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ABSTRACT

Modern multi-object tracking (MOT) systems usually build trajectories through associating per-frame
detections. However, facing the challenges of camera motion, fast motion, and occlusion, it is difficult
to ensure the quality of long-range tracking or even the tracklet purity, especially for small objects.
Most of tracking frameworks depend heavily on the performance of re-identification (RelD) for the data
association. Unfortunately, the RelD-based association is not only unreliable and time-consuming, but
still cannot address the false negatives for occluded and blurred objects, due to noisy partial-
detections, similar appearances, and lack of temporal-spatial constraints. In this paper, we propose an
enhanced MOT paradigm, namely Motion-Aware Tracker (MAT). Our MAT is a plug-and-play solution,
it mainly focuses on high-performance motion-based prediction, reconnection, and association. First,
the nonrigid pedestrian motion and rigid camera motion are blended seamlessly to develop the
Integrated Motion Localization (IML) module. Second, the Dynamic Reconnection Context (DRC) module
is devised to guarantee the robustness for long-range motion-based reconnection. The core ideas in DRC
are the motion-based dynamic-window and cyclic pseudo-observation trajectory filling strategy, which
can smoothly fill in the tracking fragments caused by occlusion or blur. At last, we present the 3D
Integral Image (3DII) module to efficiently cut off useless track-detection association connections using
temporal-spatial constraints. Extensive experiments are conducted on the MOT16&17 challenging bench-
marks. The results demonstrate that our MAT can achieve superior performance and surpass other state-
of-the-art trackers by a large margin with high efficiency.

© 2021 Elsevier B.V. All rights reserved.

1. Introduction

spatial-scale association is difficult to guarantee the quality of
long-range tracking or even the tracklet purity, especially for small

Multi-object tracking (MOT) plays a crucial role in scene under-
standing tasks for video analysis. It aims to estimate the trajecto-
ries of objects and associate them with per-frame detection
results in either online or offline way. With the rapid development
of object detection task, tracking-by-detection becomes the pre-
ferred MOT paradigm.

Proverbially, the core part of tracking-by-detection paradigm is
data association [44]. Some methods like Tracktor++ [2], with the
assumption of high frame rate and low pedestrian speed, tending
to simply use the adjacent-frame detections for spatial-scale asso-
ciation. However, most tracking scenarios contain a variety of chal-
lenges, such as camera motion, fast motion, and occlusion. When
that happens, the detector may fail in outputting high-quality
detections steadily, and cause large displacements of objects
between adjacent frames. Due to these challenges, the simple
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objects.

To alleviate the spatial-scale inconsistency from the large dis-
placement or long occlusion, most tracking frameworks adopt
the re-identification (RelD) for long-range feature-level associa-
tion. For example, DeepSort [27] used a trained RelD model to per-
form appearance feature extraction, and FairMOT [33] included a
512-Dim RelD embedding head after backbone. But the RelD calcu-
lation is usually time-consuming, and RelD-based trackers rely too
much on the performance of detector. The extracted appearance
features may be very unreliable in some complex scenes, such as
the noisy background interferences, partial-detections, blur or sim-
ilar appearances, and lack of temporal-spatial constraints. More-
over, these issues may further cause a mass of false associations
in terms of the Identity Switches, and the false negatives from
occlusion or blur still cannot be addressed by RelD.

In this paper, we abandon the RelD-based association, due to its
requirement of high-quality detections. Instead, we propose an
enhanced MOT paradigm named as Motion-Aware Tracker
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(MAT), which mainly focuses on the motion-aware designs of pre-
diction, reconnection, and association. Our MAT is a plug-and-play
solution, and its tracking framework consists of three key modules,
namely the Integrated Motion Localization (IML), Dynamic Recon-
nection Context (DRC), and 3D Integral Image (3DII). In detail, the
IML module is designed for the joint prediction of nonrigid pedes-
trian motion and rigid camera motion. To ensure the robustness of
long-range tracking, the DRC module determines the motion-based
reconnection windows dynamically for different objects, based on
the estimated Kalman velocity and our defined intensity of camera
motion. Besides, when existing tracking fragments caused by
occlusion or blur, the DRC adopts the cyclic pseudo-observation
trajectory filling strategy to fill in them by smoothing the predic-
tions of IML nonlinearly. The 3DII module is presented to effi-
ciently cut off useless connections among all tracks and
detections during the data association stage, by imposing
temporal-spatial constraints on each connection. Only the tracks
within partial-covered region of each detection will be regarded
as the matched association candidates.

Comprehensively, our contributions are summarized as follows:

e We develop the IML module, which blends the nonrigid pedes-
trian motion and rigid camera motion seamlessly to balance
their compatible issues.

e We devise the DRC module, which contains motion-based
dynamic-window and cyclic pseudo-observation trajectory fill-
ing strategy. It can ensure the robustness for long-range
motion-based reconnection.

e We present the 3DII module, which can impose temporal-
spatial constraints to filter useless track-detection association
connections efficiently.

e Incorporating the power of the IML, DRC, and 3DII modules, we
propose the Motion-Aware Tracker (MAT). It is a plug-and-play
solution, which can be easily embedded into other tracking-by-
detection MOT trackers with the state-of-the-art performance.
Hence our MAT is also an enhanced MOT paradigm.

