2023 IEEE International Conference on Robotics and Automation (ICRA 2023)

May 29 - June 2, 2023. London, UK

DFR-FastMOT: Detection Failure Resistant Tracker for Fast
Multi-Object Tracking Based on Sensor Fusion

Mohamed Nagy, Majid Khonji, Jorge Dias and Sajid Javed!

Abstract— Persistent multi-object tracking (MOT) allows
autonomous vehicles to navigate safely in highly dynamic
environments. One of the well-known challenges in MOT is
object occlusion when an object becomes unobservant for
subsequent frames. The current MOT methods store objects
information, such as trajectories, in internal memory to recover
the objects after occlusions. However, they retain short-term
memory to save computational time and avoid slowing down
the MOT method. As a result, they lose track of objects
in some occlusion scenarios, particularly long ones. In this
paper, we propose DFR-FastMOT, a light MOT method that
uses data from a camera and LiDAR sensors and relies on
an algebraic formulation for object association and fusion.
The formulation boosts the computational time and permits
long-term memory that tackles more occlusion scenarios. Our
method shows outstanding tracking performance over recent
learning and non-learning benchmarks with about 3% and 4%
margin in MOT A, respectively. Also, we conduct extensive
experiments that simulate occlusion phenomena by employing
detectors with various distortion levels. The proposed solution
enables superior performance under various distortion levels
in detection over current state-of-art methods. Our framework
processes about 7,763 frames in 1.48 seconds, which is seven
times faster than recent benchmarks. The framework will
be available at https://github.com/MohamedNagyMostafa/DFR-
FastMOT.

I. INTRODUCTION

Multi-object tracking (MOT) provides information about
the surrounding objects, allowing autonomous vehicles (AVs)
to avoid collisions with other cars by making proper navi-
gation decisions. AVs rely on sensors such as cameras and
LiDAR to obtain sufficient information for object tracking.
We categorize the recent research work into two groups: the
first group uses mono-sensor, and the other group employs
multi-sensors to collect information for MOT.

As shown by Chaabane [1], Tokmako [2], and Wu [3], they
rely on either a camera or LiDAR sensor to localize and
track objects. However, sensors usually have limitations; for
example, LiDAR performance decreases in fog and sandy
weather. On the other hand, a camera sensor resolution drops
in night scenes. Accordingly, Wang [4] and Kim [5] fuse data
from a camera and LiDAR sensors as well as employ Kalman
Filter (KF) [6] to track objects by trajectory estimation.
Similarly, Wu [3] fuses LiDAR, IMU, and GPS sensors to
track objects in 3D, considering object orientations. Even
though Wu [3] achieves high tracking performance as a
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Fig. 1: Our approach recovered objects in two occlusion
scenarios when DeepFusionMOT [4] and Eager-MOT [5]
methods could not retrieve them.

learning-based solution compared to other benchmarks, in-
cluding non-learning based, the tracker skeleton is vast. It
requires evolved hardware, like multiple GPUs, which makes
the method not applicable to some applications, such as
mobile robots. Besides, learning-based solutions fail under
prolonged occlusion scenarios when an occluded object does
not appear within the frame’s stack fed to the deep learning
model. Furthermore, the proposed non-learning solutions,
like Wang [4] and Kim [5], sacrifice the tracking performance
for less computational time by maintaining a short-term
memory for objects during occlusions. Thus, these methods
fail to capture some occlusions, as shown in Figure 1.

In this work, we propose an MOT method that tackles
the limitations of the previous work, non-learning (Low
performance caused by object occlusion) and learning (High
computational time) solutions. Our method utilizes data from
LiDAR and camera sensors. It relies on an algebraic model to
associate and fuse objects, enhancing the computational time
and allowing memory expansion to capture more occlusion
scenarios. The method can utilize mono or multi-detectors
to perform MOT, which makes it applicable to several
autonomous applications, like mobile robots.

We summarize our contributions as follows:

1) We propose a light MOT framework with a remarkable
tracking performance over the current learning and
non-learning MOT methods with less computational
time, which is about seven times faster than recent
non-learning methods.



