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Abstract— Multi-object tracking (MOT) presents a crucial
challenge in robotics. Due to limited resources embedded in
robots, one time step per processing time for algorithms can
be considerably large. This scenario necessitates the operation
of MOT at a low frame rate. However, algorithms within the
MOT research field have been constructed around datasets
functioning at 10–30 frames per second (fps) which can be
difficult to operate in the limited resources. In response to it, we
introduce a new algorithm, called FocoTrack, which maintains
tracking ability in four situations, one of which is when
objects are overlapped by each other. Our algorithm exhibits
remarkable performance without using any deep appearance
descriptor, surpassing existing MOT methods which even use
the deep appearance descriptor on a 2.5 fps dataset. We also
demonstrate strong results with our algorithm on DanceTrack
dataset at 20 fps and provide comprehensive insights through
detailed analysis of our tracking model.

I. INTRODUCTION

Multi-object tracking (MOT) plays an essential role in
various domains, including autonomous driving [1], [2],
surveillance operations [3], and more. Within a context of
autonomous mobile robots, the ability of MOT to identify
locations and motions of surrounding objects is vital. By
analyzing the historical trajectory of objects through MOT,
predictions about their future path can be made [4], offer-
ing valuable insights for planning and navigation of robot
movement [5]. Using MOT in robotics presents a critical
challenge. In commercializing robotic solutions, cost is an
inevitable consideration. This often translates to constraints
on the computational resources of robots, and one timestep
needed for all algorithms functioning can be bigger. For
instance, an object detection model YOLOv5s [6] on a
Jetson Nano clocks at a speed of 4.64 fps [7]. Incorporating
additional modules might further reduce this rate. It is
imperative, therefore, that MOT algorithms remain efficient
even at a reduced frame rate. However, most existing MOT
studies focus on enhancing performance using high frame
rate datasets of 10 fps or above, where object motion and
occlusion behave differently compared to lower frame rates.
Figure 1 illustrates this contrast by comparing occlusion
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Fig. 1: (a) 20fps DanceTrack dataset, (b) 2.5fps dataset. Two
overlapping objects are represented by red and yellow boxes,
respectively, and an arrow indicates the direction the objects are
facing. In (a), there is almost no change in the positions of the two
objects, but in (b), the change in position is quite large.

scenarios at high and low frame rate. Row (a) in the figure
shows a minimal variation in occlusion between frames t and
t+1 in a high frame rate dataset. In contrast, row (b) displays
significant overlap within a single timestep in a low frame
rate dataset. This attribution has the effect of diminishing the
efficiency of previous MOT algorithms.

To address this issue, we introduce a new algorithm,
named FocoTrack (FOCusing on Overlap Tracker). Foco-
Track employs cascade matching, utilizing four distinct
modules designed to address four different scenarios: one in
which objects overlap with each other, and the three others
where objects do not overlap. FocoTrack especially employs
our new FOCO (FOCusing on Overlap) algorithm to match
tracks and detections using velocity cues in the first scenario.
It utilizes matching techniques by dividing a set of tracks
into three groups to cover the other situations. To react to
nonlinear motion exhibited in low-rate frames, FocoTrack
leverages Interacting Multiple Model (IMM) [8], presenting
an alternative to using only constant velocity Kalman filter
[9] that is frequently used in other MOT algorithms. Our
results show that FocoTrack outperforms existing MOT algo-
rithms that do not use deep appearance descriptor, presenting
more than two times better performance in terms of HOTA
metric [10] on low frame rate datasets without need for deep
appearance descriptor. Furthermore, efficiency of our model
surpasses even the descriptor incorporated model.

In summary, our key contributions are three folds. First,
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based on the behavior of occlusions in low frame rate
settings, we propose the FOCO algorithm. Second, we divide
a set of tracks to three groups, leading to the development of
a cascade matching technique which includes FOCO. This
method also adopts IMM. Third, we evaluate both existing
MOT algorithms and FocoTrack using a custom 2.5 fps low
frame rate dataset and perform ablation analyses. To further
prove enhanced capabilities of FocoTrack with the public
dataset, we benchmark its performance against DanceTrack
dataset [11].