2. Related work

Existing tracking-by-detection MOT methods can be divided as
follows:

RelD-based MOT. Thanks to the great progresses of object
detection over the past few years, most tracking-by-detection
MOT methods first locate the positions of objects through detector,
then extract the corresponding appearance features via RelD
embedding for long-range matching or per-frame data association.
Tracktor++ utilized the bounding box regression of Faster R-CNN
[24] detector to modify the predicted position of a trajectory in
next frame, and associated the deactivated tracks with detections
using a RelD sub-network. CTracker [23] extended single-frame
regression to adjacent-frame paired regression, and treated a RelD
module as identity-attention to combine the detection and track-
ing into an end-to-end chained framework. CenterTrack [34] incor-
porated CenterNet [35] as detector, and used the spatial distance of
track and detection center points to calculate the similarity for
data association. Furthermore, FairMOT integrated the CenterNet
and a ReID branch into one framework for joint spatial-
embedding association, which greatly reduced the Identity
Switches and still maintained a very high tracking speed.

However, most tracking-by-detection trackers fail to model the
temporal-spatial relationships of large displacement detections
when camera motion, fast motion, and occlusion challenges occur.
Besides, due to noisy detections and similar appearances, the RelD-
based data association may be highly unreliable, and the missing
detections still cannot be retrieved. In contrast, our MAT mainly
focuses on the motion-based prediction, reconnection and associa-
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tion, so long-range tracking can be more reliable when facing
above mentioned challenges.

Motion-based MOT!. Several trackers utilize motion to predict
temporal-spatial variations of trajectories and compensate the
detector failures in complex scenes. The motion patterns in video
can be roughly summarized as the nonrigid motion (objects like
pedestrians) and rigid motion (changing camera pose). The non-
rigid motion is usually modeled by constant velocity model [8].
In [30], trajectories were smoothed by the observation-based
Gaussian distributions. Recently, the Kalman Filter tends to be
more popular for prediction, by using the provided detections as
observations [4,27]|. Moreover, the social force models were
applied due to the complex pedestrian motion in crowded scenar-
ios [20]. For rigid motion caused by changing camera pose,
researchers study it in two main directions. One is based on 3D-
information, such as Ego-motion [25] and SFM [8]. The other is
based on affine transformation. Besides, the conditional probability
model with recurrent neural network [13] was proposed to predict
the positions and shapes of objects in next frame. In [40], a proba-
bilistic autoregressive motion model was introduced to score
tracklet proposals for detection assignments and inpaint tracklets
containing missing detections. Moreover, the single object tracking
(SOT) methods [42,43] were widely adopted or extended to search
multiple objects directly in some MOT trackers like
[9,10,15,17,28,36]. For instance, the SiamMOT [41] included a
region-based Siamese tracker in SOT to model instance-level
motion across frames.

While in above motion-based methods, the pedestrian motion
and camera motion were modeled and used separately, and the
motion states of objects cannot be accurately estimated. Differ-
ently, our MAT designs the IML module to blend the pedestrian
motion and camera motion seamlessly to balance their compatible
issues. Besides, the camera motion state can be estimated by calcu-
lating our defined metric, namely the intensity of camera motion.

3. Proposed Method

In this work, we propose an enhanced MOT paradigm named as
MAT, which can be easily embedded into any tracking-by-
detection tracker. Our MAT architecture is illustrated in Fig. 1. It
contains three motion-based modules, namely the IML module
for track prediction, the DRC module for trajectory reconnection,
and the 3DII module for fast temporal-spatial association. In addi-
tion, like the regression-based tracker Tracktor++, we employ a re-
implemented Cascaded RCNN as detector. Notice that our MAT
mainly devotes to enhancing and cooperating with the tracking
part of a tracker, and it can be completely independent from the
detector. To improve the recall rate of detector, here we treat the
IML predictions as self-defined proposals and pass them into
detector to obtain corrected detections.

3.1. Integrated motion Localization (IML)

If the detection results are of high-quality and the motion is
simple, the data association using IoU (Intersection-over-Union)
metric can obtain admirable tracking results. However, if there
are camera motion, fast motion, occlusion, or low frame rate chal-
lenges, without advanced motion compensation, the IoU-based
trackers may fail when facing long-range tracking, especially for
small objects.

The observable individual motion can be expressed as the com-
bination of rigid camera motion and nonrigid pedestrian motion.
For the different motion patterns, we should consider their
temporal-spatial consistency, and balance the compatible issues.
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Fig. 1. Illustration of our MAT architecture. For a given frame T, the IML module is applied to predict each track’s position in frame T + 1 considering both pedestrian and
camera motions. Then, based on the 3DII module, all tracks within partial-covered region of each corrected detection will be efficiently matched. Finally, for deactivated
trajectories, the DRC module determines their reliable reconnection windows and fills in the tracking fragments smoothly.

Therefore, the aim of our IML module is to blend the camera and
pedestrian motions seamlessly and efficiently.

For camera motion, the pixel alignment among sequential
frames can usually be established by the epipolar geometry (Ego)
constraints or affine transformations. With the assumption that
the objects in adjacent frames have slow motions and constant
shapes, the camera states can be formulated as an optimization
problem using Ego constrains. However, the fundamental matrix
in Ego model needs to be estimated by feature point matching. It
will be seriously disturbed by textural pedestrian parts, since most
feature points are located in the areas full of gradient information.
In contrast, for approaching the changes of exterior parameters
caused by camera motion, the global affine transformation is more
suitable and robust. Thus, the lightweight Enhanced Correlation
Coefficient Maximization (ECC) [12] model is employed to estimate
the global rotation and translation. Note that some methods [37-
39] used relative motion among objects to alleviate the impact of
camera motion, their networks are complex and time-consuming,
not nearly as simple and efficient as ECC. Additionally, for the high
efficiency and flexibility, the Kalman Filter is our best choice to
model pedestrian motion.

