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Abstract:   The segment anything model 2 (SAM2) has proven to be a powerful foundation model for promptable visual object seg-
mentation in both images and videos, capable of storing object-aware memories and transferring them temporally through memory
blocks. While SAM2 excels in video object segmentation by providing dense segmentation masks based on prompts, extending it to
dense video semantic segmentation (VSS) poses challenges due to the need for spatial accuracy, temporal consistency, and the abil-
ity to track multiple objects with complex boundaries and varying scales. This paper explores the extension of SAM2 for VSS, focus-
ing on two primary approaches and highlighting firsthand observations and common challenges faced during this process. The first
approach involves using SAM2 to extract unique objects as masks from a given image, with a segmentation network employed in
parallel to generate and refine initial predictions. The second approach utilizes the predicted masks to extract unique feature vec-
tors, which are then fed into a simple network for classification. The resulting classifications and masks are subsequently combined
to produce the final segmentation. Our experiments suggest that leveraging SAM2 enhances overall performance in VSS, primarily
due to its precise predictions of object boundaries.
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 1   Introduction

Segmentation  is  a  fundamental  task  in  computer  vis-

ion that involves identifying and extracting the region of

interest from a given image, representing an object of in-

terest  such  as  a  person,  barrier,  or  road.  A  specialized

task in this field is video semantic segmentation (VSS)[1],

which focuses on classifying and segmenting each pixel in

a video sequence into predefined categories over time. Un-

like  traditional  image  segmentation,  which  deals  with

static  images,  VSS  accounts  for  the  temporal  dimension

of video data, allowing for the identification and tracking

of  objects  across  multiple  frames.  This  involves not only

recognizing  objects  but  also  maintaining  their  identities

and  boundaries  as  they  move,  change  shape,  or  interact

with other elements in the scene[2, 3].

Recently, there has been an increasing interest in ap-

plying  foundation  models  in  numerous  visual  tasks  like

classification, detection, and VSS. The excitement in the

usage  of  foundation  models  originates  from their  extens-

ive pre-training on large web-scale datasets, which in turn

enhances  their  ability  to  generalize  effectively  to  various

downstream tasks. The commercial success of ChatGPT,

which uses the foundation model GPT[4] for text genera-

tion,  has  accelerated  the  exploration  of  foundation  mod-

els  in  other  modalities,  including  the  field  of  computer

vision[5–8].  The  early  developments  of  foundation  models

in computer vision include CLIP[9], which makes use of a

vast collection of image-text pairs from the web to align

both  modalities  effectively.  This  was  then  applied  to  re-

cognize  new  visual  categories  through  text  prompts  and

provided zero-shot generalization for vision concepts, ulti-

mately inspiring the creation of foundation models for ob-

ject  detection called GLEE[10].  Meta AI′s  introduction of

the  segment  anything  model (SAM)[11] for  promptable

segmentation, further broadened the application of found-

ation  models  across  multiple  domains,  including  enter-

tainment, medicine, and forensics.
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While SAM excels at segmenting static images, its ef-

fectiveness in real-world scenarios is  restricted due to its

inability  to  address  the  temporal  information  in  stream-

ing  images/video  data[12].  To  overcome  this  challenge,

Meta AI developed SAM2[13], an enhanced version of the

original  SAM that  incorporates  a  memory  module.  This

enhancement  allows  the  storage  of  context  memories  for

each generated masklet,  allowing SAM2 to process video

frames sequentially while referencing its prior memories of

the objects of interest, which leads to a coherent segment-

ation  of  these  objects  over  time.  Together,  SAM  and

SAM2 have sparked considerable interest among research-

ers,  motivating  investigations  into  SAM′s  potential  for

various applications and downstream tasks. Research has

explored  SAM′s  segmentation  abilities  across  different

contexts,  including the medical  domain and its  role  as a

semantic  segmentor[14–20].  However,  there  has  been  lim-

ited focus  on evaluating the capabilities  of  SAM2 in the

context of VSS, particularly in challenging scenarios.

In this  paper,  we extend SAM2′s  application specific-

ally to VSS in two main ways. First, we evaluate SAM2

as a post-processing refiner to extract different objects in

a  scene  as  masklets  and  then  use  them  to  enhance  the

segmentation quality of existing models, assessing the res-

ulting  improvements.  Second,  we  explore  SAM2′s  inde-

pendent functionality as a semantic segmentor, where we

utilize  features  from  its  image  encoder  to  vectorize  the

representation  of  each  detected  object  in  an  image  and

perform classification. Our experiments are conducted on

the established VSPW dataset[1],  which includes a broad

spectrum  of  short  videos  showcasing  various  motion

levels, allowing for a thorough assessment of SAM2′s cap-

abilities in this specific task.

Overall, the contributions of this paper include:

1) We  evaluate  the  effectiveness  of  SAM2 as  a  post-

processing refiner to improve the quality of masks gener-

ated by VSS models across multiple datasets, identifying

areas for potential enhancement.

2) We  investigate  the  standalone  functionality  of

SAM2  to  work  independently (I-SAM2) as  a  video  se-

mantic segmentor, focusing on its performance with min-

imal modifications to the base model.

