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Abstract. Estimating the target extent poses a fundamental challenge
in visual object tracking. Typically, trackers are boz-centric and fully rely
on a bounding box to define the target in the scene. In practice, objects
often have complex shapes and are not aligned with the image axis. In
these cases, bounding boxes do not provide an accurate description of
the target and often contain a majority of background pixels.

We propose a segmentation-centric tracking pipeline that not only pro-
duces a highly accurate segmentation mask, but also internally works
with segmentation masks instead of bounding boxes. Thus, our tracker
is able to better learn a target representation that clearly differentiates
the target in the scene from background content. In order to achieve
the necessary robustness for the challenging tracking scenario, we pro-
pose a separate instance localization component that is used to condition
the segmentation decoder when producing the output mask. We infer a
bounding box from the segmentation mask, validate our tracker on chal-
lenging tracking datasets and achieve the new state of the art on LaSOT
with a success AUC score of 69.7%. Since most tracking datasets do
not contain mask annotations, we cannot use them to evaluate predicted
segmentation masks. Instead, we validate our segmentation quality on
two popular video object segmentation datasets. The code and trained
models are available at https://github.com/visionml/pytracking.

1 Introduction

Visual object tracking is the task of estimating the state of a target object for
each frame in a video sequence. The target is solely characterized by its initial
state in the video. Current approaches predominately characterize the state it-
self with a bounding box. However, this only gives a very coarse representation
of the target in the image. In practice, objects often have complex shapes, un-
dergo substantial deformations. Often, targets do not align well with the image
axes, while most benchmarks use axis-aligned bounding boxes. In such cases, the
majority of the image content inside the target’s bounding box often consists of
background regions which provide limited information about the object itself.
In contrast, a segmentation mask precisely indicates the object’s extent in the
image (see Fig. 1 frames #1600 and #3200). Such information is vital in a vari-
ety of applications, including video analysis, video editing, and robotics. In this
work, we therefore develop an approach for accurate and robust target object
segmentation, even in the highly challenging tracking datasets [16,36].


https://github.com/visionml/pytracking

2 Paul et al.

Fig. 1. Comparison between the VOT method Stark [55], the VOS method LWL [5]
and our proposed method on two tracking sequences from the LaSOT [16] dataset.
The ground-truth annotation (1) is shown in each frame for reference. Our approach
is more robust and predicts a more accurate target representation.

While severely limiting the information about the target’s state in the video,
the aforementioned issues with the bounding box representation can itself lead to
inaccurate bounding box predictions, or even tracking failure. To illustrate this,
Fig. 1 shows two typical tracking sequences. The tracking method STARK [55]
(first row) fails to regress bounding boxes that contain the entire object (#1600,
#1400) or even starts tracking the wrong object (#0700). Conversely, segmen-
tation masks are a better fit to differentiate pixels in the scene that belong to
the background and the target. Therefore, a segmentation-centric tracking ar-
chitecture designed to work internally with a segmentation mask of the target
instead of a bounding box has the potential to learn better target representa-
tions, because it can clearly differentiate background from foreground regions in
the scene.

A few recent tracking methods [47,54] have recognized the advantage of pro-
ducing segmentation masks instead of bounding boxes as final output. However,
these trackers are typically bounding-box-centric and the final segmentation mask
is obtained by a separate box-to-mask post-processing network. These methods
do not leverage the accurate target definition of segmentation masks to learn a
more accurate and robust internal representation of the target.

In contrast, most Video Object Segmentation (VOS) methods [38,5] follow a
segmentation-centric paradigm. However, these methods are not designed for the
challenging tracking scenarios. Typical VOS sequences consist only of a few hun-
dred frames [41] whereas multiple sequences of more than ten thousand frames
exist in tracking datasets [16]. Due to this setup, VOS methods focus on produc-
ing highly accurate segmentation masks but are sensitive to distractors, substan-
tial deformations and occlusions of the target object. Fig. 1 shows two typical
tracking sequences where the VOS method LWL [5] (second row) produces a
fine-grained segmentation mask of the wrong object (#3200) or is unable to
detect only the target within a crowd (#0700, #1400).

We propose Robust Visual Tracking by Segmentation (RTS), a unified track-
ing architecture capable of predicting accurate segmentation masks. To design
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a segmentation-centric approach, we take inspiration from the aforementioned
LWL [5] method. However, to achieve robust and accurate segmentation on Vi-
sual Object Tracking (VOT) datasets, we introduce several new components.
In particular, we propose an instance localization branch trained to predict a
target appearance model, which allows occlusion detection and target identifi-
cation even in cluttered scenes. The output of the instance localization branch
is further used to condition the high-dimensional mask encoding. This allows
the segmentation decoder to focus on the localized target, leading to a more ro-
bust mask prediction. Since our proposed method contains a segmentation and
instance memory that need to be updated with previous tracking results, we
design a memory management module. This module first assesses the predic-
tion quality, decides whether the sample should enter the memory and, when
necessary, triggers the model update.

Contributions Our contributions are the following: (i) We propose a unified
tracking architecture capable of predicting robust classification scores and ac-
curate segmentation masks. We design separate feature spaces and memories
to ensure optimal receptive fields and update rates for segmentation and in-
stance localization. (ii) To produce a segmentation mask which agrees with the
instance prediction, we design a fusion mechanism that conditions the segmen-
tation decoder on the instance localization output and leads to more robust
tracking performance. (iii) We introduce an effective inference procedure capa-
ble of fusing the instance localization output and mask encoding to ensure both
robust and accurate tracking. (iv) We perform comprehensive evaluation and
ablation studies of the proposed tracking pipeline on multiple popular tracking
benchmarks. Our approach achieves the new state of the art on LaSOT with an
area-under-the-curve (AUC) score of 69.7%.

