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Abstract

Multi-view crowd tracking estimates each person’s track-
ing trajectories on the ground of the scene. Recent re-
search works mainly rely on CNNs-based multi-view crowd
tracking architectures, and most of them are evaluated
and compared on relatively small datasets, such as Wild-
track and MultiviewX. Since these two datasets are col-
lected in small scenes and only contain tens of frames in
the evaluation stage, it is difficult for the current meth-
ods to be applied to real-world applications where scene
size and occlusion are more complicated. In this paper,
we propose a Transformer-based multi-view crowd track-
ing model, MVTrackTrans, which adopts interactions be-
tween camera views and the ground plane for enhanced
multi-view tracking performance. Besides, for better evalu-
ation, we collect and label two large real-world multi-view
tracking datasets, MVCrowdTrack and CityTrack, which
contain a much larger scene size over a longer time pe-
riod. Compared with existing methods on the two large and
new datasets, the proposed MVTrackTrans model achieves
better performance, demonstrating the advantages of the
model design in dealing with large scenes. We believe the
proposed datasets and model will push the frontiers of the
task to more practical scenarios, and the datasets and code
are available at: https://github.com/zqyqg/MVTrackTrans.

1. Introduction

Multi-view crowd tracking estimates each person’s tracking
trajectories for a time period on the ground of the scene by
accumulating the information from multiple synchronized
and calibrated cameras. It can be applied to many applica-
tions, such as crowd management [23], public transporta-
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Figure 1. Comparison of the proposed MVCrowdTrack and City-
Track datasets with existing multi-view tracking datasets Multi-
viewX and Wildtrack. Our proposed datasets are superior in vari-
ous aspects, featuring larger scene coverage, longer average track
lengths, and a greater number of people, providing a more com-
prehensive benchmark for multi-view crowd tracking.

tion [43], autonomous driving [18], efc.

Most of the recent works [29, 30] evaluate their methods
and compare with others on relatively small datasets, such
as Wildtrack [4] and MultiviewX [13], which are recorded
on small scenes and only consist of hundreds of frames in
total. Thus, the existing works may not be well applied
to real-world scenarios, since real-world multi-view crowd
tracking may happen on large scenes with a large crowd and
severe occlusions, and over a long time period. Therefore,
to study the multi-view crowd tracking task under more dif-
ficult real scenes is in demand in the area.

In this paper, we first address the dataset and evaluation
issues by collecting and labeling two large real-world multi-
view crowd tracking datasets: MVCrowdTrack and City-
Track. MVCrowdTrack is a newly collected dataset cap-
tured in a campus environment, containing 4,122 frames
from seven synchronized camera views. CityTrack is con-
structed based on the existing CityStreet dataset [4 1], which
originally contains 500 multi-view frames sampled at 2 fps.
We re-sampled the videos at 4 fps and re-annotated them for
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Figure 2. The overall pipeline of MVTrackTrans consists of Feature Extraction and Multi-view Fusion, Multi-view Tracking Encoding,
and Multi-view Tracking Decoding. Consecutive multi-view frames are processed by a shared feature extractor and projected onto the
ground plane to obtain fused ground features. These features are then encoded by a Transformer Encoder to generate track queries from the
previous timestep and current frame queries from the current one. A View-Ground Interaction module is proposed to refine track queries by
combining feature queries from both camera views and the ground plane. Finally, the Offset Decoder predicts temporal offsets, while the
ground Heatmap Decoder outputs the current location detection results, which are combined together to obtain the predicted trajectories.

multi-view tracking, resulting in 2,588 frames with denser
temporal continuity. As shown in Figure 1, compared to
datasets used in the state-of-the-art methods [29, 30], e.g.,
Wildtrack and MultiviewX, the proposed datasets contain
larger scenes, more frames with longer video duration, and
more number of trajectories (CityTrack) with longer aver-
age trajectory length. Overall, the proposed datasets are
more suitable for studying the multi-view crowd tracking
task under difficult real-world scenes.

