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Abstract— We  introduce GFreeDet2, which leverages
Gaussian Splatting and foundation models to address RGB-
based model-free 2D detection and 6D detection of unseen
objects. GFreeDet2 reconstructs 3D Gaussian object models
from multi-view RGB references, enabling efficient model-free
detection without relying on CAD models. To accelerate
reconstruction and consistently handle both pinhole and
fisheye cameras, we propose projection-aware perspective
cropping (PAPC) with visual hull initialization. PAPC further
improves coarse 6D detection by accurately extracting pinhole
crops from fisheye query images. The Gaussian objects enable
rendering in place of CAD models within foundation model-
driven pipelines, allowing existing state-of-the-art RGB-based
methods for unseen 2D and 6D detection to be extended to
the model-free setting with minimal modifications. Extensive
experiments on all three BOP-H3 datasets demonstrate
that GFreeDet2 achieves state-of-the-art performance and
establishes a strong baseline for RGB-based, model-free 2D
and 6D unseen object detection. The code is publicly available
at github.com/wangg12/GFreeDet2.git.

I. INTRODUCTION

Object pose estimation, which seeks to recover the position
and orientation of an object relative to the camera from
images, has long been regarded as a fundamental problem
in robotics [1] and 3D computer vision [2]. Despite recent
remarkable advances, classic instance-level and category-
level formulations remain restricted to fixed sets of objects
[31, [4], [5], [6], [7] or categories [8], [9], [10], [11], and
require retraining when faced with previously unseen ones.
These limitations hinder scalability and flexibility, thereby
restricting their applicability in open-world environments.
As a result, unseen object pose estimation [12], [13], [14],
[15], [16], [17], [18] has recently emerged as a growing
research focus. Nevertheless, most existing approaches still
rely on CAD models as references, whose acquisition is
costly. Moreover, most 6D pose estimation methods [16]
rely on 2D detection to provide object candidates and coarse
localization. This dependency is particularly strong for un-
seen objects, yet prior works study them separately, leaving
unified solutions largely unexplored.

Recent efforts tackle unseen object pose estimation from
a single RGB reference [19], a single RGBD reference [20],
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Fig. 1: Comparison of paradigms for unseen object pose
estimation. Existing methods are limited by cost (CAD),
sensor requirements (RGBD), or specialization to a limited
task or camera type. In contrast, GFreeDet2 delivers full 2D
and 6D unseen detection from RGB in a model-free manner,
working seamlessly across pinhole and fisheye imagery.

[21], [22], or multi-view RGB references [23], [24], as
illustrated in Fig. 1. However, these methods remain limited:
they either estimate only rotation, require depth for full
6D pose recovery, or still depend on detectors trained on
known objects. In contrast, model-free 2D detection and 6D
pose estimation of unseen objects from RGB images remain
largely unexplored. While existing pipelines predominantly
focus on pinhole cameras, fisheye imagery is increasingly
critical in robotics and mixed reality (MR) applications [25],
[26]. To reflect this trend, the recently introduced BOP-H3
benchmark [16] contains datasets captured by both pinhole
(HANDAL [27], HOPEV2 [28]) and fisheye (HOT3D [26])
cameras, motivating the need for a unified treatment of both
image types. Notably, on the BOP-H3 benchmark for model-
free unseen tasks [16], only GFreeDet [29] has reported 2D
detection results across three datasets, while no method has
yet achieved complete results for 6D detection. The joint
requirements of being model-free, unseen, RGB-based, and
applicable to both pinhole and fisheye cameras render this
problem especially challenging.

To overcome these challenges, we propose GFreeDet2,
which leverages Gaussian splatting and foundation models
to address RGB-based, model-free 2D detection and 6D
detection of unseen objects. Benefiting from recent advances
in 3D Gaussian Splatting (3DGS) [30], we aim to reconstruct
Gaussian objects (GS objects) from multi-view reference
RGB images to support model-free 2D and 6D detection of
unseen objects. Direct reconstruction from high-resolution
reference images, however, is computationally prohibitive.
To mitigate this, we crop and resize the images to a fixed,
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smaller resolution and further employ the visual hull [31]
technique for fast geometric initialization, which allows rapid
3DGS training. To further unify pinhole and fisheye inputs,
we introduce projection-aware perspective cropping (PAPC),
which eliminates the border effect of naive perspective
cropping [14] and ensures geometrically consistent pinhole
crops for efficient 3DGS reconstruction.

