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ABSTRACT

In multi-target tracking, object interactions and occlusions are two significant factors that affect tracking
performance. To settle this, we propose an identity association network (IANet) that integrates the geom-
etry refinement network (GRNet) and the identity verification (IV) module to perform data association
and reason the mapping between the detections and tracklets. In our data association process, the object
drifts caused by object interactions are suppressed effectively by encoding the direction and velocity of
objects to refine the geometric position of tracklets. The tracklets with refined geometric information are
further utilized in the IV module to achieve a sufficient encoding of multivariate spatial cues including
both appearance and geometry information, which defeats the misleading impacts of interactions and
occlusions dramatically in multi-object tracking. The extensive experiments and comparative evaluations
have demonstrated that our proposed method can significantly outperform many state-of-the-art meth-
ods on benchmarks of 2D MOT2015, MOT16, MOT17, MOT20, and KITTI by using public detection and

online settings.

© 2022 Elsevier Ltd. All rights reserved.

1. Introduction

Multi-object tracking (MOT) is becoming more and more attrac-
tive in the computer vision community due to its applications in
video surveillance, virtual reality and human-computer interaction,
etc. MOT aims to simultaneously locate multiple objects of inter-
est in a given video, maintain the IDs of these objects, and record
their trajectories. In recent years, with the improvements of the
technologies for object detection, tracking-by-detection algorithms
have become mainstream for MOT, where object detection is first
performed on each frame, and data association is then conducted
to create the trajectory of each object in a video.

In such tracking-by-detection approaches, learning a discrimi-
native data association method is critical, as it determines whether
the tracker can correctly distinguish different trajectories of ob-
jects. Most existing methods are mainly based on similarity mea-
sures or assignments for data association, but they have complex
structures and require a large number of labeled data [1,2]. Some
methods such as [3] employ the regressor of an object detector for
data association to ease the costs of annotations. However, with-
out handling the interactions and occlusions in tracking, it is diffi-
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cult to accurately distinguish the trajectory of each object in the
crowded and occluded scenes, as in such situations obvious ap-
pearance and geometry variations often occur.

Interactions can be regarded as short-term occlusions between
objects. That is, all objects with interactive behavior can be de-
tected in adjacent frames, where the direct utilization of regres-
sor [3] will cause the identities to drift, and the IDs of interac-
tive objects will be exchanged with each other. To this end, we
design a geometry refinement network (GRNet) for MOT driven
by the awareness of interactions. In our work, the optical flow of
adjacent frames is calculated and implicitly applied as the direc-
tion and velocity of moving objects, and then the relative motion
is captured to refine the geometry position of objects in the next
frame. As shown in Fig. 1(a) and (b), the spatial topology of ID;
and ID, changes due to the interaction. In this case, the method
[3] shown in Fig. 1(c) fails to maintain their identities, whereas
ours (Fig. 1(d)) can accurately track the interactive objects.

In contrast to interactions, occlusions specifically refer to the
long-term occlusions caused by other objects or surrounding back-
grounds, and the occluded objects can not be detected in ad-
jacent frames. The occlusions usually cause the tracking objects
to disappear and a new ID will be assigned when they appear
again. Many existing methods deal with the occlusions by the re-
identification operation. They only consider the distance of appear-
ance features between objects without modeling dependencies of
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Fig. 1. A stimulus example of our proposed identity association network based on geometry refinement for data association. (a): Interactive objects of the frame t — 1; (b):
The ground truth of the frame t; (c): The tracking result by using regression in the frame t; (d): The tracking result by using IANet in the frame t. When the objects interact
and the spatial topology of the interactive objects in two adjacent frames changes as shown in (a) and (b), the data association method in (c) fails to maintain the identities
of ID; and ID,. In contrast, our proposed IANet in (d) can still effectively capture the variation of spatial topology and accurately track the interactive objects.

contexts such as the spatial deployments, so that the performance
is not satisfactory. In addition, the re-identification network and
the data association model are often independent of each other,
which leads to a tedious tracking process. In recent years, more
and more researchers have begun to explore other clues such as
the positional relationship and topology structure of objects to en-
hance the discrimination of object representations [1,4], yet these
methods rely on complex structures to model the spatial multi-
variate cues, which is incapable of the efficiency requirement of
MOT. Based on these observations, we propose an identity verifi-
cation (IV) module to suppress the misjudgments caused by inter-
actions and occlusions. This model is integrated into the GRNet for
end-to-end learning, which fully excavates the spatial relationship
and learns the mapping between detections and tracklets through
a lightweight network to verify the identities of objects. Here, a
tracklet is a track fragment in the process of generating the com-
plete trajectory of an object, and it only contains the tracking in-
formation of an object in one or several frames.

In this work, we propose a novel identity association network
(IANet) for MOT driven by the awareness of interactions and oc-
clusions, which mainly consists of two parts: (1) designing a ge-
ometry refinement network (GRNet) to implicitly encode the di-
rection and velocity of objects for refining the geometry informa-
tion of tracklets in the data association process; (2) constructing
a lightweight identity verification (IV) module to learn the map-
ping between tracklets with refined geometry information and de-
tections to verify the identities of objects, which is integrated into
the GRNet for end-to-end learning.

To summarize, our main contributions are two-fold:

« We propose an end-to-end identity association network (IANet)
including a geometry refinement network (GRNet) with an
identity verification (IV) module, which fully mines the tempo-
ral and spatial clues of objects and directly outputs the tracking
results without dells and whistles.

To alleviate the misleading impacts caused by interactions and
occlusions, we propose a GRNet for refining the geometry infor-
mation of each object in the data association by encoding the
direction and velocity of objects, and the relationship reason-
ing between tracklets with refined geometry information and
detections is performed by a lightweight IV module to further
verify the identities of tracklets.

Moreover, extensive experiments on five widely-employed
benchmarks including 2D MOT2015, MOT 16, MOT17, MOT20, and
KITTI are executed and the results demonstrate that the proposed
algorithm can significantly outperform numerous state-of-the-art
methods.

2. Related work

Tracking-by-Detection Paradigm: Multi-object tracking is still
a challenging task due to the crowded and complex environments.

The existing works mainly follow the paradigm of tracking-by-
detection, and the performance is heavily affected by object detec-
tion. Traditional MOT methods are mainly based on Bayesian prob-
abilistic models [5,6], Markov decision making [7] and other meth-
ods. However, these methods design the features manually, which
may result in complex structures and unsatisfactory performance.
Recently, with the development of deep learning, a lot of object
detection algorithms are developed based on convolutional neu-
ral networks [8,9], and MOT researchers focus their attention on
the object association problem by employing these detection algo-
rithms. The existing object trackers can be divided into two groups
based on whether they employ the knowledge of future frames in
the data association: (a) online methods [1,3,10-12]; and (b) offline
methods [13-17].

