object detection [11, 13, 36, 37]. Recent UDA meth-
ods largely follow two approaches: adversarial learning and 
self-training. Adversarial learning seeks to create domain-
invariant input [11, 33, 34], output [31, 35] or features [13, 
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29, 32], helping the model to disregard variations across the 
domains that are irrelevant to the task. Self-training, on the 
other hand, involves training a student model in a supervised 
fashion on the target dataset using pseudo-labels  [38]. To 
improve the quality of the pseudo-labels, many approaches 
[11–13, 36, 37] use a mean teacher [14], which is an expo-
nential moving average of the student’s parameters, to gen-
erate these labels during training. Nevertheless, incorrect 
pseudo-labels remain a significant challenge [13, 37, 39]. 
Furthermore, while UDA has shown substantial progress 
in monocular tasks, adapting it to multi-view perception 
remains largely unexplored.

In one of the few efforts to apply UDA methods to multi-
view pedestrian detection, Lima et al. [15] proposed adapting 
the detector from [6] to unlabeled target data using self-
training. However, the method suffered from low-quality 
pseudo-labels, resulting in modest improvements on a sin-
gle benchmark. Lima et al. later improved their approached 
by incorporating a mean teacher for pseudo-labeling [16]. 
However, the success of the method is conditioned on pre-
training with pseudo-labels generated by an external detec-
tor [20], which in turn relies on supervised training on large, 
labeled datasets for monocular human pose estimation. As 
a result, the approach still requires substantial amounts of 
labeled data, which may limit its practical use. In contrast 
to these methods, our work presents a solution for unsuper-
vised domain adaptation in multi-view pedestrian detection 
that does not depend on any auxiliary labeled datasets or 
pre-trained models derived from them.

2  Methods

In this section, we introduce our UDA method for multi-
view pedestrian detection, designed to leverage labeled 
source data alongside unlabeled target data to train a multi-
view detector for deployment on the target domain. We 
begin by detailing the detector architecture. Thereafter, we 
outline our overall UDA strategy and, finally, introduce our 
approach for generating high-quality pseudo-labels.

2.1  Multi-view detector

Due to its simplicity and good generalization capability, we 
use the multi-view detector GMVD [6]. Like many other 
works [5–10], this detector produces an occupancy map that 
describes likely pedestrian locations on the ground plane. 

To derive the final prediction, which is a set of pedestrian 
locations on the ground plane, this occupancy map is post-
processed via thresholding and non-maximum suppres-
sion. The detector consists of three components: 2D image 
feature extraction, perspective transformation, and spatial 
aggregation.

Feature extractor: Given N RGB-images from different 
views, a ResNet-18 [40] extracts features with C channels 
and spatial dimension Hf × Wf  for each view.

Perspective transformation: Assuming known intrinsic 
and extrinsic calibration for each camera, the output of the 
feature extractor are transformed to BEV using a perspec-
tive transformation. The reader is referred to [5] for the full 
details on this transformation. The result of this operation is 
N BEV feature maps of shape C × Hg × Wg , where Hg  and 
Wg defines the spatial dimension of the BEV. The purpose is 
to put all features in the common BEV, which prepares them 
for spatial aggregation. For a detailed explanation, we refer 
the reader to the original paper [5].

Spatial aggregation: The BEV features from different 
cameras are concatenated to produce a BEV feature map 
of shape N × C × Hg × Wg. Average pooling is then 
applied along the first dimension to reduce its shape to 
C × Hg × Wg . Since average pooling makes the shape of 
the BEV feature map independent of the number of views 
N, it allows for naturally handling a varying number of cam-
eras. Finally, three dilated convolutional layers process the 
BEV feature map to regress an occupancy map of dimension 
Hg × Wg . During inference, the probabilistic occupancy 
map is thresholded to produce detection candidates, which 
are then subject to non-maximum suppression (NMS) to 
remove duplicate detections.

2.2  Mean teacher self-training

In multi-view detection, a labeled source dataset with Ns 
samples can be described as DS = {(xS,k, yS,k)}NS

k=1, 
where xS,k denotes a batch of multi-view images from the 
source domain and yS,k denotes the associated label. The 
label yS,k is a matrix of shape Hg × Wg  that describes the 
pedestrians’ locations on the ground plane. Specifically, each 
pedestrian is associated with the closest cell in the matrix 
and assigns that cell with the value 1, while all other entries 
have the value 0. Similarly, an unlabeled target dataset with 
NT  samples is described by DT = {xT,k}NT

k=1, where xT,k 
is a batch for multi-view images from the target domain.
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Gaussian kernel G(·) to generate a soft target and train the 
model with the MSE loss. We adopt this loss for both the 
source and target domain according to

LS(y, ŷ) = LT (y, ŷ) =
Hg∑
i=1

Wg∑
j=1

(G(yij) − ŷij)2,� (4)

where y and ŷ denotes a label (or pseudo-label) and predic-
tion respectively. The proposed mean teacher self-training 
framework is schematically illustrated in Fig.  1. Before 
adapting the model to the target domain, however, we pre-
train it using only source data.

