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Abstract— The data association problem of multi-object track-
ing (MOT) aims to assign IDentity (ID) labels to detections
and infer a complete trajectory for each target. Most existing
methods assume that each detection corresponds to a unique
target and thus cannot handle situations when multiple targets
occur in a single detection due to detection failure in crowded
scenes. To relax this strong assumption for practical applications,
we formulate the MOT as a Maximizing An Identity-Quantity
Posterior (MAIQP) problem on the basis of associating each
detection with an identity and a quantity characteristic and
then provide solutions to tackle two key problems arising.
Firstly, a local target quantification module is introduced to
count the number of targets within one detection. Secondly,
we propose an identity-quantity harmony mechanism to reconcile
the two characteristics. On this basis, we develop a novel
Identity-Quantity HArmonic Tracking (IQHAT) framework that
allows assigning multiple ID labels to detections containing
several targets. Through extensive experimental evaluations on
five benchmark datasets, we demonstrate the superiority of the
proposed method.

Index Terms— Multi-object tracking, maximizing an identity-
quantity posterior, identity-quantity reconciliation.

I. INTRODUCTION

MULTI-OBJECT Tracking (MOT) aims to locate the
positions of interested targets, maintain their identities

across frames and infer a complete trajectory for each target
over time. It has a wide range of applications in video sur-
veillance [1], [2], crowd behavior analysis [3], [4], pedestrian
monitoring [5]–[7], etc. MOT remains a very challenging task
due to severe background clutter, object occlusions, target
interactions, and so forth. This is especially true for tracking
targets in very crowded scenes as illustrated in Figure 1.

Recently, with the rapid progress in object detect-
ion [8]–[10], the tracking-by-detection paradigm [11]–[15] has
become the mainstream of MOT. Taking detected bounding
boxes as input, its core problem is to assign IDentity (ID)
labels to different detections and infer a complete trajectory
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Fig. 1. Multi-object tracking in crowded scenes. Each bounding box denote
a target trajectory and the number upon each bounding box denotes the
trajectory’s ID number. MOT remains an extremely challenging task for
frequent target interactions and occlusions. The images are from the MOT20
dataset.

for each target over time, i.e., the data association problem.
Depending on whether solving the data association problem
using a batch of images, the MOT methods can be further
divided into two subcategories: offline and online methods.
Offline MOT methods [16]–[22] solve the data association
problem using a batch of frames (or even the entire sequence)
and link detections into trajectories in a large temporal
window. Thus, they are inappropriate for real-time tracking.
To meet this challenge, online MOT methods [12], [15], [23],
[24] perform data association frame by frame. Given existing
trajectories and newly obtained detections at each time step,
they match the trajectories with detections and then extend the
trajectories accordingly [11], [15], [23]–[26].

These methods usually take the assumption that each detec-
tion corresponds to a unique target, and attempt to assign
an “optimal” ID label to each detection by Maximizing A
Posterior (MAP) [27]. However, in complex scenarios such as
crowded groups, this assumption does not hold when multiple
targets are covered by a single detection because of serious
occlusions or complex interactions among targets. Finding
the single most likely ID label in such cases leads to an
identity competition among multiple targets, and results in
tracking failures such as missed trajectories and ID switches.
Figure 2 (a) shows an example, where two persons are con-
tained in a single detection (i.e., the blue bounding box) due to
partial occlusion. Most existing MOT methods will compute
an identity posterior and assign the most likely ID label
(Person #2) to this detection. Thus, they will miss tracking the
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Fig. 2. Illustrations of (a) the MAP and (b) the MAIQP for multi-object tracking. The insert plate illustrates the ID assignment of the blue bounding box.
The solid bounding box denotes the input detections and the dashed one denotes the detection recovered by the MAIQP method. The number upon each
bounding box denotes the ID label and the yellow arrow points to missing tracking.

occluded one (Person #3) pointed by the yellow arrow. Even
worse, as Persons #2 and #3 have similar ID posterior proba-
bilities, they have to compete for the ID assignment intensely
in tracking. As a result, any slight probability perturbation may
lead to ID switches.

To address these problems, we associate each detection
response with an identity and a quantity characteristic and
formulate the MOT as a Maximizing An Identity-Quantity
Posterior (MAIQP) problem. Nonetheless, there are two key
problems arising with this MAIQP formulation. First, as the
quantity of targets is unknown and time-varying in practice,
it is critical to determine how many ID labels should be
assigned to each detection response. Second, such an MOT
system will be defective if the results of target identification
and quantification are contradictory. For the first problem,
we introduce a local target quantification module to count the
targets in each detection. For the second problem, we design an
identity-quantity harmony module to reconcile these two char-
acteristics. On this basis, we propose a novel Identity-Quantity
HArmonic Tracking framework (IQHAT) that allows to assign
multiple ID labels to detections containing several targets. The
proposed method first estimates the target identity and quantity
of each detection using a target identification and a local
target quantification module, respectively, and then reconciles
the target identity and quantity using an identity-quantity
harmony module. At the inference stage, we compute a target
occurrence index for each target, which is a non-negative
number that indicates the occurrence of a target in a detec-
tion. Then we collect the ID labels according to the target
occurrence indexes and infer a complete trajectory for each
target. As shown in Figure 2 (b), the MAIQP first optimizes an
identity-quantity posterior of the blue bounding box, and then
calculates the target occurrence indexes of different targets.

Both ID labels #2 and #3 (whose occurrence indexes are larger
than a threshold) are attached to the detection and the missed
trajectory of Person #3 is repaired by estimating a bounding
box (denoted by the dashed bounding box).

We provide comprehensive evaluations and ablation studies
on five benchmark datasets, i.e., 2D MOT15, MOT16, MOT17,
MOT20 and HiEve. The IQHAT achieves state-of-the-art per-
formance on these datasets and ablation studies demonstrate
the superiority and efficiency of the proposed method.

