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Abstract

Interacting with a complex environment often requires us to track multiple task-
relevant objects, not all of which are continually visible. The cognitive literature
has focused on tracking a subset of visible identical abstract objects (e.g., circles),
isolating the tracking component from its context in real-world experience. In
the real world, object tracking is harder in that objects may not be continually
visible and easier in that objects differ in appearance and so their recognition can
rely on both remembered position and current appearance. Here we introduce
a generalized task that combines tracking and recognition of valued objects that
move in complex trajectories and frequently disappear behind occluders. Humans
and models (from the computer vision literature on object tracking) performed
tasks varying widely in terms of the number of objects to be tracked, the number
of distractors, the presence of an occluder, and the appearance similarity between
targets and distractors. We replicated results from the human literature, including
a deterioration of tracking performance with the number and similarity of targets
and distractors. In addition, we find that increasing levels of occlusion reduce
performance. All models tested here behaved in qualitatively different ways from
human observers, showing superhuman performance for large numbers of targets,
and subhuman performance under conditions of occlusion. Our framework will
enable future studies to connect the human behavioral and engineering literatures,
so as to test image-computable multiple-object-tracking models as models of human
performance and to investigate how tracking and recognition interact under natural
conditions of dynamic motion and occlusion.

1 Introduction

Human vision parses the visual scene into objects. Task-relevant objects are tracked and represented
in a persistent fashion that enables us to mind them even when they are out of our field of view or
hidden behind an occluding object. This ability liberates our visual cognition from its tethers in
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the sensory input and enables us to see the world in terms of its physical constituent components,
providing a basis for prediction and causal insight (Peters & Kriegeskorte, 2021; Greff et al., 2020).

An influential class of behavioral tasks that has enabled cognitive scientists to probe this ability is
multiple object tracking (MOT) (Pylyshyn & Storm, 1988; Scholl & Pylyshyn, 1999). MOT tasks are
typically highly abstracted. Subjects are presented with a set of identical abstract objects (e.g., circles)
in motion and cued to track a subset of them. At the end of each trial, the scene freezes and the subject
indicates the cued objects. MOT is challenging for humans and computational models (Linsley et al.,
2021; Vul et al., 2009). Humans can track up to three or four objects successfully even through
brief occlusions (Intriligator & Cavanagh, 2001; Pylyshyn & Storm, 1988; Scholl & Pylyshyn, 1999;
Yantis, 1992). Using abstract identical objects has enabled cognitive scientists to study the function of
tracking in isolation from the broader process of real-world dynamic scene perception, where objects
are diverse and tracking interacts with visual recognition to maintain persistent representations of
the task-relevant objects. In the real world, object tracking is harder in that objects may be out of
sight or hidden for longer periods. Real-world object tracking might also be easier in that diverse
objects tend to be visually distinct enough to track them by their appearance. The visual system might
therefore employ a mixture of strategies, tracking objects not only by maintaining and updating (even
for currently occluded objects) their spatial positions and velocities but also by recognizing them by
their appearance (Papenmeier et al., 2014; Zhou et al., 2010; Li et al., 2019).

Computer vision, with its focus on engineering applications, has engaged the MOT challenge in
real-world settings (Milan et al., 2016; Geiger et al., 2012; Müller et al., 2018), building systems
that can track objects in videos (e.g. pedestrians or cars in traffic). While tracking objects with
robustness to periods of occlusion poses the same computational challenge to humans and machines,
it is unclear to what extent current models employ computational strategies similar to those used
by humans. Recent ML challenges involve a large number of pedestrians (Dendorfer et al., 2020)
(up to ∼ 250 pedestrians at the same time) widely exceeding the tracking capabilities of humans.
On the other hand, supervised training on real-world images might bias the tracker towards less
general solutions that might not reach human performance when required to generalize to unexpected
challenges. In real-world scenarios, long stretches of occlusion of an object are rare compared to
periods of at least partial visibility. Most tracked objects are detected with high confidence throughout
their life-cycle (i.e., low noise regime), and objects are visually distinct enough to distinguish them
by their appearance. Supervised ML object trackers might therefore be biased towards strategies that
favor recognition in the current frame (spatial integration of evidence) over maintaining internal belief
states about positions and velocities (temporal integration of evidence, as in a Kalman or particle
filter). We might therefore expect these models to fail when similarity of appearance and/or longer
stretches of occlusion render the recognition-based strategy underconstrained.

We here compare object tracking performance of four state-of-the-art supervised multiple object
trackers with the performance of humans on the same task. We introduce a task combining object
recognition demands and tracking designed to take steps toward bridging the gap between the real-
world complexity of machine learning tasks and the abstraction of cognitive tasks. We replicated
results from the human literature: a deterioration of tracking performance with the number and
similarity of targets and distractors as well as the relatively unimpaired tracking performance through
brief occlusion. We find that models displayed qualitatively different behavior from humans: their
performance was independent of the number of objects, but deteriorated below human performance
in the context of occlusions.

