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Abstract

Keywords

Due to the page limitation, we describe the additional
details in this supplementary material. In the section 1, we
introduce the attribute annotation in RGB-D and RGB-T
datasets and we depict the attirbute-based performance in
RGBT234 dataset in section 2. Finally, we provide a detailed
description of multi-modal tracking following the taxonomy
in section 3.

1 Introduction of the attributes in STC and
RGBT234 datasets

In this section, taking STC and RGBT234 as example,
we detail the attribute annotation in RGB-D and RGB-T
datasets. As for STC dataset, 10 types of attribute are anno-
tated, including illumination variation, depth variation, scale
variation, depth distribution variation, surrounding depth
clutter, surrounding color clutter, background color camou-
flages, background shape camouflages and partial occlusion.
RGBT234 dataset contains 12 attributes, including no occlu-
sion, partial occlusion, heavy occlusion, low illumination,
low resolution, thermal crossover, deformation, fast motion,
scale variation, motion blur, camera moving and background
clutter. The detailed description of attributes in both two
datasets are shown in Table 1 and Table 2, respectively.

2 Attribute-based Comparison on RGBT234
dataset

Here, we give the detailed results with respect to attribute-
based comparison on RGBT234 dataset, shown in Figure 1.
Two mainstream frameworks, including deep learning based
method and CF tracker obtain very competitive results accord-
ing to attribute-based performance. Improved MDNet-based
tracker, i.e. CMPP, shows superior performance in 6 at-
tributes, such as low resolution, deformation, background
clutter, thermal crossover, fast motion and heavy occlusion.

JMMAC models both appearance and motion cues in a uni-
fied framework, thereby achieving satisfying performance
in camera moving and partial occlusion. Furthermore, CF
based trackers is more capable of handling scale variation
than MDNet variants.

3 Detailed description of multi-modal trackers
We provide an in-depth description on multi-modal track-

ers. Following the taxonomy in the main paper, we summarize
existing RGB-D and RGB-T tracking methods in Table 4 and
Table 5 from various aspects, including, tracking framework,
learning paradigm, feature type, auxiliary modality purpose.
Furthermore, the public resources for multi-modal tracking
are concluded in Table 3 for further research.
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Table 1 Description of attributes annotated in the STC dataset.

Attribute Description
IV Illumination Variation – RGB intensity change of the target (mean value).
DV Depth Variation – depth change of the target (mean value).
SV Scale Variation – scale change of the bounding box (relative ratio).
CDV Color Distribution Variation – RGB distribution change of the target.
DDV Depth Distribution Variation – depth distribution change of the target.
SDC Surrounding Depth Clutter – depth similarity between the target and contextual region (mean value).
SCC Surrounding Color Clutter – RGB intensity similarity between the target and contextual region.
BCC Background Color Camouflages – The distractor has a similar color as the target.
BSC Background Shape Camouflages – The distractor has a similar shape as the target.
PO Partial Occlusion – A part of the target is obstructed.

Table 2 Description of attributes annotated in RGBT210 and RGBT234 datasets.

Attribute Description
NO No Occlusion – The target is not occluded.
PO Partial Occlusion – The target is partially occluded.
HO Heavy Occlusion – over 80% of the target region is occluded.
LI Low Illumination – The illumination in the target is low.
LR Low Resolution – The resolution in the target is low.
TC Thermal Crossover – The target has similar temperature with other objects or background.
DEF Deformation – Non-rigid object deformation.
FM Fast Motion – The target movement is larger than 20 pixels between two adjacent frames.
SV Scale Variation – Compared with the initial target patch, the ratio of the target varies in a wide range.
MB Motion Blur – The target object motion results in the blur image information.
CM Camera Moving – The target object is captured by a moving camera.
BC Background Clutter – The distractor has a similar color or shape as the target.

Table 3 Public resources for RGB-T and RGB-D tracking.