In summary, the main contributions of this paper include:
• We formulate MOT as a Maximizing An Identity-

Quantity Posterior (MAIQP) problem on the basis of
associating each detection with a quantity and an identity
characteristic.

• We propose a novel Identity-Quantity Harmonic Track-
ing (IQHAT) framework that allows multiple ID assign-
ment for detections containing several targets.

• We design an identity-quantity harmony module to rec-
oncile the target identity and quantity.

II. RELATED WORK

The tracking-by-detection paradigm has become the main-
stream of multi-object tracking, which first detects interested
objects using modern object detectors [8]–[10], [28]–[30] and
then associates obtained detections into trajectories by data
association. Depending on whether solving the data association
problem using a batch of frames or frame-by-frame, the
MOT methods can be further divided into two sub-categories:
offline and online methods.

A. Offline Multi-Object Tracking

Offline MOT methods solve the data association prob-
lem using a batch of frames or even the entire sequence.
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A few works [14], [17]–[20], [31] are based on graph models,
where each node can be either a detection or a tracklet (a short
trajectory), and MOT is accomplished by linking these nodes
into trajectories. The methods in [17], [18], [20], [31] build
graphs based on detections, where each node denotes a detec-
tion response and edges represent affinities between detec-
tions. Detections in these graphs are linked into trajectories
using hierarchical clustering [20], hybrid data association [31],
or heterogeneous association fusion [18]. Tang et al. [17]
introduce lifted edges into a multicut problem, i.e., cutting the
graph into several sub-graphs and each sub-graph corresponds
to a trajectory, and formulate the MOT as a minimum cost
Lifted Multicut Problem (LMP). Wang et al. [14] propose a
method named TrackletNet Tracker (TNT), where each node
in the graph model is a tracklet. They collect these tracklets
into trajectories by minimizing a clustering cost. The method
in [32] develops a Tracklet-Plane Matching (TPM) algorithm
to improve the tracking performance with noise detection
results, where a detection reliability evaluation scheme is intro-
duced to identify reliable ones during association. Similarly,
LinkBox [33] proposes a box-plane matching method to track
targets in dense scenarios.

There are also methods [22], [34] track multiple objects by
finding the most likely tracking proposals. The method in [35],
namely Multiple Hypothesis Tracking (MHT), enumerates
multiple tracking hypothesis and selects the most likely ones
by minimizing an assignment cost. Kim et al. [35] propose
a bilinear LSTM (bLSTM) to learn a long-term appearance
model, and solve the MOT problem using the MHT algorithm.
Sheng et al. formulate the multiple hypothesis tracking as
a Maximum Weighted Independent Set (MWIS) problem,
and develop an iterative hypothesis updating mechanism to
generate trajectories.

Besides, Keuper et al. propose a Correlation Co-Clustering
(CCC) [36] algorithm for tracking, which combines bottom-up
motion segmentation by with multi-object tracking by
clustering bounding boxes in a unified framework. The
method [37] formulates MOT as a Lifted disjoint paths
Tracking (LifT) problem, where lifted edges are designed
to provide path connective information. Wang et al. [38]
design a Spatial-Temporal Point Process (STPP) to mask-out
noisy detections. Zhang et al. [39] propose a Deep Tracklet
Association (DTA) method to improve long-term tracking
performance, where a motion evaluation and an appearance
evaluation network are designed to learn robust representation
of tracklets. The method [40] solve the data association by
finding a network flow by minimizing certain association costs
and Braso et al. [41] proposes a differentiable framework
based on Message Passing Network (MPN) to solve the
network-flow problem. The method [42] proposes a Multiplex
Labeling Graph (MLG) for tracking and constructs a long
short-term memory network for MLG optimization.

B. Online Multi-Object Tracking

In online multi-object tracking [23], [24], [43]–[46], the data
association problem is solved in a frame-by-frame manner.
There is abundant literature on the use of bipartite matching

for online MOT [15], [23], [24], [43], [47]–[49]. The method
Simple Online Real-time Tracking (SORT) [47] divides exist-
ing trajectories and newly obtained detections into two disjoint
sets, and then match the trajectories with the detections
using the Hungarian algorithm [26]. On this foundation,
Wojke et al. [24] further introduce deep CNN model into the
tracking paradigm to extract robust appearance representation
of targets. Furthermore, the method [23] integrates Appear-
ance, Motion and Interaction information (AMIR) using a
recurrent neural network, where multiple cues of targets are
integrated into a unified representation across long-term tem-
poral dependencies. To handle target interactions, they design
a target-centered occupancy grid, in which the target and its
neighbor targets relative locations are modeled. Feeding the
occupancy grid into an LSTM network, the target relative
locations are regarded as an affinity measurement for data
association. The method [50] proposes a Spatial-Temporal
Attention Mechanism (STAM) to handle the interactions and
occlusions between targets. It learns a visibility map of the
target and infer a spatial attention map. Once the target
is occluded, they estimate the occlusion status using the
visibility map and control the appearance feature extraction
based on the spatial attention map. The Tracklet Associa-
tion Tracker (TAT) [51] jointly learns feature representation
and data association in a unified framework, and directly
outputs data association results using target representations.
Xu et al. [48] propose a Spatial-Temporal Relation Network
(STRN) for target similarity measurement, which combines
temporal and spatial information and outputs a unified fea-
ture for each target. Baisa [52] design an MOT tracker
based on Gaussian Mixture Probability Hypothesis Den-
sity (GM-PHD) filter, where the filter estimates the state
and cardinality of targets. Besides, Fang et al. [53] pro-
pose a Recurrent Auto-regressive Network (RAN) to char-
acterize target appearance and motion dynamics over time.
Yuan et al. [54] propose an effective self-supervised learning-
based tracker for visual tracking, where a multi-cycle consis-
tency loss is proposed for feature learning and a similarity
dropout strategy is developed to suppress the low-quality
training samples. Ren et al. [55] provide a comprehensive
overview of the Neural Architecture Search (NAS) researches,
where detailed and comprehensive comparisons of represen-
tative NAS methods are provided. These self-supervised and
NAS-based feature learning methods can be beneficial for the
target representation for multi-object tracking.

