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Abstract

Open-vocabulary counting (OVC) has garnered significant
attention for its ability to count without relying on man-
ual exemplars or class-specific requirements. OVC re-
quires prompt localization, scene understanding, and com-
position, as well as the ability to distinguish between in-
stances of the same object type. Most methods rely on
manually adding exemplars along with text prompts to aid
localization and improve performance, but this comes at
the cost of ease of use. In the video domain, OVC is
equally important for real-time applications, given the chal-
lenges posed by occlusions, deformations, and fragmenta-
tion. We introduce SAM3Count, a zero-shot SAM3-based
OVC framework for images and videos. For video count-
ing, SAM3Count builds on SAM3 by designing a lightweight
reidentification tracker that maintains an appearance bank
to recover lost tracks and curb identity switches. For im-
ages, it uses adaptive ROI tiling to improve counting perfor-
mance across diverse scenes without requiring manual ex-
emplars or priors. SAM3Count achieves impressive results,
surpassing the most recent state-of-the-art (SOTA) meth-
ods across image (FSCD-147, ShanghaiTech, CARPK) and
video (TAO-Count, Penguins) benchmarks. Code is avail-
able at https://github.com/Joan947/SAM3Count.

1. Introduction
Object counting estimates the number of instances of a
target object present in an image or video by identifying
and aggregating all occurrences in the scene. As a funda-
mental computer vision task, it has broad real-world ap-
plications, including crowd management and urban plan-
ning [14, 53], traffic analysis [5, 46], wildlife conserva-
tion [33, 36, 47], and scientific imaging [12]. However, ob-
taining these counts manually is labor-intensive; annotating
one hour of drone or surveillance footage requires hours of
expert effort. This motivated the emergence of automated
counting systems that generalize across scenes, domains,
and object types. Earlier methods were class-specific ex-
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Figure 1. SAM3Count is a zero-shot counting framework that
improves over SAM3 for denser scenes in images and addresses
double-counting, identity switches, in video counting.

ample; people, cells, or animals [4, 20, 41].
Recent works [3, 16, 25, 51] have advanced to class-

agnostic OVC in images, with the aim of counting objects
from unseen data or categories. Advances [26, 40, 54] in
the perception of open vocabulary have made it possible
to localize arbitrary textual concepts rather than a set of
closed labels. These baselines have provided strong build-
ing blocks for image-level counting systems [3, 17, 51, 52].
Video-based OVC remains underexplored. Object count-
ing across video frames poses challenges: counting unique
and multiple instances, preventing double-counting, and
handling occlusions and appearance variations. Earlier
video counting methods [8, 22, 50, 56] were class-specific

https://github.com/Joan947/SAM3Count
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Figure 2. Qualitative comparison illustrating double counting and id inconsistencies across Frame 57 and Frame 98. CountVid[2] exhibits
temporal inconsistencies leading to duplicate counting, and SAM3 switches ids for vehicles in the later frames. SAM3Count maintains
more consistent identities across frames, reducing double-counting and ID reassignment errors.

and typically followed a detection-track-count pipeline, in
which per-frame detections are linked into trajectories using
multi-object tracking (MOT) or temporal density regression
to predict frame-wise density maps. These pipelines gener-
ally assume a closed label set and do not naturally support
arbitrary user-specified categories. CountVid [2] introduces
the VideoCount benchmark and a prompt-based localiza-
tion–tracking pipeline for open-vocabulary video counting.
However, its results also highlight a central bottleneck:
tracking inconsistencies and ID fragmentation during occlu-
sion and reappearance, leading to under- or over-counting.

In this paper, we propose SAM3Count, a text-prompted
image and video object-counting framework that improves
identity consistency and counting performance in open-
vocabulary settings (Figure 1). SAM3Count builds on
SAM3 [6] as a frozen backbone for zero-shot segmenta-
tion and tracking. We introduce an adaptive multimodal re-
identification tracker that fuses appearance, motion, spatial
proximity, and temporal continuity to maintain stable IDs.
It supports object reappearance, handles occlusions, and de-
formations in videos. We build on SAM3’s image-counting
capabilities to perform zero-shot image counting. Figure 2
illustrates the failure modes we address in video counting:
double counting and reassignment of one ID to multiple ob-
jects during tracking. Our main contributions are fourfold:
• We design SAM3Count for zero-shot, open-vocabulary

counting in images and videos.
• We build a multimodal adaptive re-identification tracker

on top of SAM3’s concept-aware tracker, for SAM3Count
to maintain persistent identities under occlusions, defor-
mations, and temporary disappearances, reducing both
under-counting and double-counting in videos.