3) We  assess  SAM2′s  performance  using  VSS  bench-

marks to identify its limitations and applicability in this

domain,  providing  insights  into  the  adaptation  require-

ments of foundation models for dense prediction tasks.

 2   Related work

Segmentation  is  a  key  challenge  in  computer  vision,

focusing on pixel-wise  classification of  images.  It  plays  a

crucial  role  in  interpreting  image  information  and  is

primarily  explored  through  three  main  approaches:  se-

mantic  segmentation,  instance segmentation,  and panop-

tic segmentation. Semantic segmentation[21–23] involves as-

signing each pixel  to  a  predefined category.  Whereas  in-

stance segmentation[24, 25] takes this a step further by sep-

arating  segments  into  individual  instances  within  the

same class. Panoptic segmentation, as introduced in [26],

goes beyond both semantic and instance segmentation to

provide  a  comprehensive  understanding  of  the  entire

scene.  While  these techniques lay the foundation for im-

age  segmentation,  the  complexity  of  video  data  intro-

duces  additional  challenges  and  opportunities  for  re-

search, as VSS extends the principles of pixel-wise classi-

fication  into  the  temporal  domain  to  provide  coherent

segmentation across video frames.

 2.1   Video semantic segmentation

The emergence of deep learning, particularly with the

introduction of convolutional networks, has promoted ex-

tensive research focused on segmentation and its applica-

tions  across  various  fields,  including  robotics[27–31],

autonomous  driving[32–36],  and  medical  image  analy-

sis[37–42]. While there has been a trend toward developing

models  specialized  in  segmentation,  most  approaches  are

developed  to  process  images  independently[38, 43–47].  This

independent  processing  presents  limitations  when  apply-

ing image-based models to the real world, which is inher-

ently  continuous.  Consequently,  there  is  a  growing  in-

terest  in  developing  models  specifically  designed  for

videos,  allowing  them  to  incorporate  temporal  informa-

tion  and  ensure  smoother  and  more  consistent  predic-

tions over time[2, 48–55]. This increased focus on video seg-

mentation has led to significant advancements that have

positively impacted the overall  performance of models in

this  domain[3, 56–63],  including  recent  modular  architec-

tures that leverage foundation models[64–66]. However, the

demand  for  further  performance  improvements  remains

crucial. Therefore, it becomes essential to explore the seg-

mentation using the latest techniques to continue enhan-

cing performance.

 2.2   Segment anything

Recently, there has been a growing interest in general-

ized AI frameworks, commonly termed foundational mod-

els[67].  These  models  make  use  of  web-scale  datasets

coupled  with  a  self-supervised  learning  approach  to

achieve  powerful  zero-shot  generalization  across  a  wide

range  of  downstream  tasks.  Significant  advancements  in

natural  language  processing (NLP) leading  to  models

like  BERT[68] and  GPT  series[4, 69–71] have  inspired  the

computer  vision  field  to  create  large  visual  models

(LVMs)[5–7].  Additionally,  research  integrating  visual  and

textual  data  has  produced  models  like  CLIP[9] and

ALIGN[72],  making  multimodal  AI  an  exciting  field.  In

line with the current trends, a significant contribution in

this  domain  is  Meta′s  SAM[11],  which  aims  to  provide  a

versatile  and  promptable  solution  for  image  segmenta-

tion tasks.
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While SAM excels in zero-shot generalization, it faces

challenges when applied to video tasks as it needs to es-

tablish efficient frame-to-frame associations, process addi-

tional  dimensions,  handle  the  temporal  information,  and

maintain temporal consistency. Several methods, such as

track  anything  model (TAM)[73] and  SAM-Track[74] for

object tracking, and SAMText[75] for video text spotting,

have  attempted  to  address  these  challenges.  However,

they often require adjustments to the model architecture

for optimal performance. SAM2[13] builds upon the origin-

al SAM[11] to tackle these limitations. It achieves this by

integrating  a  streaming  memory,  and  further  refines  the

segmentation  by  making  use  of  interactive  user  prompts

coupled  with  a  memory  attention  mechanism,  which  al-

lows the system to track target objects across frames, al-

lowing  for  real-time  video  segmentation.  As  a  result,

SAM2  not  only  enhances  the  accuracy  of  segmentation

but also improves overall efficiency with fewer user inter-

actions,  allowing  for  more  effective  segmentation  in  spa-

tio-temporal  contexts.  The  generalizability  of  SAM2  to

various complex real-world scenarios is  achieved through

training  on  the  SA-V  dataset,  a  significantly  larger  and

more  diverse  expansion  of  the  dataset  that  was  used  to

train  SAM,  comprising  an  impressive  50.9 K  videos  and

652.6 K masklets.
 2.2.1   Video applications

The introduction of SAM2[13] has led to a wave of re-

search  focused  on  various  applications,  including  video

generation[76–78],  3D  reconstruction[79, 80],  deepfake  detec-

tion[81],  video editing[82, 83],  and model compression[84].  Its

applications  in  video  object  segmentation (VOS) cover

areas like video object tracking (VOT)[73, 85],  audio-visual

segmentation[86], and domain-specific applications, includ-

ing medical video segmentation[87], among others[88, 89].