Besides, it is noticed that most SOTAs adopt CNNs-
based architecture for the multi-view crowd tracking task,
and seldom explore more advanced architectures such as
transformers. In contrast, we propose a Transformer-
based multi-view crowd tracking model, denoted MV Track-
Trans, which performs the multi-view crowd tracking on
the ground with transformers. Furthermore, MVTrackTrans
adopts interactions between camera views and the ground
plane for better multi-view tracking. As illustrated in Fig-
ure 2, the whole pipeline of the proposed MVTrackTrans
model consists of three steps: (1) Feature extraction and
Multi-view Fusion: Each camera view’s features of the
two neighboring frames are extracted with a shared fea-
ture extractor and then projected to the ground plane for
multi-view fusion to obtain the ground representation. (2)
Multi-view Tracking Encoding: To capture temporal dy-
namics, the ground representations from the previous and
current frames are encoded by a deformable encoder. From
the previous-frame ground representation, a set of discrete
track queries is sampled to represent the tracked entities
in the ground space. A view-ground interaction module is
proposed, where these queries interact with the previous-
frame multi-view detection features via cross-attention, en-
abling cross-view and temporal information exchange. (3)
Multi-view Tracking Decoding: The refined queries are
then fused with the current frame’s ground representation to

jointly decode motion offsets and detection heatmaps of the
crowd, from which the final tracking results are obtained.

As far as we know, this is the first time that multi-view

crowd tracking is put forward to much larger real-world
scenes with more crowds and longer time periods, and a
transformer-based multi-view crowd tracking model is pre-
sented. We believe the proposed datasets and MVTrack-
Former model will push the frontiers of the area to more
practical scenarios. Our main contributions are as follows.

* We propose two large real-world datasets, MVCrowd-
Track and CityTrack, for multi-view crowd tracking.
Compared to existing datasets widely used in the area,
the proposed two datasets are much more difficult and
more suitable for real-world research, which shall ad-
vance the area to more practical applications.

* We propose a transformer-based multi-view crowd
tracking model, MVTrackTrans, which uses trans-
former architecture for multi-view crowd tracking in-
stead of CNNs models to deal with the demand for
more complicated spatial and temporal association
among the crowds in the scene. Besides, MVTrack-
Trans adopts extra view-ground interactions for better
multi-view tracking performance.

* The experiments validate that the proposed MVTrack-
Trans model achieves better multi-view crowd track-
ing performance than comparison methods on the two
large real-world datasets, which demonstrates its supe-
riority for the task under complicated scenarios.

2. Related Work

We first review existing multi-view crowd-tracking meth-
ods and transformer-based single-view multi-object track-
ing methods. Then, we also review the related datasets for
multi-view crowd-tracking.

Multi-view Crowd Tracking. Multi-view crowd tracking
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aims to track individuals across multiple cameras. A num-
ber of works have been proposed to achieve robust and
temporally consistent tracking in multi-view settings. To
maintain motion continuity across time, MVFlow [9] mod-
els ground-plane motion flow for occlusion-robust track-
ing. However, it restricts each person’s movement to a sin-
gle discrete grid per timestep, which limits its ability to
model continuous and realistic human motion dynamics.
To learn a more discriminative representation for each in-
dividual, EarlyBird [30] builds upon standard BEV-based
multi-view detection architectures [13, 42], integrates an
additional ReID module to enhance identity distinction,
and leverages a Kalman Filter [15] for temporal associa-
tion across frames. TrackTacular [29] improves on Early-
Bird by lifting the BEV representation into 3D space and
stacking world representations from adjacent frames to ex-
tract temporal information for regressing motion offsets of
people. Different from previous methods that rely solely
on view features or BEV features, DepthTrack [31] lever-
ages clustered point clouds projected from depth maps to
assist BEV-based tracking. By incorporating richer geo-
metric cues such as shape and orientation, the point clouds
enhance the model’s ability to distinguish and re-identify
individuals more accurately. Aiming to improve tracking
performance in long multi-view videos, MCBLT [35] em-
ploys a Hierarchical Graph Neural Network to perform peo-
ple association in the BEV space across multiple temporal
scales. Each GNN layer focuses on short- and mid-term de-
pendencies, significantly enhancing robustness under long-
term occlusions. MVTrajecter [37] proposed a framework
that utilizes motion and appearance costs across multiple
past timestamps, instead of relying solely on the nearest
one, to improve trajectory association. By considering in-
formation from several previous frames, it achieves more
robust tracking performance.

However, most existing approaches rely on CNN-based
architectures and rarely explore transformer-based models
for multi-view crowd tracking. To address this, MCTR [24]
proposed a transformer-based framework that iteratively up-
dates global tracking embeddings by interacting with de-
tections from all camera views and introduced a probabilis-
tic association strategy to ensure consistent matching across
views and time. In contrast, while MCTR performs tracking
in the original camera views, our MVTrackTrans operates
directly in the BEV space and incorporates a View-Ground
Interaction module to further enhance the performance.