• We design an adaptive ROI tiling module to improve the
efficiency and performance of our image-counting model.

• We achieve SOTA results on four image and two video
benchmarks.

2. Related Work
2.1. Open Vocabulary Counting in Images
The early object counting methods [4, 20, 21, 55] fo-
cused on pedestrian crowd scenes, using detection-based
and density-regression paradigms. Detection-based meth-
ods [19, 29, 57] estimate counts using a detector head. Ad-
vances like CNN-based detectors [13], point-supervised lo-
calization [28], RGB-D cues [24], and YOLO-based head
detection [15] improved performance in crowded scenes.
However, performance dropped under heavy occlusion and
with small object sizes, prompting the use of density re-
gression. Context-aware methods such as CSRNet [23] and
CAN [27] tackle dense crowds by using dilated convolu-
tions and multi-scale contextual modeling to handle scale
variation, perspective effects, and severe crowding. These
models are typically category-specific and lack instance
identity, limiting temporal or open-category counting.
Open-vocabulary detection (OVD) localize objects from
free-form text queries, allowing recognition beyond fixed
label sets [26, 29, 57]. Models like [26] enables OVD
through image-text pre-training, while SAM-based exten-
sions [18, 40, 54] produce text-guided masks for more pre-
cise localization. These models broaden recognition ca-
pability, but they are not designed specifically for dense
counting and often degrade for small, crowded, or heav-
ily overlapping instances. Building on this direction, recent



work has moved toward open-vocabulary and class-agnostic
counting in images.
Class-agnostic counting methods [3, 16, 34, 44, 45] es-
timate the number of instances of an object in an im-
age without relying on a predefined label set. Wang et
al. [49] show that vision transformers enable few-shot class-
agnostic counting via exemplar–query matching, reducing
reliance on fixed taxonomies, but may struggle when ex-
emplars are not representative or when occlusions are se-
vere. [17] uses CLIP features to align text prompts and im-
age regions for zero-shot counting, while other approaches
leverage general VLMs to guide counting in a zero-shot
or few-shot setting [51]. [16] extends detection-based
counting to class-agnostic settings using SAM to generate
mark proposals and CLIP for classification, without an ex-
plicit design for dense scenarios. Open-vocabulary image
counting methods, such as [3], address this issue by us-
ing few-shot approach, combining text and visual exem-
plars to count arbitrary objects in dense scenes. Subsequent
work [43, 52] introduced improved prompt queues and loss
functions to further improve performance. In our work, we
focus on text prompted open vocabulary counting with ex-
plicit handling of densely crowded scenes.

2.2. Open Vocabulary Counting in Videos
Earlier methods [8, 9, 50] for video counting followed a
detection-plus-tracking paradigm in which detectors local-
ize objects frame by frame and multi-object trackers [56] or
universal association models [22]. Open-vocabulary video
counting is much less explored. CountVid [2], a method
in this setting, decomposes counting into detection, class-
agnostic segmentation, and tracking [3, 18, 38]. Although
it demonstrates the feasibility of open-vocabulary counting
in videos, its tracking pipeline remains sensitive to defor-
mation, occlusion, and distractors, which can produce du-
plicate identities, fragmented trajectories, and overcounting
(see Figure 5). In our approach, we address these limi-
tations using SAM3 [6], together with a re-id tracker to
improve identity consistency in and support more reliable
open-vocabulary video counting.

3. Open Vocabulary Adaptive Counting
We propose SAM3Count, a counting framework with im-
proved identification and tracking consistency for open-
vocabulary counting in images and videos. SAM3Count
leverages the SAM3 [6] as a backbone for zero-shot detec-
tion, tracking and counting. SAM3 uses text, points, boxes
and exemplars as its input prompt. We focus on text input
only for zero shot counting.

3.1. SAM3Count for Images
We improve SAM3 for zero shot open vocabulary counting
based on text inputs only in two stages described below.