The methods [15], [56]–[58] integrates single object track-
ers in MOT. Chu et al. [15] propose an Instance Aware
Tracker (IAT) to integrates single-object tracker into MOT,
where each tracker corresponds to one target and the single
object trackers are iteratively updates during the tracking
process. Zhu et al. [57] integrate single object tracking
with data association in a unified framework, and propose
a Dual Matching Attention Networks (DMAN) to suppress
noisy detections during tracking. The method [58] combines
Data Association with Single Object Tracking (DASOT) with
a unified convolution network, which computes correlation
features for all positions and simultaneously obtain correla-
tion heatmaps for all the targets. SiamMOT [59] proposes
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a region-based MOT method, where detections are linked into
trajectories using Siamese tracker.

There are MOT methods [12], [44], [45] integrate object
detectors with feature extractor in a unified network.
Bergmann et al. [12] convert a detector into a Tracktor++,
which exploits the bounding box regression head of the
detector to predict the position target in the next frame.
The CenterTrack [45] integrates a detector into the tracking
framework and locates objects as points. It associates detec-
tions between adjacent frames by predicting target position
offsets. FCS-Track [60] designs a Siamese-based network to
predict target motion. The FAMNet method [11] integrates
feature extraction, affinity estimation and multi-dimensional
assignment into a single network. Selective JDE [61] fol-
lows a teacher-student paradigm to adapt the tracking model
to unseen scenes by transductive interactive self-training.
Liu et al. design a Graph Similarity Model (GSM) [62] that
integrates target features and relations for similarity measure-
ment in a unified model. Moreover, the method [63] uses
a differentiable Deep Hungarian Net (DHN) for end-to-end
MOT tracking.

All these methods, however, implicitly assume that each
detection corresponds to a unique target and attempt to find
a single ID label for each detection. This assumption brings
difficulties in tracking targets in crowd scenarios and may eas-
ily results in missed trajectories and ID switches. In contrast,
the proposed method jointly optimizes the target identity and
quantity of each detection and allows to assign multiple ID
labels to a single detection. This novel formulation not only
decreases missed trajectories especially in crowded scenes but
also alleviates ID switches.

It is worth mentioning that there are a couple of research
studies such as Tracking-By-Counting (TBC) [46] to incorpo-
rate the density map into the tracking process. Nonetheless, the
differences between these methods and the IQHAT are distinct.
First, these methods are offline methods and they solve the
data association problem by following a classical network flow
formulation [16]. The IQHAT, on the contrary, is an online
method and solves the data association problem following the
novel MAIQP formulation. Second, these assume that each
detection corresponds to one target and density maps are
used as a count constrain to improve detection performance.
While in IQHAT, density maps are used to quantify the
target number in each detection and serve for solving
the data association problem. To the best of our knowledge, the
IQHAT is the first work that formulates MOT as a maximizing
an identity-quantity posterior problem and allows to assign
multiple ID labels to detections containing several targets.

III. OVERVIEW OF THE PROPOSED METHOD

In this section, we first briefly introduce the background and
then formulate the proposed method.

A. Background and Motivation

Given an image sequence I = {Ii }T
i=1 of length T , we use

X = {X1,X2, . . . ,XT } to denote the detection collection of
the image sequence, where Xt is the detection set of the

t-th frame, and X i
t denote the i -th detection of Xt .

Each detection is represented by a 2D bounding box
(x, y, w, h), where (x, y) is the coordinate of the bounding
box center, and w and h are the width and height, respectively.
Let yi

t ∈ {1, . . . ., M} be the ID label of a detection X i
t , where

M is the number of targets, Yt and Y = {Y1,Y2, . . . ,YT }
be the ID label collection of Xt and X , respectively. Most
existing MOT methods formulate multi-object tracking as a
Maximizing A Posterior (MAP) problem [27], which can be
written as:

Y∗ = argmax
Y

P(Y|X ), (1)

where P(Y|X ) is an identity posterior given detections X .
At the inference stage, each detection is assigned with the
single most likely ID label according to the identity posterior.
Detections attached with the same ID label are associated into
a trajectory.

As we discussed in Section I, this formulation has the dif-
ficulties to track targets in crowded scenarios. When there are
interactions or occlusions between targets, a single detection
may contains multiple targets. Assigning the single most likely
ID label to such detections will result in missed trajectories
of occluded targets and/or frequent ID switches.

B. Identity-Quantity Posterior

To tackle this problem, we associate each detection with
a quantity and an identity characteristics and formulate the
multi-object tracking as a Maximizing An Identity-Quantity
Posterior (MAIQP) problem. Specifically, let ci

t ∈ R≥0 be
the local quantity number of a detection X i

t , which is a
non-negative variable that counts the number of targets occurs
in X i

t . We denote by Ct and C = {C1, C2, . . . , CT } the local
quantity number set of Xt and X , respectively. Given the
detection set X , the MAIQP problem can be written as:

max
Y,C

P(Y, C|X ), (2)

where P(Y, C|X ) is an identity-quantity posterior given X .
The MAIQP aims to jointly optimize the target identity and
quantity of each detection, which requires the prediction
of identity and quantity of each detection as well as the
reconciliation of these two characteristics. Pursuant to this
formulation, we propose a novel Identity-Quantity HArmonic
Tracking (IQHAT) framework that allows to assign multiple
ID labels to a single detection.

Compared with state-of-the-art methods that optimize an
identity posterior and attach the most likely ID label to
each detection, the IQHAT takes both target identities and
quantities into account and allows to assign multiple ID labels
to detections containing several targets. This solution not
only decreases missed trajectories of occluded targets but also
alleviates the ID competition in crowded scenarios.

IV. IDENTITY-QUANTITY HARMONIC

MULTI-OBJECT TRACKING

Figure 3 depicts the proposed IQHAT framework, an online
MOT method containing four major modules: 1) the target

Authorized licensed use limited to: Anhui Normal University. Downloaded on May 13,2022 at 15:32:47 UTC from IEEE Xplore.  Restrictions apply. 