II. RELATED WORKS

A. Tracking by Detection

With rapid development of object detection technology,
tracking by detection method has become a mainstream of
MOT. First, existing tracks are predicted one step forward by
motion model. Second, an object detector detects detection
boxes surrounding objects. Third, a cost between track
and detection boxes is computed and matching algorithm
assigns the detection boxes to the tracks with the Hun-
garian matching algorithm. Then, the matched tracks are
corrected by matched detections. SORT [12] sets the baseline
for tracking by detection, which employs a Kalman filter-
based motion model. The predicted boxes are matched to
detection boxes using Intersection over Union (IoU) metrics.
DeepSORT [13] advances this technique by incorporating
a deep appearance descriptor, which generates appearance
features of objects. The process involves initial matching
using appearance features and subsequent matching using
SORT for remaining tracks. Employing a series of matching
algorithms one after the other is termed cascade matching,
and DeepSORT employs this approach to compensate for
cases when the deep appearance descriptor does not succeed
in making a match. ByteTrack [14] proposes a strategy
to handle boxes with low confidence scores from object
detectors. Detections are divided into two groups based on
detection confidence score, which means the possibility that
an object is within the detection boxes. Cascade matching
is then applied, where high confidence score detections are
matched to tracks first, followed by low confidence score
ones. OC-SORT [15] introduces matching techniques to track
objects exhibiting nonlinear movements without depending
on appearance features. The primary criterion for matching
depends on a weighted sum of IoU and velocity cues.
Subsequently, the cost is computed between earlier matched
detection boxes assigned to tracks and freshly detected
detections.

B. Low Frame Rate MOT

To address low-frame rate environments, early tracking
methodologies leverage appearance cues for associations at
reduced frame rate [16][17]. This technique later evolved
into the domain of deep appearance descriptor, where deep
learning models are employed to utilize distinctive appear-
ance features [18]. Interestingly, even when a frame rate is
reduced in DeepSORT that uses a deep appearance descriptor
[13], there is not a substantial decline in its performance

[19]. Yet, the deep appearance descriptor can face challenges
in scenario where objects have similar appearances [11]
and utilization of GPU resources makes it less suitable for
resource-limited robots. Our method proposed in this paper
offers capability to effectively track objects at a lower frame
rate without need to rely on any deep appearance descriptor.

C. Motion Models

A prevalent approach in tracking by detection algorithms
is incorporation of motion model with Kalman filter [9]. Yet,
an assumption of the Kalman filter is a linear relationship
between prior and present states. Addressing this limitation,
IMM [8] presents an alternative to Kalman filter. IMM uses
several motion models depending on the situation, so it is
more accurate than the Kalman filter in a non-linear situation
[20]. This ability has led to the implementation of IMM in
constructing motion models within the domain of 3D object
tracking [21], [22]. Our empirical studies further demonstrate
the capability of IMM to enhance performance of 2D object
tracking at a low frame rate.

III. METHOD

A. Focusing on Overlap(FOCO)

Typically, tracking by detection algorithms uses IoU as a
cost metric for matching. IoU measures the overlap between
two bounding boxes. Accuracy of IoU is significantly influ-
enced by the location and dimension of the boxes. Although
there have been other methods developed to enhance IoU,
they still heavily rely on the position and size of the boxes
[23], [24]. When track paths overlap, using a cost function
that emphasizes location and size can lead to an ID switch.
These overlaps usually occur when two objects pass each
other in opposite directions. In such occlusion scenarios, it
can be more logical to consider displacement and direction
of the objects for matching rather than location and size.
Hence, we introduce a new matching method that focuses on
displacement and direction of the objects for better matching
under occlusion and name this method, FOCO. Figure 2
illustrates the flow chart with example pictures when FOCO
activates.

Let Tt denote a set of boxes of tracks at time t. Our goal
is to estimate Tt+1 from Tt using FOCO. Let us initialize
Tt+1 = ∅. First, given a track box α ∈ Tt, let us define a set
T̄t+1 of predicted boxes as

T̄t+1 = {ᾱ | ᾱ = f(α), α ∈ Tt}. (1)

where f is a function that predicts one step forward with
IMM, which uses two Kalman filters one with a constant
velocity model and the other with a constant acceleration
model [25]. Let us define Ot+1 as

Ot+1 = {(ᾱ, β̄) | IoU(ᾱ, β̄) > ρ1, ᾱ, β̄ ∈ T̄t+1}.

where ρ1 is a threshold.
Second, apply a deep learning object detection algorithm

on the t+ 1 frame image to find detection boxes. Let Dt+1

denote a set of the detection boxes at time t + 1. Now, we
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Fig. 2: A flowchart for FOCO: Solid pink and green boxes represent distinct track boxes, while dotted boxes indicate those predicted
by IMM. Solid red boxes are for detection boxes. In instances where the predicted track boxes overlap, FOCO algorithm activates. This
algorithm forms a cost function based on displacement and direction difference calculated from new detection boxes and track boxes.