3.1.1. Stage 1: Image inference and Density decision
Given an input image I and a prompt q, SAM3 returns a set
of candidate instance masks with associated masks, boxes,
and scores. We filter them using mask-level non-maximum
suppression based on Intersection-over-Minimum (IoM)
to produce a set of detections with: IoM(ma,mb) =
(|ma ∩mb|)/(min(|ma|, |mb|)).
Density estimation and tiling trigger: To decide whether
the image is a dense scene and proceed to Stage 2, we com-
pute three signals from the clean Stage 1 detections: (i) cov-
erage area c, (ii) the number of instances N , and (iii) a size
score ssize that increases as the average box size decreases
(objects occupying > 10% of the image yield ssize ≈ 0).
sdens = wc c + wn min

(
N

Cmax
, 1
)
+ ws ssize, where wc,

wn, and ws are scalar weights and min(N/Cmax, 1) is the
count term normalized and capped to avoid dominance in
very crowded scenes.

3.1.2. Stage 2: ROI-guided adaptive tiling (dense scenes)
Stage 2 is activated only for dense scenes to increase recall
for small, crowded instances while keeping the computation
bounded and efficient. We compute the ROI of the padded
union of Stage 1 boxes and generate an adaptive overlap-
ping tile grid based on the boxes’ density scores.
Adaptive tiling rule:We map the density outcome to a
tiling rule that defines a target grid and an overlap ratio.
Given an image of size (W,H), we select a tiling regime
r and map it to a target grid (Cr, Rr) (number of tile
columns/rows) and the overlap ratio γr ∈ (0, 1). We com-
pute the tile size from the grid and clamp it to a valid range
by setting tr = clip(max(W/Cr, H/Rr), tmin, tmax) and
stride sr = tr − ⌊γrtr⌋, then slide a tr × tr window with
stride sr. Each tile is independently processed by SAM3,
then mapped to global coordinates, and the detections are
merged into a set of unified candidates. For extremely dense
scenes, the tiling refinement is applied recursively, such that
tiles that remain near detector capacity after initial suppres-
sion are subdivided into finer overlapping sub-tiles and re-
processed with a higher confidence threshold. Cross-tile
suppression and Final counting: To prevent duplicate pre-
dictions for the same physical instance, we apply (1) Cross-
tile box NMS to remove obvious duplicates across (2) Final
mask IoM NMS(same criterion as Stage 1) to handle heavy
overlaps; and the filter. Figure 4 provides an overview of
the ROI adaptive tiling process.

3.1.3. Image Counting Implementation details.
We report the settings of the image counting pipeline. In the
density score, the weights for the coverage, count, and size
terms are set to (0.3, 0.5, 0.2), with the count term defined
as min

(
N

Cmax
, 1
)

, where N is the number of clean detec-
tions from stage 1 and Cmax = 50 (the count cap used
for normalization). The size score is defined as ssize =
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Figure 3. SAM3Count architecture overview. Given a textual query (e.g., “car”) and video frame input, joint text–image encoders guide
object detection and memory attention, while a Re-ID tracker leverages appearance, spatial, and temporal cues along with motion history
and a lost-track registry to maintain consistent identities across frames.

1 − min(ā/0.1, 1), where ā denotes the average box area
normalized by the image area; therefore, objects occupy-
ing more than roughly 10% of the image contribute a near-
zero size score. For adaptive tiling, the density regime is
mapped to configurations (Cr, Rr, γr), and tile size is con-
strained to tmin = 97 and tmax = 1024. The ROI is de-
fined as the padded union of Stage 1 boxes, using padding
px = max(16, 0.04 bw) and py = max(16, 0.04 bh), where
bw and bh are the ROI width and height.

3.2. SAM3Count in Videos

For video counting, we augment SAM3 with a multi-modal
re-identification (Re-ID) tracker that maintains a consistent
identity space over time using appearance cues, motion con-
tinuity, and recovery of temporarily lost tracks. This re-
duces duplicate counting caused by split trajectories, iden-
tity switches, and reappearing objects.

3.2.1. Input Processing:
Let V = Iii = 1n be the video and τ the text prompt.
SAM3 encodes each frame as Φi = PE(Ii) and the prompt
as eτ = CLIPtext(τ), initializes masks on the first frame,
and then propagates them through memory-guided tracking.
The perception encoder produces high-dimensional feature
maps (e.g., 1008× 1008 resolution) that we extract for sub-

sequent appearance modeling without any additional train-
ing or finetuning.