HE et al.: IDENTITY-QUANTITY HARMONIC MULTI-OBJECT TRACKING 2205

Fig. 3. Overview of the IQHAT framework. (1) Target identification module. (2) Local target quantification module. (3) Identity-quantity harmony module.
(4) Trajectory inference module. The yellow and blue arrows indicate the training and inference flows, respectively.

identification module, 2) the local target quantification module,
3) the identity-quantity harmony module and 4) the trajectory
inference module. At each time step t , the input to the
framework is a detection set Xt and a collection of target
trajectories Tt−1 = {T 1

t−1,T 2
t−1, . . . ,T

Kt−1
t−1 } of Kt−1 targets

at time t − 1, where T n
t−1 is the trajectory of target n.

Module 1 takes Tt−1 and Xt as input, and computes a set of ID
assignment probabilities P(yi

t = n|Xt ,Tt−1), n = 1, . . . , M ,
for each detection X i

t , where P(yi
t = n|Xt ,Tt−1) is the

probability of assigning ID label n to X i
t . The output Pt is

the collection of ID assignment probabilities of all the |Xt |
detections. Module 2 estimates the number of targets in each
detection X i

t , i.e., the local quantity number ci
t , using a local

quantification algorithm, and outputs the local quantity number
set Ct of Xt . Taking the outputs from Modules 1 and 2, the
third module computes target occurrence indexes ci,n

t , n =
1, . . . , M, for each detection X i

t and collects an ID label set
Z i

t ⊂ {1, . . . , M} for the detection according to the occurrence
indexes. The output Zt = {Z i

t }|Xt |
i=1 collects the ID labels of

the |Xt | detections. In the end, in accordance with the ID
labels Zt , Module 4 infers an accurate and complete trajectory
for each target and outputs updated trajectory set Tt . It is worth
noting that, in Module 3, if the ID assignment probability
and the local target number of a detection are inconsistent,
e.g. , it is estimated that there are two targets in a detection
while only one ID is likely to be assigned according to the
ID assignment probabilities, it is difficult to decide how many
and which IDs should be assigned to the detection. To mitigate
this discrepancy, we develop an identity-quantity reconciliation
objective to jointly optimize the target identification and quan-
tification modules. In the following, we will provide detailed
descriptions of each module.

A. Target Identification

Given the existing trajectories Tt−1 and newly obtained
detections Xt , this module aims to identify the targets

contained in each detection and compute a probability
of assigning the ID label n to a detection X i

t , i.e.,
P(yi

t = n|Xt ,Tt−1).
The trajectory T n

t−1 of each target n is composed of a serious
of tuples over a period of time:

T n
t−1 = {(k, an

k , bn
k ), k ∈ τ n

t−1}, (3)

where τ n
t−1 is the time index set of Tt−1, an

k and bn
k are the

appearance feature and bounding box of the target n at time k,
respectively. Taking the trajectory set Tt−1 and detection set
Xt as input, we first compute a pairwise similarity matrix S ∈
[0, 1]|Tt−1|×|Xt | between Tt−1 and Xt . Each element S(u, v)
represents the similarity between the trajectory T u

t−1 and the
detection X v

t :

S(u, v) = ϕapp(T u
t−1,X v

t ) · ϕmot(T u
t−1,X v

t ), (4)

where ϕapp(·, ·) outputs a normalized cross-correlation of the
trajectory-detection appearance features and ϕmot (·, ·) outputs
an Intersection-over-Union (IoU) score based on target motion
patterns. More specifically, the appearance similarity is calcu-
lated by a temporal weighted average of appearance feature
correlations of T u

t−1 and X v
t :

ϕapp(T u
t−1,X v

t ) =
�

∀k∈τ u
t−1

�
ek−t · Corr(au

k , φ(X v
t ))

�

�
∀k∈τ u

t−1
ek−t

, (5)

where τ u
t−1 is the time index set of trajectory T u

t−1 and au
k is

the appearance feature of the trajectory at time k. Note that
as k ≤ t , ek−t is a real number in range (0, 1]. The motion
similarity of trajectory T u

t−1 and detection X v
t is computed

based on IoU of bounding boxes:
ϕmot(T u

t−1,X v
t ) = IoU(Pred(T u

t−1),X v
t ), (6)

where Pred(·) predicts a bounding box according to the input
trajectory using target motion models, and IoU(·, ·) outputs
the IoU score of the input detections.
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Fig. 4. Illustration of the local target quantification, where (a) a density map for the input image is estimated and (b) the local quantity number of each
detection based on the density map is computed.

We then compute the ID assignment probability P(yi
t =

n|Xt ,Tt−1) according to the similarity matrix S:

P(yi
t = n|Xt ,Tt−1) = S(n, i)

||S(:, i)||1 + ε
, (7)

where || · ||1 outputs the L1-norm of the input vector and
ε = 10−4 to avoid division by zero. We use Pt = {P(yi

t =
n|Xt ,Tt−1),∀i, n} to denote the ID assignment probabilities
of Xt . For computation efficiency, similar to [24], we filter
out infeasible matching candidates, i.e., setting S(u, v) = 0,
based on target movement consistency. In Section V-F,
we conduct ablation studies to analyze the influence of
using different appearance features and motion models in the
trajectory-detection similarity calculation.

B. Local Target Quantification

As illustrated in Figure 4, the local target quantification
module first computes a density map Dt for the input image
frame It and then calculates the local quantity number ci

t of
each detection X i

t by summing over sliced densities in the
detection.