While  SAM  has  been  applied  to  different  use  cases,

there  has  been  limited  work  done  on  a  comprehensive

evaluation  of  SAM2  in  real-world  video  scenarios.  This

evaluation  is  crucial  for  assessing  its  performance  and

identifying  the  factors  that  influence  its  effectiveness  as

both a post-processing method and a standalone semant-

ic  segmentor.  Therefore,  this  work  aims  to  evaluate

SAM2′s  performance  in  real-world  scenarios,  conducting

thorough  tests  on  the  various  parameters  to  report  its

direct  practical  applicability  to  images  captured  in  the

wild.

 3   Methods & experiments

This  section provides  an overview of  the experiments

conducted,  outlining  the  datasets  used,  the  evaluation

metrics  employed,  and  the  specific  implementation  set-

tings applied throughout the study.

 3.1   Methods

To  evaluate  the  effectiveness  of  SAM2[13] as  both  a

post-processing refiner and a standalone tool for generat-

ing segmentation masks, the automatic mask generator is

used  with  a  16 × 16  point  grid  as  input  prompts.  Fur-

thermore, to evaluate the SAM2′s ability to refine masks

while  ensuring  new  objects  are  tracked,  a  window  of  32

frames  is  used  to  share  and  propagate  masklets  before

they  are  recomputed.  In  the  experiments,  thresholds  for

the predicted intersection-over-union (IoU), stability, and

stability  offset  are  established  at  0.6,  0.8,  and  0.9,  re-

spectively,  based  on  the  ablation  studies  and  visual  as-

sessments  discussed  in  Section  4.1.2.  A  detailed  discus-

sion of the evaluation setup for SAM2 in both contexts is

covered in this section.
 3.1.1   SAM2 as refiner

Using SAM2 as a refiner serves as a qualitative study

to  evaluate  its  effectiveness  as  a  post-processing  al-

gorithm  for  refining  masks  produced  by  a  trained  seg-

mentation  model.  The  aim  is  to  assess  whether  SAM2′s
capabilities as a generic foundation model can effectively

extract  unique  objects  from  a  scene,  thereby  potentially

enhancing  the  uniformity  and  accuracy  of  the  predicted

masks through improved detection and refinement of ob-

ject-level details.

S

M ′ = {m1,m2, · · · ,mn}
mi

ci
R

The  approach  for  using  SAM2  as  a  refiner  is  illus-

trated in Fig. 1. In this method, a semantic segmentation

model  generates  a  semantic  mask ,  while  SAM2  oper-

ates  in  parallel  as  an  object  segmentation  network  that

extracts  individual  objects  from  the  scene  as  masklet

.  After  passing  through  an  ag-

gregator, each masklet  is used to refine the predicted

semantic  mask  by  determining  the  predominant  class 

within the masklet. The refined segmentation mask  is

then computed as follows:

R(x, y) =

{
ci, if (x, y) ∈ mi

S(x, y), otherwise.
(1)

S(x, y)

(x, y) ci
mi ci

mi

Here,  is  the  original  semantic  mask  at  pixel

location  and  represents  the  predominant  class

within the masklet . To determine , we compute the

class label that appears most frequently within the mask

:

ci = arg max
c∈C

∑
(x,y)∈mi

δ(S(x, y), c). (2)

δ(S(x, y), c)

S(x, y) = c

R

R

Here,  is  the  Kronecker  delta  function,

which returns 1 if  and 0 otherwise. Applying

these equations across all the pixels produces the final re-

fined mask . Evaluations are then performed on this re-

fined  mask  to  evaluate  how  the  performance  changes

after using SAM2 as a post-processing unit.
 3.1.2   SAM2 as segmentor

To investigate SAM2′s potential as an independent se-

mantic  segmentor (I-SAM2) with  minimal  architectural

modifications,  a  framework incorporating only the essen-

tial  changes  is  employed,  as  illustrated  in Fig. 2.  The
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F

d

M = {m1,m2, · · · ,mn} n

primary  change  involves  the  use  of  a  simple  classifier

composed  of  a  multi-layer  perceptron (MLP) layer.  The

process of obtaining a segmentation mask begins with the

images or live-stream frames as input, which are encoded

by SAM2′s image encoder. The encoded features  with

feature dimension  are subsequently processed through a

mask  decoder,  resulting  in  the  generation  of  masklets

 that  represent  detected object

regions in the scene. A mean of the encoded features cor-

responding  to  the  area  covered  by  each  masklet  is  com-

puted  to  derive  a  representation  for  each  masklet.  This

yields a single vector that characterizes each mask which

can be expressed as

vi =
1

|mi|
∑

(x,y)∈mi

F (x, y). (3)

vi ∈ Rd i

i ∈ {1, 2, · · · , n} F (x, y) ∈ Rd

(x, y) |mi|

mi

Here,  represents  a  feature  vector  of  the -th

mask ( ),  is the encoded fea-

ture  vector  at  pixel  location ,  and  represents

the cardinality, i.e., the number of pixels covered by the

mask .