2) We simulate occlusion phenomena by employing var-
ious detection distortion levels to evaluate the perfor-
mance of our solution under object occlusion. The
framework shows superior performance throughout the
experiments over other benchmarks.

We show the framework’s capability to track ob-
jects under different types of occlusion, such as off-
scene objects, objects with single detection information
2D/3D, and multi-object occlusion.

3)

II. LITERATURE REVIEW

Many research works propose outstanding performance in
object tracking [7]-[11] that employ a tracking-by-detection
paradigm. Bewley et al. [12] introduce SORT for online
MOT where they use Kalman filter (KF) [6] for object’s
trajectory estimation using historical observations. They op-
erate the Hungarian algorithm [13] to associate the objects
in the subsequent frames. On the other hand, Bochinski et
al. [14] take advantage of high-rate frames and sophisticated
detectors to associate objects using Intersection Over Union
(IoU). Hence, they achieve a competitive speed as an MOT
approach.

Despite the outstanding performance achieved by these track-
ers, object occlusion remains challenging since they need
to handle memory for the tracked objects. Moreover, they
assume the observant is always static, which is not applicable
in AV applications where the observant is usually in motion.
In addition, they utilize mono-sensor for MOT when it is
preferable to fuse multi-sensor data to overcome mono-
sensor faults.

Other research works propose MOT solutions for AVs. We
will discuss the research work that uses mono-sensor [1]-[3],
[15], [16] and multi-sensor [4], [5], [17]-[19] and emphasize
the pros and cons of each.

Chaabane et al. [1] propose a joint deep learning model
that composes detection and tracking tasks relying on object
appearance in captured camera frames by integrating an
LSTM model [20] to capture motion constraints. However,
This method needs to tackle the object occlusion problem.
Hence, Tokmakov et al. [2] introduce an object permanence
tracker supported by a spatio-temporal and recurrent mem-
ory module that identifies observed objects’ location and
identities using whole history. Although they have superior
performance for tracking occluded objects, they maintain
a permanent history for objects that may harm association
efficiency in long-term running. Besides, utilizing one source
of information reduces the robustness of the solution.

On the other hand, research works [4], [5], [17] consider
object tracking using multi-sensor fusion. The methods ob-
tain information using sophisticated detectors from 2D cam-
era frames and 3D LiDAR point cloud. Kim et al. [5] use pre-
trained deep learning models [21]-[23] for object detection.
Next, they engage KF to estimate object trajectories by asso-
ciating the detection outcomes with prior observations using
IoU. The limitation of this work is that they use a naive KF
model that assumes objects always have a constant velocity,
which does not apply to objects like cars. Wang [18] and Kim
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[19] apply non-linear filters to estimate complex motion for
tracked objects. Kim [19] uses object distance from LiDAR
and Radar sensors to track objects utilizing the extended KF
and shows the result by operating Prescan simulator [24]
in different scenarios. In contrast, Wang [18] proposes a
modified version of the unscented KF for state estimation
that improves tracking accuracy. Meanwhile, Weng et al. [25]
use baseline algorithms, Hungarian algorithm [13], and show
the capability of baseline algorithms to achieve a comparable
tracking accuracy to the proposed deep learning solutions.

The previous work employs a short-term memory for ob-
jects that prevents capturing some occlusion scenarios, which
eventually influences the overall tracking performance. In
this work, we tackle this problem by introducing an algebraic
formulation for association and fusion steps that enhances
the MOT computational time and allows the integration of
long-term memory.

III. METHODOLOGY

The framework accepts 2D and 3D detection from camera
D?? and LiDAR D}? at time ¢, and unifies the detected
objects in a matching phase to prevent duplicated information
of the same object. Next, we associate the detection with
prior observed objects in the memory to obtain sets of un-
matched objects OF"™atehed and matched objects Oatehed,
The memory module updates the history of the matched ob-
jects Omatehed and adds the unmatched objects OQpnmatehed
as new objects. Furthermore, the memory module discards
aged objects that did not appear for a number of frames
H,; that exceeds € frames. We eventually employ KF with
constant acceleration to update objects’ trajectories 7}’ stored
in the memory and obtain state estimation for the subsequent
frames based on changes in the trajectories. Figure 2 shows
an overview of the framework.