Transformer-based Single-view MOT. Multi-object track-
ing (MOT) [3, 5, 10, 17, 20, 21, 27, 45] typically uses
monocular cameras to follow moving targets. Recent
transformer-based approaches have shown substantial gains
in detection accuracy, temporal association, and robustness
under challenging conditions. For instance, GTR [46] pro-
posed a global trajectory query mechanism to associate de-

tections across the entire video sequence. MeMOT [2] de-
veloped a large spatio-temporal memory module to store
and update object embeddings along trajectories, thereby
achieving more robust and consistent tracking performance.
P3AFormer [44] proposed detecting and tracking objects at
the pixel level, which is particularly beneficial for handling
small objects. Similarly, TransCenter [36] also leverages
dense feature representations for tracking and introduces
carefully designed detection and tracking queries to reduce
the computational cost of attention over such detailed maps.
Modeling object motion is crucial in MOT. STDFormer
[14] introduced a purely motion-driven transformer track-
ing framework that jointly models linear and exponential
motion patterns, enabling effective handling of both sim-
ple and complex object dynamics. To address low track-
ing performance caused by missed or incorrect detections,
BUSCA [32] proposed a method to recover lost detections
under occlusions by generating potential proposals and for-
mulating the object-proposal association as a multi-choice
question-answering task using a decision transformer. TG-
Former [40] addresses occlusions from a different perspec-
tive by introducing a group of queries for each object, en-
abling better capture of appearance variations under vary-
ing levels of occlusion. LA-MOTR [34] proposed a novel
learnable association module to iteratively refine the as-
sociation across multiple attention layers by incorporating
relative spatial cues and enabling bidirectional feature in-
teraction between detections and tracklets. Although there
are many transformer-based methods for single-view multi-
object tracking, transformer architectures for multi-view
crowd tracking remain largely unexplored. Our MVTrack-
Trans aims to fill this gap.

Multi-view Crowd Tracking Datasets. Existing multi-
view crowd tracking datasets primarily focus on small- to
medium-scale areas with relatively short sequences. Table |
summarizes the key statistics of representative datasets, in-
cluding resolution, number of views, people, frames, frame
rate, and scene size. Wildtrack [4, 5] is a real-world dataset
captured by seven synchronized and calibrated cameras
covering an area of 36 x 12 m. The camera resolution is
1920 x 1080 pixels at 2 fps, and the total sequence length is
400 frames. MultiviewX [13] is a synthetic dataset designed
as a virtual replica of Wildtrack. It contains six virtual cam-
eras covering an area of 25 x 16 m. The camera resolution,
frame rate (2 fps), and sequence length (400 frames) are
consistent with Wildtrack. GMVD [33] is also a synthetic
multi-view dataset with multiple scenes. Nevertheless, both
the scene size and the crowd density are relatively small,
remaining largely similar to MultiViewX. While Wildtrack
and MultiviewX are widely adopted in prior multi-view de-
tection [8, 12, 13, 26, 28, 42] and tracking [29, 30, 37] stud-
ies, their scene coverage is limited, and the video sequences
are relatively short.
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To address these limitations, we introduce two
newly collected large-scale real-world multi-view tracking
datasets: MVCrowdTrack and CityTrack. As shown in Fig-
ure 1 and Table I, MVCrowdTrack and CityTrack are col-
lected in large real-world scenes and provide substantially
larger spatial coverage, significantly longer sequences, and
larger numbers of crowds than existing benchmarks, en-
abling more comprehensive evaluation of multi-view track-
ing methods for real-world applications.

3. Multi-view Crowd Tracking Transformer

The multi-view crowd tracking task aims to estimate all in-
dividuals’ trajectories on the ground plane of a scene cap-
tured by multiple synchronized and calibrated cameras. In
this section, we present our Multi-view Crowd Tracking
Transformer framework (as shown in Figure 2), which uni-
fies ground-plane reasoning and view-level temporal mod-
eling for robust human localization and tracking. The over-
all architecture consists of three main stages:

(1) Feature Extraction and Multi-view Fusion: The
multi-view images are first fed into a ResNet backbone to
extract multi-level features from the first three stages. The
extracted single-view features are then projected into the
ground plane using the calibrated camera parameters, pro-
ducing fused ground features after multi-view fusion.