Consequently, our IML module adopts the ECC to estimate the
camera motion, and considers both the Kalman Filter prediction
and global ECC alignment. Since pedestrian motion often plays
the principal role in most MOT scenarios, it is always processed
by default before the camera motion. In detail, each object’s posi-
tion needs to be predicted by the Kalman Filter first and then
aligned by the ECC model. Thus, our IML can be simply established
as below.

{ St = warp(Fsy)
Py

=FPF +Q M

where F, Q, P, s respectively denote the state transition matrix, pro-
cess uncertainty, covariance matrix, and state estimation of the Kal-
man Filter. Here s = [Box, VBOX]T, Box represents the predicted
bounding box, and V., contains the estimated velocities of all ele-
ments in Box. Besides, the warp operation denotes the ECC align-
ment, notice that it is only applied to the Box part of Fs;.
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3.2. Dynamic reconnection context (DRC)

When severe occlusion or blur happens, it will inevitably lead to
plenty of missing detections, and force the trajectories to be deac-
tivated temporally. To ensure the robustness of long-range track-
ing, in this subsection, we devise the DRC module for motion-
based reconnection, based on the estimated motion states and pre-
dictions of IML module. Our DCR module consists of two parts,
namely the motion-based dynamic-window and cyclic pseudo-
observation trajectory filling.

4. Motion-based dynamic-window

In crowded multi-object scenarios, there are lots of interactions
and occlusions among different pedestrians, which will cause tra-
jectories to be broken or overlapped.

The normal solution is to use RelD embedding metric to recon-
nect deactivated trajectories. But this way cannot work well for
discriminating small-scale, occluded, blurred, and similar objects.
Moreover, RelD-based association is a fully connected matching
strategy, which is time-consuming and unreliable due to the
absence of temporal-spatial constraints. Worst of all, it still cannot
recover any piece of the tracking fragments even though success-
fully reconnected.

To alleviate the above problems, we design the motion-based
dynamic-window mechanism. In detail, we suggest to enable the
full-lifecycle predictions for all trajectories using our IML module,
even though the trajectory is deactivated temporally due to associ-
ation failure. These continuous predictions can be employed as the
temporal-spatial cues to wait for the following track-detection
association.

In addition, because of various motion patterns of different
objects, such as the diverse moving speeds of pedestrian and cam-
era, it is unsuitable to set a unified reconnection window for all
deactivated trajectories. Our IML can work steadily with continu-
ous observation updating. But during deactivated period, without
observation updating, pure inertia prediction may become more
and more unreliable, especially for trajectories with fast-moving
pedestrian or camera. Therefore, to ensure the robustness of
long-range tracking, we propose an adaptive mechanism to deter-
mine the motion-based reconnection window dynamically. As
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shown in formula (2), the dynamic-window of each object is based
on its current motion states.

Lyec = Linay * e~ #*lcam+(1=2)+Vbox] 2)
where L. denotes the dynamic length of reliable reconnection win-
dow, Ly represents the maximal length of possible reconnection,
|Vpox| denotes the estimated Kalman velocity as defined in the
description of formula (1), and « is the coefficient describing the
weights of different motion patterns. Besides, I, is the intensity
of camera motion that can be defined as formula (3).

W xR

Iegm=1——i""""—"——
[Wa | xR [|”

R=0 3)
here W denotes the vectorization of affine matrix in ECC model, and
R means the affine matrix of static frames. I is the identity matrix

and O is the all-zero matrix.

5. Cyclic pseudo-observation trajectory filling

With the help of motion-based dynamic-window mechanism,
most deactivated trajectories can be reconnected successfully in
longer windows with highly reliable temporal-spatial constraints.
As shown in Fig. 2, the predictions of IML denote the inertia IML.
During the deactivated period, although they can be directly
retained to construct the missing tracking fragments, they may still
be far away from the true trajectory, and not smooth enough with
a saltation at reconnection point B.

Therefore, we present the cyclic pseudo-observation trajectory
filling strategy to smooth the predictions of IML nonlinearly,
obtaining final filled tracking fragments. In Fig. 2, some trajectory
is interrupted from active to deactivated at point A, and recon-
nected successfully at point B through the track-detection associa-
tion. Then our trajectory filling strategy can be described as the
following three steps.

Step 1: Linear initialization, utilize the linear interpolation algo-
rithm to generate the initial boxes for all frames between point A
and B, with the uniform changes in position and scale.

Step 2: Forward IML updating, treat the initial boxes obtained at
Step 1 as the pseudo-observations, and forward update the trained
IML model at point A frame by frame until point B.

Step 3: Backward IML updating, train a new IML model back-
ward with several frames of the tracklet after point B. Then use
the predictions obtained at Step 2 as the pseudo-observations,
and backward update the trained IML model at point B frame by
frame until point A.

Detection
B Backward IML
X Y
// . 1
i e o
17
- aTrack

o
1

7 :

Linear initialization 2 “Tnertia IML

s N * Inertia Kalman
o~

-~

Forward IML ~ =
A""—— -

A

S oy
;< Dynamic window :

Fig. 2. Illustration of the cyclic pseudo-observation trajectory filling process.
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After these three steps, the final corrected predictions are
employed to fill in the tracking fragment. Consequently, the final
filled tracking fragment will take the linear initialization of Step
1 as the baseline, the first half is mainly forward smoothed by
the IML model at point A, and the latter half is mainly backward
smoothed by the IML model at point B. This kind of cyclic nonlinear
smoothing can further reduce the offset between the filled trajec-
tory and true trajectory.