In this section, we begin by exploring the detection inputs
for the framework, Section III-A. Next, we will explain the
association and fusion mechanism in Section II1I-B. Then, we
will discuss the tracking module in Section III-C, followed
by the memory management module of the framework in
Section III-D.

A. Detection Module

The framework requires input data from a camera and
LiDAR sensors; however, it may rely solely on 2D or 3D
detectors to perform tracking. The framework can employ
a mono-detector, either 2D or 3D, and obtain the other
detection information using calibration parameters and point
cloud projection that allows transformation from camera to
LiDAR system coordinates and vice versa, as shown in
Figure 2. The essence of employing mono-detection is to
make the framework applicable for real-time applications
when employing two detectors will be costly in terms of
power consumption and hardware requirements for some
AVs, particularly for mobile robots.

In the case of multi-detectors, we involve an additional
step, matching, where we match detection D?? and D} from
the detectors to prevent detection duplication for the same
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Fig. 2: A high-level overview of the proposed framework presents a pipeline of the vital modules in the framework. The framework accepts the detection
of objects in sensor data and unifies the objects to prevent object duplication. Next, it associates the unified objects with objects stored in the memory.
Eventually, the framework updates the trajectory estimation of all objects in the memory and estimates their state for the next frame.

object. To accomplish so, we use the same procedures of
mono-detector by obtaining 2D detection for objects from
D3d. Then, we consider a detection duplication of an object
when the transformed 2D bounding box from D¢ matches
one of the objects in D??. In the case of matching, we assign
the matched data in D?? and D3 to the object; otherwise, the
detection will be classified as two different objects. Hence,
the outcome is a set of objects .S; that contains objects with
2D, 3D, or a combination of the detection.

B. Association Module

The framework performs association and fusion steps in
an algebraic formulation that makes it seven times faster
than recently published benchmarks [4] [5]. We initially
introduce an association matrix, Equation 1, for each sensor;
association matrix M, for the camera and M for the LiDAR
sensor. The matrices have the same formulation as Equation
1, where the number of rows m is the number of current
detected objects by the sensor, and the number of columns n
is the number of objects stored in the memory. v;; represents
the association value between a recent detected object ¢ and
object 7 stored in the memory. Sections III-B.1 and III-B.2
describe how the association value is assigned based on the
sensor’s type.

vo,0 V0,1 V0,2

V1,0 V1,1 V1,2

(Y (Y (Y .
Msn = 20 21 2,2 m observed objects

Um,0 Um,1 Um,2

1)

n prior observed objects

In the fusion part, we merge the association matrices
using Equation 2 to obtain a fused association matrix M.
a. and o; represent the significance of the matrices. For
example, If LiDAR detection provides a robust association
result rather than camera detection, we would trust M; over
M. by increasing oy and decreasing ..

Mf :acMc+al(1 —Ml)
ac+a; =1 2)
Qe,0q <1
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Based on the matching step explained in Section III-A,
we can guarantee that both M, and M; will have the same
dimension. In case detection for an object does not exist, we
assign the object’s row in the matrix by the matrix threshold
based on the sensor type, introduced in Sections III-B.1 and
I11-B.2.

1) Camera Association Matrix (M.): To associate two
objects in 2D frames, we use IoU under a certain threshold
ac. The association value v;; between two objects can be
represented as follows:

Uij:{

If vror is less than ac, the corresponding v;; will equal
0, which means the objects are not matched. Otherwise, we
maintain vr,y for v;;. Accordingly, the M. matrix shows
matched objects with a corresponding v;; close to 1. The
time requires for matrix traversal is O(mn).

VIoU : VIoU 2 G,
: Otherwise.