2.3  Local-max pseudo-labeling

An essential step in the self-training framework detailed 
in the previous section is the creation of pseudo-labels. In 
multi-view pedestrian detection, post-processing is applied 
to the predicted probabilistic occupancy map to derive a set 
of detections. In this section, we first review the conven-
tional post-processing method and then introduce our alter-
native, which is tailored for the UDA problem.

Vanilla pseudo-labeling: The conventional method, 
adopted by e.g. [5, 6, 8, 28], comprises the following 
steps: First, all candidate locations with confidence scores 

In established self-training methods for monocular per-
ception, a model fθ (the student) is trained on labeled sam-
ples from the source dataset and pseudo-labeled samples 
from the target dataset. Note that fθ in our case is the multi-
view detector described in the previous section. Moreover, 
the pseudo-labels are typically created during training by 
a mean teacher fϕ. The architecture of fϕ is the same as 
fθ, but its weights ϕ are updated as an exponential moving 
average of the student’s weights θ according to

ϕt+1 ← αϕt + (1 − α)θt,� (1)

where α is a hyperparameter. Formally, the pseudo-label ỹT  
for a batch of multi-view images xT  on the target domain 
(dropping the index k for ease of notation) is defined by

ỹT = h(fϕ(xT )),� (2)

where h denotes the post-processing function that maps 
the predictions to pseudo-labels. In multi-view pedestrian 
detection, h typically consist of applying a threshold to the 
predicted occupancy map and then applying non-maxi-
mum suppression. In this work, we consider both conven-
tional post-processing and our own proposal, which will 
be described in the next section. Furthermore, while fϕ is 
fed target images xT  for pseudo-labeling, the student is fed 
augmented images A(xT ). In our work, the same data aug-
mentation method is also applied to the source images xS  to 
further support the student’s generalization capability. Thus, 
the weights θ of the student network fθ are trained to mini-
mize the loss

L(θ) = E[LS(yS , fθ(A(xS))) + λLT (ỹT , fθ(A(xT )))],� (3)

where the expectation is taken over data from the source 
and target datasets and λ is a hyperparameter that adjusts 
the influence of the target data. Following [5], we apply a 

Fig. 2  Illustrative example of predicted occupancy scores in one 
dimension

 

Fig. 1  An overview of our 
proposed self-training method 
for UDA multi-view pedestrian 
detection. A student is trained with 
labels on the source domain and 
pseudo-labels on the target domain, 
which are created by a mean 
teacher. While the teacher creates 
pseudo-labels on unaugmented 
data, the student receives strongly 
augmented images. Note that the 
label and pseudo-label have been 
softened with a Gaussian kernel in 
this figure to ease visualization
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3  Experiments

3.1  Experimental setup

Datasets: we use the popular Wildtrack [41] and Multiv-
iewX [5] datasets as well as a subset of the newly introduced 
GMVD [6] dataset. Wildtrack is a real-world dataset com-
prising 400 multi-view images collected from a single cam-
era rig of seven cameras with overlapping fields of view, 
covering an area of 12 × 36 meters. For annotation, the 
ground plane is discretized into a 480 × 1440 grid, where 
each cell corresponds to a 2.5 × 2.5 cm region. Meanwhile, 
MultiviewX is a synthetic dataset of 400 images from six 
cameras covering an area of 16 × 25 meters, with a grid 
shape of 640 × 1000 of the same spatial resolution. GMVD 
is another synthetic dataset, distinct for its multiple scenes 
and camera configurations. Here, the covered area depends 
on the scene and the grid is chosen to attain the same spatial 
resolution of 2.5 × 2.5 cm.