want to match the detection boxes to elements of Ot+1. Let
us define a set Dᾱ,β̄

t+1 as

D
ᾱ,β̄
t+1 = {d | IoU(ᾱ, d) > ρ2 or IoU(β̄, d) > ρ2, d ∈ Dt+1},

for (ᾱ, β̄) ∈ Ot+1, where ρ2 is a threshold. Let us define
µ(box) as a function that gives the image coordinates of
the center of the box. Choose an element in Ot+1 with the
highest IoU value and denote it as (γ̄, δ̄), where γ̄ = f(γ)
and δ̄ = f(δ) for some γ, δ ∈ Tt by definition of Ot+1. For
d ∈ D

γ̄,δ̄
t+1, compute the following values:

sγ̄1(d) = ||µ(d)− µ(γ)||2, sδ̄1(d) = ||µ(d)− µ(δ)||2,

θγ̄1 (d) =
µ(d)− µ(γ)

sγ̄1 + ϵ
, θδ̄1(d) =

µ(d)− µ(δ)

sδ̄1 + ϵ
,

where || · ||2 is the Euclidean norm, ϵ is a small constant
to avoid division by zero, and γ and δ are elements in
Tt corresponding to γ̄ and δ̄, respectively. In the above
equations, sγ̄1 and sδ̄1 signify current displacements of the
boxes, and θγ̄1 and θδ̄1 signify current directions of the boxes.
Also, we define and calculate previous displacements sγ̄2 and
sδ̄2, and directions θγ̄2 and θδ̄2 as follows:

sγ̄2 = ||µ(γ)− µ(γ−1)||2, sδ̄2 = ||µ(δ)− µ(δ−1)||2,

θγ̄2 =
µ(γ)− µ(γ−1)

sγ̄2 + ϵ
, θδ̄2 =

µ(δ)− µ(δ−1)

sδ̄2 + ϵ
,

where γ−1 and δ−1 denote the values of γ and δ at the
previous time step, respectively. Finally, define and compute
the deviations in displacements and directions as below:

∆sγ̄ =| sγ̄1(d)− sγ̄2 |, ∆sδ̄ =| sδ̄1(d)− sδ̄2 |,
∆θγ̄ = −⟨θγ̄1 (d), θ

γ̄
2 ⟩, ∆θδ̄ = −⟨θδ̄1(d), θδ̄2⟩,

where ⟨·, ·⟩ denotes the inner product in 2 dimensions. We
define cost functions as follows:

C γ̄(d) = ∆θγ̄ + λ∆sγ̄ , C δ̄(d) = ∆θδ̄ + λ∆sδ̄,

where λ is a threshold. Using the cost functions, we define
cost vector of each track in (γ̄, δ̄) as below:

C γ̄ = (C γ̄(d1), C
γ̄(d2), · · · , C γ̄(di), · · · , C γ̄(dn)) ∈ Rn,

C δ̄ = (C δ̄(d1), C
δ̄(d2), · · · , C δ̄(di), · · · , C δ̄(dn)) ∈ Rn,

where di ∈ D
γ̄,δ̄
t+1 and n is the number of elements of Dγ̄,δ̄

t+1.
Finally, the cost matrix is formulated as below:

C γ̄,δ̄ = [C γ̄ , C δ̄] ∈ Rn×2.

The above cost matrix is used in the Hungarian algorithm
for matching elements in {γ̄, δ̄} with the detection boxes in
D

γ̄,δ̄
t+1. The matched track boxes are updated by correction

process of IMM with the matched detection boxes. These
corrected matched track boxes are added to Tt+1 and re-
moved from T̄t+1. Also, the matched detection boxes are re-
moved from Dt+1. In Ot+1, elements containing the matched
track boxes are removed. We repeatedly choose an element in
Ot+1 with the highest IoU and execute the matching process
until Ot+1 becomes empty. After the execution of FOCO
matching algorithm, the remaining elements in T̄t+1 and
Dt+1 undergo the next matching modules in Section III-B.

B. Cascade Matching

Our cascade matching system is composed of FOCO
which matches occluded tracks between each other and three
methods that match the remaining tracks. Figure 3 shows an
execution order of the modules in the cascade matching and
what situations should arise to activate the certain modules.