(2) Multi-view Tracking Encoding: To incorporate tem-
poral information, fused ground features from both the pre-
vious frame and the current frame are first processed by the
deformable encoder to enhance their spatial representation.
Discrete track queries are then sampled from specific posi-
tions within the encoded ground feature map of the previ-
ous frame, representing the tracked entities in the ground-
plane space. Afterward, a View-Ground Interaction module
is introduced, where the track queries and the multi-view
queries are fused via a cross-attention mechanism.

(3) Multi-view Tracking Decoding: Subsequently, the re-
fined track queries and the current-frame ground queries are
jointly decoded to estimate the motion offsets of tracked en-
tities in the current frame. Finally, the current-frame ground
queries directly regress the crowd location heatmap. By
combining the heatmap with the predicted offsets, the final
tracking results are obtained. See stage details as follows.

3.1. Feature Extraction and Multi-view Fusion

We first extract multi-scale single-view features from each
camera view using a ResNet backbone [11]. Let the in-
put multi-view images at timestamp to be {I f" ?;01, where
1 denotes the camera view index and n is the number of
cameras. The multi-scale single-view features are extracted
as: {F1%,, e, = {FUP)},, i= 01,0~ 1,
where [ =1: L indexes the feature scale and L denotes the
number of scales. Each camera then independently passes

its multi-scale features through a feature pyramid network
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Figure 3. The view-ground interaction module details.

(FPN) to produce single-scale view features thfewi for sub-
sequent camera view detection and view feature sampling.
Instead of projecting features to a fixed-height plane, we

adopt a multi-height bilinear sampling approach [1]:
(tns 00y 1) = K[RIT] (0,9, 2001) . (1)

where each 3D voxel pulls information from the corre-
sponding single-view features. For a voxel with coordinates
(Tn,Yn, 2n), its eight vertices are projected to all image
planes via the camera projection matrix K[R|T].

The voxel features are sampled from the image features
Fj{’ewi of all camera views and aggregated across views.
This ensures that each voxel receives informative features,
making the method robust for long-range perception and
crowded scenes. Finally, the voxel features are collapsed
along the height axis and fused across views using convolu-
tion, resulting in the multi-scale ground feature { F}°}£_, of
the current frame. In the following stages, the ground fea-
tures of timestamps ¢y and ¢y — 1 are input into transformer
networks for further processing.

3.2. Multi-view Tracking Encoding

We denote the multi-scale ground features at the previ-
ous and current timestamps as {F/°~ '}~ | and {F/°}} .
Each set of features is independently processed by the same
Transformer Encoder, which is implemented using a Multi-
scale Deformable Attention Module, to aggregate informa-
tion across multiple scales:

Qi = TransformerEncoder({Ff° ™'} }), (2)
Q'o = TransformerEncoder({F/°}£ ). 3)

After obtaining the two-frame queries, we perform discrete
sampling on the previous-frame query Qto’l at the past de-
tection locations (z, y) on the ground plane to construct the
track queries: ngik = SampleQuerieS(Qtofl, (z,9)).
View-Ground Interaction. As in Figure 3, to better
represent each tracked person, we integrate complementary

information from both the ground and camera views. For
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each camera, we sample a set of view-specific queries from
the corresponding view detection features, and then con-
catenate them across all cameras to form the view queries:

to—1 to—1 to—1 to—1
Qv?ew = Concat (Qv?ew,m voiew,l’ R Qv?ew,n—l)’ (4)

where Qfﬁ;}m denotes the queries sampled from the ¢-th

camera view’s feature map F*0

view;

in the previous frame.
The track queries (Qigik) and view queries (Qtv?;,) from
the previous frame are first processed by independent feed-
forward networks (FFN) to refine their embeddings. Then,
we adopt a cross-attention mechanism where the track
queries serve as the queries (), and the view queries sam-
pled from multi-cameras act as the keys K and values V:

to—1 to—1 to—1

tgack = CI‘OSSAttI’l(FFN( tgack)’ FFN(Qv?ew))' (5)
This design allows each track queries to aggregate visual
features from all camera views corresponding to the same
tracked individual, addressing the limitation that discrete
sampling from the previous frame’s ground representation
may not fully capture the appearance of the person.

3.3. Multi-view Tracking Decoding

The decoding stage consists of two parallel branches: a
heatmap decoder and an offset decoder.

