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Abstract

Multi-View Pedestrian Tracking (MVPT) aims to track
pedestrians in the form of a bird’s eye view occupancy map
from multi-view videos. End-to-end methods that detect and
associate pedestrians within one model have shown great
progress in MVPT. The motion and appearance informa-
tion of pedestrians is important for the association, but pre-
vious end-to-end MVPT methods rely only on the current
and its single adjacent past timestamp, discarding the past
trajectories before that. This paper proposes a novel end-
to-end MVPT method called Multi-View Trajectory Tracker
(MVTrajecter) that utilizes information from multiple times-
tamps in past trajectories for robust association. MVTra-
Jjecter introduces trajectory motion cost and trajectory ap-
pearance cost to effectively incorporate motion and ap-
pearance information, respectively. These costs calculate
which pedestrians at the current and each past timestamp
are likely identical based on the information between those
timestamps. Even if a current pedestrian could be associ-
ated with a false pedestrian at some past timestamp, these
costs enable the model to associate that current pedestrian
with the correct past trajectory based on other past times-
tamps. In addition, MVTrajecter effectively captures the re-
lationships between multiple timestamps leveraging the at-
tention mechanism. Extensive experiments demonstrate the
effectiveness of each component in MVTrajecter and show
that it outperforms the previous state-of-the-art methods.

1. Introduction

Pedestrian tracking in videos is a crucial component in
various applications, such as surveillance systems [19],
sports analysis [12], and human-computer interaction [68].
In pedestrian tracking, occlusion is a significant prob-
lem because it hampers tracking pedestrians hidden be-
hind obstacles or other pedestrians. As a potential solu-
tion, many studies have focused on Multi-View Pedestrian
Tracking (MVPT) [9, 20, 24, 25, 32, 69]. MVPT aims to
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Figure 1. Comparison of (a) previous end-to-end MVPT meth-
ods and (b) MVTrajecter. This example shows a case where three
pedestrians are on BEV occupancy maps and we want to associate
pedestrians at ¢ with past pedestrians. The same color indicates the
same pedestrian. The filled circles indicate detected pedestrians at
each timestamp, and the empty circles indicate past pedestrians.

track pedestrians in the form of a bird’s eye view (BEV)
pedestrian occupancy map from multi-view videos cap-
tured by multiple cameras. In contrast to monocular track-
ing [15, 45, 60], which uses a single non-calibrated camera,
MVPT utilizes multiple calibrated cameras with partially
overlapping fields of view. MVPT is, therefore, expected
to be more robust to occlusion in the overlapping area than
monocular tracking by combining complementary clues.

A variety of MVPT methods have been proposed. Early
methods [4, 9-11, 22, 23, 27, 28, 30, 33, 4648, 50, 53, 59,
66, 69, 72] relied on monocular object detection [54, 79],
which uses the detection results of each view image by
monocular detection to localize pedestrians in the BEV oc-
cupancy map and identify which pedestrians are identical
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at different timestamps. While these methods were impor-
tant for early attempts in MVPT, occlusion in monocular
detection hurt the final tracking performance. Furthermore,
these methods optimized monocular detection and subse-
quent parts separately, resulting in suboptimal tracking per-
formances. To overcome these problems, end-to-end train-
able methods [14, 20, 62, 63, 71] that do not rely on monoc-
ular detection have become the dominant approach. These
methods first generate a representation of the ground plane,
called the BEV feature, for each timestamp and then track
pedestrians through the detection and association processes
using this feature. In the detection process, they directly
predict a BEV pedestrian occupancy map from the BEV
feature for each timestamp. In the association process, they
identify which pedestrians are identical at the current and
past timestamps by utilizing information on pedestrians ex-
tracted from the BEV feature. These methods are optimized
in an end-to-end manner.

In end-to-end MVPT methods, improving the associa-
tion process has been the main research topic to achieve
better tracking performances. Previous methods utilize
motion and/or appearance information of pedestrians be-
tween the current and an adjacent past timestamp. Early-
Bird [62] and REMP [14] extract appearance information
from the BEV feature at each timestamp and extract motion
information using a Kalman filter [36]. TrackTacular [63],
MVFlow [20], and MVTr [71] concatenate the BEV fea-
tures at the current and an adjacent past timestamp and ex-
tract motion information between those two timestamps.
Then, they associate pedestrians at the current and an ad-
jacent past timestamp based on the appearance similarity
and/or the distance between locations estimated by motions
and actual detected locations. While these methods have
outperformed non-end-to-end MVPT methods, they only
utilize the information on pedestrians between the current
and an adjacent past timestamp and discard the informa-
tion on past trajectories' before that, as shown in Fig. 1(a).
Therefore, they do not fully utilize past trajectories, leading
to association errors when the information at an adjacent
past timestamp is unreliable (e.g., when an area is exces-
sively crowded with pedestrians). Although many end-to-
end monocular tracking methods [17, 18, 51, 67, 73, 80]
have investigated leveraging information at multiple times-
tamps in past trajectories (see Sec. 2), it is not clear how to
leverage this information in the end-to-end MVPT method.