2 Related Work

Visual Object Tracking

Over the years, research in the field of visual tracking has been accelerated by
the introduction of new and challenging benchmarks, such as LaSOT [16], GOT-
10k [24], and TrackingNet [37]. This led to the introduction of new paradigms
in visual object tracking, based on Discriminative Correlation Filters (DCFs),
Siamese networks and Transformers.

One of the most popular type of approaches, DCF-based visual trackers
[6,22,15,32,12,48,61,3,14] essentially solve an optimization problem to estimate
the weights of the DCF that allow to distinguish foreground from background re-
gions. The DCF is often referred to as the target appearance model and allows to
localize the target in the video frame. More recent DCF approaches [3,14] enable
end-to-end training by unrolling a fixed number of the optimization iterations
during 0 ine training.

Siamese tracking methods have gained in popularity due to their simplic-
ity, speed and end-to-end trainability [44,2,43,62,20,50,21,29,28]. These trackers
learn a similarity metric using only the initial video frame and its annotation
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that allows to clearly identify the target oine . Since noonline learning com-
ponent is involved, these trackers achieve high frame rates at the cost of limited
online adaptability to changes of the target's appearance. Nonetheless, several
methods have been proposed to overcome these issues [44,2,29,28].

Very recently, Transformer-based trackers have achieved state-of-the-art per-
formance on many datasets, often outperforming their rivals. This group of
trackers typically uses a Transformer component in order to fuse information ex-
tracted from training and test frames. This produces discriminative features that
allow to accurately localize and estimate the target in the scene [8,56,55,49,34].

Video Object Segmentation Semi-supervised VOS is the task of classifying
all pixels belonging to the target in each video frame, given only the segmen-
tation mask of the target in the initial frame. The cost of annotating accu-
rate segmentation masks is limiting the sequence length and number of videos
contained in available VOS datasets. Despite the relatively small size of VOS
datasets compared to other computer vision problems, new benchmarks such as
Youtube-VOS [53] and DAVIS [41] accelerated the research progress in the last
years.

Some methods rely on a learnt target detector [7,46,33], others learn how to
propagate the segmentation mask across frames [52,40,30,25]. Another group of
methods uses feature matching techniques across one or multiple frames with or
without using an explicit spatio-temporal memory [9,23,45,38]. Recently, Bhatet
al. [5] employed meta-learning approach, introducing an end-to-end trainable
VOS architecture. In this approach, a few-shot learner predicts a learnable la-
bels encoding. It generates and updatesnline the parameters of a segmentation
target model that produces the mask encoding used to generate the nal seg-
mentation mask.

Joint Visual Tracking and Segmentation A group of tracking methods have
already identi ed the advantages of predicting a segmentation mask instead of a
bounding box [54,60,47,31,51,42]. Siam-RCNN is a box-centric tracker that uses
a pretrained box2segnetwork to predict the segmentation mask given a bound-
ing box prediction. In contrast, AlphaRe ne represents a novel box2segmethod
that has been evaluated with many recent trackers such as SuperDiMP [14]
and SiamRPN++ [28]. Further, Zhao et al. [60] focus on generating segmenta-
tion masks from bounding box annotations in videos using a spatio-temporal
aggregation module to mine consistencies of the scene across multiple frames.
Conversely, SiamMask [51] and D3S [31] are segmentation-centric trackers that
produce a segmentation mask directly, without employing abox2segmodule.

In particular, SiamMask [51] is a fully-convolutional Siamese network with a
separate branch which predicts binary segmentation masks supervised by a seg-
mentation loss.

From a high-level view, the single-shot segmentation tracker D3S [31] is most
related to our proposed method. Both methods employ two dedicated modules
or branches; one for localization and one for segmentation. D3S adopts the target
classi cation component of ATOM [12], requiring online optimization of weights
in a two-layer CNN. In contrast, we learn online the weights of a DCF similar
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Fig. 2. Overview of our entire online tracking pipeline used for inference, see Sec 3.1.

to DIMP [3]. For segmentation, D3S [31] propose a feature matching technique
that matches test frame features with background and foreground features corre-
sponding to the initial frame. In contrast, we adopt the few-shot learning based
model prediction proposed in LWL [5] to produce accurate segmentation masks.
Furthermore, D3S proposes to simply concatenate the outputs of both modules
whereas we learn a localization encoding to condition the segmentation mask de-
coding based on the localization information. Compared to D3S, we update not
only the instance localization but also the segmentation models and memories.
Hence, our method integrates speci ¢ memory management components.

3 Method

3.1 Overview

Video object segmentation methods can produce high quality segmentation masks
but are typically not robust enough for video object tracking. Robustness be-
comes vital for medium and long sequences, which are most prevalent in tracking
datasets [16,36]. In such scenarios, the target object frequently undergoes sub-
stantial appearance changes. Occlusions and similarly looking objects are com-
mon. Hence, we propose to adapt a typical VOS approach with tracking com-
ponents to increase its robustness. In particular, we base our approach on the
Learning What to Learn (LWL) [5] method and design a novel and segmentation-
centric tracking pipeline that estimates accurate object masks instead of bound-
ing boxes. During inference, a segmentation mask is typically not provided in
visual object tracking. Hence, we use STA [60] to generate a segmentation mask
from the provided initial bounding box. An overview of our RTS method is
shown in Fig. 2. Our pipeline consists of a backbone network, a segmentation
branch, an instance localization branch and a segmentation decoder. For each
video frame, the backbone rst extracts a feature mapx;,. These features are