To evaluate adaptation from labeled simulated data to 
unlabeled real-world data, and the converse, we consider 
the benchmarks MultiviewX→Wildtrack and Wildtrack→
MultiviewX. Following [6], we also consider the intra-
dataset benchmarks Wildtrack 1,3,5,7→2,4,5,6, Wildtrack 
2,4,5,6→1,3,5,7, and MultiviewX 1,2,6→3,4,5, where dif-
ferent subset of cameras from a single dataset constitute the 
source and target domain. The purpose is to evaluate adap-
tation across camera rigs without the presence of a sim-to-
real domain gap. Additionally, to address this problem in 
the more challenging setting where the source and target 
datasets are collected from different scenes, we introduce 
two new benchmarks wherein GMVD and MultiviewX 
constitute the source and target domain respectively. Like 
the intra-dataset benchmarks, we consider labels on a single 
camera rig and therefore use only a subset of GMVD as the 
labeled source dataset. Specifically, we consider two differ-
ent camera configurations on the first scene of GMVD as the 
source domain and introduce the benchmarks GMVD1→
MultiviewX and GMVD2→MultiviewX. For all bench-
marks, we use the first 90% of samples in MultiviewX and 
Wildtrack for training and the last 10% for testing. GMVD1 
and GMVD2 both consist of five cameras and comprise 517 
training frames.

Evalation metrics: like most previous works, we evalu-
ate the models in terms of the MODA, MODP, precision and 
recall metrics. MODA serves as the primary performance 
indicator, since it accounts for both missed detections and 
false positives, while MODP evaluates the localization 

exceeding a threshold τ  are added to a list, sorted in 
descending order by score. Second, the algorithm selects 
the first candidate in the list as a detection and removes all 
candidates within a Euclidean distance d of this detection. 
Third, the second step is repeated until the list is empty.

To illustrate, consider a one-dimensional example with 
τ = 0.4 and d = 2, shown in Fig. 2. Here, six candidates on 
positions x ∈ {6, 7, 8, 9, 10, 11} exceed the threshold and 
are added to the list. Since position x = 8 has the highest 
confidence, it is selected as the first detection. Subsequently, 
candidates at positions 6,7,9, and 10 are removed from the 
list because they fall within distance d of the first detec-
tion. The candidate at position 11 is then selected as a sec-
ond detection. The algorithm terminates at this point since 
no candidates remain in the list. Note, however, that if the 
threshold τ  had been lower, a third detection at, e.g., x = 5 
could have been attained.

Since the predicted confidence level on the target domain 
is difficult to foresee, we question whether this post-process-
ing method is overly dependent on the threshold τ . Ideally, a 
well trained network is expected to exhibit predictions with 
a single local maximum at each location of a pedestrian fol-
lowing training with the MSE loss on the Gaussian targets 
described in Eq. (4). However, this post-processing method 
may also produce detections that are not local maxima. We 
hypothesize that such detections are less reliable, especially 
in UDA when the threshold τ  is ambiguous.

Local-max pseudo-labeling: Motivated by the above 
analysis, we propose an alternative post-processing method 
that only considers points that are local maxima as candi-
date detections. To allow for an efficient implementation, in 
for example PyTorch, we define a local maxima as a posi-
tion ij in the occupancy map for which the predicted confi-
dence ŷij  satisfies

ŷij ≥ ŷkl ∀k ∈ [i − kd, i + kd] and ∀l ∈ [j − kd, j + kd],� (5)

where k and l are integers and kd is a parameter that defines 
the size of the considered neighborhood. Since the predic-
tions are expected to exhibit some degree of noise, we also 
require the predicted confidence of any detections to exceed 
the threshold τ . Note, however, that a location that is not a 
local maxima is never considered a candidate detection in 
our method, regardless of the value of τ , which distinguishes 
it from the conventional method. In the one-dimensional 
example illustrated in Fig. 2, the proposed post-processing 
method would not create a detection at x = 11, rather a sin-
gle detection at x = 8 since this is the only local-maxima.
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precision [42]. For all metrics, we report the performance 
in percentage.

3.2  Implementation details

Following [6], input images are resized to shape 720x1280 
before being processed by ResNet-18 [40], extracting 
512-channel feature maps. These features are resized to 
shape 270x480 through bilinear interpolation before being 
projected to the ground plane, whose shape depends on the 
dataset. For spatial aggregation, we employ three convolu-
tional layers with kernel size 3 and dilation factors of 1, 2 
and 4. For training, we use the one-cycle learning rate sched-
uler [43] with a max learning rate of 0.1 and the SGD opti-
mizer with momentum 0.5 and L2 regularization 5 · 10−4. 
We use a batch size of 1 and employ early stopping to avoid 
overfitting. For evaluation, we use (conventional) NMS 
with a spatial threshold of 0.5 ms like previous works [5, 6]. 
However, while these works use the threshold τ = 0.4, we 
evaluate the model on the range τ ∈ {0.05, 0.10, ..., 0.95} 
and select the result with highest MODA. The purpose is to 
ensure that the experimental results are not affected by the 
specific choice of τ , whose optimal value is unknown in the 
UDA setting.