In this paper, we propose a novel end-to-end MVPT
method called Multi-View Trajectory Tracker (MVTra-
jecter), which performs the association based on motion and
appearance information between the current and multiple
timestamps in past trajectories, as shown in Fig. 1(b). To
effectively utilize the information, we introduce trajectory

I Trajectories are parts of the final track and typically consist of more
than two timestamps.

motion cost (TMC) and trajectory appearance cost (TAC).

These costs comprehensively identify which current pedes-

trian and which past trajectory are identical by calculating

which current pedestrian is likely identical to which past
pedestrian for each past timestamp. Specifically, TMC cal-
culates the distance between current locations estimated by
motion information from each past timestamp and actual
detected current locations, and TAC calculates the appear-
ance similarities between pedestrians at the current and each
past timestamp. Even if a current pedestrian could be asso-
ciated with a false pedestrian at some past timestamp, these
costs enable MVTrajecter to associate that current pedes-
trian with the correct past trajectory based on the informa-
tion at other past timestamps. Furthermore, in order for

TMC and TAC to identify pedestrians accurately, it is nec-

essary to appropriately capture the relationships of pedes-

trians between multiple timestamps and extract identifiable

motion and appearance information. As shown in Fig. 2,

MVTrajecter leverages the attention mechanism [64], which

has been shown to have such ability. During training,

MVTrajecter learns to capture relationships of pedestrians

between multiple timestamps through end-to-end training

with TMC and TAC as its training objectives. In experi-
ments on three major MVPT datasets [9, 32, 65], we verify
the effectiveness of MVTrajecter and demonstrate that uti-
lizing information at multiple timestamps in past trajecto-
ries leads to a better tracking performance.

Our contributions are summarized as follows:

1. We propose a novel end-to-end MVPT method called
MVTrajecter. This comprehensively identifies which
current pedestrian and which past trajectory is identical
utilizing information between the current and multiple
timestamps in past trajectories through TMC and TAC.

2. Given the use of TMC and TAC, we design the archi-
tecture of MVTrajecter leveraging the attention mecha-
nism and effectively capture the relationships between
the current pedestrians and past trajectories, extracting
identifiable motion and appearance information.

3. We demonstrate that utilizing information at multiple
timestamps in past trajectories leads to a better tracking
performance. MVTrajecter outperforms previous meth-
ods and achieves a new state-of-the-art performance on
GMVD, Wildtrack, and MultiviewX.

2. Related Work

Multi-View Pedestrian Detection. Multi-view pedestrian
detection (MVPD) [9, 32, 65, 76] is a task to predict a BEV
pedestrian occupancy map from a multi-view image. Unlike
MVPT, MVPD aims to detect pedestrians rather than track
pedestrians and processes the multi-view image rather than
the multi-view video. MVPD is an important component
of MVPT methods because they solve MVPT by detecting
pedestrians at each timestamp and associating them across
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different timestamps (as described in Sec. 1). In MVPD,
multi-view aggregation is essential because each view has
an overlapping but different field of view. Early meth-
ods [3, 8, 25, 56] detected pedestrians for each view using
monocular detection [54, 79] and performed multi-view ag-
gregation based on the detection results in each view. These
methods optimized monocular detection and multi-view ag-
gregation separately, resulting in suboptimal detection per-
formances. In recent years, end-to-end trainable meth-
ods [2, 21,31, 32,52, 58, 77] that do not rely on monocular
detection have become mainstream in MVPD. End-to-end
MVPD methods generate a BEV feature by projecting im-
age features extracted from each view image onto a ground
plane, predicting the BEV occupancy map. The informa-
tion from each view is aggregated through this BEV feature.
MVDet [32] is a pioneering end-to-end method that gen-
erates the BEV feature by projecting image features onto
the ground plane using a perspective transformation. To
further improve detection performance, recent studies have
proposed more effective projections [2, 31, 58], data aug-
mentations [21, 52, 61], and network architectures [2, 40].
Our MVPT method extends MVDet to perform the associa-
tion of pedestrians utilizing information on past trajectories.

