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aDepartment of Computer Science, Faculty of Sciences and Mathematics, University of Niš, Serbia Višegradska 33, 18000 Niš

Abstract. Multiple object tracking (MOT) depends heavily on selection of true positive detected bounding
boxes. However, this aspect of the problem is mostly overlooked or mitigated by employing two-stage
association and utilizing low confidence detections in the second stage. Recently proposed BoostTrack
attempts to avoid the drawbacks of multiple stage association approach and uses low-confidence detections
by applying detection confidence boosting. In this paper, we identify the limitations of the confidence boost
used in BoostTrack and propose a method to improve its performance. To construct a richer similarity
measure and enable a better selection of true positive detections, we propose to use a combination of
shape, Mahalanobis distance and novel soft BIoU similarity. We propose a soft detection confidence
boost technique which calculates new confidence scores based on the similarity measure and the previous
confidence scores, and we introduce varying similarity threshold to account for lower similarity measure
between detections and tracklets which are not regularly updated. The proposed additions are mutually
independent and can be used in any MOT algorithm.

Combined with the BoostTrack+ baseline, our method achieves near state of the art results on the
MOT17 dataset and new state of the art HOTA and IDF1 scores on the MOT20 dataset.

The source code is available at: https://github.com/vukasin-stanojevic/BoostTrack.

1. Introduction

Multiple object tracking (MOT) is an important and active topic in computer vision. The main appli-
cations include human-robot interaction [46], autonomous driving [44] and surveillance [19], but it can
also be applied to analyse sports videos [8], track animals [54] and even in medicine [24]. Given a video
with multiple objects of interest (e.g. pedestrians), the aim is to construct a trajectory for each object. More
specifically, for each frame, every object of interest should be detected and assigned an ID, which should
not change during the video even if the object is not present in every frame (e.g. it can be occluded). MOT
can be solved offline by processing the entire video, or online by processing one frame at a time without
considering the future frames. Online MOT solutions have wider applications and can be used for real-time
tracking in autonomous driving or surveillance systems. Among the online methods, tracking by detection
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(TBD) methods show the best performance. In TBD paradigm, MOT is solved in two steps: detection,
which outputs a set of detected bounding boxes; and association in which detected bounding boxes should
be associated (matched) with currently tracked objects. Hungarian algorithm [21] is a typical choice for
matching between newly detected bounding boxes and existing tracklets, i.e. current states of tracked
trajectories. The cost matrix used by the algorithm can be constructed by combining different similarity
measures such as intersection over union (IoU), Mahalanobious distance [31] or appearance similarity
(cosine similarity between visual embedding vectors).

Before constructing a cost matrix, some method of filtering out false positive detections should be ap-
plied. This is usually achieved by discarding detections with confidence scores below a specified threshold.
This simple logic results in discarding some true positive detections also. To mitigate this, ByteTrack [56]
employed a two-stage association in which low-confidence detections and unmatched tracklets are used
in the second association stage. Two-stage association became the standard in TBD MOT (e.g. standard
benchmark methods that adopted two-stage association include [2, 11, 30]). However, multiple stage
association methods can introduce identity switches (IDSWs) [42].

Recently, BoostTrack [43] used a one-stage association combined with strategies to increase (boost) the
detection confidence of some detected bounding boxes before discarding detections with low confidence
scores. In confidence boost based on detection of likely objects (DLO), it used intersection over union (IoU)
between all detected bounding boxes and all tracklets to discover the low-confidence detections with high
overlap with existing tracklet. BoostTrack boosted the confidence score of these detections assuming they
correspond to currently tracked objets, which improved the tracking performance in crowded scenes with
frequent occlusions (namely, on the MOT20 dataset). However, the method resulted in an increased number
of new IDs, and identity switches, which indicates a more sophisticated method is required. In this paper,
we extend the idea of DLO confidence boost.

In [43], shape similarity and Mahalanobis distance are used to improve (”boost”) the similarity measure
to reduce ambiguity arising from using IoU only. This improved association performance. However, if a
particular similarity measure improves association, it should also improve the selection of low-confidence
true positive detections. We extend the idea of buffered IoU (BIoU) from [50] and create a novel soft BIoU
similarity measure, which we use jointly with Mahalanobis distance and shape similarity from [43] to
discover true positive low-confidence detections.

DLO confidence boost used in [43] uses only the similarity (IoU) between a detection and a tracklet
to compute the boosted similarity. If similarity is above the certain threshold, the detection will be used.
This means that the detection whose confidence is close to zero and the detection that has a confidence
score close to the threshold (slightly below it) will be equally treated in the DLO boost procedure, i.e., both
require the same high similarity to get the boost. We introduce a soft detection confidence boost which
takes into account the original detection confidence score and solves the described problem.

Another weakness of the BoostTrack DLO confidence boost technique is that it treats all tracklets equally
when deciding if IoU between a tracklet and a detection is high enough. However, the tracklets that are not
recently updated (i.e. not matched with a detected bounding box for multiple subsequent frames due to
occlusion, detector or association failure) usually have relatively low IoU with the corresponding detections
once they are matched. Setting a threshold for ”high enough” similarity should be tracklet specific and
depend on the number of frames since the last time the tracklet was updated. For example, if a tracklet
was not matched for 30 frames, IoU of 0.8 can be considered very high. We attempt to solve this problem
by introducing varying threshold based on the number of frames since the last update of a given tracklet.

Each of the proposed modifications is independent to the others and can be combined and used in any
TBD MOT algorithm. We perform a detailed ablation study on MOT17 [33] and MOT20 [9] validation sets
to show the effectiveness of each component. We successfully reduced the number of new IDs and identity
switches, while not only retaining baseline tracking performance but surpassing it.

We name the MOT system that combines BoostTrack+ baseline with the proposed additions Boost-
Track++. Among online trackers, BoostTrack++ ranks first in HOTA score on the MOT17 test set. On
MOT20, BoostTrack++ ranks first in HOTA and IDF1 scores among all trackers (see Figure 1).
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Figure 1: Results of HOTA and IDF1 metrics on MOT17 (left) and MOT20 (right) test sets. We display offline methods as red circles.

In summary, we make the following contributions:

• We introduce a novel soft buffered IoU (soft BIoU) similarity measure.