2) LiDAR Association Matrix (M;): To handle more ob-
ject occlusions, we do not utilize IoU for the 3D association
matrix; we employ 3D centroid distance [26] instead. When
a prolonged occlusion happens, it is less likely to have an
intersection between the estimated bounding box and the
currently detected bounding box. Hence, we compute the
Euclidean distance between centroids of the 3D bounding
boxes, which gives more flexibility to re-identify occluded
objects. We perform a similar strategy as the M, matrix,
O(mn), by having q; as a Euclidean distance threshold. v;;
will be assigned as follows:

Uij{

We match the objects when wvg;s; converges to zero;
otherwise, we assign the threshold a; that refers to these
two objects as not matched.

To equally fuse M. and M;, we need to ensure that
both matrices have values between 0 and 1, which is not
the case for M;. Therefore, we normalize M; by dividing
by the maximum value, a;, to obtain a normalized matrix.
Eventually, we need to reverse this behavior to match M,
matrix. Thus, we perform (1 — M;) as shown in Equation 2

Vdist * Vdist < Ql,
a; : Otherwise.
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Fig. 3: The performance of the framework over various occlusion scenarios. A) Two occluded cars with either 2D or 3D information. B) Re-identify
off-scene objects caused by ego motion. C) Two cars occluded by a third tracked car.

to obtain a reversed behavior. Thus, v;; represents matched  bounding box, we solely employ top-left and bottom-right
objects when it converges to one instead. points to perform KF operations, and the top-left and bottom-

Using Equation 2, we obtain a fused matrix M that  right opposite corner points in the case of a 3D bounding box.
combines the association matrices from the sensors. We  We approach the following steps to perform KF estimation
eventually perform an algorithm similar to the Hungarian  for an object:

algorithm [13] to obtain the final association of the objects o First-time observation: When the object is observed
from M under association threshold ay. We pick the max- for the first time, we assign the detected bounding
imum value v;; that exists in M. Then, we associate the box location as the initial state for the object thd/gd,
corresponding objects and repeat the same algorithm till the followed by the KF prediction state to obtain state

maximum value v;; is below the threshold ay. In this case,
the algorithm terminates. In the worst case, searching for all

elements in My takes O(m?n?), which is the complexity of the LiDAR sensor solely observes the object. In this
matching all objects in M. Thus, the overall computational case, we perform both update and prediction states for
time for the association step of each sensor (M., M;) and the KF on the 3D bounding box data and perform the
fused matrix (My) is O(2mn) + O(m?*n?) — O(m?n?).

S 2d/3d
estimation 77 +{
e Mono-sensor observation: For simplification, assume

prediction step on the last estimated 2D bounding box,
if available.

. Tracking Modul
C. Tracking Module o Multi-sensor observation: If LiDAR and the camera

The tracking module performs KF for all objects stored observe the object, we perform the update and predic-
in the memory. The process involves two central states: tion states for KF on both 2D and 3D bounding box
Update state and Prediction state. The module updates information.
objects’  trajectory estima;jon computed at time ¢ — 1 in o Not observed: In the case of not observing an object,
a 33D camera frame 7¢¢ and 3D LiDAR point cloud we still perform the prediction state for KF on both 2D
Tp¢ using current observation of the objects by the and 3D bounding box information to keep track of the
sensors. The module updates objects’ location, velocity, object for a future appearance.

and acceleration in the update state. In the prediction
state, the module computes the following estimation of D. Memory Module
the objects’ location in both spaces, 77!, and T3¢, given
the last updated parameters, velocity and acceleration,
available for each object. In occlusion, the module only
launches the prediction state, which means the estimation
of objects’ location and velocity will change; meanwhile,

The memory module is essential for object occlusion.
Our framework enables long-term memory to capture high-
range occlusion scenarios, as shown in Figure 3. We discard
aged objects that do not appear for subsequent frames ¢, as
) ) ) illustrated in Figure 2. To do so, we employ Equation 3 to
the acceleration will be the same since we use a constant (1o ¢t the minimum number of subsequent frames H¥ where

acceleration model. Figure 3 shows three scenarios for . object k is not observed by the camera for a number of
object occlusion and how our method retrieves the occluded ¢ ¢ F75** 204 LiDAR for a number of frames H*°* at
t t

objects given either 2D, 3D, or both trajectories information.