2 Methods

2.1 Models

We evaluate four state-of-the-art multiple-object tracking algorithms. Simple online and real-time
tracking (SORT, Bewley et al. (2016)) uses a simple strategy for frame-by-frame tracking of multiple
objects. Bounding boxes of object detections in each frame, provided e.g., by a Faster Region CNN
(Ren et al., 2015), are the input to the tracker. On the first frame, the tracker initializes a series of
tracklets, one for each detection, representing the objects to be tracked. Each tracklet’s state (i.e.,
its bounding box center, height, aspect ratio, and their velocities) is tracked by a Kalman filter. In
a new frame, the matches between all predicted bounding-box positions and all new detections are
computed as intersection-over-union (IoU) to form an assignment cost matrix. The detections of
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Figure 1: (a) Sequence of events (objects enlarged for visualization). (b) Object sizes at the scale of
Experiment 1. Experimental factors occlusion level (c) and similarity (d).

the new frame are then associated with existing tracklets by minimizing the overall assignment cost
using the Hungarian algorithm. Albeit a fairly simple algorithm, SORT achieved high performance
on the MOT challenge (Milan et al., 2016; Lin et al., 2015) while enabling real-time application on
standard hardware. SORT performs well when state uncertainty is low. However, during occlusions,
SORT displays a high number of identity switches (i.e, multiple tracklets in turn track the same
object over time). This is partly due to the linear dynamics model assumed by the Kalman �lter,
whose predictions are adequate for brief occlusions, but which become inaccurate for long occlusions
given non-linear motion.DeepSORT(Wojke et al., 2017) is an extension of the SORT algorithm
that also takes appearance information (an appearance descriptor from a CNN) into account during
the association stage, thereby compensating for the high state uncertainty of the Kalman �lter
during occlusions. DeepSORT substantially reduced the number of tracklet switches. Tracking-by-
detection approaches typically only use high-con�dence detections of the object detector, leading to
false negative detections for partially occluded objects, which in turn can lead to track termination
and subsequent tracklet switches once the object reappears. Instead of discarding low-con�dence
detections,ByteTrack (Zhang et al., 2022) tracks almost every detection and uses similarity scores
to distinguish between false positives and true detections. This strategy reduces the number of
id switches compared to SORT and DeepSORT.OC-SORT (Cao et al., 2022) introduced several
improvements over SORT/DeepSORT to better handle longer stretches of occlusion. For instance,
one of the drawbacks of SORT is that the Kalman �lter, which tracks the position and velocity of
the bounding box, accumulates errors during stretches of occlusion. When the object reappears
from occlusion it gets re-associated with its (memorized) track using appearance-based models. The
Kalman �lter belief about the objects position and velocity then needs to be reconciled with the newly
detected position of the object. OC-SORT addresses this problem by implementing several strategies
that give detections a much larger weight compared to the Kalman state in the association stage.

2.2 Task

The details of the object-tracking task were the same for humans and models unless stated otherwise
(Figure 1a). At the beginning of each trialN objects were presented. Phase 1 is thecueing period
(Experiment 1: 1s, Experiment 2: 2.5s) in which the objects are stationary. For human subjects the
target objects are highlighted in this period. Phase 2 is themotion period(�ve seconds here) in which
the objects move according to random trajectories. We deliberately used a complex non-linear motion
model rather than a linear motion model. In particular, angular motion direction perturbation were
sampled at random time-points and the new direction was smoothly interpolated across multiple
time-frames (intersection over union of an object's bounding boxes in adjacent time frames:0:691,
s.d.= 0 :024for Experiment 1 and0:594, s.d.= 0 :032for Experiment 2). The objects then freeze
for phase 3, theresponse period, in which the target objects are reported. Human subjects reported
the targets by clicking on the objects. In occlusion trials, a large central opaque occluder covering
either 20% or 40% of the �eld was superimposed to the scene. Stimuli were isolated objects extracted
from the segmentation masks provided by the MS COCO challenge (Lin et al., 2015). For each
of the 80 object categories, we randomly extracted 50 different exemplars, excluding fragmented
objects. Object starting positions were sampled such that (1) all objects were unoccluded at the
start of the trial and (2) all objects ended up in positions such that no two were closer to each other
than a threshold distance. Objects which stopped their movement behind the occluder were revealed
by turning the occluder semi-transparent (for humans) or moving their depth plane in front of the
occluder (for models, which were not assumed to be familiar with semi-transparency) .

3


	Introduction
	Methods
	Models
	Task
	Experiments
	Human behavior
	Model behavior

	ResultsStimuli, data, and analysis code are available at https://github.com/Benjamin-Peters/mot-model-vs-human and https://osf.io/n7mah
	Discussion and Conclusion
	Details on the models
	Data crowdsourcing
	Recruitment, procedure, and data
	Human participant compensation

	Detailed view on the results
	Additional model analysis