3.2.2. Multi-Modal Re-Identification Tracker

SAM3 may fragment a single physical object into multi-
ple internal IDs or switch identities when objects are visu-
ally similar (see Figure 2). To address this, we introducea
multi-modal re-identification (Re-ID) tracker that maintains
a consistent identity space on top of SAM3’s raw track IDs.
For each trajectory, we store (i) an appearance bank A(s),
(ii) a short motion history H(s), and (iii) a track state indi-
cating whether the identity is currently active, temporarily
lost, or terminated.
Appearance bank: We keep up to Kmax = 10
masked descriptors with their confidence scores, A(s) =
{(ϕi, ci)}ki=1, where ϕi ∈ Rd is L2-normalized and k ≤
Kmax. Given a feature map Φ ∈ Rc×h×w and a binary
mask M ∈ {0, 1}h×w, the masked descriptor is

ϕ = Normalize

(∑
i,j Φ[:, i, j] ·M [i, j]∑

i,j M [i, j] + ε

)
. (1)

To preserve diversity, we only add ϕ if it is not redundant
with the bank, i.e., maxϕ′∈A(s) cos(ϕ, ϕ

′) < 0.95.
Motion history: We maintain a motion history H(s) =
(ti, pi), for each object with pi = [cx, cy]

⊤, ( bounding box
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Figure 4. Overview of SAM3Count image counting pipeline. SAM3 initial pass produces initial instance masks, followed by IoM-based
deduplication and filtering. Dense scenes activate Stage-2, where SAM3Count performs ROI-guided overlapping tiling, aggregates tile
predictions, applies cross-tile suppression, and outputs the final count.

centers over time), and use a constant-velocity extrapolation
for short-term gating during association (up to 50 frames).

Lost-track registry: When an object disappears (SAM3
stops tracking), we move it to a lost registry which remain
recoverable for up to 50 frames:
L[id] = {id : s; frame : t; feat : A(s); box : bbox(s)}

3.3. Multi-Modal Association

SAM3Count adapts and configures its association behavior
to the dynamics of each scene. We achieve this by mul-
timodal online association techniques that links SAM3’s
outputs to consistent identities, prevent false merges, re-
identify temporarily lost objects, and merge track splits.

3.3.1. Pending Window for New IDs

To prevent spurious associations, new SAM3 IDs first en-
ter a pending state for Twait = 3 frames, i.e. Qpending[s] =
{first frame : t0, features : [ϕ1, ϕ2, ϕ3], boxes : [b1, b2, b3],
masks : [M1,M2,M3]}. This accumulates evidence before
committing to ID assignment, reducing the noise from tran-
sient false detections and very short-lived segments.

3.3.2. Three-Stage Matching Protocol

After the pending window, we test candidate matches us-
ing our complementary modalities: Appearance similar-
ity: Let ϕnew be the descriptor of the candidate track and
A(s′) the appearance bank of an existing identity s′. We
compute simapp = maxϕ′∈A(s′) cos(ϕnew, ϕ

′) and require
simapp > 0.92. Spatial proximity: We reject matches that
are visually similar but far apart within the frame. Let cnew
and cexist be the bounding-box centers of the candidate and
the existing track. We require |cnew − cexist|2 < 50 pix-
els. Temporal consistency: If the candidate and an exist-
ing track overlap in time, they should co-occur and follow
similar trajectories. Let Fpend and Fexist be the sets of frames
where the candidate and the existing track are visible. We
require an overlap ratio roverlap =

|Fpend∩Fexist|
|Fpend∪Fexist| > 0.6 with

at least two shared frames, and we also enforce that their
centers remain close over the shared frames

3.3.3. Re-Identification of Lost Tracks

When a candidate does not match any active identity,
SAM3Count attempts re-ID against L (lost registry). We
use motion as a gating signal (the candidate must be near
the predicted position) and appearance as the main sig-



nal. We keep one combined score (and tighten its spacing):
Sreid = 0.6, sapp + 0.4, smot , where sapp is the max cosine
similarity to the lost identity’s appearance bank, and smot is
a normalized motion-consistency score in [0, 1]. We accept
re-identification if sapp > 0.75, smot > 0.4, and Sreid > θ.

3.4. Offline Consolidation and Final Counting
As a lightweight post-processing step, we merge trajecto-
ries that represent the same object but were split by short
gaps. These include merging (i) track pairs (T1, T2) with
substantial mask overlap over shared frames using mask
IoU similarity, and (ii) adjacent tracks T1 and T2 separated
by a small temporal gap with end or start positions spatially
close. Figure 3 demonstrates a visual representation of the
SAM3Count model to track and count across video frames.