1) Density Map Estimation: Taking the t-th image frame It

as input, the density map estimator produces a density map
Dt ∈ R

WD×HD≥0 for the image, where WD and HD denote
the width and height of the density map, respectively. Each
element Dt (u, v) in Dt represents the number of targets at
position (u, v). The total number of targets in the frame
can be obtained by

�WD
u=1

�HD
v=1 Dt (u, v). The density map

estimator mainly contains a fully convolution network for
backbone feature extraction and a regression header to produce
density map. We take the VGG-19 [64] as the backbone of our
density map estimator, where the fully-connected layers are
removed. We upsample backbone features to 1/8 of the input
image size by bilinear interpolation and then feed the features
to a regression header, which consists of two 3 × 3 and a
1 × 1 convolutional layers, to generate density maps.

2) Local Quantity Number Calculation: To calculate the
local quantity number ci

t of each detection X i
t , a straightfor-

ward solution is to sum over the densities in the detection.
However, as there is overlapping between different detections
and a density value Dt (u, v) may be summed several times,

the local quantity numbers of all the detections could be
overestimated, i.e.,

�|Xt |
i=1 ci

t >
�

∀u,v Dt (u, v).
To settle this problem, we first slice each density value

Dt (u, v) to different detections and then sum over the sliced
densities to calculate the local quantity number ci

t . For a
density value Dt (u, v), its sliced one Di

t (u, v) of detection
X i

t is computed by:
Di

t (u, v)

=

⎧
⎪⎪⎪⎨

⎪⎪⎪⎩

Dt (u, v)
�|Xt |

j=1 δ
	
(u, v) ∈ ζ(X j

t )

 , if (u, v) ∈ ζ(X i

t ),

0, else,

(8)

where ζ(·) outputs the point coordinate collection contained
in the input detection, and δ(cond) = 1 if cond is true and
equals zero otherwise. Then, the local quantity number ci

t of
detection X i

t is obtained by summing over the sliced densities
contained in detection X i

t :

ci
t =

�

∀(u,v)∈ζ(X i
t )

Di
t (u, v). (9)

We use Ct = {ci
t }|Xt |

i=1 to denote the local quantity number
collection of the |Xt | detections.

C. Identity-Quantity Harmony

Taking the ID assignment probabilities Pt and the local
quantity number set Ct as input, this module aims to collects an
ID label set Z i

t ⊂ {1, . . . , M} for each detection X i
t . To mit-

igate the discrepancy between ID assignment probabilities
and local quantity numbers, we proposes an identity-quantity
reconciliation objective to jointly optimize and refine the target
identification and quantification modules.

1) Identity-Quantity Reconciliation: Considering a detec-
tion containing L targets, we use Il (l = 1, . . . , L) to denote
the ID labels of these targets. The probability of assigning
an ID label Il to the detection is P(Il ) = 1/L. On the
other hand, the probability of assigning the ID label of a
non-occurred target q (q �= Il ) is P(q) = 0. By multiplying
the ID assignment probability P(n) with the target number L,
we obtain a binary number on ∈ {0, 1} of each target n:

on = P(n) · L, (10)
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where if the target n appears in the detection, we have on = 1.
On the contrary, we have on = 0.

The above observation suggests that the number on indicates
the occurrence of a target n in the detection. Generalizing the
ideal P(n) and L to float values for practice, we calculate
a target occurrence index ci,n

t ∈ R≥0 by multiplying the ID
assignment probability P(yi

t = n|Xt ,Tt−1) with the local
quantity number ci

t :

ci,n
t = P(yi

t = n|Xt ,Tt−1) · ci
t , (11)

where ci,n
t indicates the occurrence of a target n in the

detection X i
t , i.e., ci,n

t → 1 represents the target n is very
likely to appear in X i

t and ci,n
t → 0 for the opposite.

The target occurrence index ci,n
t blends the target identity

and quantity characteristics into a unified one, which enables
us to jointly optimize the ID assignment probabilities and the
local quantity number by modifying ci,n

t . Specifically, at the
training stage, given the annotation set G = {G1, . . . ,GT } of
the image sequence I, where Gt = {Gn

t }Nt
n=1 is the annotation

collection of Nt targets at time t and Gn
t is the ground-truth

bounding box of target n. For a detection X i
t , if a target n

occurs in the detection, we should have ci,n
t = 1. On the

contrary, if the target does not appear, we expect ci,n
t = 0.

Transforming this objective into equations, we have an
identity-quantity reconciliation objective:

Lrec(Xt ) =
|Xt |�

i=1

Nt�

n=1

||ci,n
t − ρ(Gn

t ,X i
t )||,

ρ(Gn
t ,X i

t ) =

⎧
⎪⎪⎨

⎪⎪⎩

1, if IoU(Gn
t ,X i

t ) ≥ θ and

argmax
m

(IoU(Gm
t ,X i

t )) = n,

0, else.

(12)

where ρ(Gn
t ,X i

t ) takes binary values of 1 or 0, which corre-
sponds to the occurrence and non-occurrence of a target n
in the detection X i

t , respectively, and IoU(·, ·) outputs the
IoU score of input detections. θ is a IoU threshold and we
empirically set θ = 0.5 in line with [8]. On this basis, we can
jointly reconcile the identification and quantification modules
using Eq. (12). In Section V-G, we conduct ablation studies to
study the effectiveness of the identity-quantity reconciliation,
where the identification and quantification modules of our
counterpart are trained separately. Experimental results show
that the joint training of the identification and quantification
modules using the proposed objective function can steadily
improve the tracking performance.

2) ID Label Collection: At the inference stage, we collect
an ID label set Z i

t ⊂ {1, . . . , M} for each detection X i
t

according to the target occurrence index ci,n
t :

Z i
t = {n | ∀n = 1, . . . , M, if ci,n

t ≥ α}, (13)

where α is a threshold. The influence of α is studied in
Section V-E and we set α = 0.8 according to the experiment
results. By introducing the target identity and quantity to
multi-object tracking and allowing multiple ID labels to a
single detection, the proposed method is capable of different
detection conditions: 1) when the detection X i

t contains no

targets (i.e., a false positive detection), the ID label set Z i
t is

an empty one; 2) when X i
t contains one target, Z i

t consists
a single ID label; 3) when X i

t contains several targets, Z i
t is

composed of multiple ID labels of these targets.