Most of these online and offline methods concentrate on de-
signing object representations and utilize these features for sim-
ilarity measures or assignments. For example, in [18], a Siamese
network is developed to extract the appearance features of ob-
jects and calculate the matching similarity between two detec-
tions. The optical flow-like features extracted by deep networks
are used to achieve better multi-target tracking results in [2]. A
feature fusion algorithm is designed based on Long Short Term
Memory (LSTM) network to learn the matching similarity between
the historical information of the trajectory and the current de-
tection in [1]. Even though these models design complex struc-
tures to deduce object features, their performances are not satis-
factory due to not fully exploiting other cues besides appearances
from the complex scenes in MOT datasets. In recent years, more
and more researchers have considered building simple and effi-
cient methods to deal with the task of multi-object tracking from
different perspectives. For instance, [3] proposes a method that
utilizes the regression operation of object detection for data as-
sociation, which is simple and the performance is excellent. De-
spite noticeable progress, this method is unlikely to distinguish
objects in the crowded and occlusive scenes (where interactions,
occlusions, obvious appearance variations often occur) due to the
lack of the components for calculating the motion vectors of ob-
jects and modeling the dependencies of context. Unlike these exist-
ing approaches using similarity measures or assignments for data
association, we propose an end-to-end identity association net-
work based on geometry refinement, which is aware of interac-
tions and occlusions to effectively maintain the trajectories of ob-
jects as completely as possible in a crowded environment.

Interactions and Occlusions in MOT: Due to the crowded and
complex scenes in multi-object tracking, there often exist interac-
tions between objects, and objects may be occluded by the sur-
rounding background in the sequence. The interactions and occlu-
sions are very challenging in MOT because they make it difficult
to discriminate objects and increase the possibility of ID switches.
However, studies on these issues are still insufficient. In the cur-
rent exhaustive literature, researchers have little specific analysis
on these issues and generally treat them as a common occlusion
problem. Most methods handle the common occlusion problem
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by making use of better detectors [19,20] or borrowing models
from person re-identification [3]. For example, a short-term re-
identification based on a Siamese network is utilized to cope with
the re-identification after occlusions [3]. In [21], the occlusions are
managed from the perspective of feature learning and a Spatial-
Temporal Attention Mechanism (STAM) is proposed to recognize
the occlusion situation and identify possible relevant objects. An
object re-identification network trained by a triplet loss is em-
ployed in [3] to deal with the occlusion problem. These methods
only consider the appearance features of objects, or recover salient
foreground areas within the detected bounding box, but do not
take into account the impacts of the object contexts. Different from
the above methods, we deliberate the interactions and occlusions
and propose a novel method for MOT driven by the awareness of
interactions and occlusions. In the proposed method, we attempt
to handle the interactions by the data association process and infer
the identities of the objects through an identity verification mod-
ule based on the relationship matrix.

Recurrent Neural Networks: The Recurrent Neural Network
networks have been successfully applied in many fields such as
natural language processing, and computer vision to obtain the de-
pendencies between various elements. In computer vision tasks,
from video object detection [22], action recognition [23] to video
object segmentation [24], RNNs have significantly improved the
performance of these tasks, because the potential relationships be-
tween multiple objects and the relationships between objects at
different periods can be inferred through the relation network. In-
spired by this, the application of RNNs in multi-object tracking
has attracted more attention [1,15,25]. Kim et al. [25] proposes a
novel model Bilinear LSTM to improve the learning of long-term
appearance models via a recurrent network, which is utilized for
the multi-object tracking task. Xiang et al. [15] propose a deep
conditional random field network for MOT in the crowded scenes
and employ a bidirectional long short-term memory (LSTM) net-
work to encode the long-term dependencies. Different from these
methods, we construct a relationship matrix by excavating the ap-
pearance and geometry clues between tracklets with refined ge-
ometry information and detections, and then utilize a lightweight
identity verification block based on Bi-RNNs to encode the depen-
dencies between node pairs in the matrix to verify the identities
of objects, which is integrated into GRNet for end-to-end learning.

3. Our proposed method

Given a frame-by-frame video sequence, the goal of MOT is to
predict the trajectories of N objects over time, and we denote the
trajectories as T = {Ti}?’: 1- The trajectory of each object can be rep-

resented by a series of ordered object bounding boxes T; = {bf}tT=1
bt = [xfyf wi, hf] where t denotes a frame of the video sequence,
xf and yf represent the center location of the ith object at frame t,
and WIF and hf are the width and height, respectively. For the con-
venience of explanations, we further define Bt = {bf1 b, ..., bfn} as
the set of bounding boxes of tracklets in the frame t and use D! =
{dﬁ, ds, df{} to represent the detections in the frame t, where
m and k represent the number of tracklets and detections in the
frame t.

The pipeline of our proposed method in the MOT inference is
presented in Fig. 2. We use noisy detections obtained by the object
detector as the starting point and accomplish MOT through two
steps. For the current frame ¢ with the detected bounding boxes
Df, we design a GRNet to tackle the data association between the
previous frame t — 1 and the current frame ¢t by modeling the rela-
tive motion of objects, which encodes the optical flow as the direc-
tion and velocity of moving objects, and utilizes a linear regression
to refine the geometry location of tracklets in the current frame.
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Then, the spatial relationship between detections D' and tracklets
B! obtained by GRNet is excavated and the IV module is employed
to learn the mapping between D! and B’ in the frame t for verify-
ing the identities of objects. Specially, we develop the GRNet that
encodes the optical flow into the geometry information of objects
(described in Section 3.1). The optical flow perceives the subtle
variations of moving objects in our data association stage, which
preliminarily suppresses drifts caused by interactions of objects
and brings a more accurate localization. To discriminate against
each object and alleviate the impacts caused by interactions and
occlusions in MOT, relationship learning is conducted based on the
lightweight IV module (see more details in Section 3.2.2), which
automatically learns the mapping between the tracklets with re-
fined geometry information and the detections by encoding the
constructed relationship matrix (described in Section 3.2.1). Finally,
we elaborate on the end-to-end learning of the whole IANet in the
training phase (described in Section 3.3) and the process of MOT
inference (3.4). Note that GRNet provides the refined tracklets and
corresponding appearance features for the IV module to learn the
mapping between the detections and tracklets, i.e., the proposed
GRNet and IV module are correlated rather than separate models,
and they cooperate to realize the multi-object tracking.