Method links

RG
B

-D

Tracker

3DT https://github.com/adelbibi/3D-Part-Based-Sparse-Tracker-with-Automatic-Synchronization-and-Registration
OTR https://github.com/ugurkart/OTR

DSOH https://github.com/mcamplan/DSKCF BMVC2015
DSKCF https://github.com/mcamplan/DSKCF JRTIP2016
ARDM https://github.com/shine636363/RGBDtracker

CSR-RGBD http://tracking.cs.princeton.edu/

Dataset
PTB http://tracking.cs.princeton.edu/
STC https://beardatashare.bham.ac.uk/dl/fiVnhJRjkyNN8QjSAoiGSiBY/RGBDdataset.zip

CDTB https://www.vicos.si/Projects/CDTB

RG
B

-T

Tracker MANet https://github.com/Alexadlu/MANet
mfDiMP https://github.com/zhanglichao/end2end rgbt tracking

Dataset

OTCBVS http://vcipl-okstate.org/pbvs/bench/
LITIV https://www.polymtl.ca/litiv/en/codes-and-datasets
GTOT https://docs.google.com/uc?id=0B-Z6TyBF2ceIZ0c1anVhaHQ3MFk&export=download

RGBT234 https://sites.google.com/view/ahutracking001/

https://github.com/adelbibi/3D-Part-Based-Sparse-Tracker-with-Automatic-Synchronization-and-Registration
https://github.com/ugurkart/OTR
https://github.com/mcamplan/DSKCF_BMVC2015
https://github.com/mcamplan/DSKCF_JRTIP2016
https://github.com/shine636363/RGBDtracker
http://tracking.cs.princeton.edu/
http://tracking.cs.princeton.edu/
https://beardatashare.bham.ac.uk/dl/fiVnhJRjkyNN8QjSAoiGSiBY/RGBDdataset.zip
https://www.vicos.si/Projects/CDTB
https://github.com/Alexadlu/MANet
https://github.com/zhanglichao/end2end_rgbt_tracking
http://vcipl-okstate.org/pbvs/bench/
https://www.polymtl.ca/litiv/en/codes-and-datasets
https://docs.google.com/uc?id=0B-Z6TyBF2ceIZ0c1anVhaHQ3MFk&export=download
https://sites.google.com/view/ahutracking001/
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Fig. 1 Attribute-based Comparison on RGBT234.
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Table 4 Detailed descriptions of RGB-D trackers.

Year Trackers Framework Learning Paradigm Feature Type Auxiliary Modality Purpose Publication

RG
B

-D

2012 AMCT [1] PF Online learning Scalable Gradient [2],
Color Averages Feature JDOS

2014 MCBT [3] Dis. Others Off-the-shelf Optical Flow [4],
Color Histograms [5] Feature Neu.

2015

ISOD [6] Dis. Others Online learning Intensity Occlusion reasoning SP

DSOH [7] CF Online learning HOG [8] Feature, Scale estimation,
Occlusion Reasoning BMVC

DOHR [9] Dis. Others Online learning Haar-like [10] Feature,
Occlusion reasoning FSKD

CDG [11] Dis. Others Online learning

Depth Gradient,
HOG,

Depth Gradient Flow,
Optical Flow [12]

Feature,
Occlusion Reasoning CAC

OL3DC [13] Dis. Others Off-the-shelf SURF [14] 3D Reconstruction,
Occlusion Reasoning Neu.

2016

DLST [15] CF Online learning HOG,
Color Names [16] Feature ICPR

DSKCF [17] CF Online learning HOG
Feature,

Occlusion Reasoning,
Scale Estimation

RTIP

3DT [18] PF Online learning Color Names,
3D shape [19]

3D Reconstruction,
Occlusion Reasoning CVPR

OAPF [20] PF Online learning HOG, LBP, raw pixel,
LoG, depth

Feature,
Occlusion Reasoning,

Scale Estimation
CVIU

2017 ROTSL [21] PF Online learning Depth-enhanced
Color Feature

Feature,
Occlusion Reasoning ITEE

2018

CSR-RGBD [22] CF Online learning HOG, VGGNet-M [23] Feature,
Occlusion Reasoning ECCVW