time .
To reduce Fhe computationa.l time, we present Fhe KF HF = min( Htk”’ Htde) 3)
system and object data into matrices and apply KF estimation
on the least number of points required to draw 2D and 3D As explained in section III-C, the framework consistently

bounding boxes, which are two boundary points. For the 2D  updates KF estimation for all remaining objects in the
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\ Detector Method HOTAT MOTAT MOTP 1 DetA? AssAt IDSW, IDFIt MTt ML, Fragl |
2D YOLOV3 [27] EagerMOT [5] 36.5%  41.6% 764%  354%  38% 792 481% 105 124 855
+ DeepFusion-MOT [4] 30% 31.8%  774%  274% 33.1% 696  403% 28 241 819
3D PC Projection DFR-FastMOT(Our)  392%  445%  763%  363% 428% 38  534% 113 106 907
2D RCC [28] EagerMOT [5] 70.8%  822%  90.8%  795% 633% 1303 74% 413 26 213
+ DeepFusion-MOT [4]  42.6%  40.2% 907%  41.7% 4379% 1203 449% 81 211 1063
3D PC Projection DFR-FastMOT(Our)  81.9% 91% 90.7%  83.6% 80.3% 215  90.1% 485 12 239
2D RCC [28] EagerMOT [5] 69.1%  67.2% 852%  62.6%  76.5% 112 809% 499 10 316
+ DeepFusion-MOT* [4]  77.5%  87.3% 86.6%  754%  79.9% 83 91.9% 450 14 301
3D PorintRCNN [29]  DFR-FastMOT(Our)  82.8%  90.7%  90.6%  83.1% 82.6% 177 914% 503 8 238
2D RCC [28] EagerMOT [5] 78% 87.3% 87.6%  168%  79.5% 91 89.3% 509 7 246
+ DeepFusion-MOT [4]  772%  85.8% 86.8%  749%  79.9% 136 90.9% 426 22 280
3D PointGNN [30]  DFR-FastMOT(Our)  822%  90.2%  90.5%  825%  82% 189 90.5% 516 6 224
2D TrackRCNN [31] EagerMOT [5] 68.6%  63.2% 85% 60.8%  77.6% 102 804% 508 10 262
+ DeepFusion-MOT [4]  622%  57.7%  869%  51.5% 753% 65 732% 307 129 286
3D PorintRCNN [29]  DFR-FastMOT(Our)  70% 80.1% 826%  617%  72.7% 193 859% 425 18 608
2D TrackRCNN [31] EagerMOT [5] 78.2% 86% 87.5%  758% 80.8% 83 90.2% 522 6 184
+ DeepFusion-MOT [4] 66% 65.9% 862%  58.6%  74.6% 133 9% 351 86 386
3D PointGNN [30]  DFR-FastMOT(Our)  69.7% 80% 826%  677% 72.1% 203 852% 429 13 561

TABLE I: Results using the KITTI evaluation tool on the training and evaluation dataset employing three detector performances (Poor/Moderate/High)
with two of the recent benchmarks, EagerMot [5] and DeepFusion-MOT [4]. Black bold highlights are the highest achieved value per metric for each
detector. Red bold highlights are the highest achieved value per metric over all detectors. We provide this experiment results to the public so they can
access the results on individual streams of the dataset throughout this link: https://github.com/MohamedNagyMostafa/KITTI-MOT.Bench-Evals.git. We

highly encourage the following research to use the results to evaluate their trackers and share the tracking results.

memory and stores the new state estimation to be integrated
into the association module later.

IV. RESULTS AND DISCUSSION

We split this section into four subsections. We initially
introduce the utilized dataset and setup details of the con-
ducted experiment in Section IV-A. Then, we evaluate the
performance of our method with benchmark trackers under
low/moderate/high detection distortion to simulate occlusion
phenomena in Section IV-B. In the comparison, we run two
of the recent benchmark tracker frameworks. In Section I'V-
C, we evaluate our method against recent learning and non-
learning state-of-art methods. Finally, we conduct a running
time comparison in Section IV-D.