Notice that if we do not apply the nonlinear cyclic pseudo-
observation trajectory filling strategy to smooth the inertia IML
predictions after successful reconnection, but provide the continu-
ous online predictions through our IML module, the inference pro-
cess of our MAT is exactly an online MOT paradigm. Besides, the
complete MAT with nonlinear cyclic smoothing only uses the
reconnection point to correct the online IML predictions in the
tracking fragments, and does not use a lot of information of future
frames like the offline methods. Therefore, our proposed MAT can
be regarded as a near-online MOT method.

5.1. 3D integral Image (3DII)

During the data association stage, we need to calculate the cost
matrix among predicted tracks and corrected detections. It is usu-
ally performed in a fully connected manner. Unfortunately, in a
dense multi-object scenario, the number of objects can be dozens
or even hundreds, this calculation manner means a significant time
cost. So, we present the 3DII module to efficiently cut off useless
track-detection connections, by transferring all detections into
the multilayered encoding maps.

As shown in Fig. 3, the input frame with K detections is divided
into M x N cells, then the K-layered encoding maps will be con-
structed with size of M x N for each layer. Each detection corre-
sponds to one layer, the map for this layer is initialized with all
zeros, and the cells within partial-covered region of this detection
bounding box will be encoded as ones. Therefore, the 3DII of the K-
layered encoding maps at location (m, n) can be modeled as the
sum of one-valued cells from (0, 0) to (m, n) for each layer as:

Isp(m,n) = Zm’gm,n’gvrf(m/7 n)

where I3p represents the K-dim integral image, and f denotes the K-
layered encoding maps with binary values.

To accelerate the calculation of formula (4), we can simplify its
calculating process using dynamic programming.

(4)

Ip(m,n) =I3p(m,n—1) + I3p(m - 1,n)

~Isp(m—1,n—1) +f(m,n) ()

For each track, first, the diagonal coordinates of its bounding
box can be mapped to the coordinate system in f as [x1,X2,¥;,Ys)-
Then, utilizing the above 3D integral image in formula (5), the
detections within partial-covered region of this track will be
obtained directly with nearly constant time cost.

Ip(X1 : X2,¥1 1 ¥2) = I3p(X2,¥,) + Iap(x1 — 1,y, = 1)
—IgD(X1 - 1,3/2) - I3D(x27y1 - ])

where the non-zero value in computed I3p(x; : X2,¥; : y,) denotes
the found nearby detection.

Notice that most of the operations in 3DII are assignment, addi-
tion or subtraction, so the time cost for filtering useless track-
detection connections can be dramatically reduced. Besides, the
3DII is easy to enable the temporal-spatial constraints at any
scale-level by just changing the cell size.

(6)

5.2. Algorithm representation of MAT
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Fig. 3. The encoding and filtering process of 3DII module.

Algorithm 1. Tracking process of our MAT approach using
public or private detector

Input: Image sequence I = {I1,1, -
detections 2 = {D1,D5,---,Ds}.

-,Is}, public or private

Output: Trajectories 7.
1.Initialize trajectories with null that 7 — ¢;
2. #): Deactivated length of 7, initialized by 0;
3.fort=1,---,Sdo
4. T; «— Obtain tracks by applying IML to 7 referring to
formula (1);
if private then
By — Dy;
else
B; «— NMS(Regress_and_Classify({D, Tt}));
Cost «— Calculate cost matrix of 3DII(B;, T;) by loU
metric;
10.Associate the B; with T; using KM algorithm according to
Cost;
11.for 7, € 7 do

5.
6.
7.
8.
9.

12. Update the L. of 7 referring to formula (2);
13. if T, is associated with B;; then

14. Tk — Tk+B

15. Fill in the tracking fragment of 77 using DRC;
16. P =0;

17. else

18. if # > Ly.c then

19. Stop further tracking of .77 ;

20. else

21. Hold T, with .7 temporarily for further IML;
22. L+ -+

23.for B;j < B; do

24. if B;; is not associated with anyone of T; then

25. T — T +Bj;

26. Remove ultra-short trajectories from .7~ for post-
processing.
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As shown in Algorithm 1, we merge the pipeline of our MAT
approach with public or private detector, and provide the corre-
sponding pseudocode representation of Fig. 1 and Sections 3.1-
3.3. As illustrated at line 9, we use the simplest loU metric to eval-
uate the temporal-spatial similarity of the candidate track-
detection connections. Moreover, based on 3DII module, we can
efficiently cut off the unreliable connections with low IoU, before
performing the Kuhn-Munkres (KM) algorithm [19] at line 10. Here
the IoU threshold of valid candidate connection can be set as 0.3.

6. Experiments
6.1. Experimental settings

Experiments are conducted on two widely used challenging
MOT benchmarks: MOT16 and MOT17 [1]. Although they contain
the same 7 training sequences and 7 test sequences, they provide
different public detections and ground truth labels. Such as,
MOT17 uses three public detectors, namely the DPM [14], Faster
R-CNN, and SDP [31], here their performance increases in turn.
But MOT16 only includes the DPM detector. These benchmarks
consist of many challenges, for instance frequent occlusion, and
the scenes are heavily crowed and vary in the camera poses, object
scales and frame rates.