3.1. Geometry refinement network

Directly applying regression on data association has been
proved to be effective [3] in MOT. However, the performance is
restricted by the object detection method that only involves the
appearance features of objects. This leads to object drifts during
interactions of objects and affects the performance of MOT. To han-
dle the drifts, we propose a GRNet for data association, which en-
codes the optical flow into the geometry information including di-
rection and velocity of moving objects to guide the process of re-
fining the geometry location of tracklets.

The proposed GRNet aims to estimate tracklets of objects and
refine the geometry locations of these objects from tracklets Bf~!
at frame t —1 to B! at frame t through the guidance of optical
flow information and linear regression. As shown in the green dot-
ted box of Fig. 2, the lightweight NetC encoder and NetE decoder
[26] are used to estimate the optical flow of adjacent frames and
tracklets Bt~ of the previous frame are roughly refined through a
wrapping operation G,. Meanwhile, the combination of ResNet101
[27] and Feature Pyramid [28] is employed as the backbone to ex-
tract semantic features in our GRNet. After that, the ROIPooling
and linear regression G, are employed to obtain the refined loca-
tions of tracklets in the current frame.

bf = Gr(Gw(bi™", Ap}), AbY) (1)

Specifically, in the proposed GRNet, the geometric locations bﬁ
of an object i in the current frame are refined by G, and G;, as de-
scribed in Eq. (1) and Fig. 3. Gy and G, are formulated in Eq. (2),
where Ap' is the corresponding flow motion vectors of an object
obtained by b'~! and the optical flow map. Ab' represents the re-
fined information learned from the linear regression.

gw(btfl,Apt) — bt—] +Apt,
Ap" = [Ax(p), Ay(p), Aw(p"), Ah(p']
Gr(p', abY) = p' + Ab',
AB" = [Ax(B), Ay(b)), Aw(B), Ah(b)] )
3.2. Identity verification module
In our work, in order to obtain tracklets of the current frame,

we learn the relative motion of objects through the proposed GR-
Net, yet the complex environment with frequent interactions and
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Fig. 2. The pipeline of the proposed IANet in the MOT inference. We formulate the multi-object tracking by the proposed GRNet and IV module, where GRNet performs
the preliminary data association and the IV module learns the mapping between refined tracklets obtained by GRNet and detections to verify the identities of objects. (For
interpretation of the references to color in the text, the reader is referred to the web version of this article.)
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Fig. 3. The process of geometry refinement by the proposed GRNet, where the po-
sition b‘i", bgfl of objects i, j in the frame t — 1 are utilized to refine the positions
bt, bS. of objects i and j in the frame t. The left panel shows the details of the re-
finement process and the right panel is the result after geometry refinement. Here,
Ap' and Ab' are refined information learned from the optical flow map and the
linear regression, respectively.

occlusions in MOT may lead to drifts or identity switches, which
stimulates us to verify the identities of objects after obtaining
tracklets. We design a more comprehensive spatial relationship
matrix (3.2.1) and propose a lightweight identity verification mod-
ule integrated into GRNet to learn the mapping between tracklets
and detections adaptively (3.2.2).

3.2.1. Design of the relationship matrix

In order to improve the precision of the mapping between
tracklets and detection, we designed a more comprehensive re-
lationship matrix, which fully excavates the appearance and geo-
metric clues of bounding boxes in the spatial domain. In the exist-
ing literature, Intersection-over-Union (IoU) is the most commonly
used metric to measure the similarity between bounding boxes.
However, due to the complexity of MOT scenes, the IoU between
the bounding boxes of the same object obtained by the tracker and
detector is slight, which easily affects the accuracy of match re-
sults. In addition, just employing IoU for the match such as [29] is
easily leads to serious ID switches, which intensely violates our
motivation. To this end, we present a new formulation to generate
the relationship matrix between tracklets and detections by fusing
multiple spatial clues. As shown in Fig. 4, the proposed fusion dis-
tance can accurately measure the diversity between tracklets and
detection, yet the IoU (evaluated by Jaccard distance) easily causes
the phenomenon that the distance between wrong pairs is smaller
than the right ones.

In our work, the relationship matrix M; is constructed by mod-
eling the fusion distance between tracklets and detections, and s;;
is the fusion distance of b; (the bounding box of jth tracklet) and

d; (the bounding boxe of ith detection) as described in Eq. (3).

sij=D1  (bj.d;) +Day(b;. d;)
s.t. 0<i<k, (3)
O<j<<m

where D (, ), D, (, ) represent the functions of appearance distance
and geometric distance respectively, m and k represent the number
of tracklets and detections in the current frame.

We model the appearance distance by extracting deep features
of bounding boxes as shown in Eq. (4), where F(.) represents the
deep feature obtained by GRNet. In GRNet, a fully connected layer
is added after the ROIPooling layer, and we use the output of this
fully connected layer as the deep feature in the training stage. In
the inference, to suppress the noise interference caused by the
tracking failure of an object in a certain frame, the average of deep
features of the tracklet in the last 10 frames is utilized to calculate
the appearance distance. For the geometric distance, we consider
the overlap as well as the center distance to alleviate the misjudg-
ment caused by inaccurate bounding boxes. As presented in Eq. (5),
the Euclidean distance of center points and Jaccard distance are
introduced, where c(-) represents the center point of a bounding
box, U and N denote the union and intersection of two bounding
boxes.