D. Trajectory Inference

This module aims to infer an accurate and complete tra-
jectory for each target. We infer target trajectories according
to the status of ID label set Z i

t . First, if |Z i
t | = 0, the

detection X i
t corresponds to a new occurred target n or a false

positive detection. According to the local quantity number ci
t ,

we initialize a trajectory T n
t for the new target n or neglect

the detection X i
t as a false positive detection:

⎧
⎪⎨

⎪⎩

T n
t = {(t, φapp(X i

t ), φbbox(X i
t ))}, if ci

t ≥ β,

neglect X i
t , else,

(14)

where β is a threshold, φapp(·) extracts appearance feature
using a feature extractor and φbbox(·) outputs the bounding
box of the input detection. The influence of β is studied in
Section V-E and we set β = 1.1 according to experiment
results.

Second, if Z i
t contains a single ID label n, we update the

trajectory T n
t−1 of the target n with the detection:

T n
t = T n

t−1 ∪ {(t, φapp(X i
t ), φbbox(X i

t ))}. (15)

Thirdly, Z i
t contains multiple ID labels of the targets. For

each target n contained in Z i
t , we first estimate a bounding

box bn
t for the target and then update the target trajectory

using bn
t :

bn
t = η(T n

t−1,X i
t ), (16)

T n
t = T n

t−1 ∪ {(t, φapp(b
n
t ), φbbox(b

n
t ))}, (17)

where η(·, ·) estimates a bounding box based on the input
trajectory and detection by motion prediction. The influence
of using different motion models is studied in Section V-F,
based on which we adopt the Kalman filter [65] for a good
trade-off between the accuracy and speed.

The entire algorithm of IQHAT is summarized in
Algorithm 1. Taking detection collection X and image
sequence I as input. At steps 4-8, according to ID assign-
ment probabilities P(yi

t = n|Xt ,Tt−1) and local quantity
numbers ci

t , we compute a target occurrence index ci,n
t for

each target n. During training (i.e., steps 9-10), we jointly
optimize the target identification module and the local target
quantification module using the identity-quantity reconcilia-
tion objective. At inference stage (i.e., steps 12-17), we first
collect an ID label set Z i

t for each detection and then infer
target trajectories according to the assigned ID labels.

V. EXPERIMENT

In this section, we compare the proposed IQHAT with
state-of-the-art methods on five benchmark datasets and then
provide complementary experiments to analyze the efficiency
and robustness of different components.
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Algorithm 1 Identity-Quantity Harmonic Multi-Object
Tracking

A. Dataset

We use five public benchmark datasets, i.e. , 2D MOT15,
MOT16, MOT17, MOT20 and HiEve, for performance
evaluation.

1) 2D MOT15 [67]: The 2D MOT15 dataset contains
11 sequences in the training set and 11 sequences in the
test set, including a total number of 11,283 frames of
1,221 targets. The frame rates vary from 7 to 30 frames per
second (FPS), and image resolutions range from 640 × 480 to
1920 × 1080. The dataset provides public available detection
results generated by the ACF [68] detector.

2) MOT16 and MOT17 [69]: The MOT17 dataset con-
tains 14 sequences, where 7 are used for training and
the others for testing. It captures 33,741 image frames for
3,828 targets, and provides detection results from three
detectors, i.e. , DPM [70], Faster-RCNN [8], and SDP [71].
The frame rates are in range from 14 to 30 FPS and the
resolutions of most sequences are 1920 × 1080. The MOT16
contains the same sequences as MOT17 and provides detection
results from DPM [70].

3) MOT20 [72]: The MOT20 captures 8 sequences from
3 very crowded scenarios, where 4 sequences are used for
training and the others are used for testing. It contains a
total number of 13,410 frames of 3,833 targets and captures

more than 200 targets in each frame to evaluate tracking
performance in extremely crowded scenarios. The resolution
ranges from 1173 × 800 to 1920 × 1080 and the frame
rates are 25 FPS. It provides public detection results using
Faster-RCNN [8].

4) HiEve [73]: This dataset contains 32 video sequences
collected from 9 challenging scenarios, including airport, din-
ing hall, indoor, jail, mall, square, school, station, and street.
19 video sequences are used for training and the rest 13 are
used for testing. The dataset provides public detection results
using the Faster R-CNN [8] detector.

For fair comparisons, we take the public detection results
as the input of our tracking framework.

B. Evaluation Metrics

We adopt two widely used metrics, i.e., the MOTA↑ [74]
and the IDF1↑ [75], for evaluation. Besides, we additionally
report the mostly tracked (MT↑) and mostly lost (ML↓) and
the number of ID switches (IDS↓) [76]. Finally, we provide
the processing speed (FPS↑) to analyze the computation
efficiency. Here, “↑” indicates the higher score is better and
“↓” is the opposite.

• MOTA↑: Multi-Object Tracking Accuracy. This metric
combines the number of false positives, missed targets
and identity switches and measures the trajectory cover-
age of each target.

• IDF1↑: ID F1 score. This metric evaluates the ratio
of correctly identified detections w.r.t. the ground-truth
and measures the trajectory consistency of each target.
Normalized in range [0,100%].

• MT↑: The ratio of mostly tracked targets (covered by
trajectories by more than 80%). Ranged in [0,100%].

• ML↓: The ratio of mostly lost targets (covered by trajec-
tories by less than 20%). Ranged in [0,100%].

• IDS↓: The total number of ID switches.
• FPS↑: Frame per second. Evaluate the processing speed

of trackers.