Offset Decoder. The offset decoder adopts a stan-
dard Multi-scale Deformable Attention (MSDA) structure
to model temporal correspondence between consecutive
Ground frames. Specifically, given the previous-frame
track queries Qigdl(, the corresponding detection locations
(zto=1 yto=1) and the current Ground features Q% the
temporal interaction is formulated as:

y 2tsgack = MSDA (ng;ci7 Qtﬂ? (xto—l’ yto_l))7 (6)
where (zfo~1 yto~1) serve as reference points to guide the
deformable sampling. The refined track queries are then
passed through a lightweight MLP head to predict the mo-
tion offsets on the ground plane:

O' = MLPHead(Q", ) = [0z, 5y]" . )

Heatmap Decoder. The Heatmap Decoder integrates
the multi-scale Ground features of the current frame to
predict human centers. It first employs a Feature Pyra-
mid Network (FPN) to upsample and fuse Q' into the
highest spatial resolution. The fused representation is
then passed through a convolutional regression head to
predict the final crowd heatmap on the ground: H®% =
ConvHead(FPN(Q™)). Together, these two decoders
jointly predict the crowd locations and their temporal dis-
placements, enabling continuous multi-view tracking in dy-
namic environments.

3.4. Model Training and Loss

The proposed model is trained by jointly optimizing a
heatmap classification loss for both ground and image do-
mains, and a regression loss for the motion offset on the
ground plane. Following the uncertainty weighting strat-
egy, we introduce two learnable parameters to adaptively
balance the center and tracking branches during training.

Heatmap Loss. To supervise the center prediction, we
construct the ground-truth heatmap H* by placing Gaus-
sian responses at each object center. Given the predicted
heatmap H, we apply the focal loss [19]:

Lgrouna = FocalLoss(H, H*). (8)

An additional image-level supervision term Li,g is intro-
duced using the same formulation to predict human center
heatmaps in views.

Offset Regression Loss. The offset decoder predicts the
displacement of each tracked object center between consec-
utive frames. Given the predicted offset O = [dx, dy] and
its ground truth O*, we employ an ¢; loss:

1

§Z\|omy—o;y||1, ifC;,=1. (9

x,Y

Etrack =

This loss is only applied to valid center locations, ensuring
sparse supervision over active tracks.

Total loss. To adaptively balance the losses of differ-
ent branches, we follow the uncertainty weighting strat-
egy [16]:

»Call =10e™ ¢ [’ground +e 7 »Ctrack + ﬁimg +oc.+o0¢, (10)

where 0. and o, are learnable uncertainty parameters for the
center and tracking branches, respectively. This formulation
allows the network to automatically calibrate the relative
contribution of each branch during training.

4. Experiments and Results
4.1. Datasets

MVCrowdTrack Dataset. To advance the multi-view
crowd tracking task to more complicated conditions, we
first collect and label a large real-world multi-view crowd
tracking dataset, MVCrowdTrack, which is collected on a
large campus with a size of 120m x 80m. The scene of
MVCrowdTrack is covered with 7 synchronized cameras
together, with an image resolution of 5312 x 2988, and lasts
for 18 minutes. The frame rate of videos is 60, and we label
4 frames per second, resulting in a total of 4122 multi-view
frames. In total, the dataset contains 342 people’s trajecto-
ries with an average track length of 176 frames. In the ex-
periments, 80% of the data (3297 frames) are used for train-
ing, and the remaining 20% (825 frames) are used for test-
ing. We label the people in each view with bounding boxes,
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Figure 4. Multi-camera views and corresponding ground-plane
layout in the MVCrowdTrack dataset.

Table 1. Comparison of multi-view pedestrian tracking datasets.

Dataset Resolution View People Frame FPS Size (m?) Avg. Track Len.
MultiviewX 1920x1080 6 360 400 2 25%16 44
Wildtrack 19201080 7 313 400 2 36x12 30
CityTrack 2704x1520 3 950 2588 4 64x76 228
MVCrowdTrack 5312x2988 7 342 4122 4 120x80 176

and make sure the same person is assigned a consistent ID
across the time period. The foot points of each person are
projected from all camera views onto the ground plane with
camera calibrations (both extrinsic and intrinsic), and then
the projected points from different views of the same per-
son are averaged as the ground-truth location on the ground.
The ground-plane map resolution is 1200 x 800, and 1 pixel
is 0.1m in the real world. See an example in Figure 4.

CityTrack Dataset. We have also labeled an exist-
ing multi-view crowd dataset called CityStreet [41] for the
multi-view tracking task. CityTrack contains 2,588 frames
from the CityStreet dataset videos, annotated at 4 fps, and
ensures that the IDs of the crowds are consistent for tracking
tasks. It contains trajectories with an average track length of
228 frames. The first 1948 frames are used for training, and
the rest are used for testing. The ground-plane resolution is
640 x 768, and 1 pixel represents 0.1 m in the real world.