Di(by.d) = avg<||f(bj) _;c(d,-)||2) (4)
1{ ||c(bj) —c(dy) ’

Dy (bj, di) = 5 HLZJWZH
1(|pjudi| - |bjndi
i |b] Ud,’| (5)

3.2.2. Learning to verify identities

An outline of the IV module is described in the blue area
of Fig. 2, the relationship matrix of the current frame is trans-
ported to this lightweight network to learn the mapping M, be-
tween tracklets and detections. We handle this problem by an IV
block which conducts the row-wise and column-wise flattening
in turn and conveying them to two Bi-RNNs for global reasoning.
The IV block encodes the row-wise intermediate assignments and
column-wise definitive assignments, respectively. In particular, the
final soft assignment matrix M, is obtained using the IV block and
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Tracklets 0.11
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Detections

MOT17-02-87 frame

Fig. 4. The fusion distance between tracklets and detections. For the pedestrian with a blue bounding box, the IoU distance (evaluated by Jaccard distance) to its corre-
sponding detection is 0.36, which is larger than another false detection (0.28). However, by the metric of the fusion distance, the distance between the correct tracklet and
detection (0.11) is obviously smaller than the incorrect pair (0.43). (For interpretation of the references to color in this figure legend, the reader is referred to the web version

of this article.)

mapping

(i1) Inactive tracklet

Fig. 5. The visualization on two situations of learning the identity verification in the tth frame. (i): The identity of each active tracklet (black dotted box) in the tth frame is
verified by the unique mapped detection. When the identities of tracklets drift (green and blue tracklets), their identities can be rectified through the mapping so that the
correct tracklets can be obtained as indicated by the gray arrow. (ii): If there is a unique mapping between a new detection and an inactive tracklet, the inactive tracklet is
activated with this new detection. (For interpretation of the references to color in this figure legend, the reader is referred to the web version of this article.)

has the same size k x m as the input relationship matrix M,. Fi-
nally, in order to obtain the final unique mapping verification ma-
trix My, we append a column of the threshold 0.5 to the assign-
ment matrix and then execute a row-wise softmax.

According to the mapping results, we verify the identities of
tracklets in the current tth frame, which can be divided into two
situations as shown in Fig. 5:

(i) We verify the identities of the active tracklets obtained by
GRNet in the tth frame (black dotted box), and the identity
of a tracklet that uniquely maps with a detection is refined
by the corresponding detection. We can observe that when
the identities of tracklets obtained by GRNet drift, the iden-
tities can be rectified through the IV module so that the cor-
rect tracklets can be obtained.

(ii) Then we use the new detections to verify the inactive track-
let. If there is a unique mapping between a new detection
and an inactive tracklet that disappeared in the (t —x)th
frame, we assign the detection to the corresponding inactive
track and reactivate this tracklet. Here, x is a time interval
and its maximum value is set to 20. That is, IANet can effec-
tively address the re-identification of the occluded objects
within 20 frames. If the object is occluded continuously for
more than 20 frames, our model may fail to associate this
occluded object.

Intuitively, these two situations of learning identity verification
can not only further restrain the drifts caused by short-time inter-
actions but also realize the re-identification of objects with long-
term occlusions to reduce identity switches.

3.3. End-to-End training

3.3.1. GRNet loss

By integrating the geometry refinement network and identity
verification module mentioned above, we construct the end-to-end
trainable identity association network for multi-object tracking as
shown in Fig. 6. In the training phase of this IANet, the input pairs
of the network are I* and I', where I' is the original image of
frame t from the dataset sequence and It comes from the aggre-
gate as described Eq. (6).

I e {1}, I =tran( (6)

Here I*~! is the original image of frame t — 1. To improve the
generalization and robustness of the proposed method, data aug-
mentation is conducted by a transformation operation of randomly
scaling and translating, and we use tran(I') to represent the image
obtained by this transformation operation.

As shown in Fig. 6, the training objective of the GRNet is de-
fined as Eq. (7), which consists of the binary classification loss
L:(§) and the regression loss £ (0).

£1(4.6,y,0) = Lc(4,y) + L:(6,0) (7)
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Fig. 6. The training process of the whole identity association network (IANet). The data augmentation (as shown in the bottom dotted box) is conducted by the trans-
formation operation of randomly scaling and translating to increase the training samples, and four loss functions L., £, Liy1, Liyz are employed to constrain the whole

IANet.

where § is the presence confidence obtained by the classification
branch of GRNet and 6 is the predicted parameterized coordinates
by the regression branch of GRNet. y is the classification label of
the ground truth and o represents the parameterized coordinates
of the ground truth.

The GRNet learns to predict the object presence confidence by
means of the cross-entropy loss (Eq. (8)) and regresses the bound-
ing box of the object with smooth L1 loss (Eq. (9)).

Le(Gi,yi) = —(og [yidi + (1 —y) (1 = G)]) (8)
A _ 0.5*(6,‘—0,‘)2 |6i—0i‘ <1
£r(0i,01) = { |0; — 0| —0.5  otherwise ®

Where y; is the classification ground truth of the bounding box
i. If i is an object, we have y; = 1; otherwise y; = 0.

In the regression branch of GRNet, we follow the parameteriza-
tions of the 4 coordinates [9] and adopt a strategy of the regres-
sion from a rough box to a nearby ground-truth box as shown in
Eq. (10).

6x = ()? - xp)/Wp,
0w = log(W/wp),

0y=(@ -y p)/hp
oy, = log(h/hy) (10)
Ox = (X —Xp)/Wp, 0y=(y—Yp)/hp
oy = log(w/wy), oy, =log(h/hp)
where x,y,w, and h denote the center coordinates, width,
and height of the bounding box. [X,J, W, h],[xp,yp, Wp, hp] and
[x,y,w, h] represent the predicted box obtained by GRNet, rough
box obtained by the wrapping described in Section 3.1, and the
ground truth, respectively.

3.3.2. IV module loss

In order to improve the precision of MOT, we design a
lightweight IV module to learn the mapping between tracklets ob-
tained by GRNet and detections. Based on the observation that the
module can learn the unique mapping and output the soft map-
ping probability, we regard the training process of the IV mod-
ule as a 2D binary classification task and the loss is described
in Eq. (11), which consists of two focal losses applied to the ap-
pearance distance matrix Eq. (12) and geometric distance matrix
Eq. (13) to measure the probability distributions.

L(s1,52,5%) = Liy1 (S1,5) + Liyp (52, 5%) (11)

where s1 is the classification probability of the appearance dis-
tance matrix described in Eq. (4) obtained by the IV module. s2 is
the classification probability of the geometric distance matrix de-
scribed in Eq. (5). § denotes the approximate ground truth matrix
obtained by HA [30].

- —a(1-s1)”log s1, s1% =1
i 1,s1%) = ~ ~ 12
Lin (s1,517) {—(1 —a)(s1)” log(1 —51), s1*=0 (12)
A e —a(1—52)" log s2, s2F =1
Linn(2,527) = {—(1 —)(s2)” log(1—5s2), s2*=0 (13)

where « is an adaptive weighting factor obtained by the number
of zeros nyg and ones n; in the approximate ground truth matrix.
y = 2 represents the focusing parameter that smoothly adjusts the
rate at which easy examples are down-weighted.

o =ng/(ng +nq) (14)

3.3.3. Overall loss

By integrating the GRNet and IV module mentioned above, we
construct the end-to-end trainable IANet for MOT. The loss of the
whole network is shown in Eq. (15) by combining Eqs. (7) and
(11) together, where 8 is set to 1 to balance the GRNet loss and
IV Module Loss.

