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Abstract

This work presents several approaches to
enhance the Segment Anything Model 2
(SAM2), a foundation model for image
and video segmentation, particularly in
challenging tracking scenarios. The limita-
tions of SAM2 are outlined, followed by a
comprehensive analysis of its architecture
and components.

Key ndings reveal that SAM2 strug-
gles with accuracy and robustness when
tracking small or textureless objects. To
address this, a cropping-based approach is
proposed, which focuses on maintaining a
window around the object throughout the
video, yielding notable improvements on
the Visual Object Tracking (VOT) chal-
lenge datasets.

Additionally, we demonstrate that in-
corporating optical ow into the mask se-
lection process of the SAM2 mask decoder
shows improvement in scenarios involving
slow and smooth object motion. However,
under general conditions, the integrated
optical ow lacked accuracy.

Finally, two architectural modi cations
are explored: increasing the memory
stride in the memory bank and excluding
empty mask predictions from the mem-
ory bank. These adjustments consistently
enhance tracking robustness and overall
model performance across various track-
ing scenarios.

Keywords: tracking, segmentation,
foundation model, cropping, optical ow,
segment anything model
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Abstrakt

Tato prace p°edstavuje n¥kolik p°istup-
ke zlep2eni modelu Segment Anything Mo-
del 2 (SAM2), zakladniho modelu pro seg-
mentaci obrazu a videa, zejména v na-
ro£nych scénda’ich sledovani. Nejprve jsou
identi kovana omezeni modelu SAM2, po
nich® nasleduje podrobna analyza jeho
architektury a komponent.

Klifova zji2t¥ni ukazuji, °e model SAM2
ma problémy s p°esnosti a robustnosti p°i
sledovani malych objekt- nebo objekt:

s chud¥ de novanym povrchem. K °e2eni
tohoto problému jsme navrhli p°istup zalo-
%eny na vy°ezavani, ktery se zam¥°uje na
udr®eni okna kolem objektu b¥hem celého
videa, co® p°ind?i vyznamna zlep2eni na
datovych sadach Visual Object Tracking
(VOT).

Déale demonstrujeme, °e zapojeni op-
tického toku do procesu vyb¥ru masky v
dekodéru SAM2 p°in&?i zlep2eni ve scénéa-
°ich zahrnujicich pomaly a plynuly pohyb
objekt-. Nicmén¥ za obecnych podminek
integrovany opticky tok postradal dosta-
te£nou p°esnost.

Na zav¥r jsou zkoumany dv¥ Upravy
v architektu’e SAM2: zvy2eni memory
stride v memory bance a vylou£eni prazd-
nych masek z memory banky. Tyto Upravy
vyznamn¥ zlep2uji robustnost sledovani a
celkovy vykon modelu v r-znych scéné®ich
sledovani.

Klifova slova: sledovani, segmentace,
zakladni model, vy°ezavani, opticky tok,
segment anything model

P°eklad ndzvu: Sledovani objektu s
pomoci SAM, Dino, Monodepth nebo
CLIP reprezentace
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