• We use the combination of Mahalanobis distance, shape and soft BIoU similarity to calculate the more
sophisticated similarity measure for detecting the likely objects.

• We use soft detection confidence boost which uses the original detection confidence score for calcu-
lating the boosted confidence.

• We introduce varying boost threshold based on the number of time steps since the last update of a
given tracklet.

• Added to the BoostTrack+ baseline, our BoostTrack++ method achieves near state of the art results
on MOT17 and sets new state of the art on MOT20 dataset.

The rest of the paper is structured as follows: In section 2, we give a brief introduction to the TBD MOT
approach and cover the multiple-stage association methods, which is the standard for dealing with low-
confidence detections. Since our method extends the BoostTrack, we give a short overview of BoostTrack
in subsection 2.3. We discuss the drawbacks of the DLO confidence boost from BoostTrack in section 3.
Section 4 covers the proposed method. First, in subsection 4.1 we introduce our novel soft buffered IoU
similarity measure. In the next subsection, we introduce the average similarity measure for the detection
confidence boost, after which, in subsections 4.3 and 4.4 we introduce our soft detection confidence
boost and varying threshold techniques, respectively. In subsection 4.5 we introduce an algorithm which
combines all of the proposed additions. In section 5, we provide the results of the ablation study and
compare the proposed method with other methods on MOT17 and MOT20 test sets. We conclude the paper
with section 6.

2. Preliminaries

2.1. Tracking by detection
One of the dominant approaches in MOT is to follow the TBD paradigm. In TBD, the MOT problem is

solved frame-by-frame by performing two steps of processing for every frame: detection and association.
Given a frame, the detector model (e.g. YOLOX [17]) outputs the set of detected bounding boxes D =
{D1,D2, . . . ,Dn} with the corresponding confidence scores cd = {cd1 , cd2 , . . . , cdn }. Tracking module (e.g.
Kalman filter [12]) is needed to predict the state of currently tracked objects, i.e. tracklets T = {T1,T2, . . .Tm},
based on the past states (one state in the case of Kalman filter).
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If Kalman filter is used, the state of the object usually consists of object location and size, and the
corresponding velocities. In this paper, we use the same settings for the Kalman filter as in [43].

Linear state space model of tracking is given as:

xk = F · xk−1 + qk (dynamic equation),
yk = H · xk + rk (observation equation),

(1)

where qk and rk are process and observation noises, respectively (we use the same noise setting as in [43]).
The state xk, state transition matrix F, and observation matrix H are given by:

xk = [u, v, h, r, u̇, v̇, ḣ, ṙ]T, F =
[

I4 I4
04×4 I4

]
, H =

[
I4 04×4

]
, (2)

where u, v, h and r represent the coordinates of the object center, the height of the object and the ratio of
the object’s width and height, respectively. By u̇, v̇, ḣ, ṙ we denote their corresponding velocities. When
a tracklet is associated with detected bounding box Di, that bounding box is used as the observation in
Kalman update step.

Tracklets and detections can be matched using the Hungarian algorithm [21]. The cost matrix C for the
matching can be constructed simply as C = −1 · S(D,T), where S(D,T) is the similarity matrix between the
detections D and tracklets T. In the simplest case, S = IoU.

Looking at TBD logic with more details, before constructing the cost matrix, a selection of ”reliable”
detected bounding boxes is required, i.e. false positive detections should be filtered out. The simplest
method is thresholding - deciding which detections will be used based on whether the confidence score
is greater than a specified threshold value τ. The matching between a detected bounding box Di and a
tracklet T j is admissible if S(Di,T j) > τS, where τS represents a minimal required similarity (e.g. τS = 0.3).
Unmatched detections are used to initialize new tracklets1).

2.2. Multiple-stage association methods
Not all low-confidence detections are false positives. The dominant approach to using low-confidence

detections (and utilising the true positive detections that would have been discarded otherwise) is using a
two-stage association which was first introduced in ByteTrack [56]. ByteTrack uses thresholding but does
not discard low-confidence detections. Instead, the unmatched tracklets are matched with low-confidence
detections in the second association stage. Followed by ByteTrack, the two-stage association approach
became the standard in TBD MOT (e.g. it is used in [2, 5, 14, 23, 26, 38, 45]). Some tracking methods
expanded this logic further. Tracking algorithms in [25, 49] performed three-stage association, LG-Track
used four-stage association [32], while some other methods used multiple-stage association based on
tracklet last update [47], or similarity between detections and tracklets [35].

However, it is demonstrated in [42] that two-stage association can introduce identity switches. The
same applies to any multiple-stage association strategy which does not consider all tracklet-detection pairs
in the same stage.

2.3. BoostTrack
BoostTrack is a TBD system built upon SORT [4], and it tackles three problems in MOT: finding a simple

and better similarity measure to improve association performance, the selection of true positive detections,
and using a simple one-stage association to avoid identity switches to which all multiple-stage association
techniques are prone to [42]. To improve the association performance, BoostTrack uses three additions to
IoU (to ”boost” the original IoU similarity) and defines the overall similarity measure between a detected
bounding box Di and a tracklet T j, S(Di,T j), as

1)In some implementations, there is a separate threshold for tracklet creation τinit, τinit > τ, and only the detections with confidence
scores greater than τinit can be used for tracklet initialization.
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S(Di,T j) = IoU(Di,T j) + λIoU · ci, j · IoU(Di,T j) + λMhD · SMhD(Di,T j) + λshape · Sshape(Di,T j), (3)

where ci, j, SMhD and Sshape represent detection-tracklet confidence of detection Di and tracklet T j, Mahalanobis
distance similarity and shape similarity, respectively.

To select more true positive detections for the first (and only) association stage, BoostTrack uses two
detection confidence boosting techniques. Before discarding low-confidence detections, it increases the
confidence score of bounding boxes which should be true positives. One technique relies on Mahalanobis
distance to find outliers. Assumption is that the detections which do not correspond to any of the currently
tracked objects are not false positives, but rather detections corresponding to previously undetected objects.
The other technique, detecting the likely objects, uses IoU between a detection and all the tracklets. If
low-confidence detection has a high IoU with some tracklet, the detected bounding box is considered to
correspond to that tracklet, and its detection confidence score should be increased. Equation 4 shows the
expression for increasing detection confidence score cdi for some detected bounding box Di.