4. Experiments
We evaluate SAM3Count’s zero -shot performance across
a diverse set of image and video benchmarks spanning dif-
ferent domains, including UAV, open-world scenes, crowd
counting, and web-based images.

4.1. Image benchmarks:
FSC-147 [32] is a standard open-world counting dataset
with 147 classes and 6,135 images, covering a wide range
of object appearances and densities. FSCD-147 [32] fur-
ther enhances the validation and test splits of FSC-147
with bounding-box annotations. We use this benchmark to
evaluate the counting in cluttered, and small-instance set-
tings. ShanghaiTech [55] is a single-class crowd count-
ing benchmark split into two parts. Part A has 182 test
images, 66–2256 humans per image, and Part B contains
316 images, 9–539 humans per image (498 images; 9–
2,256 people per image). OmniCount [31] is a multi-
class counting benchmarks with multiple labels of differ-
ent categories within an image. The Fruit split is used
with 300 images of 8 different fruits across images. For
web-scale counting, we follow [6] and test SAM3Count on
PixMo-Count [11], which provides point annotations with
a released split that contains 36.9k training examples and
human-verified validation/test sets (540 images each). We
also test our model on CountBench, which is an LAION-
400M-curated evaluation benchmark, containing 540 im-
ages with counts between 2 and 10 [35]. CARPK is a
domain-specific vehicle counting benchmark consisting of
1,448 aerial drone images of parking lots with cars anno-
tated using tight bounding boxes, split into a training set
of 989 images and a test set of 459 images. SAM3 is not
optimized for tiny, tightly packed instances, so we fine-
tune the detection head on FSCD-147 train split and de-
note this variant as SAM3Count (ft) to better localize tiny
objects in dense scenes. The training categories are dis-
joint from the validation and test categories of FSCD-147

and also differ from those in ShanghaiTech (human only).
Thus, evaluation remains zero-shot since objects are still
specified using only text prompts for unseen categories. We
therefore report SAM3Count (ft) as a fine-tuned zero-shot
open-vocabulary variant, distinct from the frozen training-
free setting FSCD-147 and ShanghaiTech to characterize
their effect in crowded scenes. For the remaining bench-
marks, SAM3Count is evaluated in a zero-shot training-free
setting. We report the finetuned results on dense bench-
marks (FSCD-147 (val and test split) and ShanghaiTech) to
characterize their effect in crowded scenes. For the remain-
ing benchmarks, SAM3Count is evaluated in a training-free
setting with text prompts only.

4.2. Video benchmarks:
We follow [2] and evaluate SAM3Count on two bench-
marks; TAO-Count (357 videos; 139 categories; 8 - 10s
lengtgh) built on TAO [10],and Penguins (3 short videos,
28–59 penguins per video) [2].

4.3. Metrics
For image counting, given N images with predicted counts
ŷi ∈ Z≥0 and ground-truth counts yi, we follow [6] and
report exact-match Accuracy and MAE: Acc(%) = 100 ·
1
N

∑N
i=1 I[ŷi = yi] and MAE = 1

N

∑N
i=1|ŷi − yi|.

For video counting, given M videos with predicted
totals per-video Ŷj and ground-truth totals Yj , we fol-
low [2] and report MAE (as above) and RMSE: RMSE =√

1
M

∑M
j=1(Ŷj − Yj)2.

4.4. Quantitative results
FSCD-147: In Table 1, we test SAM3Count on FSCD-
147 benchmark images, which range from moderate clutter
to highly dense configurations with many small instances.
SAM3Count improves SAM3 by mitigating the characteris-
tic dense-scene failure mode. Fine-tuned SAM3Count (ft)
further strengthens performance in the most crowded cases
by adapting the detection head to smaller instances. This
leads to SOTA RMSE scores in validation set for zero shot
counting and SOTA overall results in the test set.
ShanghaiTech: In Table 2, we test SAM3Count in a denser
crowd setting under a fixed prompt (“human”) across all
images. SAM3Count shows better performance in both
Parts A and B, with Part A containing the heaviest images
of the crowded-scene. The addition of adaptive tiling tech-
niques has improved the model’s performance.
CARPK:In Table 3, we assess the zero-shot training-free
approach of our model compared to other training-free
methods. Most of these method are few-shot such that they
use small number of manually labeled exemplars as prompt.
Despite this, SAM3Count attains the SOTA results making
it a competitive alternative to exemplar-guided approaches
for class-agnostic counting.
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Figure 5. Zero-shot qualitative comparison of SAM3 and SAM3Count on four images from the FSCD-147 benchmark together with the
ground truth (GT) count. Input images and their corresponding text prompts (shown on the left). SAM3Count closely matches the GT or
slightly overcounts in denser scenes. SAM3 struggles to accurately count in denser crowds, even with lower confidence thresholds.