Liota = £1(4,0,y,0) + BL; (5)\15 SA2’ s*)

_L(@.y) + £,(6.0) + BLut (1.5) + BLan(s2s) )

3.4. MOT inference

Our proposed MOT inference algorithm runs IANet to pro-
duce the trajectories of all objects whose details are described in
Algorithm 1. In summary, there are 6 steps in our inference algo-
rithm:

Step 1. The detections in the first frame are refined by the GR-
Net of IANet and we obtain the detection set D! by comparing the
classification scores and the thresh 8score = 0.5. Then the set D! is
utilized to initialize the active tracklet set T,gjye. (Line 3-7)

Step 2. For the current frame t, the same strategy as the 1th
frame is employed in the GRNet to obtain the refined detection set
D! and the bounding boxes Bt of active tracklets. (Line 8)
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Algorithm 1 The proposed IANet tracking algorithm.
Input: ~~
Video sequence with 7 frames I = {I'}

The detection set Dy,; = {Dfm.};].

Output: ~~
Trajectories T = {T;}" , of all objects, where T; = {bg};l, bt =
[ 51, wh ]

0 T, Toctive < @

for I, D! . in zip(l, D) do

if t == 1 then
(D', None) < GRNet(None, I, D', ., None)
Initialize the active tracklets T,y With D¢
continue
end if
(D', B) < GRNet(I*~1,It, D . B~ 1)
M; <« excavate the fusion distance between tracklets and de-
tections.

10: My < IV module(M;)

11: B! « update by assigning the uniquely matched detected
boxes to the corresponding bounding boxes of Bt obtained by
Line 9.

12: T < update according to the tracklets which do not match
any detections and the classification score smaller than &score.

13:  Tyeive < update according to T and B.

14: DL, < My.

15: T, Tyerive, DYym < update according to the verification matrix
between D!, and T obtained by IV module.

16:  Tyerive < initialize new trajectories with Df,,,.

17: end for

18: T < T + Tyctive-

19: return T,

T .
t=1"

© 0y U A WN =

Step 3. We excavate the fusion distance between tracklets and
detections and construct the relationship matrix M;. Then, the IV
module of IANet is used to learning the mapping between track-
lets and detections and generate the verification matrix M,. We
replace the corresponding bounding boxes of Bt with the uniquely
matched detected boxes according to My, and the updated B! is
used to update the T,.j,.. Finally, we terminate the tracklet of an
object which does not match any detection and the classification
score smaller than §score. Meanwhile, we add the inactive tracklet
to T, and remove it from T,je. (Line 9-13)

Step 4. We find the detections D!, that do not match any
tracklets, and use the IV module of IANet to learn the mapping be-
tween D!, and T. If there is a detection in D!, uniquely matched
with an object in T, we add the detection to the corresponding
tracklet of the object, remove the object from T and add it to Tyjye
again. (Line 14-15)

Step 5. Detections for activating the inactive tracklets are re-
moved from D!, and the final new detections in D!, are initial-
ized as new trajectories. (Line 16)

Step 6. After traversing the whole video sequence, the tracklets
in Tyqipe are migrated to T to produce the trajectories of all objects.
(Line 18)

4. Experimental results

The performance of the proposed method is demonstrated on
several widely used multi-object tracking datasets including 2D
MOT2015, MOT16, MOT17, MOT20, and KITTIL. The detailed in-
formation of these benchmarks are disclosed in Section 4.1, and
the implementation details of our proposed method are described
in Section 4.2. To prove the effectiveness of our various compo-
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nents, we conduct the ablation study in Section 4.3. Our proposed
method is further compared with several state-of-the-art tracking
methods in Section 4.4.

4.1. Datasets

In this paper, we evaluate the performance of our proposed
method utilizing five MOT benchmarks 2D MOT2015, MOTI16,
MOT17, MOT20 and KITTI. They are challenging because of the
large variety in scene, lighting, pedestrian pose, viewpoint, etc.

2D MOT2015: This dataset is composed of 11 training sequences
and 11 testing sequences, and both of them are provided with ACF
[31] detections.

MOT16: MOT16 includes 7 training sequences and 7 testing
sequences with DPM [32] detections. Pedestrians in the MOT16
scenes are more crowded, so it is more challenging than 2D
MOT2015 dataset.

MOT17: MOT17 has the same sequences as MOT16 but with
three public detections including DPM [32] detections, Faster RCNN
[9] detections and SDP [33] detections. By providing three detec-
tion results, different MOT methods can be compared more com-
prehensively.

MOT20: MOT20 contains 8 novel challenging sequences includ-
ing 4 training video sequences and 4 testing video sequences. This
benchmark with Faster RCNN [9] detections addresses the chal-
lenge of very crowded scenes in which the density can reach val-
ues of 246 pedestrians per frame.

KITTI: KITTI [34] is a novel challenging real-world computer vi-
sion benchmark, which can address multiple tasks including stereo,
optical flow, visual odometry, object detection, and tracking. The
multi-object tracking of KITTI consists of 21 training videos and 29
test videos and it uses 2D bounding box overlap to evaluate track-
ing results.

Evaluation Metric: In this paper, the standard metrics of MOT
Benchmarks are adopted for evaluation, including Multiple Object
Tracking Accuracy (MOTA) [30], ID F1 Score (IDF1) [35], the num-
ber of Identity Switch (IDS) [36], Mostly Tracked objects (MT, the
ratio of ground-truth trajectories covered by an output trajectory
for at least 80% of ground truth length), Mostly Lost objects (ML,
the ratio of ground-truth trajectories covered by an output trajec-
tory for at most 20% of ground truth length), False Positives (FP)
and False Negatives (FN).

4.2. Implementation details

In the training process, this GRNet consists of a flow embedding
component and a feature embedding component. The structure of
flow embedding follows Liteflownet [26] which is pre-trained on
MPI-Sintel [37] and is kept fixed during the training of our pro-
posed network. We employ a structure that combines ResNet101
[27] + FPN [28] to extract features. The parameters of regression
layer are initialized by using the Faster RCNN pre-trained on Ima-
geNet and the learning rate is initialized as 1e — 4, divided by 10
every 5 epochs. The parameters of two Bi-RNNs in the IV block are
initialized by the result pre-trained on the data set in [38] and the
setting of learning rate is the same as the feature embedding. We
use the Adam optimizer to train the whole end-to-end trainable
IANet for 25 epochs and the batch size is set to 1 on the training
data set. It takes about 16 min to train our model on about 6700
frames of MOT17.