ĉdi = max
(
cdi , βc ·max

j
(IoU(Di,T j))

)
. (4)

Hyperparameters βc and τ implicitly define the IoU threshold required for a low-confidence detection Di
to surpass τ. Values used in [43] correspond to 0.923 and 0.8 for datasets MOT17 [33] and MOT20 [9],
respectively.

The authors also proposed BoostTrack+method which uses appearance similarity (between embedding
vectors) in addition to similarity measures used in 3. BoostTrack+ outperforms BoostTrack at the expanse
of longer computation time.

In Table 1, we summarize the methods used as baselines in this paper.

Table 1: Summary of various baseline methods.

Method Description Pros Cons Improvements over prev. method

SORT
Tracker that uses IoU One-stage association, Poor selection of

/as similarity measure real-time performance true-positive detections,
poor tracking performance

BoostTrack

Tracker focused on One-stage association, Lacks strong cues

Improved overall performancehandling unreliable detections uses all detections, such as visual
and improving association real-time performance features embedding,

introduces IDs and IDSWs

BoostTrack+
Tracker focused on One-stage association, Cannot operate in

Improved tracking performancehandling unreliable detections uses all detections, real time in crowded scenes,
and improving association introduces IDs and IDSWs

2.4. Buffered IoU

To account for irregular motions, Buffered IoU (BIoU) is introduced in [50]. If the predicted state
is inaccurate (due to irregular motion), the IoU between the predicted bounding box and the detected
bounding box will be low (possibly 0) which makes association difficult or even impossible. The authors
proposed to scale (add ”buffers” to) the detected and the predicted bounding boxes, i.e. tracklets. Let
o = (x, y,w, h) be the original detection (or tracklet), where (x, y) represents the top-left coordinate of the
bounding box, and w and h its width and height, respectively. The authors propose to use scaled detection
ob = (x − bw, y − bh,w + 2bw, h + 2bh), where b ≥ 0 is the scale parameter. More specifically, they performed
two-stage association: in the first stage they used small scale parameter b1, and in the second stage they
associated remaining tracklets and detections using larger scale parameter b2. The logic behind two-stage
association is that the unmatched tracklets are more difficult to match and require larger bounding boxes
for successful matching.
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3. Limitations of confidence boost based on detection of likely objects

One of the contributions of BoostTrack [43] is the DLO confidence boost technique. The effectiveness
of this technique is most notable in the case of the MOT20 dataset, where the DLO boost increased MOTA2)

score by 4.8% (see table 2).
To achieve the best results, a different value of hyperparameter βc (see equation 4) had to be specified

depending on the dataset (0.65 for MOT17 and 0.5 for MOT20), which is one of the limitations of the DLO
confidence boost.

The most important issue is the introduction of new IDs, which should not happen if the detections with
boosted confidence truly correspond to existing tracklets. Ideally, a DLO confidence boost should produce
no new IDs or result in identity switches (IDSWs). This issue is best illustrated by results on the MOT20
validation set which we present in table 2. On the MOT17 validation set (which has only 339 ground-truth
IDs, as opposed to the MOT20 validation set which contains 1418 IDs) the DLO boost is less significant.

Table 2: Influence of DLO confidence boost on MOT20 validation set for various baseline methods.

Method HOTA MOTA IDF1 IDSWs IDs

SORT 56.65 69.91 73.6 1127 1894
SORT + DLO 58.58 73.28 75.09 1259 (+132) 2045 (+151)

BoostTrack - DLO 61.39 77.02 77.23 803 1867
BoostTrack 61.74 77.46 77.45 898 (+95) 2008 (+141)

BoostTrack+ - DLO 62.59 77.16 79.29 730 1852
BoostTrack+ 62.58 77.7 78.93 794 (+64) 2019 (+167)

If we take SORT [4] as the most basic and representative baseline, we notice that the increase in main
MOT metrics (the left side of table 2), comes at the price of increased IDs (+8%) and IDSWs (+12%).

As the idea behind the DLO confidence boost is to use the detections with similarity (IoU) above a
certain threshold, two possible reasons for the method failure and places for improvement are the similarity
measure used and the specified threshold.

Several papers have discussed the limitations of IoU used as a similarity measure for association
and used various IoU modifications or other motion cues to construct a richer similarity measure (e.g.
[6, 26, 34, 35, 43, 48]). If using IoU alone can cause ambiguities and IDSWs in association, it is also unreliable
to base the DLO confidence boost solely on IoU. Using a richer similarity measure improves association
and enables the discard of falsely associated detection-tracklet pairs. Since DLO confidence boost relies
on calculating similarity, a richer similarity measure should also improve the selection of true positive
detections.

On the other hand, using a fixed threshold (for a given dataset) for the DLO confidence boost has two
drawbacks.

First, it does not take into account the original confidence score. A detection with a higher confidence
score is more likely to be a true positive. If a detection has a confidence score slightly below the threshold
τ, it should require only a mild conformation in similarity with existing the tracklet to boost its confidence
above the τ.

Second, looking from a tracklet perspective, what can be considered a ”high” similarity (e.g. IoU)
between a detected bounding box?

As in BoostTrack [43], we use the Kalman filter as the tracking module. The quality of Kalman
filter predictions reduces when the tracklet does not get matched with a detection, i.e. when we miss
the observation and do not execute the Kalman update step. Error covariance prediction in step t, P̂t, is
calculated as P̂t = F · Pt−1FT + Q (we provide the definition of the state x and state transition matrix F in
equation 2).

2)We discuss the metrics used in subsection 5.1.
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The estimate of the variance of x ∈ {u, v, h, r}, after not executing Kalman update for n steps (frames), if
we omit Q for simplicity, becomes:

ˆvar(x)t+n = var(x)t + n2
· var(ẋ)t. (5)

The variance of the predictions increases quadratically with the increase of n3).

Figure 2: IoU statistics calculated on MOT17 and MOT20 validation sets for tracklets with different numbers of steps since the last
update. a) Average IoU b) 0.9 quantile of IoU values.