Pedestrian Tracking. Many monocular pedestrian track-
ing methods, including both non-deep learning [34, 35, 41,
49, 75] and deep learning [1, 5,7, 13, 17, 18,51, 67, 73, 80]
ones, leverage information at multiple timestamps in past
trajectories for robust association. Fusion-based meth-
ods [1, 17, 18, 67, 73] fuse the appearance features at
multiple timestamps using the exponential moving average
(EMA) frame-by-frame and generate the representative ap-
pearance feature for each trajectory. Graph-based meth-
ods [5, 7, 13] construct a graph that represents the associ-
ation based on appearance features at multiple timestamps
and generate trajectories by optimizing the graph. GTR [80]
extends DETR [6] to tracking and directly generates trajec-
tories based on interactions between queries and pedestrian
features across multiple timestamps. MotionTrack [51] ex-
tracts motion information on the whole trajectory utilizing
the spatial distribution pattern and velocity-time correlation
based on locations over multiple past timestamps. While
these methods have improved their tracking performances
on benchmark datasets [15, 45, 60], they cannot be applied
for MVPT directly because they are designed for monoc-
ular tracking and are unable to consider the relationships
between multiple views and the BEV map. Encouraged by
the success of the above monocular tracking methods, many
non-end-to-end MVPT methods [4, 10, 23, 47, 53, 66] also
leverage information at multiple timestamps in past trajec-
tories using techniques such as the dynamic programming,
graph, and transformer [64]. However, previous end-to-end
MVPT methods [14, 20, 62, 63, 71] have not incorporated
this information, and it is not clear how to leverage it.

3. Methodology

In this section, we first formulate the problem setting of
our MVTrajecter. We then provide a detailed explanation
of MVTrajecter, including its overall detection and associa-
tion procedure, model architecture, and training method.

3.1. Problem Setting of MVTrajecter

MVTrajecter processes a multi-view video in a sequen-
tial frame-by-frame manner, where a frame consists of im-
ages from multiple views at one timestamp. Let I' =
{I{,--- ,I%} be a multi-view image at the current times-
tamp ¢ in a multi-view video from synchronized S cam-
eras, where It € R3*H>W ig an image from the s-th
camera at t. Here, H and W are the height and width of
the image, respectively. MVTrajecter aims to detect the
current pedestrians from I’ and generate the current tra-
jectories {r{ %t ... 7I7K 1Y of all N pedestrians by
associating the current pedestrian locations {p},---,pi}
with past trajectories {7{ "1 ... ALK where
pedestrian locations and trajectories represent those on the
BEV map. Here, K is the length of past trajectories that
MV Trajecter utilizes for the association. p,~* € R? U {{)}
represents the location at timestamp ¢ — k& of the pedes-

trian n, where k = 0,--- , K. p!=® = () indicates that
the pedestrian n cannot be located at ¢ — k. Trajectory
ri-Kit=k — fpt=K ... pt=F represents a sequence of

pedestrian n’s locations from ¢t — K tot — k.

We can obtain the final tracks by solving the above prob-
lem in order from the first to last timestamps in the video
and linking generated trajectories pedestrian-by-pedestrian.

Note that previous end-to-end methods [14, 20, 62, 63,
71] set K = 1 and use information on pedestrians between
t and t — 1 for the association. In contrast, MVTrajecter
utilizes information on pedestrians from ¢ — K to t.

3.2. Procedure of MVTrajecter

MVTrajecter consists of two parts: detecting pedestrians at
the current timestamp ¢ and associating the current pedes-
trians with past trajectories. In this subsection, we explain
the procedures of these parts in order.

In the detection part, we predict the current BEV occu-
pancy map M! € RYX*Y from the current multi-view
image I', where X and Y are the width and height of the
BEV occupancy map, respectively. We can obtain the cur-
rent pedestrian locations {pt, - - -, p& } from M?.