{v1, v2, · · · , vn}The  feature  vectors  are  subsequently

fed  into  the  classifier  for  class  prediction of  each vector.

The outputs from this classification process are combined

with the masklets to create a unified segmentation mask,

which is then used to assess the performance of SAM2 as

a standalone semantic segmentor.

To  further  investigate  the  capabilities  of  SAM2  and

compare  its  effectiveness  with  semantic  information  en-

coding, evaluations are conducted on other VSS methods

by  using  their  encoders  to  extract  encoded  features  for

training  independent  classifiers.  Following  the  methodo-

logy outlined in (3), the encoded features from the trained

segmentation models are extracted and used to train the

classifiers for evaluation purposes.

Additionally,  it  is  observed  that  the  detection  of

masklets  within  the  images  occasionally  results  in  low

mask  coverage,  leaving  significant  areas  without  pre-

dicted labels. To address this issue, a base model is intro-

duced, which fills areas not covered by the masklets with

predictions  from the  base  segmentor,  as  shown in Fig. 2.

The  incorporation  of  a  base  model  aids  in  providing  a

thorough evaluation across  diverse  scenarios.  Further  in-
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Fig. 1     Framework for using SAM2[13] as a refiner to post-process the predicted masks from a segmentation model (Colored figures
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sights and discussions regarding the evaluations and their

results can be found in Section 4.2.

 3.2   Dataset

There  are  numerous  datasets  available  for  VOS  and

video  instance  segmentation (VIS),  including  one  from

SAM2[16].  However,  there  is  a  limited  availability  of

densely  annotated  datasets  for  evaluating  semantic  seg-

mentation, with the VSPW dataset[1] being a notable ex-

ception.  The  VSPW  dataset  stands  out  by  providing

dense annotations at a frame rate of 15 FPS and includes

124  unique  categories.  It  contains 2 806 training  clips

(198 244 frames), 343 validation clips (24 502 frames), and

387 test clips (28 887 frames), and it has been recognized

by  the  community  as  a  benchmarking  dataset  for  VSS.

We chose to use the VSPW dataset for our experiments

as  it  covers  a  wide  range  of  indoor  and  outdoor  scenes,

making  it  particularly  suitable  for  performance  evalu-

ation.

 3.3   Performance metrics

{Ic}Cv
c=0

{Mc}Cv
c=1 {Oc}Cv

c=1

n

A  well-established  metric  for  semantic  segmentation,

mean  IoU (mIoU) is  used  for  quantitative  assessment  of

the experiments. Considering the characteristics of SAM2

as  a  generic  foundation  model  suitable  for  video  object

segmentation, the evaluation extends beyond mIoU to in-

clude  additional  metrics  to  assess  visual  consistency

across frames and the precision of detected object bound-

aries.  Such  multidimensional  evaluation  provides  deeper

insights  into  the  model′s  effectiveness,  ensuring  that  the

segmentation  results  maintain  high  fidelity  over  tempor-

al  video  sequences.  Firstly,  to  assess  the  visual  consist-

ency  of  the  predictions,  the  metric  mean  video  consist-

ency (mVC)[1] is used. The metric mVC specifically meas-

ures the temporal smoothness of the predicted segmenta-

tion  maps  across  frames,  assessing  performance  in  the

temporal  domain.  Formally,  for  a  video  clip  represented

as ,  with  corresponding  ground-truth  masks

 and  predicted  outputs ,  the  calcula-

tion of video consistency VC  is performed as follows:

VCn =
1

Cv − n+ 1

Cv−n+1∑
i=1

(∩i+n−1
i Mi

)
∩
(∩i+n−1

i Oi

)
∩i+n−1

i Mi

.

(4)

mVCn

VCn Cv ≥ n

mVCn

The final  is  computed  by  taking  the  mean  of

all  the  calculated  values,  given  that .  As

shown  in (4),  captures  the  common  areas  of  the

predicted masks  across  frames,  reflecting the  consistency

of these predictions over time. For further details on this

metric, please refer to [1].

M C

Secondly, to evaluate the accuracy of object boundar-

ies,  the  ground-truth  masks ,  consisting  of  classes,

K

c ∈ C B

B O

N

mBIoU

are  processed  using  morphological  operations  with  a  5-

pixel  kernel .  This  processing  extracts  the  boundaries

for  each  class ,  resulting  in  a  boundary  mask .

Subsequently, the IoU is computed between these bound-

ary masks  and the predicted output masks . An av-

erage  of  the  IoU  values  across  images  in  the  dataset

provides the mean boundary IoU, referred to as .

This process is formulated as

B =
∪
c∈C

(Mc ⊖K) (5)

mBIoU =

1

N

N∑
i=1

|(Mi ∩Oi) ∩B|
|Mi ∩B|+ |Oi ∩B| − |(Mi ∩Oi) ∩B| . (6)

The  above (6) acts  as  a  comprehensive  measurement

for  the  accuracy  of  borders  for  the  predicted  segmenta-

tion  masks,  which  helps  in  evaluating  the  alignment  of

the predicted boundaries with the ground truth. The met-

ric will be particularly beneficial in applications where the

precise  delineation  of  object  edges  is  of  critical  import-

ance,  such  as  in  medical  imaging,  autonomous  driving,

and various other computer vision tasks.