We empirically verified that the IoU value between a detection and a tracklet decreases as the number
of steps since the last successful match (last position update) of the given tracklet increases. The left side
of the figure 2 shows the average IoU value (calculated on MOT17 [33] and MOT20 [9] validation sets4))
depending on the number of frames since the last update, while the right side of the same figure shows
values of 0.9 quantiles. The 0.9 quantile gives us information about what can be considered ”high” IoU
depending on the number of steps since the last update of the corresponding tracklet. As the number of
steps since the last update increases, we can observe a decrease in average IoU, and, more importantly, a
decrease in 0.9 quantile.

The DLO confidence boost method should account for this decrease and use different tracklet-specific
thresholds based on the number of frames since the last successful match of a given tracklet.

The data from table 2 and the discussion presented indicate that a more sophisticated DLO confidence
boost is needed, which we attempt to offer in the following section.

4. Proposed methods

4.1. Soft BIoU
BIoU, introduced in [50], enables to match detection-tracklet pairs which are (due to the inaccurate

prediction) too separated and have low or 0 IoU, by expanding bounding boxes. As such, BIoU could also
be used for DLO confidence boost. However, BIoU is designed to be used in a two-stage association and
cannot be used directly. In [50], the tracklets are, through two-stage association, split into two groups and
the corresponding bounding boxes are scaled using hyperparameters b1 and b2 depending on the group.

A trivial way of using BIoU in one-stage association setup would be to use single scale value b. However,
not only that ”easy” and ”difficult” tracklets require different b values, but not all ”easy” tracklets are equally
easy to match, and not all ”difficult” tracklets are equally difficult.

3)Equality 5 follows directly from substituting F and x from equation 2 and applying prediction for n steps.
4)For more information on datasets and implementation details, see subsections 5.1 and 5.2.
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Every predicted bounding box should be enlarged to the extent which is proportional to the uncertainty
in the quality of the prediction. In [43], tracklet confidence is defined and used as a measure of reliability
of the predicted tracklet state. We propose to use tracklet confidence to calculate tracklet specific scale
without the need for a two-stage association. However, if we use different scales for different tracklets and
comparing with detections in one stage, we cannot simply scale the tracklets and detections by the same
parameter b and calculate IoU between all pairs, as done in [50]. Every detection-tracklet pair (Di,T j)
should use a specific scale based on tracklet confidence, ct j , value.

Let o→ s be detection o scaled by s, defined (as in [50]) as

o→ s = (x − sw, y − sh,w + 2sw, h + 2sh), (6)

where (x, y),w, and h represent top-left corner of the bounding box, its width and height, respectively. We
define soft BioU (SBioU) between Di and T j as

SBIoU(Di,T j) = IoU
(
Di →

1 − ct j

4
,T j →

1 − ct j

2

)
, (7)

for i ∈ {1, 2, . . . ,n}, j ∈ {1, 2, . . . ,m}. As the tracklet confidence decreases, the scale increases. To calculate the
scaling parameter, we divide 1−ct j by 2 to match the range of scale values from [50] (for ct j = 0.0 it increases
scale to b2 = 0.5). When scaling the detection box, we use a smaller scale since we are more uncertain about
the tracklet state compared to the detected bounding box position. Note that SBIoU reduces to IoU when
tracklet confidence is equal to 1.

4.2. Using improved similarity measure to find likely objects
DLO confidence boost relies on IoU similarity. We propose to replace IoU in equation 4 with a more

sophisticated similarity measure S, which gives:

ĉdi = max
(
cdi , βc ·max

j
(S(Di,T j))

)
. (8)

Trivially, we could set S = SBIoU. However, we propose to use a richer similarity measure, of which
soft BIoU is only a part.

In [43], a combination of IoU, shape and Mahalanobis distance similarity was used to construct a
”boosted” similarity measure which improved association performance. If such a similarity measure helps
to better distinguish objects, it should also improve the performance of detecting the likely objects.

We define similarity between a detected bounding box Di and a tracklet T j, S(Di,T j), as the average of
used similarity measures:

S(Di,T j) =
(
S1(Di,T j) + S2(Di,T j) + · · · Sp(Di,T j)

)
/p. (9)

Intuitively, using an average of multiple similarity measures for the DLO confidence boost means that all
similarity measures need to ”agree” to increase the confidence score of a given detection. We use average
for simplicity and to give all summands equal weight (note that in equation 3 weights, i.e. lambdas, do
not have to be equal). In our implementation, for the DLO confidence boost we use:

S(Di,T j) =
(
SBIoU(Di,T j) + SMhD(Di,T j) + Sshape(Di,T j)

)
/3. (10)

Note that detection-tracklet confidence scores ci, j used to calculate Sshape decrease when detection con-
fidence is low which decreases the Sshape and makes it less reliable for the purposes of this work [43]. To
resolve this issue, we set ci, j = 1 when using shape similarity for the detection confidence boost.
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Figure 3: a) Low confidence false positive detection (in red) with high IoU between the tracklet (in purple). Mahalanobis distance
similarity between the detection and the tracklet is low, and this detection will not be used. b) Low confidence true positive detection
(in red) with relatively low IoU between the corresponding tracklet (in yellow). However, the average similarity measure when using
SBIoU, Sshape and SMhD is high enough.

In Figure 3 we show two examples from the MOT20 dataset of low-confidence detections.
On the left side of the figure, we show false positive detection corresponding to a ghost track. The IoU

between the detection and the tracklet is high enough (IoU=0.82). However, the ghost tracks are static and
the corresponding estimated covariance values are low which leads to low Mahalanobis distance similarity
values even for a small mismatch (SMhD = 0.03 in the example). This results in low average similarity and
discarding the false positive detection.

On the right side of the figure, we show a true positive detection Di (cdi = 0.16) with relatively low IoU
between the corresponding tracklet T j (IoU(Di,T j) = 0.74). However, SBIoU(Di,T j) = 0.77,SMhD(Di,T j) =
0.96, Sshape(Di,T j) = 0.82, and the average similarity (from equation 9) is high enough to keep Di for the
association step.