In the association part, we calculate association costs be-

tween the current pedestrian locations {p{,--- ,p’} and
past trajectories {r{ 771 ... ALK indicating

which current pedestrian is likely identical to which past tra-
jectory. To this end, we utilize motion and appearance infor-
mation of pedestrians between the current and past K times-
tamps. First, for each pedestrian at each past timestamp, we
predict the motion to the current timestamp. The motion
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Figure 2. (a) Overview of MVTrajecter. It consists of a (b) detection network, (c) motion branch, (d) appearance branch, TMC, and TAC
(see Sec. 3.3). The purple blocks have trainable parameters. This is an example of the association for pedestrians at ¢.

to be predicted is defined as the offset between the current
and past locations. For pedestrian n at ¢t — k, this offset is
p! — p!=*. Then, based on the predicted motions, we cal-
culate the motion-based association cost named trajectory
motion cost (TMC). Next, for each pedestrian at the current
timestamp and past K timestamps, we extract the appear-
ance feature that represents the appearance of the pedes-
trian. Then, based on the predicted appearance features,
we calculate the appearance-based association cost named
trajectory appearance cost (TAC). In Sec. 3.3, we will for-
mulate TMC and TAC in detail. After obtaining TMC and
TAC, we calculate the overall association cost by fusing
them to account for motion and appearance information si-
multaneously. Finally, we use Hungarian Matching [39] for
the overall association cost to perform association. As a re-
sult of these processes, we generate the current trajectories
{ri7 Kt ke We will explain the model archi-
tecture to implement this procedure in Sec. 3.4.

3.3. Association Cost

MVTrajecter calculates TMC and TAC and performs the
association by combining them. Leti € {1,---,N} be
the pedestrian whose location is p! at the current times-
tamp ¢, and j € {1,---, N} be the pedestrian whose past
trajectory is T; ~K:t=1 We define the overall association
cost between ¢ and j by C(4,j) = (1 — a)Crmc (4, 7) +
aCrac(i, 7), where « is a predetermined weighting param-
eter. Here, Cryc (4, 5) and Crac (i, j) are TMC and TAC
between ¢ and j, respectively (we will explain how to cal-
culate them later). During inference, we calculate C(i, j)
for all pairs of ¢ and j and use Hungarian Matching with
a certain threshold to decide which pair of ¢ and j repre-
sents identical pedestrians. We initialized unmatched cur-
rent pedestrians as new trajectories.

Trajectory Motion Cost (TMC). Let mz-_k € R? be the
predicted motion of j from timestamp ¢ — k to t. When the
distance ||pt — (pz-*’C +m§*k )|| between the current detected
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location (i.e., p!) and estimated current location by motion
(i.e., ™" +m! ") is small, i is likely identical to j among
pedestrians at t — k. Furthermore, when this distance is
large for multiple &, ¢ and j are less likely to be identical
than when the distance is large for only one k. On the basis
of this, we define TMC between ¢ and j by summing the
Euclidean distance for each past timestamp, as:

K
Crmcl(i,j) = Z Ipf = @5 +mi ).
k=1

When Cryvic (4, §) is small, ¢ and 5 are likely to be identical.
If p?k = (), we calculate ||p! — (p;*lC + méik)H using the
Kalman filter [36]. TMC utilizes motion information not
only from an adjacent past timestamp but also from multiple
timestamps in past trajectories.

Trajectory Appearance Cost (TAC). Let d=% ¢ R be
the E-dimensional appearance feature of pedestrian n at t —
k. When the similarity between d! and d;fk is high, 7 is
likely identical to j among pedestrians at ¢ — k. Based on
this, we define the conditional probability that 7 is identical
to j among pedestrians at t — k using the dot production as:

exp(dt - djF)
>y exp(de - di ")
If pi " = 0, we set Pr' " (jli) = 0. When Pr'~*(j]i) is
high for multiple k, 7 and j are more likely to be identical
than when the probability is high for only one k. Therefore,

we define TAC between 7 and j by summing the probability
for each past timestamp, as:

Pr'~*(jli) = )

K

Crac(i, j) = = > Pr=F(jla). 3)

k=1

When Cac (4, ) is small, ¢ and j are likely to be identi-
cal. Unlike TMC, since high Pr'~"(j|i) indicates identical
pedestrian, we multiply Pr’~%(j|i) by —1. TAC utilizes ap-
pearance information not only from an adjacent past times-
tamp but also from multiple timestamps in past trajectories.

3.4. Model Architecture

The overview of MVTrajecter is shown in Fig. 2(a). MV-
Trajecter is an end-to-end trainable method that outputs ev-
erything required for our detection and association proce-
dure. It consists of the detection part, which predicts the
BEV occupancy map and extracts pedestrian locations and
pedestrian features, and the association part, which predicts
motions and appearance features from pedestrian features.