Prior to self-training, we initialize ResNet-18 with Ima-
geNet [44] weights and pre-train the model on only source 
data for 20 epochs, which constitutes our Baseline. Unless 
stated otherwise, the UDA results are obtained by adapting 
the baseline to the target domain by 5 epochs of self-train-
ing, using λ = 1.0, α = 0.99, and the proposed local-max 
pseudo-labeling with kd = 3. The threshold τ  used for 
pseudo-labeling is experimentally set to 0.4 for Multiv-
iewX→Wildtrack, 0.2 for Wildtrack→MultiviewX, and 
0.3 for all other benchmarks. Moreover, Dropview [6] and 
3DROM [8] augmentation is used both to train the baseline 
and in self-training.

In our experiments on MultiviewX→Wildtrack using an 
NVIDIA A100, training the baseline takes approximately 
five hours, and adaptation through five epochs of self-
training requires an additional three hours. At inference, 
the GMVD model runs at about one second per frame in 
PyTorch on the same hardware. The main results presented 
in Section 4.3 are generated with the MatLab toolkit of 
MOTChallenge [45]. For convenience, all other results are 
generated with the Python implementation by [5], which 
was used during development of our method.

3.3  MVUDA compared with previous methods

In this section, we compare our adaptation method MVUDA 
with previous SOTA methods, as well as our Baseline 
(trained only on source), and the Oracle, which is trained 

Table 1  Performance comparison with state-of-the-art methods on two 
cross-domain benchmarks. The methods marked with † rely on models 
trained on large, labeled datasets for monocular vision
Method MODA MODP Precision Recall
MultiviewX → Wildtrack
†Lima et al. [16] 85.1 74.8 93.9 91.0
†PPM [23] 90.3 72.6 94.4 96.0
Oracle 91.3 75.5 97.0 94.2
GMVD [6] 70.7 73.8 89.1 80.6
TMVD [46] 74.9 76.9 90.4 83.8
MVFP [10] 82.6 76.2 89.6 93.4
Baseline 70.0 73.6 89.2 79.6
MVUDA (ours) 85.4 75.3 96.5 88.7
Wildtrack → MultiviewX
†Lima et al. [16] 75.9 78.6 96.2 79.0
Oracle 90.8 82.2 97.3 93.4
GMVD* [6] 31.3 67.2 74.9 47.1
TMVD* [46] 60.0 74.4 88.2 69.3
Baseline 35.7 66.5 82.7 45.2
MVUDA (ours) 82.2 75.6 93.2 88.7

Table 2  Performance comparison with state-of-the-art methods on five 
different camera rig adaptation benchmarks
Method MODA MODP Precision Recall
Wildtrack 2,4,5,6 → 1,3,5,7
Oracle 83.7 75.8 94.6 88.8
GMVD [6] 75.1 71.1 94.3 79.9
TMVD* [46] 78.7 73.2 95.2 82.9
Baseline 75.0 71.2 91.4 82.8
MVUDA (ours) 79.2 78.0 96.2 82.5
Wildtrack 1,3,5,7 → 2,4,5,6
Oracle 86.9 71.6 94.3 92.4
GMVD [6] 62.6 67.4 86.7 73.9
TMVD* [46] 70.4 68.3 91.2 77.9
Baseline 71.6 68.5 87.8 83.2
MVUDA (ours) 81.2 68.8 95.7 85.0
MultiviewX 1,2,6→ 3,4,5
Oracle 74.9 74.4 94.9 79.1
GMVD* [6] 46.1 68.9 85.5 55.5
TMVD* [46] 61.7 71.8 88.5 71.0
Baseline 54.0 69.4 89.3 61.4
MVUDA (ours) 63.9 73.1 91.1 70.8
GMVD1 → MultiviewX
Oracle 90.8 82.2 97.3 93.4
GMVD* [6] 65.9 73.6 83.8 81.8
TMVD* [46] 75.9 76.6 91.0 84.2
Baseline 70.1 74.6 89.6 79.4
MVUDA (ours) 88.9 78.4 97.0 91.8
GMVD2 → MultiviewX
Oracle 90.8 82.2 97.3 93.4
GMVD* [6] 61.5 73.0 91.1 68.1
TMVD* [46] 75.3 76.4 88.6 86.4
Baseline 66.3 74.3 85.5 79.9
MVUDA (ours) 88.4 77.1 96.9 91.3
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the highest performance. While TMVD demonstrates strong 
generalizability across domains and camera setups, it also 
has notable drawbacks: its training time is roughly 75 h on 
an NVIDIA A100 compared to only five hours for our base-
line (based on GMVD), and its inference time in PyTorch is 
around 9 s per frame versus about 1 s for GMVD, making 
it unsuitable for real-time use. In addition, TMVD relies on 
the assumption of known pedestrian dimensions. When this 
assumption does not hold, performance can degrade, and 
generalization to other object classes with greater intra-class 
variation is limited. For these reasons, we base our method 
MVUDA on the GMVD architecture.