Evaluation Metrics. Evaluation is carried out according to the
widely accepted CLEAR MOT metrics [3], including the Multiple
Object Tracking Accuracy (MOTA), ID F1 Score (IDF1), False Posi-
tives (FP), False Negatives (FN), Identity Switches (IDS), and Tracker
Speed (Hz), et al. Among these performance metrics, the MOTA and
IDS can quantify the main two aspects as trajectory accuracy and
purity.

Implementation Details. All the experiments are implemented
using PyTorch and run on a desktop with a CPU of 10
cores@2.2 GHz and a RTX2080Ti GPU. As for the detector, based
on pre-trained network parameters on COCO datasets [7], we re-
implement Cascaded RCNN [6] by changing the anchor scales to
{32, 64, 128, 256, 512} and anchor aspects to {1.0, 2.0, 3.0}. The
detector is simply trained on the training set of MOT17, by taking
the samples with label 1 and visibility above 0.1 as positives, and
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the others as negatives. Random flipping is adopted to realize the
data augmentation, and all the clip operations for ground truth
boxes, anchors, and proposals are canceled to obtain complete
detections even beyond the boundaries. The detector is trained
for 30,000 iterations with batch size of 8, using the multi-step
SGD optimizer with an initial learning rate of e~8. The vanilla
NMS [11] is employed with the confidence threshold of 0.05 and
IoU threshold of 0.5. For MAT, the simple IoU metric is used to cal-
culate the cost matrix of Kuhn-Munkres (KM) algorithm [19] for
motion-based association, the Kalman Filter is simplified as a con-
stant velocity model [22], L,ox and « in formula (2) are fixed as 120
and 0.95, the 3DII map size is set as 16 x 8, and the trajectories
whose length less than 5 frames are removed during post-
processing.

6.2. Ablation study

As is well-known, the MOTChallenge official organization limits
the number of times that researchers can submit results to the test
server. Our ablation study mainly aims to verify the performance of
our motion-aware designs, which do not depend on any training on
ground truths. Therefore, to avoid the possible influence caused by
the quality of detector, we evaluate the following implementations
on MOT17 training set for convenience. So did other researchers.

As shown in Table 1, the Baseline represents our re-
implemented Detector with Kalman, without any guidance of cam-
era motion and dynamic reconnection, which is the simplest ver-
sion of our MAT. Notice that the Baseline still includes a simple
reconnection mechanism like Tracktor++, the deactivated trajecto-
ries can be reconnected within a fixed window of 10 frames and
filled using the inertia predictions. The Baseline + means to replace
some modules in Baseline, such as the prediction or reconnection
mechanism. For instance, Baseline + Ego, Baseline + ECC, and Base-
line + IML replace the Kalman prediction of Baseline with the Ego,
ECC, and our IML, respectively. The Baseline + IML + DW just
replaces the fixed reconnection window of Baseline + IML with
our dynamic-window (DW) referring to formula (2). The
Baseline + IML + DRC is the non-accelerated implementation of
our MAT without 3DII module.

The results in Table 1 can verify that:

1) The Ego model cannot handle the motion alighments well
just like the analysis given in Section 3.1. The ECC model can
achieve nearly the same performance as Kalman Filter with much
lower IDS. In contrast, our IML model can bring Baseline tracker an
overall promotion on all metrics especially the IDS, which demon-
strates the powerful motion pattern compatibility of the IML
module.

2) Based on our IML module, it is also shown that the further
employment of our DW or complete DRC, can improve the tracking
performance of Baseline tracker with great margins on MOTA,
IDF1, FN, and IDS, but small sacrifice of FP. In other words, for
motion-based reconnection, it is essential to design a dynamic-
window according to various motion patterns. In addition, for tra-
jectory filling, our proposed cyclic pseudo-observation trajectory

Table 1
Ablation study in terms of different prediction models and motion-based reconnec-
tion mechanisms.

Method MOTA]  IDF1{  FP| EN| IDS|
Baseline 68.0 69.2 3749 102,709 1407
Baseline + Ego 455 414 14983 158850 9937
Baseline + ECC 68.2 69.1 3949 102,094 1083
Baseline + IML 68.7 71.1 3430 101,017 850
Baseline + IML + DW  71.1 74.6 10422 86,360 682
Baseline + IML + DRC  71.5 748 9711 85,653 701
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filling strategy (Baseline + IML + DRC) is proved to be more robust
than just using inertia predictions (Baseline + IML + DW), with
lower FP, FN and higher MOTA, IDF1. Note that the IDS of DW is
slightly smaller than DRC since much more long-range trajectories
are tracked by DRC.

Dynamic window. The above ablation experiments (Baseline +
IML + DW vs. Baseline + IML) have confirmed that our design of
dynamic reconnection window can obtain greater improvement
than fixed one, even using inertia predictions to fill in the tracking
fragments. Fig. 4 gives more details about dynamic vs. fixed win-
dow. Here they both use the powerful cyclic pseudo-observation
trajectory filling, and share the same maximal length of possible
reconnection L,q,. The curves in Fig. 4 reveal that with the increase
of L, the DRC module based on dynamic-window gradually out-
performs the fixed window with higher MOTA, and the peak point
is up to 120 frames to enable the long-range tracking tasks.