4.3. Ablation study
The ablation study on the MOT17 benchmark is presented in

this section. We split each training sequences into two parts, and
use the first half (MOT17-02, MOT17-04, MOT17-09, MOT17-10,
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Fig. 7. (A): Tracking results performed by RegSolo and GRNet under the circumstances of interactions. (B): Tracking results performed by GRNet, IANetg,,, and IANet under
occlusions. Three scenes are presented, where the object disappears and reappears due to occlusions. The red arrow means that the identity does not change after the
interactions or occlusions, while the green arrow indicates that the identity switch occurs after the interaction or occlusions. For interpretation of the references to color in

this figure legend, the reader is referred to the web version of this article.)

Table 1
The ablation study on the GRNet and the IV module.

Method ~MOTAt?  IDF14 MTY ML}  FP) ENJ DS,

RegSolo  56.4 58.7 99 32 2,413 6,854 460

GRNet 60.4 63.6 124 33 2,996 6,127 382

[ANet 62.6 63.9 102 33 1,125 6230 314
Table 2

The ablation study on the fusion distance in IV module.

Method ~ MOTA{ IDF14 MT{ ML} FP| FN,  IDS|
IANetc,, 57.4 53.4 95 48 633 8499 469
IANety,, 61.4 61.9 102 35 1222 6917 385
IANet 62.6 63.9 102 33 1,125 6230 314

and MOT17-11) for training, the rest ones (MOT17-05, and MOT17-
13) for validation. We show the effectiveness of our GRNet and IV
module in Table 1. We remove the GRNet and the IV module sep-
arately to prove the effectiveness of these two modules. In order
to examine the significance of the flow-guided geometric informa-
tion and the linear regression, we retrain the Faster RCNN network
without optical flow and only accept the regression operation for
data association which is named RegSolo.

For the IV module, to evaluate the effectiveness of the proposed
fusion distance, four comparison models are estimated to evaluate
the performance as shown in Table 2, where IANetce, and 1ANet4,
indicate that the trackers only employ the geometry distance and
appearance distance to construct the relationship matrix, respec-
tively.

Impacts of GRNet. As shown in Table 1, compared with the
RegSolo model, the GRNet further refines MOTA by 4.0% (from
56.4% to 60.4%) and boosts IDF1 by 4.9% (from 58.7% to 63.6%).
other metrics such as MT, FN, and IDS are improved by the GR-
Net as well, especially the number of IDS, which is reduced by 78
(from 460 to 382). These results show that even with frequent in-
teractions between objects, the flow-guided geometric information
can still suppress the potential drifts of objects and ensure the in-
tegrity of each tracking trajectory as much as possible.

To present the impacts of interactions more vividly in MOT, we
visualize the outputs of RegSolo and GRNet, and select three exam-
ples for analysis as shown in Fig. 7(A). The results of two frames
before and after the interaction are presented, different pedestri-
ans are represented by the bounding boxes with different colors.
The IDs are marked in the upper left corner and the red arrow
means that the example has the same ID before and after the in-
teraction, while the green arrow indicates an ID switch occurs af-
ter the interaction. It can be observed that the original IDs cannot
be maintained in the situation of interactions when using the Reg-
Solo model. In contrast, the identities of these three examples are
mostly maintained in the GRNet model, which indicates that this
model can effectively suppress the drifts because of interactions.

Impacts of IV Module. Compared to the IANet with the GRNet,
the contribution of IV module can be observed as a drastic reduc-
tion of IDS (from 382 to 314) and the improvements of the MOTA
(from 60.4% to 62.6%), IDF1 (from 63.6% to 63.9%), FP (from 2,996
to 1,125) are achieved. In other words, the use of IV module to
learn the mapping between tracklets obtained by GRNet and detec-
tions for identity verification can further improve the performance
of the tracker.

Effectiveness of the fusion distance. As shown in Table 2, the
model IANet, which utilizes the fusion distance including appear-
ance and geometric clues for identity verification, obtains accura-
cies of 62.6% and 63.9% measured by MOTA and IDF1. It outper-
forms the model IANetg,, with geometry distance by a margin of
5.2% and 10.5% in MOTA and IDF1. Specifically, the IANet has a sig-
nificant decline of IDS (from 469 to 314). Furthermore, although
the overall performance of IANet,,, only using the appearance dis-
tance is higher than that of IANetg,,, there is still a certain gap
compared with IANet, which suggests that the fusion distance ben-
efits the recognition of objects in the interaction and occlusion sit-
uation.

To illustrate the impacts of occlusions in MOT, we also provide
a visualization on the outputs of GRNet, IANet¢,,, and IANet, and
select three examples for analysis as shown in Fig. 7(B). The re-
sults of two frames before and after the occlusion are presented,
the red arrow means that the example has the same ID before and
after the occlusion, while the green arrow indicates an ID switch
occurs after the occlusion. It can be observed from Fig. 7(B) that



R. Li, B. Zhang, Z. Teng et al.

Pattern Recognition 129 (2022) 108738

Table 3
Comparisons of the tracking performance on the benchmarks of 2D MOT2015, MOT16 and MOT17.
Method MOTAT  IDF14  MT(%)t ML(%)| FP| FN| IDS|
2D MOT2015

Offline QuadMOT [13] 338 40.4 129 36.9 7,898 32,061 703
TPM [14] 36.2 43.6 15.4 42.6 5,650 33,102 420
CRFTrack [15] 40.0 49.6 23.0 28.6 10,295 25917 658
LifTsimInt [16] 47.2 57.6 27.0 29.8 7,635 24,277 554
MPNTrack [17] 51.5 58.6 31.2 259 7,620 21,780 375

Online AMIR [1] 37.6 46.0 15.8 25.8 7,933 29,397 1,026
STRN [12] 38.1 46.6 115 334 5,451 31,571 1,033
TrctrD15 [38] 441 46.0 17.2 26.6 6,085 26,917 1,347
Tracktor+ [3] 441 46.7 18.0 26.2 6,477 26,577 1,318
Ours 47.5 47.8 234 26.4 5,531 25,502 1,240