A. Dataset and experimental setup

We conduct our experiment on the KITTI [32] [33] dataset
that involves 21 streams with about 8,000 consecutive frames
since it contains long stream duration of various urban sce-
narios while driving in Karlsruhe, Germany. We use LiDAR
and camera information and calibration parameters provided
in the dataset. We use the KITTI evaluation tool [34] for
evaluation. To provide a transparent comparison with bench-
mark models, we pick two recent benchmarks, EagerMOT
[5] and DeepFusion-MOT [4], that provide modifiable source
code to integrate and run various detectors. We conduct the
experiments on the following hardware scheme: Processor:
11th Gen Intel Core i7-11370H 3.30GHz, GPU: NVIDIA
Geforce RTX3070 Laptop GPU. However, our framework
only uses the CPU to perform tracking.

B. Evaluation under detection distortion

A high detection distortion means a detector frequently
loses detection for objects due to poor detectors, so the

distortion resembles object occlusion when we lose detection
for objects in subsequent frames. In contrast, suitable detec-
tors have minor detection distortions. In this experiment, we
simulate occlusion phenomena by conducting detectors with
different detection distortions: low, moderate, and high. We
run the source code of two recent benchmarks, EagerMot
[5] and DeepFusion-MOT [4], and use the KITTI evaluation
toolkit [34] [33]. We involve 20 streams from the training
and validation dataset. We exclude stream 0017 since we
do the evaluation only for cars, and 0017 does not contain
any car objects. Table I shows an overview results of the
experiment. We can summarize it as follows:

Poor detector (High distortion): The 1st-row in Table |
shows an experiment using poor detection performance. We
conduct YOLOvV3 [27] for 2D detection and use calibration
parameters to project point cloud to obtain 3D detection.
Our tracker achieves 39.2% and 44.5% for HOT A and
MOT A, respectively, which is 3% higher than EagerMOT
[5] and 12% higher than DeepFusion-MOT [4]. Our approach
has a high association accuracy of 42.8%, with less id
switching than other trackers. Since poor detection means
inconsistent detection for objects, the results reflect tracker
stability under inconsistent or disconnected detection. Our
tracker outperforms the two benchmarks with inconsistent
detection.

Moderate detector (Medium distortion): The 2nd-row of
Table I shows the tracking performance under a moderate
performance detector. We conduct a similar setup as the
previous experiment with little modifications by replacing
YOLOV3 [27] with a more sophisticated detector, RCC [28].
We still obtain 3D detection by point cloud projection. The
results show that DeepFusion-MOT [4] cannot perform well
with poor 3D detection. In contrast, EagerMOT [5] perfor-
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mance has improved by achieving 70.8% for HOT A and
82.2% for MOT A. However, our tracker still outperforms
EagerMOT [5] by nearly 11% higher in both HOT A and
MOT A metrics. Our model also has less id switching, even
with poor 3D detection, which is the opposite for both
EagerMOT [5] and DeepFusion [4]. Finally, our model can
achieve the highest M OT A value, 91%, by conducting only
one detector with 5% higher than other benchmarks.

Good detector (Low distortion): The last four rows
in Table I present tracking results utilizing sophisticated
2D and 3D detectors. In this experiment, we switch
between RCC [28] and TrackRCNN [31] 2D detectors, and
PointGNN [30] and PorintRCNN [29] 3D detectors. Hence,
we have four rows to represent all possible combinations.
Our tracker generally has a better overall performance of
82.8% and 90.7% for HOT A and MOT A, respectively.
The tracker has superior performance under different
combinations of 2D detectors. However, we notice that
EagerMOT [5] has superior performance with TrackRCNN
[31] for 2D detection and PointGNN [30] for 3D detection.
The performance of EagerMOT [5] with PointGNN [30]
is better than PointRCNN [29], which explains having an
almost similar performance for EagerMOT [5] in the sixth
and fourth rows where PointGNN [30] is placed.