Compared to Wildtrack and MultiviewX in Table 1, the
newly proposed MVCrowdTrack and CityTrack datasets
have larger scene scales, higher spatial resolutions, denser
frame annotations, and significantly longer average trajec-
tory lengths. Specifically, MVCrowdTrack covers a wider
area with higher-resolution cameras for a longer period,
while CityTrack also provides denser temporal annotations
and many more crowds with consistent IDs. These charac-
teristics make them more suitable for evaluating multi-view
crowd tracking approaches in real-world and complex sce-
narios, where existing small-scale datasets may not fully re-
flect the challenges of practical applications.

4.2. Experiment Settings

Comparison methods. We have compared with the state-
of-the-art multi-view crowd tracking methods, such as
Earlybird [30], MVFlow [9], and TrackTacular [29] on
the proposed MVCrowdTrack and CityTrack datasets. The
code provided for each method is adopted from their pa-

pers, and they are trained and evaluated with the same set-
tings as our model. We have tried to run ReST [6] on the
new datasets, but it failed. For other methods like MV Tra-
jecter [37], MVTr [38] or MCBLT [35], since no codes are
provided, we cannot compare with them on the two new
datasets. We also compare our model with other existing
methods, REMP [7], MCBLT [35], MVTr [38] on Multi-
viewX and Wildtrack. Their metrics on MultiviewX and
Wildtrack are adopted from their papers.

Implementation details. Our framework follows the
ResNetl18 [11] feature extractor and the Transformer en-
coder—decoder architecture presented in Deformable DETR
[47]. During training, all input images are resized to 1280 x
720 pixels. We train for 50 epochs on all datasets, including
MVCrowdTrack and CityTrack. The initial learning rate is
0.01. All experiments are conducted on 4 NVIDIA RTX
4090 GPUs with a batch size of 1.

Evaluation metrics. All tracking metrics are evalu-
ated on the ground plane to ensure consistent spatial align-
ment. We adopt the same standard Multiple Object Track-
ing (MOT) metrics as the latest SOTAs [29, 30] along with
identity-aware measures. The distance threshold for pos-
itive association is set to r = 2m for the larger-scale
MVCrowdTrack and CityTrack datasets, and » = 1m
on the Wildtrack and MultiviewX datasets. The main
evaluation metrics are Multiple Object Tracking Accuracy
(MOTA) and IDFI, which jointly consider missed detec-
tions, false positives, and identity switches. We further re-
port Mostly Tracked (MT) and Mostly Lost (ML), repre-
senting the proportion of trajectories that are successfully
tracked for more than 80% or less than 20% of their lifes-
pan, respectively, relative to the total number of unique
pedestrians in the test set.

4.3. Experiment Results

We show the multi-view tracking performance on
MVCrowdTrack and CityTrack in Table 2. On MVCrowd-
Track, our proposed method MVTrackTrans achieves the
best performance across all methods. EarlyBird is a typi-
cal CNNs-based multi-view crowd tracking method super-
vised with similar heatmaps to ours. But it is much worse
compared to our method on MVCrowdTrack, demonstrat-
ing the transformer architecture’s advantages on large and
complicated scenes. MVFlow achieves the worst perfor-
mance, where the possible reason is that it uses a weakly-
supervised human motions for tracking, resulting in much
lower metrics for long-time tracking on MVCrowdTrack.
TrackTacular uses better historical information compared to
EarlyBird. It achieves the second-best IDF1, MOTA, MT,
and ML metrics, but it is still worse than our method. Gen-
erally, our method is the best among all methods, proving
that the transformer model’s superiority on the large and
long-time multi-view crowd tracking tasks.
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Table 2. Comparison of the multi-view crowd tracking performance on the larger datasets MVCrowdTrack and CityTrack using 5 metrics.
The proposed method ranks the best among all methods according to the metrics on the two datasets. We use MOTA and IDF1 as main
metrics. Bold font indicates the best metric, and underline font indicates the second-best.