Table 1. Results on FSCD-147 (Val & Test) for open-world
counting based on text-prompt only. CountingDINO is exemplar-
based. Note: COUNTGD-BOX (CGD-B); Clip-Count(CLP-CT);
Grounding DINO (GDINO)

.
Method Validation Test

MAE↓ RMSE↓ MAE↓ RMSE↓
OWLv2 (NeurIPS ’23) [30] 49.02 131.41 41.83 149.82
GDINO (ECCV ’24) [26] 54.45 137.12 54.16 157.87
DAVE (CVPR ’24) [37] 15.48 152.57 15.52 103.42
PseCo (CVPR ’24) [16] 23.90 100.33 16.58 129.77
CLP-CT (MM ’23) [17] 18.79 61.18 17.78 106.62
CGD-B (AAAI ’25) [2] 12.24 66.24 15.01 118.16
SAM3 (ArXiv ’25) [6] 23.70 98.72 22.89 144.80
SAM3Count (Ours) 25.02 81.28 19.80 128.59
SAM3Count (ft) (Ours) 14.34 59.04 13.02 86.42

PixMo & CountBench: Table 4 reports the results of
PixMo-Count and CountBench, benchmarks commonly
used to evaluate the counting performance of MLMs.
SAM3Count improves over SAM3 and remains competitive
with strong baselines in vision-language.
OmniCount: Table 5 reports the results for Multi-class
counting in images on the Omnicount [31] benchmark
which contains multi labels belong to two or more cate-

Table 2. Crowd counting results on ShanghaiTech [55] Part A and
B text prompt (“human”) for all images. Note: COUNTGD-BOX
(CGD-B); Clip-Count(CLP-CT); Grounding DINO (GDINO).

Method Part A Part B
MAE↓ RMSE↓ MAE↓ RMSE↓

OWLv2 (NeurIPS ’23) [30] 420.20 553.30 81.50 126.50
G-DINO (ECCV ’24) [26] 394.90 537.50 58.30 99.30
CLP-CT (MM ’23) [17] 192.60 308.40 45.70 77.40
CGD-B (AAAI ’25) [2] 132.20 253.90 32.20 57.90
SAM3 (ArXiv ’25) [6] 376.73 526.43 52.82 91.94
SAM3Count (Ours) 213.75 376.40 36.43 56.97
SAM3Count (ft) (Ours) 131.27 262.82 28.88 44.37

gories within an image. SAM3Count performs better than
SOTA CountGD++ which uses text + exemplar prompts.

Video benchmarks: We extend SAM3Count to video
counting with our innovative re-id tracker and multimodal
matcher and report our results on the Penguins, a subset of
the Science-Count dataset from [2], and TAO-Count. Com-
pared with CountVid, SAM3Count performs better across
the benchmarks, highlighting the importance of our re-
identification and association tracker.



Table 3. Counting results on CARPK test split compar-
ing exemplar-based training-free methods against our text-only
training-free approach. CountingDINO is abbreviated as CDINO.

Method Prompt MAE↓ RMSE↓
TFOC (WACV ’24) [42] Exemplar 10.97 14.24
OmniCount (AAAI ’25) [31] Exemplar 9.92 12.15
TFCounter (ArXiv ’24) [45] Exemplar 9.71 12.44
CDINOv1 (WACV ’26) [34] Exemplar 36.57 47.31
CDINOv2 (WACV ’26) [34] Exemplar 21.26 28.20
OCCAM (ArXiv ’26) [44] - 10.06 13.81
SAM3 (ArXiv ’25) [6] Text 3.526 6.571
SAM3Count (Ours) Text 3.11 5.60

Table 4. Web-image counting results on PixMo-Test and Count-
Bench. SAM3Count improves over the SAM3 baseline in Pixmo
while remaining competitive with other MLM baselines.