3.4  Ablation study

To study the importance of Mean Teacher (MT) and data 
augmentation (Aug) in the self-training (ST) framework, we 
ablate these components on two benchmarks in Table 3.

Here, the first row shows the performance without any 
adaptation (baseline). Furthermore, self-training without 
mean teacher implies that the (frozen) baseline model cre-
ates pseudo-labels throughout training. It can be seen that 
self-training alone yields substantial improvements over the 
baseline. Moreover, the results improve significantly when 
adding the mean teacher and the data augmentation. It is 
noteworthy that the impact of data augmentation is greater 
on the sim-to-real benchmark, where it may serve as key 
component in overcoming the larger domain gap.

3.5  In-depth analysis of MVUDA

In this section, we analyze key components of our proposed 
method in detail, including the introduced pseudo-labeling 
technique, the parameter α, and the data augmentation. 
Unless stated otherwise, herein the UDA method com-
prises self-training using local-max pseudo-labeling with 
kd = 3, α = 0.99, λ = 1, and no data augmentation. Again, 
the threshold τ  is set to 0.4 for MultiviewX→Wildtrack, 0.2 
for Wildtrack→MultiviewX, and 0.3 for all other bench-
marks, following the experiments presented in Table 4.

with labels on the target domain similarly as the baseline 
was trained on the source domain. For qualitative results, 
please refer to the supplementary material. In Table 1, the 
results on MultiviewX→Wildtrack and Wildtrack→Multiv-
iewX are presented. The dashed line separates the methods 
that use auxiliary labeled datasets from those that use labels 
only on the source domain. The bold figures indicate the 
highest scores in each column among the methods in the lat-
ter category. The results of previous methods are taken from 
the respective papers, although most only consider Multi-
viewX→Wildtrack. To extend the comparison further, we 
use the code of GMVD [6] and TMVD [46] to evaluate their 
performance on any remaining benchmarks as denoted by 
GMVD* and TMVD*. For GMVD*, we use the same train-
ing scheme as the authors. For TMVD*, we include pre-
training on ImageNet along with Dropview and 3DROM 
data augmentation to enable a fair comparison with our 
baseline and MVUDA.

It can be seen that MVUDA boosts the baseline per-
formance significantly with respect to all studied metrics 
on both benchmarks. MVUDA also achieves the highest 
MODA among the methods that don’t rely on auxiliary 
labeled data. Impressively, our method boosts the baseline 
from 35.7 to 82.2 MODA on Wildtrack→MultiviewX, out-
performing [16] by a large margin although they rely on a 
monocular detector derived from large, labeled monocular 
datasets.

In Table 2, we further evaluate MVUDA on five camera 
rig adaptation benchmarks. In all cases, our method signifi-
cantly boosts the baseline in terms of MODA and outper-
forms [6] on all metrics. Furthermore, our method reaches 
close to Oracle performance on the two GMVD→Mul-
tiviewX benchmarks, which further highlights the effec-
tiveness of our adaptation approach. Interestingly, the gap 
between MVUDA and the Oracle is slightly higher for the 
three intra-dataset benchmarks, suggesting that our method 
is less effective when the number of cameras is smaller.

It can also be seen that TMVD (and TMVD*) outperforms 
GMVD (and GMVD*) and the baseline by a large margin on 
most benchmarks. However, MVUDA consistently achieves 

Table 3  Ablation of the Mean Teacher (MT) and data augmentation (Aug), which are two pivotal components in the self-training (ST) framework
ST MT Aug MODA MODP Precision Recall
MultiviewX → Wildtrack

70.0 73.6 89.2 79.6
✓ 75.0 73.3 92.0 82.1
✓ ✓ 78.7 74.2 92.1 86.0
✓ ✓ ✓ 85.4 75.3 96.5 88.7
GMVD1 →  MultiviewX