 4   Results and ablations

This section provides a comprehensive analysis of the

results  obtained  from  various  experiments  conducted  on

SAM2,  aimed  at  applying  it  to  the  semantic  segmenta-

tion  task.  All  experiments  were  performed  using  the

VSPW  dataset[1].  The  following  discussion  will  present

the  findings  and  offer  insights  into  the  interpretation  of

the results obtained.

 4.1   Results as refiner

The performance of SAM2 as a mask refiner is evalu-

ated  using  state-of-the-art  VSS  models,  following  the

framework  illustrated  in Fig. 1.  The  evaluation  results

presented in Table 1 indicate that SAM2 is effective as a

refiner,  enhancing  the  overall  performance  of  the  models

across  all  evaluation  metrics.  Furthermore,  SAM2 shows

significant improvements in object segmentation as reflec-

ted  by  the  notable  increase  in  mBIoU scores.  A consist-

ent improvement in visual consistency across various VSS

backbones and their variants (MiT-B0 to MiT-B5) can be

attributed to SAM2′s ability to treat objects as masklets

and effectively  track  them across  frames.  The  consistent

enhancements  across  different  evaluation  metrics  under-

score SAM2′s effectiveness as a post-processing tool, par-

ticularly  in  refining  object  boundaries  and  improving

overall  segmentation accuracy and consistency.  Qualitat-

ive  results  in Fig. 3 illustrate  these  improvements,  show-

ing that SAM2 refines object boundaries and reduces seg-
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mentation noise across diverse scene categories.

Computational  cost  analysis. We  evaluate  the

computational  overhead  of  the  SAM2-refiner  on  the

VSPW validation set using a single NVIDIA A100 GPU.

The refiner operates at 1.1 to 3.5 FPS depending on scene

complexity and the number of objects tracked, compared

 

Table 1    Quantitative comparison of our model with existing methods on the VSPW dataset[1]

with an input resolution of 480 × 853

Methods Backbones ↑mIoU  (%) ↑Weighted IoU  (%) ↑mBIoU  (%) ↑mVC8  (%) ↑mVC16  (%)

Segformer[90] MiT-B0 32.9 56.8 – 82.7 77.3

CFFM[2] MiT-B0 35.4 58.5 21.8 87.7 82.9

MRCFA[49] MiT-B0 35.2 57.9 21.5 88.0 83.2

SAM2-CFFM MiT-B0 36.7 60.0 25.8 88.8 84.4

SAM2-MRCFA MiT-B0 36.8 59.2 25.8 89.1 84.6

Segformer[90] MiT-B1 36.5 58.8 – 84.7 79.9

CFFM[2] MiT-B1 38.5 60.0 24.7 88.6 84.1

MRCFA[49] MiT-B1 38.9 60.0 24.7 88.8 84.4

TV3S[63] MiT-B1 40.0 – 25.6 90.7 87.0

SAM2-CFFM MiT-B1 40.3 61.1 29.3 89.4 85.1

SAM2-MRCFA MiT-B1 40.6 60.9 29.4 89.5 85.2

SAM2-TV3S MiT-B1 41.1 62.3 30.1 91.4 87.8

Segformer[90] MiT-B2 43.9 63.7 – 86.0 81.2

CFFM[2] MiT-B2 44.9 64.9 28.9 89.8 85.8

MRCFA[49] MiT-B2 45.3 64.7 28.7 90.3 86.2

TV3S[63] MiT-B2 46.3 – 29.8 91.5 88.4

SAM2-CFFM MiT-B2 46.7 65.3 33.9 90.4 86.5

SAM2-MRCFA MiT-B2 46.9 65.7 33.8 91.0 87.1

SAM2-TV3S MiT-B2 47.8 65.2 34.8 92.1 89.1

Segformer[90] MiT-B5 48.9 65.1 – 87.8 83.7

CFFM[2] MiT-B5 49.3 65.8 32.1 90.8 87.1

MRCFA[49] MiT-B5 49.9 66.0 32.0 90.9 87.4

TV3S[63] MiT-B5 49.8 – 32.9 91.7 88.7

SAM2-CFFM MiT-B5 50.8 66.3 37.0 91.2 87.7

SAM2-MRCFA MiT-B5 51.3 66.6 37.1 91.5 88.2

SAM2-TV3S MiT-B5 51.3 67.1 38.1 92.2 89.3

 

CFFM

SAM2-CFFM

GT

 
Fig. 3     Qualitative comparison of SAM2 refinement on VSPW validation set. SAM2 refinement improves boundary precision and
reduces  noise  in  predicted  masks,  particularly  for  objects  with  complex  boundaries. (Colored  figures  are  available  in  the  online
version at https://link.springer.com/journal/11633)
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to  4 FPS  to  15 FPS  for  base  to  large  VSS  models.  This

computational  cost  positions  SAM2 as  the  most  suitable

for offline refinement scenarios where segmentation qual-

ity, particularly boundary accuracy and temporal consist-

ency, is prioritized over real-time performance.
 4.1.1   Cross-dataset generalization