4.3. Soft detection confidence boost

As noted in section 3, DLO confidence boost treats equally detections with very low and relatively
high confidence scores. If the IoU between a given tracklet and a low-confidence detection is high enough
(e.g. 0.8 for the MOT20 dataset), the detection’s confidence will be increased enough to be used for the
association. The detection with very low (e.g. 0.05) and a relatively high confidence score (e.g. 0.35) require
the same high IoU in order for their confidence scores to be increased to a value greater than the threshold
τ. However, the lower confidence detection is more likely to be false-positive and should require higher
IoU compared to the bounding box with higher confidence score.

The greater the detection confidence score, the more accurate the corresponding detected bounding
box, i.e. the greater IoU between the ground-truth and detected bounding box [20]. Provided that
the tracking module gives accurate predictions, there is also a positive correlation between the detection
confidence score and the IoU between the tracklet (i.e. predicted bounding box) and the corresponding
detected bounding box. IoU between the tracklet and the detection can thus be a measure or an indicator
of detection confidence. If the IoU between the detected bounding box Di, Di ∈ {D1,D2, . . . ,Dn}, and some
tracklet is high, the detection confidence score cdi should also be high. Following the described logic, for
every detected bounding box Di, we perform soft detection confidence boost to obtain a new detection
confidence score ĉdi as:

ĉdi = max
(
cdi , α · cdi + (1 − α) ·

(
max

j
(S(Di,T j)

)q)
, (11)
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where α ∈ [0, 1] and q ≥ 1 are hyperparameters and S is any similarity measure. We raise S to the power
q to have better control over the entire process (all hyperparameter values are discussed in subsection
5.2). Equation 11 combines original confidence scores with the similarity and solves the problem of equal
treatment of low and relatively high confidence score detections.

Following the discussion in subsection 4.2, S can be defined as in equation 9.
Figure 4 shows a frame from MOT17 (sequence 11) and a detected bounding box (in red) with confidence

score 0.56 which is slightly below the standard threshold 0.6 used for MOT17. The IoU between the detection
and the corresponding tracklet is relatively low (0.82, which is low compared to the threshold value 0.923
used for MOT17 in [43]). However, since the original confidence score is only slightly below the threshold,
the imperfect IoU of 0.82 is enough to boost the detection confidence above the threshold.

Figure 4: A detected bounding box with confidence (in red) with a confidence score slightly below a threshold, and the corresponding
tracklet (in green). The IoU between the detection and the tracklet is relatively low, but enough for the soft detection confidence boost
to increase the confidence score above the threshold.

4.4. Varying similarity threshold
All the similarity measures discussed previously depend upon tracking performance, i.e. the quality of

predictions. As noted in section 3, the quality of predictions reduces with the increase of the number of
steps since the last tracklet update. Reduced quality of predictions leads to lower IoU value when objects
get matched (see figure 2) and indicates that a single threshold value for DLO confidence boost cannot
provide the best results.

To address the described issue, we propose to use different threshold values when searching for the
likely objects. The threshold should be higher for the IoU (or any other similarity measure) between a
detection and a recently updated tracklet.

Let last update(T j) be the number of steps since the last update of tracklet T j, j ∈ {1, 2, . . . ,m}.We decrease
the threshold β j corresponding to a tracklet T j linearly from the starting value βhi1h to the final value βlow,
and define our varying threshold β j as:

β j = max(βlow, βhi1h − γ · (last update(T j) − 1)). (12)

Using the varying similarity threshold, the boosted confidence of the detected bounding box Di, i ∈
{1, 2, . . .n}, can be obtained as:

ĉdi =

max(cdi , τ), if S(Di,T j) ≥ β j for any j ∈ {1, 2, . . . ,m},
cdi , otherwise,

(13)

where S is any similarity measure, and τ (as noted earlier) threshold for discarding low-confidence detec-
tions.

An example of low-confidence detected bounding box Di with high enough IoU between some tracklet
T j is shown in Figure 5.
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Figure 5: A detected bounding box Di (in red) with an original confidence score of 0.35. A predicted bounding box (in blue) after not
matching the tracklet T j for 27 frames. For the given tracklet, threhold β j = 0.8. Since IoU(Di,T j) = 0.83 ≥ β j, the cdi is increased, and
Di will not be discarded.

4.5. Combining the proposed methods
All proposed additions are mutually independent and can be used separately or jointly. Algorithm

4.1 shows the combined usage of all proposed elements and can be used as a replacement for the DLO
confidence boost used in BoostTrack [43]. Parameters useS, useSB and useVT control whether we should
use improved similarity measure, soft detection confidence boost and varying threshold, respectively.

5. Experiments and results

5.1. Datasets and metrics
Datasets. We perform experiments and evaluation of our method on standard MOT benchmark datasets:

MOT17 [33] and MOT20 [9]. MOT17 contains pedestrian videos filmed with static and moving camera.
The training set consists of 7 sequences and 5316 frames in total (frame rate ranges from 14 to 30 depending
on the video), while the test set contains a continuation of the same sequences and has 5919 frames in total.

MOT20 consists of 8 sequences of crowded scenes with changing lighting conditions filmed at 25 FPS.
The training set contains 4 sequences (8931 frames) and the test set consists of remaining sequences (4479
frames).

As in previous works (e.g. [2, 30, 56]), we use a custom detector instead of the provided dataset
detections and perform experiments under private detection protocol. We use the second half of each
training sequence as a validation set.

Metrics. We use standard metrics to assess the performance of our method. Namely, we use:

• Multi-Object Tracking Accuracy (MOTA) metric [3], which penalizes false positive and false negative
detections and is primarily used to evaluate detection performance.

• IDF1 [39], which is primarily used as a measure of association performance.

• Higher Order Tracking Accuracy (HOTA) [29], which combines localization accuracy, association and
tracking performance and tends to assess the entire MOT performance.