In conclusion, our tracker maintains superior performance
regardless of the performance of the assigned detectors.
Besides, our model has stable id switching over the exper-
iments, which is not applied for other benchmarks when
the IDSW explodes with poor and moderate detector per-
formance. However, our method has a higher IDSW than
benchmarks with good detectors for 2D and 3D, which might
be caused by noise obtained by holding a long-term memory
in our framework to handle prolonged occlusion.

C. Evaluation with learning and non-learning benchmarks

| Method Detector ~HOTAT MOTAt AMOTA? |
PC-TCNN [3] 3D 89.44% -
FANTrack [35] 2D+3D 74.30% 40.03%
AB3DMOT [25] 3D 83.35% 44.26%
mmMOT [36] 2D+3D 74.07% 33.08%
GNN3DMOT [37] 2D+3D - 84.70% -
DeepFusion-MOT [4] 2D+3D 77.65% 88.33% 82.52%
EagerMOT [5] 2D+3D 78.53% 87.67% 45.62%
DFR-FastMOT (Our) 2D 83.4% 93.06 % 90.79%
DFR-FastMOT (Our) 2D+3D 84.28% 91.96% 85.36%

TABLE II: A comparison with other state-of-art methods includes non-
learning and learning-based trackers using the KITTI evaluation dataset.

We perform another evaluation with other benchmarks
referring to claimed results on the evaluation dataset of
KITTI and obtain tracking results of EagerMOT [5] and
DeepFusion-MOT [4] frameworks by running them on our
machine. The comparison involves recent learning and non-
learning tracking approaches. Although the PC-TCNN [3]
tracker achieves higher performance than other benchmarks
as a learning-based approach, our tracker outperforms the
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benchmark models, including learning-based approaches,
with a 3% margin in MOTA. As shown in Table II, the
tracker achieves 93.06% M OT A accuracy employing solely
RCC 2D detector with point cloud projection. We notice
that the tracker has consistent performance over the evalua-
tion streams, allowing high AMOT A, 90.79%, dramatically
higher than recent benchmarks. We achieve the highest
HOT A, 84.28%, utilizing 2D RCC [28] and 3D PointRCNN
[29] detectors.

D. Running-time comparison

To evaluate the running time, we fix 2D RCC [28] and 3D
PointRCNN [29] detectors for all trackers, run each tracker
individually on the same machine, and record time printed
from the source code. We apply this experiment to all KITTI
training and validation datasets to have 20 streams with
7,763 frames. We still exclude 0017 since it contains no
car objects. As shown in Table III, Our tracker processes
the dataset in 1.48 seconds, which is about seven times
faster than other benchmarks. The main reason for having
high speed is that the method uses an algebraic model, as
explained in Section III-B, instead of traditional algorithmic
approaches.

| Detector Method Time(s.) |
2D RCC [28] DFR-FastMOT (Our) 1.48
+ EagerMOT [5] 11.47
3D PorintRCNN [29] DeepFusion-MOT [4] 37.38

TABLE III: A running-time comparison for our tracker with recent
benchmarks using KITTI training and evaluation datasets with 7, 763 frames
in total.

V. CONCLUSION

We present a light MOT method that relies on an algebraic
model to fuse and associate objects detected by a camera and
LiDAR sensors. Our experiments show that the algebraic
formulation for association and fusion steps dramatically
reduces the computational time of the MOT method. This
advantage allows long-term memory expansion in MOT
methods that eventually captures complex object occlusion
scenarios and boosts the overall tracking performance. We
simulate object occlusion phenomena using different detec-
tion distortion levels and show that our method outperforms
two of the recent benchmarks under inconsistent detection.
We also evaluate our solution against learning-based and
non-learning methods and show that our method outperforms
recent learning-based research work by a high margin, 3% in
MOT A, and other methods by 4% utilizing a mono-detector
that makes it applicable for mobile robots. The work will be
available at https://github.com/MohamedNagyMostafa/DFR-
FastMOT.
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