3DII module. During the data association stage, it is necessary
to cut off useless track-detection connections using temporal-
spatial constraints. If a detection has some overlap with the region
of a surrounding track’s bounding box, then the detection will be
assigned as a candidate of the track. To verify the acceleration per-
formance of our 3DII module, as a contrast, we also present an loU-
based fully-connected method to filter the track-detection connec-
tions without IoU, named as IoU-filter. The speed comparison is
illustrated in Fig. 5, where the number of tracks and detections is
simply set to the same for each track-detection association. The
larger track-detection number denotes the denser multi-object
scenario. The results in Fig. 5 demonstrate the significant advan-
tage of our 3DII module in acceleration with nearly the constant
time cost, against the loU-filter, especially when there exist a large

—8— Fixed
—@— Dynamic

L L L L L L L

0 20 40 60 80 100 120 140

max

Fig. 4. Dynamic vs. fixed window motion-based reconnection with different
maximal lengths.

35 4 T T T

| |——IoU-filter
——3DIll
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track-detection number
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Fig. 5. Speed comparison between our 3DII module and loU-filter.
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number of pedestrians per frame. Note that our 3DII module can
easily enable the temporal-spatial constraints at any scale-level
by just changing the cell size, while loU-filter can only judge
whether there is an intersection.

Portability analysis. Our proposed MAT is an enhanced MOT
paradigm, and it mainly devotes to enhance and cooperate with
the tracking part of a tracker. It can be completely independent
of the detector. In other words, our MAT is a plug-and-play solu-
tion, which can be easily embedded into any tracking-by-
detection MOT tracker. As shown in Table 2, we embed our MAT
into the FairMOT, which is by far the latest open source state-of-
the-art tracker. Note that the following experimental verifications
are also performed on the MOT17 training set. In detail, we main-
tain the detector part of FairMOT, and replace its tracking strategy
using our MAT.

In Table 2, FairMOT(w/o ReID) + MAT means that FairMOT
tracker completely abandons its RelD-based association and uses
our MAT for motion-based prediction, reconnection, and associa-
tion. Compared with this high-performance baseline (MOTA equals
to 83.8), even without using its ReID embedding for appearance
matching, our MAT can still bring a steady improvement on MOTA
(+2.7), while the IDF1 only decreases by 0.1.

Moreover, on the basis of FairMOT(w/o RelD) + MAT, if we fur-
ther utilize the RelD embedding of FairMOT to filter out unreason-
able (the threshold is set to 0.3) motion-based associations, then
we have the FairMOT(w/RelD) + MAT. With the help of ReID mod-
ule, FairMOT(w/RelD) + MAT outperforms FairMOT(w/o
RelD) + MAT by 0.7 of IDF1, while the MOTA is only improved by
0.2. Notice that including RelD branch requires additional compu-
tational resources and time.

Combining the results in Table 1 and Table 2, we can further
draw the following conclusions. Such as, our MAT is indeed a
plug-and-play solution, which can steadily bring about 3 points
of MOTA boost and higher IDF1 to the baseline tracker. Besides,
when the detector is powerful and frame rate is high enough, our
MAT is sufficient to achieve a good performance (high MOTA)
without RelD and other complex modules.

Memory & Speed. Together with our re-implemented Cascaded
RCNN detector and the proposed MAT, our complete tracker usu-
ally consumes about 2.65 GB of physical memory, and 2 GB of
graphics memory.

In addition, according to Fig. 1, our complete tracker consists of
five components, namely the IML, 3DII, DRC, Detector, and Associ-
ation. Refer to the speed calculation manner of FairMOT, the time
taken to read and preprocess the images is not counted. Then the
detailed speed of our complete tracker in terms of its different
components is shown in Table 3. The overall speed of our complete
tracker can reach 18.5 FPS using just one RTX2080Ti GPU. Among
all these counted components, the Detector (our re-implemented
Cascaded RCNN) and Association (KM algorithm) components are
both very time-consuming. But strictly speaking, they are com-
pletely independent of our pure MAT, which just contains the
IML, 3DII, and DRC. As shown in Table 3, the speed of our pure
MAT can reach as high as 50.6 FPS. Thus, our MAT is proved to
be a lightweight solution.

Table 2

Portability experiments of MAT based on the modification of FairMOT.
Tracker MOTAT IDF1]  FP| FN| IDS|
FairMOT 83.8 81.9 8136 44,631 1659
FairMOT(w/o RelD) + MAT  86.5 818 16,047 28467 1128
FairMOT(w/RelD) + MAT 86.7 82.5 14,211 29,559 1065
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Table 3

Detailed speed of each component of our complete tracker.
Component Hz/FPS
IML 925
3DII 685.9
DRC 133.8
Detector 37.8
Association 126.9
Pure MAT (IML + 3DII + DRC) 50.6
Ours (complete tracker) 18.5

6.3. Parameter sensitivity analysis

According to the experiments in Fig. 4, we demonstrate that, for
better long-range tracking performance, the maximal possible
reconnection length L, in formula (2) can be up to 120 frames.
Here we fix L. as 120 and then test the performance sensitivity
of another parameter o in formula (2), as shown in Fig. 6. Notice
that the other experimental settings of this subsection are the
same as the ablation study of Section 4.2. The results in Fig. 6
reveal that, to determine the dynamic length of reliable reconnec-
tion window for better MOTA performance, the intensity of camera
motion should play the main role when compared with the esti-
mated Kalman velocity. Nevertheless, directly removing |Vpo| from
the formula (2) and setting o as 1 is not the best option. Besides,
our final MOTA performance is not very sensitive with the varia-
tion of parameter o. Therefore, as described in the implementation
details of Section 4.1, o in formula (2) can be fixed as 0.95 for all
the experiments.