In addition to the mentioned metrics, in the ablation study, we also monitor the number of IDs used and
the number of identity switches (IDSW). We monitor IDs because detection confidence boosting can result
in an increased number of IDs. IDWS is important because new detections should not cause additional
IDSWs.
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Algorithm 4.1 Improved detection confidence boost
1: procedure IDCBoost(D,T,useS,useSB,useVT) ▷ D = {D1,D2, . . .Dn}, T = {T1,T2 . . . ,Tm}

2: if useS then
3: S := compute similarity(D, T) ▷ Using equation 10.
4: else
5: S := IoU(D, T)
6: end if
7: if not useSB and not useVT then
8: for each i do
9: ĉdi := max

(
cdi , βc ·max j(S(Di,T j))

)
. ▷ Applying equation 8

10: end for
11: else
12: if use SB then
13: for each i do
14: cdi := max

(
cdi , α · cdi + (1 − α) ·

(
max j(S(Di,T j)

)q)
▷ Applying equation 11

15: end for
16: end if
17: if use VT then
18: for each (i, j) do
19: beta j := compute threshold(T j, γ, βlow, βhi1h) ▷ Using equation 12.
20: if S(Di,T j) ≥ beta j then
21: cdi :=max(cdi , τ)
22: break
23: end if
24: end for
25: end if
26: end if
27: return cd1 , cd2 , . . . , cdn ▷ Outputs boosted confidence scores ĉd1 , ĉd2 , . . . , ĉdn .
28: end procedure

5.2. Implementation details
MOT and BoostTrack specific settings. We extend the work done in [43] and use the same additional

components and settings. We provide a brief overview of the most important components used5). Namely,
we use YOLOX-X [17] as the detector with weights from [56]; we apply Enhanced correlation coefficient
maximization from [13] for camera motion compensation (and use the implementation from [11]); we
use FastReID [18] for computing visual embedding (used for calculating visual appearance similarity); for
postprocessing of the results, we use gradient boosting interpolation (GBI) from [53]. We calculate shape
mismatch (used in Sshape) between a tracklet T j and a detection Di, dsi, j as:

dsi, j =
|Dw

i − Tw
j | + |D

h
i − Th

j |

max(Dw
i ,T

w
j )

. (14)

BoostTrack++ specific settings. We run a grid search to find optimal parameters q and α (used for
soft detection confidence boost introduced in subsection 4.3). Specifically, we tested settings (q, α) ∈
{1, 1.25, 1.5, 1.75, 2} × {0, 0.05, 0.1, . . . , 0.95, 1} on MOT17 validation set (we used S = IoU for simplicity) and
choose q = 1.5, α = 0.65 as the best trade-off between different metrics and different baseline settings (e.g.
whether we use camera motion compensation, postprocessing, appearance similarity).

5)We instruct readers to [43] for more information on minor implementation details.
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Based on empirical results displayed in figure 2, as our varying similarity threshold setting we used
βhi1h = 0.95,which we reduce to βlow = 0.8 over 20 frames (γ = (βhi1h − βlow)/20 = 0.0075).

Software. We build our code on top of code from [43], which uses codes from [4, 11, 30, 53, 56].
Hardware. All experiments are performed on the desktop with 13th Gen Intel(R) Core(TM) i9-13900K

CPU and NVIDIA GeForce RTX 3080 GPU.
We use TrackEval [28] to evaluate the results on validation sets. The results on the test sets are evaluated

on the official MOT Challenge server [1].

5.3. Ablation study

The goal of the proposed method is to replace or improve the performance of the DLO confidence boost
technique used in [43]. Ideally, our method should not increase the number of used IDs compared to any
baseline which does not apply DLO (because it should only boost the confidence score of the detections
which correspond to existing objects). Furthermore, a successful DLO confidence boost should improve the
overall tracking performance: not only the MOTA score which penalizes usage of false positive detections,
but the values of HOTA, IDF1 and IDWS metrics should also improve because the quality of selected
bounding boxes is crucial for the successful matching.

5.3.1. Influence of different similarity measures.
Since the DLO confidence boost resulted in substantial performance improvement on the MOT20,

but also in an increased number of IDs and IDWSs, we study the effect of various similarity measures
from equation 10 on MOT20 validation set. We performed experiments on three baselines: SORT+DLO,
BoostTrack and BoostTrack+. Table 3 shows the results6) of using SORT+DLO and BoostTrack+ as baselines
(as the most basic and the more advanced methods, respectively). We display the results of using the
BoostTrack baseline in Appendix B.

The first two rows of table 3 are the baselines. The first row shows results of the baseline method
without DLO confidence boost, while the second uses a simple IoU based DLO confidence boost which we
try to improve (see equation 4). A successful DLO method should keep IDs and IDSW values as close to
the values from the first row, and at the same time improve the HOTA, MOTA and IDF1 values from the
second row.

Table 3: The effect of various similarity measures used for DLO confidence boost on the MOT20 validation set (best in bold).

Setting SORT baseline BoostTrack+ baseline
DLO SBIoU SMhD Sshape HOTA MOTA IDF1 IDSW IDs HOTA MOTA IDF1 IDSW IDs

✗ ✗ ✗ ✗ 56.65 69.91 73.6 1127 1894 62.59 77.16 79.29 730 1852
✓ ✗ ✗ ✗ 58.58 73.28 75.09 1259 2045 62.58 77.7 78.93 794 2019
✓ ✗ ✗ ✓ 57.55 73.4 72.59 2008 2729 61.99 75.63 77.51 1081 2736
✓ ✗ ✓ ✗ 57.76 71.3 74.87 1188 1932 62.79 77.71 79.37 739 1917
✓ ✗ ✓ ✓ 57.73 71.33 74.81 1186 1926 62.8 77.75 79.35 723 1914
✓ ✓ ✗ ✗ 58.52 73.19 74.94 1228 1981 62.53 77.84 78.77 780 1964
✓ ✓ ✗ ✓ 58.5 73.22 74.97 1273 2040 62.63 77.7 78.82 782 2038
✓ ✓ ✓ ✗ 57.87 71.3 75.08 1158 1934 62.84 77.78 79.49 736 1928
✓ ✓ ✓ ✓ 57.95 71.38 75.2 1162 1929 62.82 77.8 79.42 729 1918

As results from the table show, using an average of SBIoU, Sshape and SMhD offers the best trade-off
between the various metrics. It substantially reduces IDs and IDSW values compared to the DLO baseline,
while increasing HOTA, MOTA and IDF1 values (the only exception is MOTA score when using the SORT
baseline).

6)We consider the best IDs and IDWS values that are the closest to non-DLO baseline.
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5.3.2. Influence of other components
We study the influence of proposed components on BoostTrack+ baseline on MOT17 and MOT20

validation sets. In Appendix C we show the results of the ablation study where we used SORT [4] and
BoostTrack as baselines.