MOT16

Offline GCRA [39] 48.2 48.6 129 411 5,104 88,586 821
CRFTrack [15] 50.3 54.4 18.3 35.7 7,148 82,746 702
TPM [14] 51.3 47.9 18.7 40.8 2,701 85,504 569
LifTsimInt [16] 57.5 64.1 25.4 34.7 4,249 72,868 335
MPNTrack [17] 58.6 61.7 273 34.0 4,949 70,252 684

Online DASOT16 [10] 46.1 49.4 14.6 41.6 8,222 89,204 802
Deep-TAMA [11]  46.2 49.4 14.1 44.0 5,126 92,367 598
AMIR [1] 47.2 46.3 14.0 41.6 2,681 92,856 774
MOTDT [40] 47.6 50.9 15.2 383 9,253 85,431 792
STRN [12] 48.5 53.9 17.0 34.9 9,038 84,178 747
Tracktor+ [3] 54.4 52.5 19.0 36.9 3,280 79,149 682
TrctrD16 [38] 54.8 53.4 19.1 37.0 2,955 78,765 645
Ours 56.5 55.4 20.6 35.4 2,736 75,922 611

MOT17

Offline jCC [41] 51.2 54.5 20.9 37.0 25,937 247,822 1,802
CRFTrack [15] 53.1 53.7 24.2 30.7 27,194 234,991 2,518
TPM [14] 54.2 52.6 22.8 37.5 13,739 242,130 1,824
LifTsimInt [16] 58.2 65.2 28.6 33.6 16,850 217,944 1,022
MPNTrack [17] 58.8 61.7 28.8 335 17,413 213,594 1,185

Online MTDF17 [42] 49.6 45.2 18.9 33.1 37,124 241,768 5,567
Deep-TAMA [11]  50.3 53.5 19.2 37.5 25,479 252,996 2,192
STRN [12] 50.9 56.5 20.1 37.0 27,532 246,924 2,593
DADM [43] 51.4 53.7 16.5 349 21,042 251,873 2,319
Tracktor+ [3] 53.5 52.3 19.5 36.6 12,201 248,047 2,072
TrctrD17 [38] 53.7 53.8 19.4 36.6 11,731 247,447 1,947
Ours 56.6 57.2 22.1 343 10,502 232,640 1,722

the ID switches of the three examples occur when using the model
without IV module (GRNet model). That is to say, the pedestrian
that reappears after occlusions is regarded as a new object. For the
[ANetg,, model, only the identity of example3 is maintained, be-
cause this model only utilizes the geometry distance to construct
the relationship matrix for identity verification. Different from the
previous two models, the identities of these three examples are
maintained in our proposed IANet model, which indicates that the
fusion distance applied in the relationship matrix is effective to
verify the identification of objects, thereby improves the perfor-
mance of MOT.

4.4. Comparison with state-of-the-arts

In this subsection, we compare our method against numer-
ous state-of-the-art MOT methods on the test sequences of 2D
MOT2015, MOT16, MOT17, MOT20, and KITTI benchmarks. For the
fairness of comparison, the compared state-of-the-art methods and
ours employ the same public detections provided by 2D MOT2015,
MOT16, MOT17, and MOT20 benchmarks in all experiments. The
quantitative results are divided into two groups including online
and offline tracking methods, the underline and bold values high-
light the best results of offline and online methods, respectively.
‘4" means the higher the better, and ‘|’ represents the lower the
better.

Results on 2D MOT2015: The comparison results on 2D
MOT2015 are presented in Table 3 where a total of seven met-
rics are employed to evaluate the performance. For offline meth-
ods, our proposed method is superior to most offline methods. Es-

pecially, ours achieves 47.5% in terms of MOTA, which exceeds the
second-best offline tracker LifTsimInt by a gain of 0.3% and indi-
cates that the proposed method possesses the ability to balance
various factors. Although the best offline method MPNTrack ex-
ceeds ours, whose performance benefits from processing all frames
in the whole video sequence, yet our method with no knowledge
of future frames only involves the previous frames. Therefore our
model satisfies the requirements of online tracking.

Among all the online methods, the proposed method ranks
number one in terms of MOTA, IDF1, MT, and FN and exceeds
the second best online trackers Tracktor++ by a gain of 3.4%, 1.1%,
5.4%, and 1,075, respectively. MOTA is the main metric to com-
prehensively reflect the performance of one tracker, and a better
MOTA indicates that the proposed method possesses the ability to
balance various factors including FP, MT, and IDS. The IDF1 met-
ric is the ratio of correctly identified detections over the average
of ground-truth and computed detections. The best performance
evaluated by this measure indicates that the proposed method
possesses the discriminative ability to accurately identify the de-
tections and keep the identity unchanged. Our superior perfor-
mance assessed by MT suggests that the fragments are largely re-
duced and the proposed tracker can track more complete trajecto-
ries of objects. FN represents the total number of false negatives
and the excellent performance of ours on this metric fully indi-
cates that the tracker has fewer misjudgments. Meanwhile, track-
ers that win the first place examined by the other three metrics
(ML, FP, and IDS) are AMIR and STRN. The proposed method per-
forms better than AMIR and SCEA in almost all the other met-
rics. For example, in terms of MOTA, the proposed method out-
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Table 4
Comparisons of the tracking performance on the benchmark of MOT20.
Method MOTAT  IDF14  MT(%)t ML(%)|  FP| FN| IDS|,
Offline  MPNTrack [17]  57.6 59.1 38.2 22.5 16,953 201,384 1,210
Online  SORT20 [44] 42.7 45.1 16.7 26.2 27,521 264,694 4470
MLT [45] 48.9 54.6 30.9 22.1 45,660 216,803 2,187
TBC [46] 54.5 50.1 334 19.7 37,937 195242 2,449
Ours 55.4 52.7 40.9 17.8 38,973 189,715 2,159
Table 5
Comparisons of the tracking performance on the KITTI multi-object tracking benchmark for cars.
Method MOTAT  MT(%)t ML%)| FP} FNJ DS}
Online JCSTD [47] 80.2 57.1 7.9 6,217 405 173
mmMOT [48] 83.2 72.9 2.9 4,284 752 733
SMAT [49] 83.6 62.8 6.0 5254 175 198
QuasiDense [50]  84.9 69.5 39 4320 549 313
Ours 87.6 83.9 20 2,671 1,314 283

Table 6

Comparisons of methods based on relative motion modeling on 2D MOT2015, MOT16, and MOT17 datasets.
Method MOTAt  IDF11  MT(%)t ML(%) |  FP| FNJ IDS| Hzt
2D TrctrD15 [38] 441 46.0 17.2 26.6 6,085 26,917 1,347 29
MOT2015  Tracktor+ [3]  44.1 46.7 18.0 26.2 6,477 26,577 1,318 28
Ours 47.5 47.5 234 26.4 5,531 25,502 1,240 3.2
MOT16 Tracktor+ [3] 54.4 52.5 19.0 36.9 3,280 79,149 682 1.6
TrctrD16 [38]  54.8 53.4 19.1 37.0 2,955 78,765 645 1.6
Ours 56.5 55.4 20.6 35.4 2,736 75,922 611 1.5
MOT17 Tracktor+ [3] 53.5 52.3 19.5 36.6 12,201 248,047 2,072 1.5
TrctrD17 [38] 53.7 53.8 194 36.6 11,731 247,447 1,947 1.5
Ours 56.6 57.2 221 343 10,502 232,640 1,722 15

performs AMIR and SCEA by a significant gain of 9.9% and 9.4%,
respectively.