First, we use FOCO described in Section III-A to match
occluded objects specifically. By using FOCO first, we match
occluded objects correctly and remove them from T̄t+1, so
that the next matching algorithms have lower possibility
of ID switch. A detailed experiment on order of FOCO
among the matching algorithms is explained in Section IV-
D.1. Given Dt+1 with some detection boxes removed by
FOCO, let us define the following sets:

DH
t+1 = {d | score(d) > ρ3, d ∈ Dt+1},

DL
t+1 = {d | score(d) < ρ3, d ∈ Dt+1},
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Fig. 3: Overview of our cascade matching. There are four modules that run in sequence to achieve appropriate matching based on track
state. Solid red boxes signify detection boxes, while dotted boxes in various colors represent predicted track boxes for distinct objects.

where score(d) gives the detection confidence score of d ∈
Dt+1 from the deep learning object detection algorithm, and
ρ3 is a threshold. Also, given T̄t+1 with some tracks removed
by FOCO, define the following sets:

T̄HH
t+1 = {ᾱ | IoU(ᾱ, d) > ρ4, d ∈ DH

t+1, ᾱ ∈ T̄t+1},
T̄HL
t+1 = {ᾱ | IoU(ᾱ, d) > ρ4, d ∈ DL

t+1, ᾱ ∈ T̄t+1},
T̄LH
t+1 = {ᾱ | IoU(ᾱ, d) < ρ4, d ∈ DH

t+1, ᾱ ∈ T̄t+1},

where ρ4 is a threshold.
Second, we match detection boxes in DH

t+1 with tracks in
T̄HH
t+1 . This approach is the most standard matching method

in that it relies on trustworthy detections and positions of
tracks predicted by the motion model. Third, we match
detection boxes in DL

t+1 with tracks in T̄HL
t+1. The methodol-

ogy complements unmatched tracks in T̄t+1 getting matched
when the previous module does not match low detection
confidence score boxes in DL

t+1 which can occur due to
obstacle overlap [14].

Finally, we match detection boxes in DH
t+1 and tracks in

T̄LH
t+1. When tracks are obscured by obstacles over a duration,

there are no detection boxes available for matching. As a
result, only the prediction of the motion model is contin-
ually conducted without correction step and results in low
IoU(ᾱ, d) after detection comes out again. This module plays
a crucial role in low frame rate situations. The matching
between DL

t+1 with tracks with low value of IoU(ᾱ, d) is not
used because low IoU(ᾱ, d) means the motion model is not
trustworthy and a low detection confidence score also means
the possibility of the object in the detection box is low. In
the above three matching algorithms, we use the Hungarian
algorithm with the cost, IoU(ᾱ, d).

IV. EXPERIMENTS

A. Experimental setup

Datasets. To evaluate our method, we made a new dataset
consisting of 290 images, capturing 3 individuals wandering

arbitrarily at a frame rate of 2.5 fps, which we termed
as LF25. This dataset is designed to simulate occlusion
scenarios typically experienced by autonomous robots within
a 10-meter proximity to their vision systems. Alongside our
dataset, we also employed a public dataset called DanceTrack
[11], captured at 20 fps. DanceTrack is distinct due to the
presence of individuals with closely similar appearances
and their unpredictable movements. This dataset helps us
benchmark our technique against widely accepted public
dataset.

Metrics. We adopt HOTA [10] as our primary evaluation
metric, considering its balance between the accuracy of
detection and tracking performance. Further, to spotlight
tracking efficiency, we include AssA and IDF1 metrics. In
addition, MOTA and DetA, metrics highly linked to detection
performance, are employed.

Implementation details. To maintain consistency and
fairness in our assessment, we utilize YOLOX detector
[26], which is publicly accessible. For LF25, we choose
YOLOX-Tiny, a compact detector optimized for real-time
deployment on constrained resources. For DanceTrack, we
employ YOLOX-s, a model which has better performance
than YOLOX-Tiny and the same model weight previously
used for evaluations in other studies [15], [14]. Given a small
quantity of LF25, YOLOX-Tiny was solely trained on the
DanceTrack training data for 50 epochs without relying on
additional datasets. In the tests with LF25, we set the FOCO
related thresholds ρ1, ρ2 to 0.2, 0.3 and cascade related
thresholds ρ3, ρ4 to 0.7, 0.5 respectively. The cost threshold
λ is set to 0.02 and the small scale constant ϵ is set to 10−6.
In DanceTrack, ρ1 is set to 0.85.