DMDCF [24] CF Online learning
HOG,

Color Names,
Intensity

Feature,
Occlusion Reasoning ICPR

SEOH [25] CF Online learning HOG, Intensity Feature, Scale Estimation Access

ARDM [26] CF Online learning HOG, Color Names,
Color Histogram Feature TC

OACPF [27] CF Online learning HOG Occlusion Reasoning,
Scale Estimation Access

CCF [28] CF Online learning
HOG,

Color Names,
Intensity

Occlusion Reasoning,
Scale Estimation GSKI

RTKCF [29] CF Online learning HOG, Color Names Feature,
Occlusion Reasoning CCDC

2019

3DMS [30] MS Online learning Color Histogram 3D Reconstruction ICST

OTR [31] CF Online learning HOG, Color Names Feature,
3D Reconstruction CVPR

TACF [32] CF Online learning HOG, Color Names,
Lookup Table feature [33]

Feature,
Occlusion Reasoning Sensors

CA3DMS [34] MS Online learning Color Histogram 3D Reconstruction,
Occlusion Reasoning TMM

OTOD [35] DL Online learning PointNet [35] 3D Reconstruction CIS
2020 WCO [36] CF Online learning HOG, VGGNet-M Feature Sensors
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Table 5 Detailed description of RGB-T trackers.

Year Trackers Framework Learning Paradigm Feature Type
Auxiliary
Modality
Purpose

Publication

RG
B

-T

2006 CFM [37] Dis. Others Online learning Multi-dimensional
Gaussian Feature Feature ICIF

2007 PLF [38] PF Online learning Colour Histogram Feature CVPR

2008 MST [39] MS Online learning Color Spatiograms [40] Feature MVA
PGM [41] Gen. Others Online learning Intensity Feature ISCS

2011
JSR [42] PF Online learning Color Histogram, Intensity Feature IS

L1-PF [43] PF Online learning Intensity,
Canny Edge Description [44] Feature ICIF

2016 RT-LSR [45] SL Online learning Sparse feature Feature Multimedia
CSR[46] SL Online learning Intensity Feature TIP

2017 SGT [47] SL Online learning Sparse feature Feature Multimedia
MLSR [48] SL Online learning Sparse feature Feature TSMCS

2018

RCDL [49] SL Online learning HOG, Intensity Feature AAAI
MSR [50] SL Online learning Sparse feature Feature PRL

CMR [51] Dis. Others Online learning Raw pixel,
intensity, HOG Feature ECCV

RMR [52] Dis. Others Online learning HOG, Color Histogram Feature SPIC
LGMG [53] SL Online learning HOG, Color Histogram Feature TCSVT

MDNet-RGBT [54] DL Online learning,
Offline training VGGNet-M Feature CISP

FTSNet [55] CF Online learning VGGNet-16 Feature Neu.
CSCF [56] CF Online learning Intensity Feature BICS

2019

DAPNet [57] DL Online learning,
Offline training VGGNet-M Feature Multimedia

HTF [58] CF Online learning HOG, Color Names,
Intensity Feature IPT

LMCFT [59] SL Online learning Sparse feature Feature TIE

MANet [60] DL Online learning,
Offline training VGGNet-M Feature ICCVW

TODA [61] DL Online learning,
Offline training VGGNet-M Feature ICIP

DAFNet [62] DL Online learning,
Offline training VGGNet-M Feature ICCVW

DiMP-RGBT [63] DL Online learning,
Offline training ResNet-101 [64] Feature ICCVW

ONMF [65] SL Online learning Sparse feature Feature Access

2020 CMPP [66] DL Online learning,
Offline training VGGNet-M Feature CVPR

MaCNet [67] DL Online learning,
Offline training VGGNet-M Feature Sensors

CAT [68] DL Online learning,
Offline training VGGNet-M Feature ECCV

2021 JMMAC [69] CF Online learning,
Offline training VGGNet-M

Feature,
Occlusion
Reasoning

TIP
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