70.3 74.5 89.7 79.5
✓ 76.6 76.0 91.5 84.5
✓ ✓ 87.2 76.6 97.6 89.4
✓ ✓ ✓ 89.0 78.4 97.0 91.8
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diverge to increasing amounts of false positives when τ  is set 
too low, often leading to zero MODA in the end of training, 
the rate of divergence is much faster for the vanilla method 
on most benchmarks. Meanwhile, local-max is more robust 
to low values of τ , mitigating the risk of degrading the per-
formance of the baseline significantly. In practice, using the 
same τ  on all benchmarks is feasible. Specifically, τ = 0.30 
is well-suited for local-max, while τ = 0.40 works best for 

Pseudo-labeling: Table 4 shows MODA of our UDA 
method using either vanilla pseudo-labeling or local-max 
pseudo-labeling. For convenience, we show the MODA 
of the baseline (from Tables 1 and 2) in parenthesis in the 
benchmark headings. It can be seen that UDA local-max 
yields the highest MODA in six out of seven benchmarks 
and offers improvements over the baseline across a wider 
range of τ  values. Additionally, while self-training tend to 

Table 4  Performance comparison (MODA) of self-training with vanilla or local-max pseudo-labeling at different thresholds τ
Method τ =0.2 0.25 0.3 0.35 0.4 0.45 0.5
MultiviewX ->Wildtrack (70.0)
UDA vanilla 19.9 33.0 42.5 66.1 78.6 76.2 72.2
UDA local-max 55.8 67.1 70.8 74.4 75.8 73.9 66.7
WildTrack ->MultiViewX (35.9)
UDA vanilla 0.0 0.0 48.1 47.6 47.9 30.5 20.1
UDA local-max 73.2 75.7 68.7 59.2 43.5 27.4 13.5
WildTrack 2,4,5,6 ->1,3,5,7 (75.2)
UDA vanilla 0.0 24.1 73.8 77.4 78.5 78.0 75.2
UDA local-max 65.3 72.6 78.6 78.5 77.7 78.2 73.4
wildtrack 1,3,5,7 ->2,4,5,6 (72.3)
UDA vanilla 0.4 24.9 57.9 75.3 73.4 53.4 37.7
UDA local-max 71.0 75.6 79.8 77.5 60.6 44.5 33.6
GMVD1 ->MultiViewX (70.3)
UDA vanilla 69.1 80.7 87.8 86.4 81.5 67.4 50.7
UDA local-max 73.4 79.3 87.8 87.3 81.3 66.6 57.4
GMVD2 ->multiviewx (66.9)
UDA vanilla 0.0 0.0 74.9 86.1 82.8 71.0 55.6
UDA local-max 79.9 84.1 88.1 86.1 80.1 70.5 51.6
multiviewx 1,2,3->4,5,6 (54.7)
UDA vanilla 15.5 3.9 40.6 50.5 55.2 46.7 41.9
UDA local-max 58.1 63.9 63.1 61.3 56.3 48.3 39.6

Table 5  Performance of the baseline when evaluated using either vanilla or the proposed local-max pseudo-labeling
MODA MODP

Method τ = 0.2 0.3 0.4 0.5 0.2 0.3 0.4 0.5
MultiviewX → Wildtrack
Vanilla 0.0 42.9 70.0 63.1 71.9 72.7 73.6 75.0
Local-max 42.0 59.2 70.1 62.6 72.4 73.2 73.9 75.1
Wildtrack →MultiviewX
Vanilla 25.0 35.9 32.5 24.7 64.2 66.4 67.1 68.6
Local-max 48.5 41.5 33.2 24.8 66.0 67.5 68.2 69.3

Precision Recall
Method 0.2 0.3 0.4 0.5 0.2 0.3 0.4 0.5
MultiviewX → Wildtrack
Vanilla 40.0 66.0 89.2 97.3 95.5 88.2 79.6 64.9
Local-max 65.9 78.1 92.4 97.6 87.0 82.4 76.4 64.2
Wildtrack →MultiviewX
Vanilla 63.9 82.8 92.6 95.6 57.2 45.2 35.3 25.9
Local-max 95.1 98.6 99.0 98.9 51.1 42.1 33.5 25.1
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attains much higher MODA in this regime. Consequently, 
our method is able to harness reliable pseudo-labels at lower 
confidence levels, which evidently is particularly beneficial 
on the Wildtrack→MultiviewX benchmark.