B. Evaluation

LF25. Table I illustrates the performance of our algorithm
on the low frame rate dataset LF25 against existing method-
ologies. When assessed by HOTA criterion, our approach
notably outperforms, achieving more than two times better
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TABLE I: Results on LF25 dataset(left) and DanceTrack test dataset(right).

LF25 DanceTrack Test
Tracker HOTA↑ DetA↑ AssA↑ MOTA↑ IDF1↑ HOTA↑ DetA↑ AssA↑ MOTA↑ IDF1↑

SORT [12] 21.4 61.0 7.5 71.0 17.6 47.9 72.0 31.2 89.5 52.5
DeepSORT [13] 63.6 73.1 55.4 92.4 83.7 45.6 71.0 29.7 87.8 47.9
ByteTrack [14] 35.4 72.9 17.3 91.5 35.6 47.3 71.6 31.4 89.5 52.5
OC-SORT [15] 37.1 73.0 18.9 80.1 40.5 55.1 80.4 40.4 92.2 54.9

Ours 82.0 82.1 81.9 94.6 97.2 57.1 80.8 40.5 91.4 58.2

score of recent studies that do not use deep appearance
descriptor like OC-SORT and ByteTrack. It surpasses the
performance of DeepSORT, which relies on the descriptor,
by a margin of 18.4 HOTA. With an improvement of 9.0 and
26.5 in DetA and AssA metrics respectively against Deep-
SORT, our method enhances tracking accuracy. Such results
prove that our algorithm is capable of appropriate tracking at
low frame rates without using additional GPU resources. The
comparisons of tracking with LF25 are visualized in Fig. 4.

DanceTrack. Table I shows the performance of our al-
gorithm when evaluated on DanceTrack dataset. Compared
to OC-SORT, our algorithm improves by 2.0 score on
HOTA criterion. While there is a negligible enhancement in
DetA and AssA, IDF1 metric which evaluates accurate ID
assignment and robustness against ID-induced false positives
[27], sees a significant improvement by 3.3. This indicates
that when our algorithm is applied on scenarios where the
use of deep appearance descriptor is restricted due to similar
appearances, there is an improvement in ID assignment
performance.

C. Ablation Study

We perform ablation studies to assess the impact of
individual modules on overall efficacy and IMM. Table II
presents contributions of different modules, while Table III
details influence of IMM.

TABLE II: Ablation studies of four modules in LF25. FC, HH,
HL and LH represent FOCO, second, third and fourth module
respectively.

FC HH HL LH HOTA↑ DetA↑ AssA↑ MOTA↑ IDF1↑
✓ ✓ ✓ ✓ 82.0 82.1 81.9 94.6 97.2

✓ ✓ ✓ 43.5 81.9 23.1 93.7 48.1
✓ ✓ 41.1 81.3 20.8 92.4 41.9

✓ ✓ ✓ 23.7 73.9 7.7 75.9 16.5

TABLE III: Experiments involving IMM. Within this context, CV,
CA refers to Constant Velocity kalman filter model, and Constant
Acceleration one respectively.

motion model HOTA↑ DetA↑ AssA↑ MOTA↑ IDF1↑
IMM with CV, CA 82.0 82.1 81.9 94.6 97.2

Only CV 77.8 81.8 73.9 94.1 91.4
Only CA 71.6 81.5 63.0 93.8 84.5

1) Effect of modules: As seen in Table II, omitting FOCO
module leads to a decline of 38.5 in HOTA score. While
there is not a notable decline in DetA or MOTA, there
is a huge decrease in AssA and IDF1 by 58.8 and 49.1
respectively. This indicates that FOCO plays an important

role in tracking performance at low-frame rate. Removing
the fourth module shows the largest drop in the low frame
rate dataset. Even with FOCO module in place, without
accounting for the fourth module, results are inferior to both
OC-SORT and ByteTrack, yielding a HOTA score of 23.7.
This shows that the fourth module is the most important
module for low frames and is required to use FOCO. The
third module also enhances performance in settings with
fewer frames. Removing this module from a model that does
not incorporate FOCO leads to 2.4 drop in the HOTA score.

2) Effect of IMM: A comparison of the IMM, which
employs two types of Kalman filter, with single types of
Kalman filter, is given in Table III. According to the table,
the IMM outperforms only constant-velocity model by 4.2
and constant-acceleration model by 10.4 in terms of HOTA.
While existing algorithms, equipped with only one Kalman
filter, are proficient at capturing these non-linear patterns at
high frame rate, as noted by [15], the performance drops in
low frame rate environments. The results shown in Table III
indicate that IMM approach is more adept at low frame rate.