Table 4 shows the influence of adding each of the proposed components to the BoostTrack+ baseline:
namely, new similarity measure for the confidence boost (S column), soft (detection confidence) boost (SB
column), and using varying threshold (VT column) for the DLO confidence boost. Note, when we use SB
or VT, and not S, the similarity used in SB and VT is IoU. For more details, see algorithm 4.1. Again, in the
first row, we show results of the baseline method without any DLO confidence boost, while the second row
shows results of the original DLO confidence boost from BoostTrack.

Table 4: Ablation study on the MOT17 and MOT20 validation sets for different additional components (best in bold). Components
are added to the BoostTrack+ baseline.

Setting MOT17 MOT20
DLO S SB VT HOTA MOTA IDF1 IDSW IDs HOTA MOTA IDF1 IDSW IDs

✗ ✗ ✗ ✗ 72.17 81.02 84.86 79 388 62.59 77.16 79.29 730 1852
✓ ✗ ✗ ✗ 72.41 80.95 85.09 83 402 62.58 77.7 78.93 794 2019
✓ ✗ ✗ ✓ 72.13 80.88 84.76 84 395 62.8 77.3 79.56 712 1852
✓ ✗ ✓ ✗ 72.05 80.67 84.91 80 402 62.86 77.84 79.23 812 2043
✓ ✗ ✓ ✓ 72.02 80.58 85.08 81 412 62.82 77.86 79.16 813 2042
✓ ✓ ✗ ✗ 71.88 80.96 84.82 89 398 62.82 77.8 79.42 729 1918
✓ ✓ ✗ ✓ 72.17 81.15 84.75 83 398 62.75 77.35 79.44 722 1848
✓ ✓ ✓ ✗ 72.24 81.23 85.44 81 396 63.2 78.03 80.05 734 1912
✓ ✓ ✓ ✓ 72.22 81.33 85.45 84 396 63.16 78.02 79.97 732 1906

The results from table 4 show that using SB and VT with IoU as a similarity measure (without the
proposed average similarity) increases the number of IDs even more than baseline DLO. However, combined
with S, we get the best of both worlds: we get a substantial improvement in tracking performance,
outperforming the original DLO confidence boost, while at the same time only slightly increasing the
number of IDs and IDSWs: +5 IDSWs (6.3%), +8 IDs (2%) on the MOT17 and +2 IDSWs (0.3% ), +54 IDs
(2.9%) on the MOT20.

5.4. Comparison with other methods

To evaluate our method on MOT17 [33] and MOT20 [9] test sets (under private detection protocol), we
used all proposed additions combined (S+SB+VT setting). The results on the test sets are provided in the
table 5. We mark offline methods with ’*’7).

Our BoostTrack++ method achieves improvement compared to the BoostTrack+ on the MOT17 test
set: +0.2 HOTA, +0.1 MOTA, +0.4 IDF1, -24 IDSWs. On more challenging MOT20, BoostTrack++ shows
slightly better improvement compared to the BoostTrack+: +0.2 HOTA, +0.5 MOTA, +0.5 IDF1, -65 IDSWs.
Improvement in MOTA indicates the increase in the use of true positive detections, which improves HOTA
and IDF1 scores.

Compared to the online trackers, our method ranks first in HOTA score (66.6) on the MOT17 test set,
while on the MOT20, our method ranks first in HOTA (66.4) and IDF1 (82.0) among both online and offline
methods.

7)Note that our method, as most ”online” methods (e.g. [2, 20, 30, 42, 56]), applies postprocessing to the results (which are obtained
online), and could be best described as ”semi-online”. However, the official MOT Challenge [1] distinguishes only offline and online
methods, and methods like ours are considered online.
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Table 5: Comparison with other MOT methods on the MOT17 test set (best in bold). Offline methods are marked with ’*’.

Method MOT17 MOT20
HOTA MOTA IDF1 IDSW HOTA MOTA IDF1 IDSW

FairMOT [57] 59.3 73.7 72.3 3303 54.6 61.8 67.3 5243
MOTR [52] 62.0 78.6 75.0 2619 / / / /

ByteTrack [56] 63.1 80.3 77.3 2196 61.3 77.8 75.2 1223
QuoVadis [10] 63.1 80.3 77.7 2103 61.5 77.8 75.7 1187
BPMTrack [16] 63.6 81.3 78.1 2010 62.3 78.3 76.7 1314

SuppTrack* [55] / / / / 61.9 78.2 75.5 1325
UTM [51] 64.0 81.8 78.7 1431 62.5 78.2 76.9 1228

FineTrack [37] 64.3 80.0 79.5 1272 63.6 77.9 79.0 980
StrongSORT++ [11] 64.4 79.6 79.5 1194 62.6 73.8 77.0 770

BASE* [22] 64.5 81.9 78.6 1281 63.5 78.2 77.6 984
Deep OC-SORT [30] 64.9 79.4 80.6 1023 63.9 75.6 79.2 779

BoT SORT [2] 65.0 80.5 80.2 1212 63.3 77.8 77.5 1313
SparseTrack [27] 65.1 81.0 80.1 1170 63.5 78.1 77.6 1120
MotionTrack [36] 65.1 81.1 80.1 1140 62.8 78.0 76.5 1165

LG-Track [32] 65.4 81.4 80.4 1125 63.4 77.8 77.4 1161
StrongTBD [40] 65.6 81.6 80.8 954 63.6 78.0 77.0 1101

C-BIoU [50] 66.0 82.8 82.5 1194 / / / /
PIA2 [41] 66.0 82.2 81.1 1026 64.7 78.5 79.0 1023

ImprAsso [42] 66.4 82.2 82.1 924 64.6 78.6 78.8 992
SUSHI* [7] 66.5 81.1 83.1 1149 64.3 74.3 79.8 706

ConfTrack [20] 65.4 80.0 81.2 1155 64.8 77.2 80.2 702
BoostTrack+ [43] 66.4 80.6 81.8 1086 66.2 77.2 81.5 827
CoNo-Link* [15] 67.1 82.7 83.7 1092 65.9 77.5 81.8 956

BoostTrack++ (ours) 66.6 80.7 82.2 1062 66.4 77.7 82.0 762

6. Conclusions

In this paper, we identified the drawbacks of the DLO confidence boost introduced in BoostTrack and
proposed a method to mitigate the identified issues. Our goal was to utilize the benefits of DLO confidence
boost but avoid its drawbacks - namely, causing IDSWs and introducing new IDs. To this end, we proposed
a novel soft BIoU similarity measure and three plug-and-play additions, each of which attempts to provide
better control and utilize richer tracklet and detection information to improve the selection of true positive
detected bounding boxes.