Dataset MV CrowdTrack CityTrack

Method MOTAt MOTPt IDFIt+ MT{ ML} | MOTAT MOTPt IDFIt+ MT{ MLJ
EarlyBird [30] 54.56 30.46 53.84 2448 1422 | 48.85 21.83 32.15  17.33 139
MVFlow [9] 49.82 46.79 44.06 2222 37.04 38.19 6.94 27.89 892 2488
TrackTacular [29] 62.86 29.23 58.71 40.81 10.20 | 43.37 23.23 3249 2043 1238
MVTrackTrans (Ours) \ 63.87 40.59 59.06 42.85 8.16 55.39 22.71 3441 25.07 12.69

Table 3. Tracking performance on CityTrack for different variants
of our proposed MVTrackTrans model.

Table 4. Ablation study on the view-ground interaction module,
which is conducted on the CityTrack dataset.

Method MOTAT MOTP?T IDF1T MT1 MLJ Method MOTAtT MOTPt IDFIt MT{ ML|
Baseline 5492 22.83 34.11 27.86 13.00 SelfAtt 55.38 23.71 33.64 27.86 12.38
+ View Prediction Branch 53.17 20.68 32.65 30.34 10.52 CrossAtt (Ours) 55.39 22.71 3441 2507 12.69

++ Viewlnteraction (Ours) 55.39 22.71 34.41 25.07 12.69

On CityTrack, the proposed method also achieves the
best performance according to MOTA, IDF1, and MT met-
rics, and the second best MOTP and ML. Compared to
MultiviewX and Wildtrack, CityTrack is a dataset with
larger sizes, more crowds, and more severe occlusions. Our
method achieves the best results, revealing that our method
can handle these challenges better than existing methods.
EarlyBird is the second according to MOTA, showing that
it is quite a stable architecture across different datasets, but
it is behind our transformer model, due to which our model
can be better adapted to more complicated scenarios. Simi-
larly, MVFlow performs the worst on CityTrack for similar
reasons as on MVCrowdTrack. TrackTacular achieves the
second IDF1, but much lower MOTA than ours, which sug-
gests that TrackTacular cannot perform detection well on
complicated datasets.

Overall, the proposed MVTrackTrans method achieves
the best performance among all methods on the two
large real-world datasets. The reason is that we adopt a
transformer-based architecture for the large and compli-
cated scenes, which provides stronger spatial (multi-view)
and temporal fusion for the tracking task. In addition, the
proposed view-ground interaction module further improves
the tracking results (see the ablation study in Sec. 4.4). We
also show the visualization results of predicted trajecto-
ries on the MVCrowdTrack and CityTrack datasets in Fig-
ure 5. It concludes that our method can accurately track
more people compared to other methods as seen in the red
boxes. Especially, as shown in the red box of the results on
MVCrowdTrack, after a long time period of tracking, our
method could still track more people compared to Early-
Bird and TrackTacular.

4.4. Ablation Study

Architecture ablation study. We have conducted an
ablation study on the model architecture on the City-
Track dataset: ‘Baseline’, ‘+View Prediction Branch’,
‘++Viewlnteractions (Ours)’, in Table 3. ‘Baseline’ means
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Table 5. Ablation study on the supervision manner: Use sparse
queries with direct coordinate regression loss, or use dense pixel
representations with heatmap prediction loss (ours). The experi-
ment is conducted on the CityTrack dataset

Training MOTAT MOTP?T IDF11 MT{ MLJ
Coordinate regression 40.71  13.88 31.45 9.28 20.12
Heatmap regression (Ours) 55.39  22.71 34.41 25.07 12.69

no 2D camera view heatmap prediction branch or super-
vision is used in the model training; ‘+View Prediction
Branch’ means adding the 2D heatmap prediction branch
to the Baseline model, but without the proposed view-
ground interaction module; ‘++ViewlInteractions (Ours)’
means further adding our proposed view-ground interaction
module to the model. From Table 3, we conclude that sim-
ply adding the 2D camera-view branch in the model does
not improve the model performance due to the competi-
tion in the 2D and ground-plane task training. And with
our view-ground interaction module further, the model can
achieve better tracking performance, especially according
to MOTA and IDF1 metrics. The reason is that the proposed
view-ground interaction module fuses both the camera view
and ground information, which helps to achieve more stable
tracking for a long time.

View-ground interaction ablation study. We conduct
an ablation study on the view-ground interaction module in
Table 4. We compare different ways of implementing the
module: ‘SelfAtt’, and ‘CrossAtt (Ours)’. ‘SelfAtt’ means
the camera view queries are fused with the ground queries
with a self attention mechanism; ‘CrossAtt (Ours)’ the cam-
era view queries are fused with the ground queries with a
cross attention mechanism. As in Table 4, the best per-
formance is achieved by using cross attention, in terms of
MOTA and IDF1. The reason is that the cross attention pro-
vides a more thorough fusion of the camera view features
and ground features, compared to self attention, resulting in
enhanced performance.