D. Furthur Study

1) Order of cascade matching: As illustrated in Table
IV, we test various sequences of modules and determine
that positioning FOCO at the beginning yields the best
results. A recent cascade matching investigation emphasizes
benefits of first highly reliable matching method followed by
the less one [28] [14]. Given that FOCO is integrated due
to the unreliability of IoU-based matching stemming from
occlusions, one might presume that it would follow a similar
sequence as in the prior research. However, when FOCO
is not given priority, other matching algorithms tend to
create inaccurate matches, which accounts for the enhanced
performance observed when FOCO is positioned at the
forefront.

TABLE IV: Experiments on order of cascade matching. FC, HH,
HL and LH represent FOCO, second, third and fourth module
respectively.

matching order HOTA↑ DetA↑ AssA↑ MOTA↑ IDF1↑
FC ⇒ HH ⇒ HL ⇒ LH 82.0 82.1 81.9 94.6 97.2
HH ⇒ FC ⇒ HL ⇒ LH 48.1 81.9 28.3 93.7 53.8
HH ⇒ HL ⇒ FC ⇒ LH 43.4 81.9 23.1 93.7 48.1
HH ⇒ HL ⇒ LH ⇒ FC 43.4 81.9 23.1 93.7 48.1

2) Threshold: The efficacy of the FOCO algorithm is
intrinsically linked to its activation threshold ρ1 and Table
V shows the results of the threshold. When the value of ρ1
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Fig. 4: Example results of LF25 dataset. The flow of time goes from left to right. Whereas current algorithms struggle with lost tracks
or ID switching during occlusions, FocoTrack effectively assigns IDs even when three individuals are closely clustered in the occlusion
scenario.

is set below 0.2, the FOCO mechanism becomes active even
when tracks are not occluded sufficiently, which can degrade
performance. Conversely, if the threshold is set too high, the
FOCO algorithm might fail to engage even when occlusions
are present, leading to suboptimal outcomes. We explore
more extensively to understand the effects of threshold ρ4.
As Table VI indicates, in cascade matching, a reduction
in this threshold tends to adversely impact performance,
blurring distinction between modules. Thus, to utilize the full
potential of the cascade matching, it is preferable to maintain
the threshold higher, which is not recommended when using
only the second module. Table VII shows the impact of the
cost related threshold λ. If λ is bigger than 0.02 which means
displacement part has a quite big influence, performance goes
down. However, as can be seen in the last row of the table,
even a value of λ as small as 0.001 has a bad impact on
performance. This means that it is important to find the right
balance between displacements and directions.

V. CONCLUSION

We present FocoTrack which addresses four situations
with cascade matching. The FOCO algorithm, which is
the first module in our cascade matching system, primarily
handles occlusions and enables efficient matching at low
frame rate. The remaining situations, we separate tracks into
three groups and matching system corresponding to each
specific situation operate sequentially. Our tests on a dataset
with 2.5 fps reveal that FocoTrack outperforms existing
methods. Additionally, its capabilities are further confirmed

on DanceTrack. The validity of our method is demonstrated
through ablation studies and further studies. These results
prove our method can be applied to mobile robots with
limited resources.

TABLE V: Effect of FOCO activation threshold ρ1. Num means
the number of FOCO activated in LF25

ρ1 Num HOTA↑ DetA↑ AssA↑ MOTA↑ IDF1↑
ρ1 =0.1 85 43.1 80.7 23.0 91.9 46.3
ρ1 =0.2 62 82.0 82.1 81.9 94.6 97.2
ρ1 =0.3 51 70.2 81.8 60.2 94.0 82.9
ρ1 =0.4 30 48.8 81.3 29.3 92.7 56.7

TABLE VI: Effect of the cascaded related threshold ρ4

ρ4 HOTA↑ DetA↑ AssA↑ MOTA↑ IDF1↑
ρ4 =0.5 82.0 82.1 81.9 94.6 97.2
ρ4 =0.4 72.0 81.6 63.6 93.8 85.9
ρ4 =0.3 65.9 82.5 52.7 94.3 79.3

TABLE VII: Effect of the cost related threshold λ

λ HOTA↑ DetA↑ AssA↑ MOTA↑ IDF1↑
λ =1 39.4 80.9 19.2 89.5 42.1
λ =0.1 42.9 79.8 23.1 91.6 47.8
λ =0.02 82.0 82.1 81.9 94.6 97.2
λ =0.001 48.1 81.0 28.5 93.3 55.4
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