Once the Gaussian models are reconstructed, we replace
CAD-based renderings with GS-based renderings in ex-
isting pipelines for 2D and 6D unseen object detection.
This approach extends detection pipelines to a model-free
setting with minimal modifications, fully capitalizing on
recent advancements in the field. Notably, our PAPC ensures
that fisheye images are correctly cropped for coarse 6D
detection, improving accuracy and maintaining compatibility
with existing pose estimation methods [14]. This design
enables GFreeDet2 to build upon top-performing foundation
model-driven methods for RGB-based unseen 2D and 6D
detection. Meanwhile, it provides a crucial alternative that
effectively bridges the gap between CAD-model-based and
fully model-free approaches. In a nutshell, our main contri-
butions are threefold:

« We propose projection-aware perspective cropping
(PAPC), which enables efficient and unified GS object
reconstruction from multi-view RGB references, han-
dles both pinhole and fisheye cameras, and improves
coarse 6D detection.

e We showcase that existing CAD-based, foundation-
model-driven methods for unseen 2D and 6D detection
can be plugged into the model-free setting with minimal
modifications.

e To the best of our knowledge, GFreeDet2 is the first
to achieve complete model-free RGB-based 2D and 6D
unseen detection on the BOP-H3 benchmark, establish-
ing a strong baseline with state-of-the-art performance.

II. RELATED WORK
A. Gaussian Splatting for 3D Object Reconstruction

3D object models form the foundation for many 3D tasks.
Most methods for 2D detection and 6D pose estimation of
unseen objects assume access to a mesh model for rendering
[13], [14], [12], which is usually acquired through CAD,
scanning, or classical 3D reconstruction processes that are
costly and labor-intensive.

Neural rendering has recently enabled high-quality 3D re-
construction at much lower cost [32]. Among these advances,
3D Gaussian Splatting (3DGS) [30], which integrates explicit
point-based representations with optimization techniques
from neural rendering, has proven particularly effective.
Subsequent variants have further enhanced the practicality
of 3DGS. For instance, Mip-Splatting [33] enables alias-
free rendering across scales, Fisheye-GS [34] extends it
to distortion-free fisheye imagery, and GaussianObject [35]
achieves object-level reconstruction from sparse views using
visual hull initialization and generative priors. Moreover,
gsplat [36] offers an optimized, user-friendly framework that
incorporates various enhancements over vanilla 3DGS.

Despite these advances, existing methods either primar-
ily focus on scene-level or are limited to specific camera
models. To address this, we propose an efficient Gaussian
object reconstruction method that unifies pinhole and fisheye
camera models to enable RGB-based, model-free 2D and 6D
detection of unseen objects.

B. Vision Foundation Models

Vision foundation models, particularly the DINO [37],
[38] and SAM [39], [40], [41] families, have recently re-
shaped core vision tasks such as detection, segmentation,
and pose estimation. DINOv2 [37], pre-trained on massive
data, yields highly transferable visual representations that can
be applied to downstream tasks in a training-free manner or
with minimal fine-tuning. Its successor, DINOv3 [38], further
scales the model to 7B parameters with improved self-
distillation. Segment Anything (SAM) [39] revolutionizes the
segmentation paradigm by enabling zero-shot segmentation
via flexible prompts (e.g., points, bounding boxes, or masks).
Moreover, FastSAM [41] integrates YOLOvVS [42] for im-
proved efficiency, while SAM2 [40] extends the framework
to temporally consistent video segmentation.