To further validate the robustness of our UDA method, 
we analyze its performance across different values of the 
parameter kd on two benchmarks in Table 6. It is notewor-
thy that the considered neighborhood for local-max pseudo-
labeling, defined in Eq.  (5), is a square of size 70x70 cm 
when kd = 3 since each cell in the predicted occupancy 
map corresponds to 10x10 cm. Hence, kd = 3 is the larg-
est value for which the entire square is within a radius of 
0.5 ms, which is the distance used in NMS by conventional 
methods. In Table 6, it can be seen that our method works 
well as long as kd is sufficiently small. Interestingly, the 
method works well even with the smallest possible value 
of kd = 1. One could perhaps expect that the method would 
produce many false positives due to noise in the predictions 
with such a small kernel. Conversely, the predictions exhibit 
a reasonable smoothness that mitigates this problem, adding 
to the robustness of our method. Since kd acts as a lower 
bound on the distance between any two pseudo-labels, a too 
large kd risks degrading performance since it may introduce 
false negatives in crowded scenes, which happens around 
kd = 7 on MultiviewX→Wildtrack.

Mean teacher α: Table 7 show the performance in 
MODA of our UDA method when trained for either 5 or 20 

the vanilla method. Under these settings, local-max outper-
forms vanilla on six out of seven benchmarks.

It is also noteworthy that τ = 0.25 yields the best result 
on two benchmarks, suggesting that our rough selection of 
τ ∈ {0.2, 0.3, 0.4} used throughout the paper leaves room 
for improvement.

To further analyze vanilla and local-max pseudo-label-
ing, we evaluate the baseline model using either of the two 
methods for post-processing. Table 5 shows the results on 
MultiviewX→Wildtrack and Wildtrack→MultiviewX for 
different thresholds τ . It can be seen that local-max attains 
higher precision and MODP in all cases, demonstrating that 
detections that are local maxima are typically more reliable. 
However, recall is higher for the vanilla method, owing to 
the fact that it usually produces a larger number of detec-
tions. It is noteworthy that the difference between the two 
methods is more pronounced for small values of τ . This is 
because vanilla post-processing produces many detections 
that are not local maxima in this case. Since these detections 
are less reliable, our method attains much higher MODA 
in this regime. Consequently, our method is able to harness 
reliable pseudo-labels at lower confidence levels, which 
evidently is particularly beneficial on the Wildtrack→Mul-
tiviewX benchmark.To further analyze vanilla and local-
max pseudo-labeling, we evaluate the baseline model using 
either of the two methods for post-processing. Table 5 shows 
the results on MultiviewX→Wildtrack and Wildtrack→
MultiviewX for different thresholds τ . It can be seen that 
local-max attains higher precision and MODP in all cases, 
demonstrating that detections that are local maxima are 
typically more reliable. However, recall is higher for the 
vanilla method, owing to the fact that it usually produces 
a larger number of detections. It is noteworthy that the dif-
ference between the two methods is more pronounced for 
small values of τ . This is because vanilla post-processing 
produces many detections that are not local maxima in this 
case. Since these detections are less reliable, our method 

Table 6  Performance comparison (MODA) of self-training using 
local-max pseudo-labeling with different values of kd

kd= 1 2 3 5 7
MultiviewX → Wildtrack (70.0)

81.2 80.9 79.9 78.3 –
GMVD1 →MultiviewX (70.3)

86.9 88.1 88.0 87.8 86.4

Table 7  Performance comparison (MODA) of self-training for 5 or 20 epochs using different values for α
Epochs α= 0 0.9 0.99 0.999 1
MultiviewX → Wildtrack (70.0)
5 – – 79.7 76.3 77.2
20 – – 79.1 81.2 77.3
GMVD1 →MultiviewX (70.3)
5 85.3 88.0 88.2 83.5 79.0
20 86.8 87.9 87.8 85.3 79.2

Table 8  Performance comparison (MODA) of self-training using dif-
ferent combinations of data augmentation
w/o DV MVA 3DR All DV+3DR
MultiviewX → Wildtrack (70.0)
76.8 79.7 80.8 85.0 81.8 84.7
Wildtrack → MultiviewX (35.9)
73.1 77.4 76.0 79.8 80.7 82.4
Wildtrack 2,4,5,6 → 1,3,5,7 (75.2)
78.0 79.3 79.4 79.2 79.0 79.4
Wildtrack 1,3,5,7 → 2,4,5,6 (72.3)
79.9 81.9 80.6 79.5 80.0 81.4
MultiviewX 1,2,6→3,4,5 (54.7)
62.9 63.6 65.1 63.3 62.6 64.2
GMVD1 → MultiviewX (70.3)
88.0 88.3 87.1 88.8 87.0 89.0
GMVD2 → MultiviewX (66.9)
87.9 87.8 87.7 89.1 87.4 88.8
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Similar results were obtained when we studied the gener-
alization capability of the baseline, for which experiments 
are provided in the supplementary material. Given the good 
performance of MVAug presented by [9], these results are a 
bit surprising. However, it is also convenient since MVAug 
is substantially more complex than the other two methods. 
This is because MVAug, unlike Dropview and 3DR, not 
only augments the input image, but also augments the per-
spective transformation applied to the features.