Using our methods with BoostTrack+ baseline, our BoostTrack++method ranks first in HOTA and IDF1
metrics on the MOT20 dataset and achieves comparable to the state of the art results on the MOT17 dataset.

However, the achieved MOTA score is still relatively low, indicating the need for even better algorithms
for selecting true positive detections in a one-stage TBD MOT paradigm.

Appendix A. List of abbreviations

In table A.6, we show the list of all abbreviations used in the paper.
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Table A.6: List of abbreviations

Abbreviation Definition

TBD MOT Tracking by detection multiple object tracking
IoU Intersection over union

BIoU Buffered IoU from [50]
SBIoU Soft BIoU introduced in subsection 4.1
DLO Detection of likely objects used to boost confidence scores in [43]
IDSW Identity switch

S (ablation study) Similarity measure from equation 10
SB (ablation study) Soft (detection confidence) boost from subsection 4.3
VT (ablation study) Varying similarity threshold from subsection 4.4

Appendix B. Influence of different similarity measures

In table B.7 we show the results of applying various similarity measures instead of IoU for the DLO
confidence boost. We used BoostTrack as the baseline method. As with SORT or BoostTrack+ baselines
(displayed in table 3), using the average of all three similarity measures provides the best trade-off between
introducing additional identities and overall tracking performance.

Table B.7: The effect of various similarity measures used for the DLO confidence boost on the MOT20 validation set (best in bold).

Setting BoostTrack baseline
DLO SBIoU SMhD Sshape HOTA MOTA IDF1 IDSW IDs

✗ ✗ ✗ ✗ 61.39 77.02 77.23 803 1867
✓ ✗ ✗ ✗ 61.74 77.46 77.45 898 2008
✓ ✗ ✗ ✓ 59.64 75.34 73.85 1252 2637
✓ ✗ ✓ ✗ 61.7 77.38 77.52 856 1911
✓ ✗ ✓ ✓ 61.69 77.52 77.57 862 1911
✓ ✓ ✗ ✗ 61.74 77.65 77.58 865 1949
✓ ✓ ✗ ✓ 61.17 77.5 76.63 915 2026
✓ ✓ ✓ ✗ 61.8 77.6 77.7 834 1917
✓ ✓ ✓ ✓ 61.88 77.57 77.89 825 1902

Appendix C. Ablation study on SORT and BoostTrack

To show the robustness of the proposed components, we performed additional ablation experiments
using SORT and BoostTrack as baseline methods. Table C.8 shows the results of various settings on MOT20
validation set. Note that, ideally, our method should not introduce new IDs and IDSWs, and it should at the
same time improve overall tracking performance. Using only VT with BoostTrack as the baseline provides
a good example of trade-offs required. Adding VT even reduced IDs and IDWSs by 2. However, the overall
tracking performance is only slightly improved by adding VT only, while S or S+SB+VT settings provide a
better trade-off between various metrics and the number of additional IDs and IDSWs.
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Table C.8: Ablation study on the MOT20 validation sets for different additional components (best in bold).

Setting SORT baseline BoostTrack baseline
DLO S SB VT HOTA MOTA IDF1 IDSW IDs HOTA MOTA IDF1 IDSW IDs

✗ ✗ ✗ ✗ 56.65 69.91 73.6 1127 1894 61.39 77.02 77.23 803 1867
✓ ✗ ✗ ✗ 58.58 73.28 75.09 1259 2045 61.74 77.46 77.45 898 2008
✓ ✗ ✗ ✓ 56.62 70.13 73.6 1130 1901 61.53 77.2 77.46 801 1865
✓ ✗ ✓ ✗ 58.07 73.06 74.55 1315 2059 61.29 77.61 76.88 902 2052
✓ ✗ ✓ ✓ 58.03 73.06 75.0 1325 2060 61.25 77.59 76.84 904 2048
✓ ✓ ✗ ✗ 57.95 71.38 75.2 1162 1929 61.88 77.57 77.89 825 1902
✓ ✓ ✗ ✓ 56.9 70.41 73.97 1148 1891 61.54 77.23 77.48 819 1862
✓ ✓ ✓ ✗ 57.61 71.65 74.53 1192 1933 61.57 77.67 77.43 866 1901
✓ ✓ ✓ ✓ 57.65 71.64 74.6 1200 1935 61.56 77.71 77.38 864 1895

References

[1] MOT Challenge, https://motchallenge.net/, Accessed: 2024-06-04.
[2] N. Aharon, R. Orfaig, B. Bobrovsky, BoT-SORT: Robust Associations Multi-Pedestrian Tracking, ArXiv preprint abs/2206.14651,

(2022).
[3] K. Bernardin, R. Stiefelhagen, Evaluating Multiple Object Tracking Performance: The CLEAR MOT Metrics J. Image. Video. Proc.

(2008), 1–10.
[4] A. Bewley, Z. Ge, et al. Simple online and realtime tracking, ICIP, (2016), 3464–3468.
[5] D.C. Bui, N.L. Hoang CAMTrack: a combined appearance-motion method for multiple-object tracking Mach. Vis. Appl. 35 (2024).
[6] J. Cao, J. Pang, et al, Observation-Centric SORT: Rethinking SORT for Robust Multi-Object Tracking, CVPR, (2023), 9686–9696.
[7] O. Cetintas, G. Braso, L. Leal-Taixe, Unifying Short and Long-Term Tracking with Graph Hierarchies, CVPR, (2023), 22877–22887.
[8] Y. Cui, C. Zeng, et al Sportsmot: A large multi-object tracking dataset in multiple sports scenes, CVPR, (2023), 9921–9931.
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