Detection part. Based on [32, 62, 65], the detection net-
work consists of the image encoder, perspective transfor-
mation [32], max pooling, decoder, and detection head, as
shown in Fig. 2(b). The input to the detection part is a multi-
view image I" = {I%, - , I%}. The image encoder extracts

E-channel feature maps from each view image, and then,
the extracted feature maps are projected onto a ground plane
by perspective transformation [32] (formulated in Supp. A).
We denote these projected features as { £}, - - - , F&}, where
F! € REXXXY ig the projected feature of the s-th camera
at t. The max pooling operation aggregates projected fea-
tures along the camera direction as:

t _ t
Faggr(e7x7y) - se{r{{?j?(,S}FS (675573/)7 (4)
where F.jggr is referred to as the aggregated feature, and

F!(e,z,vy) is the value at coordinates (e, z,y) on F?. This
aggregation allows the later modules to handle any num-
ber of cameras and camera layouts [65]. The decoder re-
fines /.., and generates a BEV feature B € RF*XxY.
The detection head predicts a BEV occupancy map M? &
RYXXXY from BY. We apply a 3 x 3 max pooling to M*
following [79] and extract pedestrians over a certain thresh-
old. As a result, we obtain current pedestrian locations
{pt, -+ ,pl}. We also extract pedestrian features by f! =
Bt (pt)) for the subsequent association part, where f is a
pedestrian feature of pedestrian n at ¢, and B'(x,y) € R¥
represents a feature vector at coordinates (x,y) on B?.
Association part. The association part predicts motions
and appearance features from current and past pedestrian
features {fI7F .. f]t\,*k}kK:O. We keep past pedestrian
features {fltfk, cee It\fk}kK:l and do not need to re-
calculate them. The association part has a motion branch
to predict motions and an appearance branch to predict ap-
pearance features. We utilize the attention mechanism [64]
for both branches. The attention mechanism has the abil-
ity to capture the multiple temporal changes of pedestri-
ans [44, 70, 74] and match pedestrians with high similarity
at different timestamps [26, 80, 81]. The former ability fits
to predict motions over multiple timestamps and the latter
ability fits to predict identifiable appearance features. Be-
fore feeding pedestrian features into the attention mecha-
nism, we add sinusoidal temporal embeddings [64] to them
in order to distinguish the timestamps (from ¢t — K to t) of
pedestrian features.

The motion branch consists of an attention layer and
a linear layer, as shown in Fig. 2(c). The atten-
tion layer captures the temporal changes of pedestri-
ans from pedestrian features, generating motion features
{gi7% -~ g5 "} |. Then, the linear layer predicts mo-
tions {m}™* .- m! "} from motion features:

gi7% = Attention(fEF {f17F VM), (5)
mt_k = Linear(gz_k), (6)

n
where g% € R¥ is the motion feature of pedestrian n at
t — k, and mffk € R2 is the motion of pedestrian n from
t — k to t. For the Attention function, the first argument
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indicates query, and the second argument indicates key and
value. These predicted motions are utilized for TMC.

The appearance branch consists of an attention layer,
as shown in Fig. 2(d). This generates appearance features
{di7F ... d'TFHE | by increasing the similarity between
identical pedestrian’s features at different timestamps, as:

d:;k = Attention(f,,tfﬁ {ff_kv T f}t\l_k}kK=0)7 (7)

where d!¥ € R¥ is the appearance feature of pedestrian n
at t — k. These appearance features are utilized for TAC.

3.5. Training

During training, we split multi-view videos into non-
overlapping multi-view image sequences with window size
K + 1 and feed {I' "% ... I'} into MVTrajecter. We
train the entire MVTrajecter in an end-to-end manner.
The overall training objective consists of detection loss,
the loss related to TMC, and the loss related to TAC.
First, we predict occupancy maps {M*~¥ ... M*} from
{I'=% ... I'}. The detection loss Lge; is calculated us-
ing a mean squared error (MSE) for all predicted occupancy
maps { M=K ... M}, as:
K

LS TMSEQR AR, @)

Laet = /=
K+1 P

where M*~* is a smoothed ground truth occupancy map at
t — k using a Gaussian kernel following [32].

Then, we predict motions {m}~* ... mi*}K and
appearance features {dtl_k, e ,d’;{k}szo. Let LTymc be
the loss related to TMC. For pedestrian n and k =
1,---, K, we minimize ||p{, — (p,7 % + m%~*)||. We op-
timize {m! % ... m!~1} because {p K, .-- pl} are

fixed by the detection part. Therefore, we define L1yic as:

N K
L = ii t—k (=t —t—k 9
e = v 2 2 m = @ - ©)

n=1k=1

where p'~* represents the ground truth location of pedes-
trian n at t — k. Let Lrac be the loss related to TAC. For
pedestrian n and k = 1,--- | K, we maximize Prtik(j =
n|i = n). Therefore, we define LTac using negative log-
likelihood, as:

11
r _ t—k .
TAC = TN E E logPr* "(j = nli =n). (10)

n=1k=1
We set the overall loss £, using the uncertainty loss [38,
78] to balance Lyet, LTMmc, and Lrac as follows:
1 1 1
Lan = ——Laet + ——Lrme + —~Lrac
ew! ew2 ews
4+ wy + we +ws, (11)

where wy, wy, and ws are learnable parameters that auto-
matically balance the three losses.