Qualitative results We further compare the predictions 
of MVUDA and the baseline from Tables 1 and 2 qualita-
tively on a few examples. Fig. 3 shows a test sample from 
the Wildtrack dataset and the associated label and predic-
tions produced by the baseline and MVUDA for different 
benchmarks. To ease comparison, we visualize the raw 
predictions (before any post-processing) and the label after 
softened with a Gaussian kernel. It can be seen that MVUDA 
improves on the baseline mainly in two aspects: first, by 
reducing the predicted scores in regions where there are no 
pedestrians, and second, by producing more distinct detec-
tions that are not smeared out spatially. Similarly, Fig.  4 
shows a test sample from the MultiviewX dataset and the 
associated label and predictions. In this case, MVUDA not 
only exhibits the aforementioned improvements, but also 
detects some pedestrians that are missed completely by the 
baseline.

epochs with different values of the parameter α. Note that 
α = 0 implies that the teacher model equals the student (i.e., 
the student model is creating pseudo-labels), while α = 1 
implies that the frozen baseline model creates the pseudo-
labels throughout training. It can be seen that both α = 0.99 
and α = 0.999 yields decent performance on both bench-
marks when training for 5 and 20 epochs, although a slowly 
evolving teacher (α = 0.999) seems to benefit from longer 
trainings. We also note that a too low value of α leads to sta-
bility issues on one benchmark, owing to the rapid updates 
of the teacher model. Moreover, while freezing the teacher 
with α = 1 works reasonable well for both benchmarks, it 
doesn’t yield the best performance since it misses the oppor-
tunity to improve the quality of the pseudo-labels as training 
progresses. For additional experiments, please refer to the 
supplementary material.

Data augmentation Since data augmentation is an essen-
tial ingredient in self-training, we investigate three different 
methods that recently have been proposed for multi-view 
pedestrian detection. In Table  8, we present experiments 
with Dropview (DV) [6], 3D random occlusion (3DR) [8], 
and the two-level data augmentation developed in MVAug 
(MVA) [9]. It can be seen that each of these augmentation 
methods increases performance on most benchmarks. How-
ever, when combining the different methods, the best per-
formance is achieved by DV and 3DR (excluding MVA). 

Fig. 3  A test sample from 
Wildtrack (a), as well as the associ-
ated label and predictions of the 
baseline and MVUDA (b). The 
predictions are produced by the 
methods trained on the specified 
benchmark, hence the results differ 
between the rows. Note that the 
label is identical across all rows 
since it is associated with the same 
test sample (a) in all benchmarks, 
although only a subset of the avail-
able cameras is used in the cases 
Wildtrack 2,4,5,6→1,3,5,7 and 
Wildtrack 1,3,5,7→2,4,5,6

 

1 3

    6   Page 10 of 14



MVUDA: Unsupervised Domain Adaptation for Multi-view Pedestrian Detection

detection, significantly increasing pseudo-label reliability 
and the effectiveness of the overall framework. Extensive 
experiments demonstrate the efficacy of our method and 
motivate key design choices. By reducing the reliance on 
labeled data and achieving superior performance, we believe 
MVUDA sets a strong baseline for future research in unsu-
pervised domain adaptation and holds significant potential 
for real-world applications.

4  Conclusions

In this paper, we presented MVUDA, the first unsupervised 
domain adaptive (UDA) method for multi-view pedestrian 
detection that eliminates the need for auxiliary labeled data-
sets. Our approach leverages mean teacher self-training 
with a novel pseudo-labeling method tailored for multi-view 

Fig. 4  A test sample from MultiV-
iewX (a), as well as the associ-
ated label and predictions of the 
baseline and MVUDA (b). The 
predictions are produced by the 
methods trained on the specified 
benchmark, hence the results differ 
between the rows. Note that the 
label is identical across all rows 
since it is associated with the same 
test sample (a) in all benchmarks, 
although only cameras 3,4,5 are 
used for testing in MultiviewX 
1,2,6→3,4,5
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