In addition, as mentioned in Fig. 2 and Section 3.2, for cyclic
pseudo-observation trajectory filling process, there is a parameter
in Step 3 for backward IML updating, namely the backward tracklet
length. The backward tracklet consists of several tracks after point
B, which are used for training a new backward IML model. Here we
test the performance sensitivity of this parameter, and the corre-
sponding MOTA results of different backward tracklet lengths are
shown in Fig. 7. It is verified that our final MOTA performance is
quite insensitive to the backward tracklet length. Thus, according
to the results of Fig. 7, we fix this parameter as 3 for all the
experiments.

6.4. Evaluation on benchmarks

As mentioned before, our complete MAT mainly devotes to
enhance the tracking part of a tracker, so it can easily cooperate
with the public or private detector. Besides, it can be regarded as
a near-online (denoted using NO) tracker.

Here, we evaluate the comprehensive performance of our MAT
approach on the test sets of MOT16 and MOT17, using both the

0.75

0.8 0.85 0.9

a in formula (2)

0.95 1

Fig. 6. Sensitivity analysis experiment of o in formula (2).
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72 public and private detectors. We also compare MAT with other
state-of-the-art (SOTA) public and private trackers, which have
been officially published or peer reviewed with results on these

71.47 71.49 71.47  71.45 71.45 71.46 benchmarks. The comparisons are shown in Table 4 and Table 5,
where the SOTA offline, online, and near-online MOT methods
are all included. Such as the offline trackers (denoted using Off)
like MPNTracker [5], Lif-T [16], NOTA [45], JBNOT [46], and

LPCMOT [47]. The online trackers (denoted using O) like Trackor+

+, DeepMOT [29], UMA [32], UnsupTrack [18], CenterTrack, JDE

[26], FairMOT, CTracker, and Tube_TK [21]. And the near-online

trackers (denoted using NO) like MHT-DAM [48], bLSTM-MTP

[49], EDMT [50], and MLT [51].

As demonstrated in Table 4 and Table 5, our MAT significantly
outperforms all these SOTA MOT methods by a large margin, espe-
L. cially in terms of MOTA and FN. Besides, for our MAT, the metrics
backward tracklet length in Fig. 2 of IDF1 and IDS are almost the best, no matter using the public or
private detector. Additionally, our MAT has much lower time cost,
as shown in the Hz column, compared to most of the trackers. It
should be noted that, the main emphasis of this paper is the

2 3 4 5 6 7

Fig. 7. Sensitivity analysis experiment of backward tracklet length in Fig. 2.

Table 4

Comparisons of SOTA MOT methods on MOT16 test set.
Method MOTAT IDF17 FP| FN| IDS| Hz|
Public Detector on MOT16
MPNTracker(Off) 58.6 61.7 4949 70,252 354 6.5
Lif_T(Off) 61.3 64.7 4844 65,401 389 0.5
NOTA(Off) 49.8 55.3 7428 83,614 614 -
Trackor++(0) 54.4 52.5 3280 79,149 682 2.0
DeepMOT(0) 54.8 534 2955 78,765 645 -
UMA(O0) 50.5 52.8 7587 81,924 685 5.0
UnsupTrack(0) 62.4 58.5 5909 61,981 588 1.9
MHT-DAM(NO) 45.8 46.1 6412 91,758 590 0.8
bLSTM-MTP(NO) 49.9 52.5 7111 83,676 579 23.8
EDMT(NO) 45.3 47.9 11,122 87,890 639 1.8
MLT(NO) 52.8 62.6 5362 80,444 299 -
Ours(NO) 67.7 69.6 6337 52,234 379 18.5
Private Detector on MOT16
JDE(O) 64.4 55.8 - - 1544 18.8
FairMOT(0O) 68.7 70.4 - - 953 25.9
CTracker(0) 67.6 57.2 8934 48,305 1897 344
Tube_TK(O) 66.9 62.2 11,544 47,502 1236 1.0
Ours(NO) 70.5 63.8 11,318 41,592 928 18.5

Table 5

Comparisons of SOTA MOT methods on MOT17 test set.
Method MOTA? IDF171 FP| FN| IDS| Hz|
Public Detector on MOT17
MPNTracker(Off) 58.8 61.7 17,413 213,594 1185 6.5
Lif_T(Off) 60.5 65.6 14,966 206,619 1189 0.5
JBNOT(Off) 52.6 50.8 31,572 232,659 3050 5.4
LPCMOT(Off) 59.0 66.8 23,102 206,948 1122 4.8
Trackor++(0) 53.5 52.3 12,201 248,047 2072 2.0
CenterTrack(O) 61.4 53.3 15,520 196,886 5326 -
DeepMOT(O) 53.7 53.8 11,731 247,447 1947 -
UMA(0) 53.1 54.4 22,893 239,534 2251 5.0
UnsupTrack(0) 61.7 58.1 16,872 197,632 1864
MHT-DAM(NO) 50.7 47.2 22,875 252,889 2314 0.9
bLSTM-MTP(NO) 53.6 55.8 23,669 236,226 1845 22.7
EDMT(NO) 50.0 51.3 32,279 247,297 2264 0.6
MLT(NO) 54.8 62.9 19,118 234,303 1077 -
Ours(NO) 67.1 69.2 22,756 161,547 1279 18.5
Private Detector on MOT17
FairMOT(O) 67.5 69.8 - - 2868 25.9
CTracker(0) 66.6 574 22,284 160,491 5529 34.4
CenterTrack(O) 67.3 59.9 23,031 158,676 2898 -
Tube_TK(O) 63.0 58.6 27,060 177,483 4137 3.0
Ours(NO) 69.5 63.1 30,660 138,741 2844 18.5
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motion-aware designs but not the optimization of detector. Hence
our re-implemented detector may not be as powerful as other pri-
vate detectors in terms of accuracy and speed. Even so, our MAT
still wins the championship on the primary metric MOTA, which
reflects the overall tracking performance.