To evaluate the generalization capability of SAM2 as

a refiner across different datasets and scenes, we conduct

experiments  on  VIPSeg[91],  a  large-scale  video  panoptic

segmentation dataset with 124 classes covering diverse in-

the-wild scenarios. We apply the SAM2-refiner to predic-

tions from recent state-of-the-art video panoptic segment-

ation methods by converting their panoptic outputs to se-

mantic  segmentation  masks.  Specifically,  we  evaluate

CAVIS[64],  DVIS[65],  and  DVIS++[66] with  different  back-

bones  without  any  fine-tuning  or  parameter  adjustment

to the SAM2-refiner. The results in Table 2 demonstrate

that  SAM2  consistently  improves  boundary  accuracy  as

indicated by mBIoU gains across all methods, while main-

taining  competitive  performance  on  other  metrics.  This

validates that the refinement capability of SAM2 general-

izes  well  to  diverse  datasets  and  modern  architectures

without dataset-specific tuning.

 
 

Table 2    Cross-dataset generalization of SAM2 as
refiner on VIPSeg dataset

Methods ↑mIoU
(%)

↑mBIoU
(%)

↑mVC8

(%)
↑mVC16

(%)

CAVIS (R50)[64] 50.4 55.3 86.2 79.4

DVIS++ (R50)[66] 49.9 55.5 85.8 79.5

DVIS (Swin-L)[65] 55.2 57.2 89.5 84.2

†DVIS (Swin-L)  [65] 57.0 60.9 91.4 87.7

SAM2-CAVIS 50.3 56.8 86.7 80.1

SAM2-DVIS++ 50.0 57.0 86.3 80.1

SAM2-DVIS 55.0 59.1 89.8 84.6

SAM2-DVIS
(offline) 57.2 62.3 91.8 88.3

 
 4.1.2   Ablations on refiner

Ablation studies are conducted to analyze the impact

of various parameters during evaluation and their effects

on  the  final  segmentation  results.  All  ablation  experi-

ments are conducted by making use of the MiT-B1 back-

bone[90] of the CFFM[2] VSS model, following the default

parameters outlined in Section 3.  The ablations are con-

ducted  on  four  parameters  that  significantly  influence

model  performance  during  inference:  the  temporal  win-

dow size for mask propagation, the number of point grid

inputs used as prompts, and the thresholds for prediction

confidence and masklet stability. Understanding and test-

ing these parameters is crucial for optimizing the model′s
effectiveness and ensuring reliable results.

Effect of temporal window size. The evaluation of

SAM2′s  ability  to  propagate  masklets  across  sequential

frames is performed by varying the temporal window size

for  masklet  propagation.  Using  a  temporal  window  al-

lows for the detection of new objects while refreshing in-

formation about existing masklets, leading to more accur-

ate segmentation. The results of the experiments are sum-

marized  in Table  3,  where  the  evaluations  begin  with  a

single-frame  temporal  window  and  are  incrementally  in-

creased  up  to  a  total  of  32  frames.  It  is  observed  that,

while increasing the number of frames has a negligible im-

pact  on  the  quantitative  quality  of  the  segmentation

masks (mIoU), there is a consistent improvement in visu-

al  consistency.  This  improvement  can  be  attributed  to

the  tracking  of  masklets  across  the  temporal  dimension,

which  leads  to  more  stable  predictions  of  individual  ob-

jects within the scene. Considering this observation, along

with  the  advantage  of  faster  inference  times  in  SAM2

with  increased  temporal  window,  a  temporal  window  of

32 frames is used for all subsequent experiments.

  
Table 3    Ablation study on varying temporal window

sizes (i.e., the number of frames)

#Frames mIoU (%) FWIoU (%) mVC8 (%) mVC16 (%)

1 40.3 61.1 88.2 83.9

2 40.3 61.1 88.4 84.0

4 40.3 61.1 88.6 84.3

8 40.3 61.0 88.9 84.5

10 40.3 61.0 89.1 84.7

16 40.4 61.1 89.2 84.8

32 40.4 61.1 89.4 85.1

 

8× 8

16× 16

Influence of  grid prompt size. To effectively  seg-

ment  all  objects  in  a  scene  using  an  automatic  prompt

segmentor,  selecting  the  appropriate  size  for  the  point

grid to perform prompting is essential. Based on the eval-

uations in Table 4,  there are minimal  differences  in per-

formance  across  various  prompt  sizes.  While  the 

option might seem appealing due to potentially faster in-

ference times, this study focuses on identifying all objects

in  the  scene  with  minimal  omissions,  ensuring  an  accur-

ate  assessment  of  semantic  segmentation.  Upon  further

visual inspection, the  grid appears to be the op-

timal  choice,  as  it  does  not  significantly  impact  evalu-

ation time. However, in scenarios where rapid inference is

critical  and  some  object  omission  is  acceptable,  smaller

prompts  may provide  advantages  based  on  the  observed

results.