C. Implementation Details

Network Architecture: The backbone of our appearance fea-
ture extractor is a ResNet50 [77] network, which is pre-trained
on the CUHK03 [78] using a triplet loss [79]. We resize
input images to 256 × 128 and take the output of the sec-
ond fully-connected layer as the target appearance feature.
We employ the Kalman filter [65] to model the target motions
for a good trade-off between speed and accuracy. As described
in Section IV-B, the density map estimator takes VGG-19 [64]
as backbone and is pre-trained on the QNRF dataset [80]
using a Bayesian loss [81]. Training details. The IQHAT
tracker is trained on the training set of MOT datasets. The
components of IQHAT (appearance feature extractor, motion
models and density map estimator) are jointly optimized and
refined using the identity-quantity reconciliation objective,
where the networks are optimized using Adam optimizer [82]
with an initial learning rate of 10−5. The meta-parameter θ
in Eq. (12) is set to θ = 0.5 in accordance with [12].
Inference details. We set α = 0.8 and β = 1.1 according to
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TABLE I

EVALUATION RESULTS ON THE BENCHMARK DATASETS

the experiment results in Section V-E. Based on the ablation
study in Section V-F, the Kalman filter [65] is used to model
target motions and recover the missed trajectories of occluded
targets.

D. Quantitative Comparisons With State-of-the-Art Methods

In Table I, we compare the IQHAT method with base-
line and state-of-the-art methods on the benchmark datasets
mentioned in Section V-A. To investigate the efficiency of
the MAIQP, we employ a typical MOT method, i.e., Deep-
Sort [24], as the Baseline, which tracks targets using both
appearance and motion cues and assigns a unique ID label
to each detection using the Hungarian algorithm [26]. For
fair comparison, the Ours uses the same appearance and

motion models as the ones of Baseline, while solves the data
association problem following the MAIQP formulation and
allows to assign multiple ID labels to detections containing
plural targets. From Table I, we make the following important
observations.

1) Comparisons With Online Methods: The proposed
method achieves state-of-the-art performance on the five
benchmark datasets and significantly outperforms the other
online MOT trackers by a large margin (at least 1.6 and
3.2 advances on MOTA and IDF1, respectively). Particularly,
compared to the representative Tracktor++ method [12] that
assigns a single ID label to each detection, the proposed
method dramatically decreases the IDS number (567 vs. 1290,
370 vs. 1068, 1262 vs. 1987, 1875 vs. 4374 on 2D MOT15,
MOT16, MOT17 and MOT20, respectively) by allowing to
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Fig. 5. Qualitative tracking examples of our proposed method in crowded scenarios. From top to bottom: PETS09-S2L2, MOT17-03, MOT20-04 and
MOT20-06. The MOT20-04 and MOT20-06 are very crowded scenarios with about 200 targets per image.

assign plural ID labels to each detection and achieves more
than 5.0 improvement on the IDF1 score. Especially, on the
crowded MOT20 dataset, the performance of Tracktor++
dramatically decrease due to the frequent occlusions and
interactions between targets. By allowing to assign multiple
ID labels to detections and infer an accurate a complete
trajectory for each target, the proposed method achieves the
best performance in all metrics. This is a strong evidence
that the IQHAT is very effective for handling target occlusion
and interaction in crowded scenarios. We provide qualitative
tracking results in very crowded scenes in Figure 5.

2) Comparisons With Offline Methods: Though the pro-
posed method is an online method and solve the data associ-
ation problem between consecutive frames, it achieves highly
competitive results with the offline ones. The main reason
is that, the IQHAT takes both the identity and quantity into
account during tracking and allows to assign multiple IDs
to detections. As we discussed in Section I, this not only
decreases missed trajectories of targets but also alleviates
ID competition in tracking. For example, the state-of-the-art
offline MPN [41] method formulates MOT as a network flow
problem, which aims to find a global optimal linkage for

each target. However, when multiple targets occurred in a
single detection, only one linkage between the detection and
other detections can be established, this will lead to missed
trajectories of the occluded targets and ID switches during
tracking. Consequently, we can see the proposed method
achieves highly competitive results with MPN and even out-
performs the MPN tracker on the crowded MOT20 dataset in
terms of MT and ML.

3) Comparisons With Baseline: Compared to the Baseline
method that assigns a single ID label to each detection, the
proposed method dramatically decreases the IDS number by
allowing multiple ID labels assigning to a single detection,
and significantly improves the tracking performance by a large
margin (at least 5.9, 8.7, 4.9 and 2.3 improvements on MOTA,
IDF1, MT and ML, respectively). In the crowded MOT20
dataset, we can see that the proposed method improves the
tracking performance by a large margin, where the MOTA
and IDF1 achieve about 13 points improvement and the IDS
number is reduced by three quarters. To get more insight of
the differences between Baseline and Ours, we show tracking
examples of them in Figure 6. We can see that 1) there
are missed trajectories and frequent ID switches in Baseline
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Fig. 6. Tracking examples of the Baseline and Ours. The number upon each bounding box denotes ID label. The yellow and red arrows point to missed
trajectories and ID switches, respectively.

TABLE II

EVALUATION RESULTS ON THE HIEVE DATASET

(pointed by the yellow and red arrows, respectively) due to
the singular ID assignment. 2) By allowing multiple ID labels
assigning to a single detection and repairing missed trajectories
of occluded targets, the tracking failures in Baseline are
corrected by the Ours. In scene 1, the Ours assigns ID labels
#3 and #4 to the red detection in frame 55. In scene 2,
it assigns ID labels #2 and #3 to the deep green detection
in frame 175, and ID labels #1 and #2 to the pink detection in
frame 193. Missed trajectories of occluded targets are repaired
by bounding box repairing (the dashed ones).

4) Runtime Performance: We provide the processing speed
of our tracker in Table I, where the speed is tested on a desktop
with an Intel I7 CPU and an NVIDIA 2080 Ti GPU. For
fair comparisons, we follow the comparison settings in other
methods such as [12], [41], [48], [62] and take the whole sys-
tem (all the four modules) into account for speed evaluation.
We can see that, 1) as our proposed method requires neither

complicated occlusion reasoning nor very deep target features,
it achieves a competitive running speed of about 8 FPS
and ranked #3 against the other representative trackers.
2) Compared with the Baseline method, the proposed method
is slightly slower than Baseline (taking about 0.05s additional
per image) while significantly improves the tracking accuracy
by a large margin (at most 13.5 and 12.8 improvements on
MOTA and IDF1, respectively).