4. Experiments

4.1. Datasets

In this subsection, we explain the three MVPT datasets used
in our experiments. More details can be found in Supp. B.
Wildtrack [9]. This is a real-world dataset consisting of
videos captured with 7 cameras. The videos comprise 400
frames at a frame rate of 2 fps. This dataset covers a 12 m X
36 m region quantized into a 480 x 1440 grid using square
grid cells of 2.5 cm?. Each frame includes 20 pedestrians
on average. Wildtrack splits them into the first 360 frames
for training and the remaining 40 frames for testing. We use
the last 40 frames in the training split as the validation data.
MultiviewX [32]. This is a synthetic dataset using the
Unity engine and closely follows the style of Wildtrack.
This dataset consists of videos captured by 6 cameras and
covers a 16 m x 25 m region. The region is quantized into a
640 x 1000 grid. Each frame includes 40 pedestrians on av-
erage. MultiviewX also splits them into the first 360 frames
for training and the remaining 40 frames for testing. We use
the last 40 frames in the training split as the validation data.
GMYVD [65]. This is a large-scale synthetic dataset and in-
cludes 7 scenes with varying numbers of cameras and cam-
era layouts. Furthermore, each scene contains multiple se-
quences with various environmental conditions including
time and weather. This makes GMVD more challenging
than 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 pedes-
trians on average. GMVD splits them into 6 scenes (with
43 sequences and 4983 frames) for training and 1 scene
(with 10 sequences and 1012 frames) for testing. Following
Vora et al. [65], we use MultiviewX as the validation data
in the experiments on GMVD. Since GMVD is the largest
dataset, we set it as the main dataset for our experiments.

4.2. Evaluation Metrics

Following previous studies [10, 62, 63], we used five stan-
dard metrics provided by Kasturi et al. [37] and Ris-
tan et al.[55]: IDF1, Multiple Object Tracking Accu-
racy (MOTA), Multiple Object Tracking Precision (MOTP),
Mostly Tracked (MT), and Mostly Lost (ML). A predicted
pedestrian was classified as a true positive if its distance
from the ground truth was within 1.0 meters. We used IDF1
and MOTA as the primary performance indicators following
previous studies [62, 63, 71].

4.3. Implementation Details

Following previous methods [32, 62, 63], we employed
ResNet18 [29], ResNetl18 U-Net [57], and a 2-layer con-
volutional neural network for the image encoder, decoder,
and detection head in the detection network, respectively.
ResNet18 was pretrained on ImageNet [16]. We employed
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Method IDFIT MOTAT MOTPT MT ML]
EarlyBird [62] 69.7 70.8 86.1 416 124

MVFlow [20] 70.5 71.1 85.7 41.0 127
TrackTacular [63] | 74.4 71.2 85.2 524 125
MVTr [71] 74.3 75.6 84.2 63.1 10.3
Ours 77.2 78.1 87.7 66.0 8.7

Table 1. Comparison with previous methods on GMVD when all
models used their own detection results for tracking.

Method IDFIT MOTAT MOTPT MTT ML]
EarlyBird [62] | 70.6 72.6 85.9 439 116
MVFlow [20] 732 73.9 83.7 581 9.0

TrackTacular [63] | 75.6 76.2 849 643 88
MVT:[71] 75.3 76.0 850 641 9.0
Ours 772 78.1 877 660 8.7

Table 2. Comparison with previous methods on GMVD when all
models used the same detection results as ours for tracking.

2 transformer attention blocks [64] with 8 attention heads
for each attention layer.

The input images were resized to 720 x 1280. We set the
channel size E to 1024. Unless otherwise mentioned, we
set the temporal length K of past trajectories to 7, which is
the maximum size we can set due to the limitations of GPU
memory. We set the weighting parameter a between TMC
and TAC to 0.98, the threshold of detection to 0.4, and the
threshold of Hungarian Matching to 0.1. These hyperpa-
rameters were tuned on the validation data.