Training method ablation study. We also conduct an
ablation study on the model training in Table 5. We compare
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Figure 5. The predicted trajectory visualizations. Our method can accurately track more people for a long time (see red boxes).

Table 6. Comparison with previous methods on Wildtrack. For
MCBLT, we report the results using its original detector.

Method MOTAT MOTPT IDFIT MTT MLJ]
KSP-DO [4] 69.6 615 732 287 251
KSP-DO-ptrack [4] 722 603 784 421 146
GLMB-YOLOV3 [25]  69.7 732 743 795 21.6
GLMB-DO [25] 70.1 63.1 725 93.6 228
DMCT [39] 728 791 778 610 49
DMCT Stack [39] 746 789 819 659 49
ReST' [6] 81.6 81.8 857 794 49
MCBLTJ[35] 875 943 934 902 24
REMP' [7] 88.5 86.8 - - -
EarlyBird [30] 89.5 86.6 923 780 49
MVFlow [9] 91.3 - 935 - -
TrackTacular [29] 91.8 85.4 95.3 87.8 49
MVTr [38] 923 927 931 951 49
MVTrajecter [37] 94.3 930 965 902 49
MVTrackTrans (Ours) 91.2 86.9 94.1 829 49
MVTrackTrans (Ours)|  93.6 867 967 854 4.9

different ways of training our proposed transformer-based
multi-view crowd tracking model: coordinate regression
and heatmap regression. The first use spare queries and di-
rect coordinate ground-truth as supervision, as in 2D trans-
former tracking method [22]; The second one uses dense
pixel representations with heatmap prediction loss (Ours)
for supervision, as in [36]. As in Table 5, the model trained
with heatmap regression is much better than using the di-
rect coordinate regression. The reason might be that in the
multi-view crowd tracking task, the multi-view projection
step stretches the features on the ground, which causes ex-
tra difficulties for accurate tracking. And the dense heatmap
supervision can better guide the model training to reject
these noises, and thus better performance is achieved.

Performance on small datasets Wildtrack and Mul-
tiviewX. We have also conducted experiments on small
datasets, Wildtrack and MultiviewX, as shown in Table 6
and 7, respectively. The proposed model outperforms sev-
eral methods on Wildtrack, such as ReST, MCBLT, Early-
Bird, and REMP. While it achieves comparable perfor-
mance on Wildtrack as SOTAs TrackTacular, MVTr, or
MVFlow, though lower than MVTrajecter. It also achieves
comparable performance on MultiviewX as EarlyBird, but
lower performance than MVTrajecter, TrackTacular and

Table 7. Comparison with previous methods on MultiviewX.

Method MOTAT MOTPT IDFIT MT{ MLJ]
REMP [7] 810 88 - - -
EarlyBird [30] 88.4 86.2 824 829 13
TrackTacular [29] 924 80.1 856 92.1 26
MVTr [38] 91.4 95.0 829 96.1 0.0
MVTrajecter [37] 92.8 95.0 858 974 0.0

MVTrackTrans (Ours) 89.8 90.2 72.1 855 6.6
MVTrackTrans (Ours)‘L 90.2 83.6 86.3 882 3.9
MVTr. Additionally, MV TrackTranst denotes a variant of
MVTrackTrans with two-frame temporal feature fusion and
Kalman filter to improve temporal consistency, achieving
performance comparable to existing SOTAs. Overall, MV-
TrackTrans also achieves good results on small datasets.

5. Conclusion

In this paper, we aim to advance the current study for the
multi-view crowd tracking task to more challenging and
practical scenarios. Thus, first, we propose to collect a large
multi-view tracking dataset that contains a much larger
scene size with a long time period, and label an existing
large real-world multi-view crowd dataset for the task. Be-
sides, instead of exploring pure CNN-based models as pre-
vious research in the area, we propose a transformer-based
multi-view crowd tracking model, MVTrackTrans, which
adopts interactions between camera views and the ground
plane for better multi-view tracking. Compared with exist-
ing methods on the two large real-world datasets, the pro-
posed MVTrackTrans model achieves much better perfor-
mance. We believe the proposed datasets and model will
advance the multi-camera-based multi-object tracking task
to more practical scenarios.
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