Impact on the choice of  thresholds. The  impact

of  the  confidence  threshold  has  been  thoroughly  evalu-

ated  and  documented  in Table  5,  while  assessments  of

stability are provided in Table 6. The selection of optim-

al  thresholds  for  confidence  and  stability  should  be

guided  by  the  specific  requirements  of  the  downstream

tasks that utilize the segmentation capabilities of SAM2.

A high  confidence  threshold  results  in  a  limited  number
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of masklets that align well with the objects, often leading

to  the  exclusion  of  many  masklets  due  to  stringent

thresholding,  while  a  low  confidence  threshold  can  pro-

duce  an  overwhelming  number  of  masklets,  even  if  they

are poorly aligned. In terms of stability, a high threshold

ensures  consistency  among  the  masklets,  whereas  a  low

threshold  may  permit  unstable  masklets  to  be  included.

For the purpose of this study, aimed at achieving effect-

ive semantic segmentation, it is essential to obtain a suffi-

cient number of masklets while maintaining the stability

of  the predictions.  Thus,  the threshold values are imple-

mented with 0.6 for confidence and 0.8 for stability to es-

tablish an optimal balance.

 4.2   Results as segmentor

Using  SAM2 for  semantic  segmentation  shifts  the  fo-

cus from classifying each pixel into specified categories to

detecting  every  individual  item  in  the  scene – both

“thing” and “stuff” – before classifying these detected ob-

jects  with  a  classifier.  As  discussed  in  Section  3.1.2,  an

evaluation  is  conducted  to  compare  the  independent

SAM2 (I-SAM2) with  other  VSS  models,  CFFM[2],  in  a

similar  setting (I-CFFM).  Additionally,  to  verify  the  im-

plication  of  the  missed  masks,  a  baseline  mode  is  em-

ployed with optimal thresholding for the current task, as

discussed in Section 4.1.2, where the regions not covered

by  the  masklets  are  filled  with  the  segmentation  predic-

tions.  For  the  I-SAM2  base  mode (I-SAM2base),  the  seg-

mentation  results  from  CFFM variant  with  the  MiT-B1

backbone[90] are used.

The  evaluation,  detailed  in Table  7,  indicates  that

SAM2 performs poorly in this task, even with assistance

from  the  segmentors  in  the  base  mode,  which  has  the

worst  performance  compared  to  other  methods.  This

trend  holds  true  even  for  the  trained  VSS  models,  as

there is a noticeable decline in performance, with a drop

of  at  least  10%  in  the  quantitative  accuracy  of  predic-

tions, measured by mIoU values. Furthermore, there is a

significant  decrease  in  the  stability  of  the  results,  evid-

enced  by  a  drastic  decline  in  visual  consistency.  The

drastic  drop  in  performance  in  SAM2  strongly  suggests

that it is not suitable for independent semantic segmenta-

tion when the core SAM2 model is  not retrained for the

specific task.

 

Table 4    Ablation study on the grid prompt size

Prompt mIoU (%) FWIoU (%) mVC8 (%) mVC16 (%)

8 × 8 39.9 61.0 89.3 85.1

16 × 16 40.4 61.1 89.4 85.1

32 × 32 40.3 61.1 89.3 85.0

64 × 64 40.2 61.0 89.2 84.9

 

Table 5    Ablation study on the confidence threshold

IoU Conf. mIoU (%) FWIoU (%) mVC8 (%) mVC16 (%)

0.4 40.1 61.1 89.3 84.9

0.5 40.2 61.1 89.3 85.0

0.6 40.4 61.1 89.4 85.1

0.7 40.3 61.1 89.4 85.1

0.8 40.2 61.0 89.5 85.2

0.9 39.8 60.8 89.3 85.1

 

Table 6    Ablation study on the stability

Stability mIoU (%) FWIoU (%) mVC8 (%) mVC16 (%)

0.4 40.5 61.2 89.3 85.0

0.5 40.5 61.2 89.3 85.0

0.6 40.4 61.2 89.3 85.0

0.7 40.4 61.1 89.3 85.0

0.8 40.4 61.1 89.4 85.1

0.9 40.0 60.9 89.3 85.0

 

Table 7    Quantitative comparison of our model with existing methods on the VSPW dataset[1]

with an input resolution of 480 × 853

Methods Backbones ↑mIoU  (%) ↑Weighted IoU  (%) ↑mBIoU  (%) ↑mVC8  (%) ↑mVC16  (%)