We optimized MVTrajecter using the Adam opti-
mizer [42]. We set the batch size to 1 and accumulated the
gradient over 16 batches. The learning rate was initialized
to 1.0 x 1073 and was decayed to 1.0 x 10~ following
a cosine schedule. We set the maximum training epochs
to 20 for GMVD and 50 for Wildtrack and MultiviewX and
stopped the training if the overall loss for the validation data
did not decrease for 3 epochs in a row. More detailed imple-
mentations are provided in Supp. C. All experiments were
conducted on a Nvidia 0GB A100 GPU.

4.4. Comparison with State-of-the-Art Methods

To verify the effectiveness of MVTrajecter, we compared
it with previous state-of-the-art methods. Table 1 shows
the comparison results on GMVD. Each method used its
own detection results for tracking. Since the previous meth-
ods had not been evaluated on GMVD, we re-implemented
EarlyBird [62], MVFlow [20], TrackTacular [63], and
MVTr [71], which are the most recent state-of-the-art meth-
ods. Their network architectures and training settings fol-
lowed our implementation details as much as possible. MV-
Trajecter outperformed the previous methods on all metrics.
These results demonstrate that MV Trajecter is superior to
the other methods in terms of end-to-end tracking perfor-
mance, including detection and association.

Since tracking results are affected by detection results,
we also compared the tracking performance using the same
detection results to validate the effectiveness of MVTra-

Method IDF1+ MOTAT MOTP{ MTt ML}
ReSTT [10] 85.7 81.6 81.8 794 49
BEV-SUSHI' [66] | 93.4 87.5 943 902 24
REMP! [14] - 88.5 86.8 - -
EarlyBird [62] 92.3 89.5 86.6 780 49

MVFlow [20] 93.5 91.3 - -
TrackTacular [63] 95.3 91.8 85.4 87.8 49
MVTr [71] 93.1 92.3 92.7 951 49
Ours 96.5 94.3 93.0 90.2 49

Table 3. Comparison with previous methods on Wildtrack. Meth-
ods with T used external data or external models.

Method IDFIT MOTAT MOTPT MT{ ML]
REMPT [14] - 81.0 85.8 - -
EarlyBird [62] 82.4 88.4 862 829 13
TrackTacular [63] | 85.6 92.4 80.1 92.1 26
MVTr [71] 82.9 914 950 961 0.0
Ours 85.8 92.8 950 974 0.0

Table 4. Comparison with previous methods on MultiviewX. The
method with { used external data or external models.

jecter’s association only. Table 2 shows the comparison re-
sults on GMVD using the same detection results as MV-
Trajecter. MVTrajecter outperformed all the comparison
methods. This demonstrates that MVTrajecter’s associa-
tion, which uses motion and appearance information over
multiple past timestamps, is superior to the association
of the other methods. Specifically, its improvement over
EarlyBird, which mainly depends on appearance informa-
tion for the association, is due to utilizing information from
multiple past timestamps and incorporating motion infor-
mation. Improvements over MVFlow, TrackTacular, and
MVTr, which only use motion information for the associ-
ation, are due to utilizing information from multiple past
timestamps and incorporating appearance information. Fur-
thermore, all comparison methods improved their tracking
performances when using MVTrajecter’s detection results.
This indicates that MVTrajecter’s detection is superior to
those of the other methods. A detailed evaluation and anal-
ysis of MVTrajecter’s detection are provided in Supp. D.
To validate the versatility of MVTrajecter, which is not
limited to GMVD, we also experimented using MultiviewX
and Wildtrack. Tables 3 and 4 show the comparison re-
sults on Wildtrack and MultiviewX, respectively, where the
results of the previous methods are directly copied from
the original papers. MVTrajecter outperformed the previ-
ous methods on both Wildtrack and MultiviewX, achieving
new state-of-the-art tracking performances of 94.3 MOTA
on Wildtrack and 92.8 MOTA on MultiviewX. These re-
sults demonstrate that MVTrajecter is effective for various
datasets. Qualitative results are provided in Supp. G.

4.5. Ablation Study

We conducted ablation studies to investigate the effect of
past trajectory length, TMC, and TAC, as well as the advan-
tages of employing the attention mechanism to predict mo-
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K | IDF1T MOTAT MOTPt MTT MLJ

1 71.0 74.2 87.0 60.7 9.0

3 73.6 76.4 87.3 63.5 8.8

5 76.0 77.2 87.8 64.8 8.7

7 77.2 78.1 87.7 66.0 8.7

Table 5. Effect of past trajectory length K.
IDF1t+ MOTAtT MOTPt MTt MLJ)

Motion baseline 67.8 73.7 86.2 58.1 9.0
+TMC 71.8 74.2 86.6 619 8.7
Appearance baseline | 64.7 72.3 87.0 584 9.0
+ TAC 723 73.8 87.3 623 88
+ TMC and TAC 77.2 78.1 87.7 66.0 8.7

Table 6. Effect of TMC and TAC.

tions and appearance features. All experiments were con-
ducted on GMVD. We also conducted more detailed abla-
tion studies in Supp. E and analyzed the inference speed of
our proposed method in Supp. F.