Method PixMo Test CountBench
MAE↓ Acc↑ MAE↓ Acc↑

DINO-X (ArXiv ’24) [39] 0.21 85.0 0.62 82.9
Qwen2 (ArXiv ’24) [48] 0.61 63.7 0.28 86.7
Gemini 2.5 (ArXiv ’25) [7] 0.38 78.2 0.24 92.4
SAM3 (ArXiv ’25) [6] 0.18 87.48 0.23 93.23
SAM3Count (Ours) 0.17 89.18 0.23 93.43

Table 5. Multi-class counting results on OmniCount [31] (Fruits)
split. SAM3Count is text prompt only but the other models are
text + exemplars.

Method MAE↓ RMSE↓
CountGD (NeurIPS ’24) [3] 2.76 3.11
CGD-B (AAAI ’25) [2] 2.83 3.15
CountGD++ (CVPR ’26) [1] 0.56 1.24
SAM3Count (Ours) 0.43 0.93

Table 6. Video counting results on video benchmarks from [2].

Method TAO-Count Penguins
MAE↓ RMSE↓ MAE↓ RMSE↓

CountVid [2] 2.60 6.00 4.00 5.30
SAM3Count (Ours) 0.78 1.63 2.3 3.1

4.5. Qualitative results
Figure 2 highlights a common failure mode in video count-
ing: inconsistent identity assignment between frames. In
this example (Frame 57 and Frame 98), We compared
SAM3Count to SAM3 [6] and CountVid [2]. [2] pro-
duces temporally unstable instance outputs that can mani-
fest as duplicate counting when objects re-enter the scene
or overlap under occlusion. [6] exhibits identity-switching
behavior, where existing track IDs are reassigned to differ-
ent vehicles in later frames (frame 98), indicating a weak
long-term association. In contrast, SAM3Count maintains

Table 7. Ablation on the density
score threshold.

Density MAE↓ RMSE↓
6 15.13 59.40
7 14.34 59.04
8 14.43 84.30

Table 8. Ablation on ROI and
tiling components.

Setting MAE↓ RMSE↓
Neither 25.02 81.28
Tiling w/o ROI 16.28 61.71
ROI w/o Tiling 22.40 105.33
Both 14.34 59.04

more consistent object identities across the two frames,
thus reducing double-counting and preventing track ID re-
assignment when vehicles move, partially occlude, or un-
dergo scale changes. From figure 5 which illustrates dif-
ferent density levels in images, SAM3Count is noticeably
more reliable than [6] once the scene becomes dense. In
sparser scenes like “packed fruit” (image, topmost left),
both methods behave comparably: localize the target cat-
egory and can capture meaningful object regions (including
whole/part cues). The difference becomes clear in crowded
scenes. For example, “bottle cap” or ”crowded birds” im-
age. [6] collapses and severely undercounts even under re-
laxed thresholds. SAM3Count remains substantially closer
to the ground truth by recovering instance-level structure
through density-triggered ROI tiling.

4.6. Ablation Studies: Density Score, ROI & Tiling
We ablate the density score threshold used to trigger tiling
and assess the effects of the ROI and Tiling modules on
overall counting performance in SAM3Count on the Val
split of the FSCD-147 benchmark. As shown in Table 7,
a score threshold of ”7” yields the best results, with lower
MAE/RMSE. Table 8 also shows the results of the effect of
each component on counting performance, with ”Both” per-
forming better. ”Neither” option in this case is better than
”ROI without Tiling”, because ROI selects an area to tile
and enhance localization when tiling is used.

5. Conclusion
We presented SAM3Count, a zero-shot open-vocabulary
counting framework for images and videos, built on SAM3,
with a re-ID tracker for identity preservation and ROI
tiling to handle dense images. Our experiments show
improved accuracy (MAE/RMSE) across image and video
benchmarks, achieving state-of-the-art results on five image
and two video benchmarks. SAM3Count still depends
on SAM3 mask quality and may degrade under severe
blur, occlusion, heavy overlap, or extreme scale variation.
In videos, prolonged occlusions can still cause duplicate
counting after the lost track window expires, and the
current system relies on fixed hand-crafted mode-selection
rules. Future work will explore more robust scene-
adaptive calibration and lightweight learned refinements
that preserve open-vocabulary zero-shot generality while
improving reliability in dense and low-visibility settings.
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