CFFM[2] MiT-B0 35.4 58.5 21.5 87.7 82.9

I-CFFM MiT-B0 29.9 49.4 21.1 66.9 58.1

I-CFFMbase MiT-B0 33.5 56.9 21.4 73.9 66.8

CFFM MiT-B1 38.5 60.0 24.7 88.6 84.1

I-CFFM MiT-B1 30.3 49.9 21.3 66.0 57.3

I-CFFMbase MiT-B1 34.1 57.6 22.0 73.2 66.2

CFFM MiT-B2 44.9 64.9 28.9 89.8 85.8

I-CFFM MiT-B2 37.5 55.1 27.1 70.8 62.7

I-CFFMbase MiT-B2 42.3 63.2 28.1 79.1 73.0

I-SAM2 – 18.0 36.5 13.3 52.8 43.7

I-SAM2base – 20.9 41.8 15.7 55.5 46.6
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Analysis of I-SAM2 limitations. The performance

gap observed in I-SAM2 can be understood by examining

the fundamental differences between object segmentation

and  semantic  segmentation  objectives.  SAM2  is  trained

for  promptable  object  segmentation,  where  the  primary

goal  is  to  delineate  individual  objects  regardless  of  their

semantic category. Consequently, the features learned by

SAM2′s image encoder are optimized for capturing gener-

al object properties such as boundaries, textures, and spa-

tial  coherence  rather  than  class-discriminative  informa-

tion. This contrasts with models like CLIP[9], which expli-

citly  align  visual  and  textual  representations  to  encode

semantic meaning, or task-specific VSS encoders that are

supervised  with  dense  categorical  labels.  The  limitations

are  further  compounded  by  the  feature  aggregation

strategy  in (3),  which  computes  a  mean  feature  vector

over  each masklet  assuming semantic  homogeneity  with-

in detected regions. While this assumption holds for class-

aware encoders, it becomes problematic for SAM2′s class-

agnostic  representations where averaging may dilute any

latent  discriminative  signals.  These  observations  suggest

that leveraging SAM2 for semantic segmentation benefits

more from utilizing its precise boundary predictions as a

refinement tool rather than relying on its feature repres-

entations for direct classification.

 5   Challenges and future directions

The  limitations  observed  in  our  standalone  I-SAM2

experiments  reveal  fundamental  challenges  in  adapting

foundation  models  for  dense  VSS.  As  discussed  in  Sec-

tion 4.2, SAM2′s class-agnostic features optimized for ob-

jectness  struggle  with  semantic  discrimination  required

for  pixel-level  classification.  This  finding  highlights  the

need for targeted adaptations that inject semantic aware-

ness while preserving SAM2′s strong boundary prediction

capabilities.  To  address  this,  specialized  modules  or  ad-

apters  can  enhance  SAM2′s  ability  to  understand  and

track multiple objects with complex boundaries and vary-

ing  scales.  For  instance,  SAM2-Adapter[92] has  been  de-

veloped to adapt SAM2 for downstream tasks,  achieving

state-of-the-art  results  in  areas  like  camouflaged  object

detection and shadow detection.

Building  on  these  insights,  future  work  could  explore

lightweight parameter-efficient strategies to bridge the se-

mantic  gap  we  have  identified.  Low-rank  adaptation

(LoRA) could selectively update attention weights to en-

able  semantic  discrimination  without  full  fine-tuning  of

SAM2′s  encoder[92, 93].  Alternatively,  learnable  fusion

modules  could  dynamically  weight  SAM2′s  object-aware

features against  task-specific  semantic  embeddings[94],  re-

placing our fixed majority voting approach with adaptive

integration  that  learns  optimal  combination  strategies

during training[95, 96]. Such approaches would directly ad-

dress  the feature-level  limitations revealed in our experi-

ments while maintaining SAM2′s zero-shot generalization

for novel object categories.

Beyond  semantic  adaptation,  evaluating  SAM2  in

open-vocabulary segmentation tasks highlights additional

opportunities  for  enhancement.  While  SAM2  shows

strong  zero-shot  generalization,  its  performance  in  open-

vocabulary segmentation can be further improved by in-

corporating  composable  prompts.  The  SAM-CP[97] ap-

proach  pairs  SAM2  with  composable  prompts  and  has

achieved  superior  results  in  panoptic  segmentation.  This

suggests  that  augmenting  SAM2  with  language-driven

prompting  could  enhance  its  ability  to  segment  a  wider

range of object categories in diverse and dynamic environ-

ments,  complementing  the  semantic  adaptations  dis-

cussed above.

 6   Conclusions

This  study  investigates  the  application  of  SAM2  in

VSS by evaluating it across multiple datasets and archi-

tectures.  Our  experiments  on  VSPW  and  VIPSeg  data-

sets  demonstrate  that  SAM2, as  a  mask refiner,  signific-

antly  enhances  semantic  segmentation  performance  by

improving the  precision of  object  boundaries  and enhan-

cing  visual  consistency  across  various  existing  segmenta-

tion  models.  The  consistent  improvements  in  mBIoU

across different methods and datasets validate SAM2′s ef-
fectiveness as a post-processing refinement tool. However,

when  evaluated  as  a  standalone  segmentor,  SAM2  per-

forms subparly compared to models explicitly trained for

semantic  segmentation.  This  limitation  stems  from

SAM2′s  class-agnostic  feature  representations  optimized

for objectness rather than semantic discrimination. These

findings underscore the critical need to adapt foundation

models  to  specific  tasks  to  fully  leverage  their  advanced

capabilities, while highlighting SAM2′s practical value as

a quality-focused refinement module for VSS applications.
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