We provide experimental results on the HiEve dataset in
Table II. The evaluation results are provided by the online
evaluation system.1 We can see that the proposed method
achieves the top performance on the challenging HiEve
dataset in terms of the MOTA and IDF1 metrics. Specifically,
compared with the competitive SiamMOT method, the pro-
posed method outperforms SiamMOT on MOTA (0.2%) and

1http://humaninevents.org/
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TABLE III

INFLUENCE OF α AND β

MT (2.0%), and significantly improves the IDF1 score (5.7%)
and decreases the ID switch number (1308 vs. 1011), while
achieving competitive results on the other metrics. This exper-
imental result further demonstrates the efficiency and superi-
ority of the proposed method..

Finally, we discuss two remained challenges of the proposed
method: long-time detection missing and attribute confusion.
First, as our tracker follows a tracking-by-detection paradigm,
when the detector fails to detect a target in a long time or
even all the time, the tracker may fail to generate an accurate
trajectory for the target as the connection between frames
are broken. Second, when some targets interact with each
other and have very similar attributes, such as appearance
and motion patterns, the IQHAT may fail to identify these
two targets correctly after the interaction. To further improve
the tracking performance, more advanced object detectors and
discriminative features are desired to be involved.

E. Influence of α and β

In Table III, we conduct experiments using the validation
data of the 2D MOT15 to study the influence of α and β.

1) Effect of α: We fix β = 1.0 to study the influence of α.
The α in Eq. (13) affects the ID collection of each detection.
The larger the α is, the fewer ID labels will be assigned.
By contrary, a smaller α will lead to assigning more ID labels.
According to the experiment results, we set α = 0.8 to achieve
the best performance.

2) Effect of β: We fix α = 0.8 to study the influence
of β. The β in Eq. (14) affects the initialization of trajectories.
We set β = 1.1 according to the experiment results. When
β ≤ 1.1, the tracking performance keep steady and the best
performance is achieved at β = 1.1. When β > 1.1, the
performance begin to decrease. This is mainly because when
β is too large, fewer trajectories are initialized and more targets
are missed tracked.

F. Influence of Using Different Attribute Models

In Table IV, we conduct ablation study on MOT17 valida-
tion data to analyze the influence of using different attribute
models in IQHAT. The Baseline outputs tracking results of
the typical MAP tracker [24]. The Ours-A∗(M∗ or D∗) out-
put tracking results which are obtained by substituting the
(A)ppearance, (M)otion or (D)ensity models of the IQHAT
with respective attribute models, respectively, while keeping
all the other parts unchanged. Appearance model affects
the ID probability computation in Eq.(7). We replace our
appearance feature extractor with a modern ReID model [83],

TABLE IV

INFLUENCE OF USING DIFFERENT ATTRIBUTE MODELS

TABLE V

EFFICIENCY OF THE IDENTITY-QUANTITY RECONCILIATION

i.e., Ours-Atri. Motion model affects the ID probability com-
putation and the estimation of missed trajectory in Eq.(17).
We use a CNN-based regression model [84] to replace the
Kalman filter in IQHAT, i.e., Ours-Mreg. Density map estima-
tor affects the local target quantification. We replace our den-
sity map estimator with a representative counting model [85],
i.e., Ours-Dlsc. We can see that, 1) following the MAIQP
formulation, all the Ours-* methods steadily and significantly
outperforms the MAP method (i.e., Baseline) by a large margin
(at least 8.8, 6.7 and 295 improvement on MOTA, IDF1
and IDS, respectively). This demonstrates the efficiency and
superiority of the novel IQHAT framework. 2) The Ours-Mreg

slightly outperforms Ours in MOTA while suffers a lower FPS.
Give consideration to both the accuracy and speed, we adopt
the Kalman filter to model target motions. 3) The IQHAT is
robust to different attribute models and does not lean to certain
identification or quantification methods. Thus, it is a robust and
general framework for multi-object tracking.

G. Efficiency of Identity-Quantity Reconciliation

Table V conducts experiment results to study the efficiency
of identity-quantity reconciliation. The Ours(w/o rec)
outputs tracking results without using the identity-quantity
reconciliation, where the target identification module and
the local target quantification modules are trained separately.
More specifically, the ReID model is solely trained on the
MOT dataset using a triplet loss [79], where we randomly
sample 3 cropped images from each trajectory and then collect
triplet tuples using the cropped images for training. As for the
density map estimator, we first convert the MOT ground-truth
bounding boxes into target point annotations, where the head
center the of each bounding box is regarded as a target
point. Then we train the density map estimator with the
point annotations using a Bayesian loss [81]. From Table V,
we can see that, compared to the Ours(w/o rec), the Ours
method suffers less IDS number and generates more accurate
results, which steadily improves the MOTA and IDF1 scores
(1.9 and 1.9 improvement, respectively), significantly
decreases ID switches (reduces IDS number by 42%) and
produce more accurate trajectories (3.9 improvement on MT).
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VI. CONCLUSION

In this paper, we formulate multi-object tracking as a Maxi-
mizing An Identity-Quantity Posterior (MAIQP) problem and
develop an Identity-Quantity HArmonic Tracking (IQHAT)
framework that allows to assign multiple ID labels to a
single detection. Different to existing MOT methods that
track multiple targets by maximizing an identity posterior,
the proposed method jointly optimizes the target identity
and quantity, which not only decreases missed trajectories
of occluded targets but also alleviates ID switches in crowd
scenarios. Experimental evaluations and ablation studies on
five benchmark datasets demonstrate the efficiency and superi-
ority of IQHAT. The proposed IQHAT is a general framework
for multi-object tracking. To further improve the tracking
accuracy, more attribute information such as optical flow and
semantic features can be involved in the IQHAT framework.
Besides, to improve the computation efficiency, integrating
different components (such as density map estimator and
object detector) into a unified network can be beneficial.
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