Effect of Past Trajectory Length K. Table 5 shows the
comparison results using different lengths K of past trajec-
tories. When K = 1, our method is similar to the com-
parison methods in Table | and discards the information on
past trajectories before an adjacent past timestamp, yielding
a low tracking performance. As we increased K, we consis-
tently observed improvements in MOTA and IDF1, and our
method outperformed the comparison methods in Table 1
even when K = 5. The largest K = 7 achieved 3.9 points
higher MOTA and 6.2 points higher IDF1 than the smallest
K = 1. These performance improvements demonstrate the
advantage of using longer trajectories for the association.
Effect of TMC and TAC. To investigate the effect of TMC
and TAC on the tracking performance, we implemented two
baselines of MV Trajecter, an appearance baseline and a mo-
tion baseline, and added TMC and TAC to them. The mo-
tion and appearance baselines only utilize the motion and
appearance information between the current and an adja-
cent past timestamp, respectively. Table 6 shows the im-
pacts of TMC and TAC on tracking performances. When
TMC was added to the motion baseline or TAC was added to
the appearance baseline, their tracking performances were
greatly improved. These results demonstrate the effective-
ness of utilizing the information for multiple past times-
tamps via TMC and TAC. In addition, when both TMC and
TAC were added to the baselines, tracking performances
were improved further. This indicates that both motion and
appearance information from multiple past timestamps are
necessary for a better tracking performance.

Effectiveness of Employing the Attention Mechanism to
Predict Motions. While we employed the attention mecha-
nism to predict motions, we could also employ the Kalman
filter [36] which is often used in monocular tracking to pre-
dict motions. We compared the attention mechanism with
the Kalman filter to verify the advantage of employing the
attention mechanism. Table 7 shows the comparison results.

IDFIT MOTAT MOTPT MT} ML]
Ours w/ KF | 76.0 7523 878 641 88
Ours 772 78.1 877 660 8.7

Table 7. Comparison of motion prediction. ”w/ KF” predicts mo-
tions using the Kalman filter [36].

IDFIT MOTAT MOTPT MT} ML
Ours w/EB | 75.6 76.2 874 629 8.8
Ours 772 781 877 660 8.7

Table 8. Comparison of appearance feature extraction. “w/ EB”
extracts appearance features in the same way as EarlyBird [62].

Employing the attention mechanism achieved a better track-
ing performance on almost all metrics than employing the
Kalman filter. This result demonstrates that the motions pre-
dicted by the attention mechanism are more accurate than
those predicted by the Kalman filter. We presume this is
because the attention mechanism captures the relationships
between multiple timestamps more accurately.

Effectiveness of Employing the Attention Mechanism to
Extract Appearance Features. We re-extracted appear-
ance features for all timestamps within the time window
(i.e., from t — K to t) as t changed by employing the atten-
tion mechanism. In contrast, EarlyBird [62] and REMP [14]
extract appearance features only for ¢. To investigate the ad-
vantage of our appearance feature extraction, we compared
it with EarlyBird’s appearance feature extraction. Table 8
shows the comparison results. Our appearance feature ex-
traction achieved a higher tracking performance than Early-
Bird’s. We presume this is because as ¢ changes, impor-
tant appearance information also changes, and the attention
mechanism has the ability to adaptively select that informa-
tion based on the relationships among multiple timestamps.

5. Conclusion

We proposed a new end-to-end multi-view pedestrian track-
ing (MVPT) method called MVTrajecter. It comprehen-
sively identifies which current pedestrian is identical to
which past trajectory based on the motion and appearance
information between the current and multiple timestamps
in past trajectories. In addition, it effectively captures the
relationships between multiple timestamps employing the
attention mechanism. We demonstrated the effectiveness of
each component in MVTrajecter, and MVTrajecter outper-
formed previous methods on three major MVPT datasets.
Even though we found that utilizing information
from multiple timestamps in past trajectories leads to
a better tracking performance, we only utilized infor-
mation at the past 7 timestamps due to the limitations
of GPU memory. Therefore, MVTrajecter cannot track
someone whose detection continuously fails in over 7
timestamps. In future work, we plan to explore ef-
ficient ways to utilize information over the longer term.
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