Results on MOT16: The proposed method is further evaluated
on MOT16 against 16 existing methods including both online and
offline approaches, and experimental results are shown in Table 3.
The proposed method obtains 56.5%, 55.4%, 20.6%, 35.4%, 2,736,
75,922, and 611 examined by the seven metrics, respectively and
it exceeds most existing methods, which means that the proposed
tracker is more robust than these multi-object tracking approaches.
By comparing with online methods, our proposed method obtains
the best performance in terms of the metrics MOTA, IDF1, MT, and
FN. Although Deep-TAMA acquires the best performance for the
metric IDS, yet there are only 13 switches less than our method.
Moreover, ours is superior to Deep-TAMA in other metrics. In par-
ticular, Our superior performances assessed by IDF1 and MT ade-
quately suggest the abilities to maintain the integrity of trajectories
and restrain the identity switches.

Results on MOT17: We also examine the proposed method
against 20 existing online and offline methods on MOT17
to demonstrate our performance. The results are reported in
Table 3 where our method is superior to most offline methods.
It is worth noting that even though the performance of LifTsimInt
and MPNTrack is better than ours, it cannot be applied in online
tracking. Our method utilizes fewer clues than these offline meth-
ods, while the scope of application is wider and can realize online
tracking.

Furthermore, compared with the online methods, the proposed
tracker obtains the best performance in the six measures MOTA
(56.6%), IDF1 (57.2%), MT (22.1%), FP (10,502), FN (232,640), and
IDS (1,722). In terms of ML, although ours is slightly lower than
MTDF17, it occupies a leading position in other metrics compared
with MTDF17. For instance, our method outperforms MTDF17 by
a large margin of 7.0% in the MOTA metric, which suggests the
overall performance of a tracker. Concretely speaking, the proposed
method has achieved excellent performance on the measure MT

10

for evaluating the integrity of trajectories and the measure IDS for
evaluating identity consistency. We attribute the performance in-
crease of MT to the ability of our GRNet to suppress the drifts.
And at the meantime, taking into consideration identity verifi-
cation when linking trajectories makes our tracker achieve more
truthful predictions, which inevitably reduces the ID switches.

Results on MOT20: MOT20 is a newly released dataset with
more crowded and intricate scenes. To prove the generalization
ability of our method, we further evaluate the performance in the
unconstrained environments of the MOT20 dataset, which are re-
ported in Table 4. It is clear that our method still outperforms
the existing online methods in the comprehensive metric MOTA.
In terms of MT, our performance (40.9%) is superior to all online
and offline methods, which proves that our method can still ensure
the integrity of trajectories to the maximum extent in a crowded
environment. Considering experimental results on 2D MOT2015,
MOT16, MOT17, and MOT20 benchmarks, our proposed tracker
maintains an excellent tracking performance even in complex and
crowded scenarios.

Results on KITTI: To validate the generalization of the proposed
IANet on different types of objects, we compare the tracking per-
formance of ours with several state-of-the-arts on the KITTI multi-
object tracking benchmark for cars. As reported in Table 5, we
achieve competitive results even by using a public detector Faster
RCNN [9]. It is clear that our method outperforms existing online
methods measured by MOTA, MT, ML, and FP, which proves the ef-
fectiveness of the proposed method. The superiority of MT and ML
demonstrates that the proposed method can maintain the integrity
of trajectories for cars as much as possible. Note that other meth-
ods compared in Table 5 utilize a private detector, which can boost
MOTA, FP, and FN.

Results on Methods for Modeling Relative Motion: In our
work, we propose a novel new tracker based on relative motion. In
order to verify the effectiveness of our proposed tracker, two ex-
isting state-of-the-arts also based on the relative motion are com-
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Fig. 8. An example of tracking results obtained by three different trackers based on the relative motion where the pedestrian has frequent interactions. A red circle indicates
an identity switch. For interpretation of the references to color in this figure legend, the reader is referred to the web version of this article.)

pared in Table 6. From these quantitative results, it can be ob-
served that our proposed method is superior to the other two ap-
proaches Tracktor++, TrctrD on 2D MOT2015, MOT16, and MOT17
data sets on the premise of ensuring the tracking speed. Evaluated
on the three datasets, the average speed of our model is 2.07Hz,
while the average speed of the other two methods is 1.97Hz, 2.0Hz.
The superiority of IDF1, MT, and IDS in our method fully reflects
the favourable influence of IANet on the tracking performance. In
order to reveal the diversity among the three trackers more intu-
itively, we visualize three tracking results of an object with fre-
quent interactions in Fig. 8. There are seven switches for this spe-
cific object in Tracktor++ and five switches in TrctrD from 37th
frame to 85th frame. By contrast, in the same time interval, there
are only three switches in our tracker, where the power of our pro-
posed GRNet to suppress drifts is put to the proof.

1

5. Conclusion

In this paper, we analyze the multi-object tracking problem
from the perspectives of interactions and occlusions and propose
a novel multi-object tracking method IANet consisting of a GR-
Net and an IV module. The GRNet is designed to suppress the
drifts caused by the interactions between objects. It encodes the
direction and velocity of objects to guide the localization. We also
propose an IV module based on Bi-RNN integrated into the GR-
Net to alleviate the misleading impacts from interactions and oc-
clusions, where both the spatial appearance and geometric clues
are exploited to reason the mapping between tracklets and de-
tections. Our extensive experiments and comparative evaluations
have demonstrated that our proposed method can significantly
outperform numerous state-of-the-art methods on benchmarks of
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2D MOT2015, MOT16, MOT17, MOT20, and KITTI by using public
detection and online settings.
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