To summarize, the reason why our proposed MAT can achieve
superior tracking performance in MOTA and IDF1 is mainly due
to the powerful motion compatibility of IML module, which
ensures the continuity and purity of trajectories. Additionally, by
further employing the DRC module, the long-range motion-based
tracking and reconnection become true with dramatical decreases
of FN and IDS. Furthermore, given a fast detector, our MAT can
achieve the high tracking speed. Specifically, by imposing
temporal-spatial constraints and filtering useless track-detection
connections, our 3DII module can address another speed bottle-
neck for data association with nearly constant time cost.

6.5. Visualization results

First, to further highlight the motion-aware ability of our pro-
posed IML and DRC modules, we present the visualization results
of different trajectory filling strategies using SDP detector in
Fig. 8. Just like the colors used in Fig. 2, the green boxes indicate
the ground truth boxes, the blue boxes denote the inertia IML pre-
dictions, and the yellow boxes represent the filled tracking frag-
ments by our DRC module. Frame 232 corresponds to the
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deactivated point A in Fig. 2, and frame 254 means the reconnec-
tion point B. The visualization comparisons in Fig. 8 support the
discussions in Fig. 2 vividly and consistently, that the filled trajec-
tory using our DRC module is smoother and closer to true trajec-
tory with smaller offset. In contrary, if the pedestrian changes
the walking direction slightly during being occluded, just like the
target lady in Fig. 8, the inertia IML predictions become further
and further away from ground truth boxes like the tracking from
frame 232 to frame 252. Moreover, it may lead to a saltation when
reconnected, such as the non-smooth transition of blue boxes from
frame 252 to frame 254.

Moreover, as shown in Fig. 9, we select a typical occlusion sce-
nario to compare our MAT with two related trackers qualitatively,
namely the Tracktor++ and DeepSort. The tracking results of our
MAT and Tracktor++ are based on the public SDP detector, and
DeepSort uses its private detector. The red target pedestrian in
the white dotted rectangle is occluded when passing by the street-
light. It can be seen from Fig. 9 that Tracktor++ and DeepSort are
both unable to accurately track this man. They treat this target
pedestrian as two different identities before and after being
occluded, which will inevitably cause False Negatives and Identity
Switches. In contrast, our MAT can address this problem effectively
through the proposed IML and DRC modules, and maintain the tra-
jectory accuracy and purity of the occluded object.

Other detailed qualitative visualization results are shown in
Fig. 10. All the test sequences are tracked by our MAT using SDP

MOT17-04-#250

MOT17-04-#252

MOT17-04-#254

Fig. 8. Visualization comparisons of trajectory filling by inertia IML (blue) or DRC module (yellow) using SDP detector. The green boxes indicate the ground truth boxes. (For
interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.)
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MOT17-03-#766 MOT17-03-#740

MOT17-03-#800

MAT(Ours) Tracktor++ DeepSort

Fig. 9. Qualitative comparisons of our MAT with the Tracktor++ and DeepSort in a typical occlusion scenario. The white dotted rectangle indicates the tracking results of the
red target pedestrian. (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.)

MOT17-07-#325 MOT17-07-#341 MOT17-08-#210 MOT17-08-#220

MOT17-12-#695 MOTI17-12-#722 MOT17-14-#404 MOT17-14-#418

Fig. 10. Visualizations of tracking results of our MAT approach using SDP detector on MOT17 test set.
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detections as observations. Intuitively, our proposed MAT can out-
put accurate tracking boxes of pedestrians with consistent identi-
ties. Besides, our MAT is robust enough to the irregular camera
motions (such as MOT17-06 and MOT17-14), crowded scenarios
(such as MOT17-03), and various camera viewpoints (such as
MOT17-03 and MOT17-07). Especially for MOT17-14 sequence,
which is captured in a busy street by a fast-moving camera that
is mounted on a bus. Our proposed MAT can still be able to track
all the pedestrians steadily and continuously.

7. Conclusion

In this paper, we propose an enhanced MOT paradigm named as
MAT, which mainly focuses on powerful motion-aware designs,
such as motion-based prediction, reconnection, and association.
Our MAT contains three key modules, namely the IML, DRC, and
3DIL In detail, the IML module is developed for blending various
motion patterns compatibly. The DRC module is devised to deter-
mine reconnection window dynamically and fill trajectory
smoothly. The 3DII module is presented for the fast temporal-
spatial filtering of useless track-detection association connections.
Extensive experiments are conducted on the widely used
MOT16&17 challenging benchmarks, and all the results demon-
strate the superiority of our MAT approach in terms of the SOTA
accuracy and high efficiency. Besides, our MAT is a plug-and-play
solution, its architecture is quite simple and has strong generality
and extensibility, which can be easily embedded into any tracking-
by-detection tracker or video detector.
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