C. Unseen Object Detection and Pose Estimation

With advances in vision foundation models, research on
object detection and pose estimation has shifted toward open-
world scenarios, emphasizing generalization to unseen ob-
jects. For 2D unseen detection, CNOS [43] sets a strong base-
line by matching SAM/FastSAM [39], [41] mask proposals
with CAD-rendered templates using DINOv2 [37]. SAM-
6D [17] proposes an improved matching scoring scheme that
significantly surpasses CNOS when depth is available. It also
incorporates a transformer to estimate the 6D pose for unseen
objects. GFreeDet [29] instead uses reconstructed Gaussian
objects for model-free unseen 2D detection, but requires
separate reconstruction and rendering strategies for pinhole
and fisheye cameras. For unseen pose estimation, CAD-based
approaches [12], [13] typically follow a render-and-compare
paradigm [3] trained on large-scale synthetic data, including
variants that predict optical flow for correspondence-based
pose recovery [44], [45], [46]. These methods are often
used for pose refinement, whereas coarse pose estimation
leverages foundation models either in a training-free manner
[14], [15] or with minimal finetuning [47]. While most
methods [16], [18] still rely on CAD models, model-free
alternatives are emerging, such as reconstructing sparse 3D
points from multi-view RGB references [23], [24] or using
a single RGBD reference image [20], [22], [21].

Nevertheless, RGB-based model-free approaches that
jointly tackle 2D and 6D unseen detection, and work across
both pinhole and fisheye cameras, remain underexplored.

III. METHOD

A. Overview

Problem Statement. Given a set of previously unseen
objects O, the goal of model-free 2D and 6D detection is
to estimate the 2D bounding boxes, instance masks, and
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Fig. 2: The framework of GFreeDet2. For an unseen object, we reconstruct its Gaussian representation (GS object)
from zoomed onboarding data obtained via projection-aware perspective cropping (PAPC). GS-rendered templates enable
RGB-based, model-free unseen 2D and 6D detection with vision foundation models. For coarse pose estimation, PAPC is
applied to crop query images, followed by Bow-based retrieval (with optional PnP/RANSAC). The pose is then iteratively
refined through a render-to-query flow-based refiner using the GS object for rendering.

6D object poses of all possible objects from a query RGB
image I, without knowing the CAD models of the objects.
To compensate for the absence of CAD models, each object
is provided with corresponding reference images Z,. that can
be used for onboarding. The object poses and masks are
assumed to be available for each reference image, as they
can be obtained by using toolkits such as COLMAP [48] and
SAM?2 [40]. Additionally, we assume the camera intrinsics
are available for both query and reference images, as they
are typically provided in commonly used datasets and can
be readily obtained through calibration. Note that, unlike lo-
calization, where the possible object categories and instance
counts are known in advance for each query image, detection
must be performed without such prior knowledge, making it
a more challenging task [16].

Framework of GFreeDet2. Fig. 2 illustrates the framework
of GFreeDet2, which leverages Gaussian Splatting [30] and
vision foundation models [37], [39] to achieve RGB-based,
model-free unseen 2D detection and 6D detection. For an
unseen object without the CAD model, we first reconstruct
its 3D Gaussian representation (GS object) from zoomed
onboarding data, processed via projection-aware perspective
cropping (PAPC). The GS object is then used to render
multiview templates that enable 2D unseen detection and
coarse 6D unseen detection, assisted by vision foundation
models like SAM [39] and DINOV2 [37]. During coarse pose
estimation, PAPC is also employed to crop query images,

thereby supporting consistent handling of both pinhole and
fisheye images. The coarse pose is estimated through BoW-
based retrieval, optionally followed by PnP/RANSAC [14].
Finally, the pose is further iteratively refined through a
render-to-query flow-based refiner [46], with the GS object
serving as the rendering source.

B. Gaussian Object Reconstruction

To better leverage prior advances in CAD-based unseen
2D and 6D detection, we reconstruct the Gaussian repre-
sentation (GS object Ogs) of an unseen object from its
onboarding data, which consists of RGB images, estimated
masks, camera intrinsics, and object poses. However, training
Ogs directly on full-resolution images is computationally
costly. We instead train Ogs using cropped and resized
onboarding data. Unlike GFreeDet [29], which relies on
separate pipelines for fisheye and pinhole images, we pro-
pose a unified projection-aware perspective cropping (PAPC)
strategy to crop and resize the onboarding data.
Projection-Aware Perspective Cropping (PAPC). PAPC
converts both pinhole and fisheye images into a standardized,
cropped pinhole view. It first unprojects the 2D bounding box
corners into 3D rays, then estimates the centroid and radius
of the enclosing sphere, and constructs a virtual pinhole
(perspective) camera pointing to the centroid, with its focal
length adjusted to ensure that the object fits the desired
viewport.
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Fig. 3: In our projection-aware perspective cropping (PAPC),
equidistant unprojection enables correct pinhole crops from
fisheye images.

For a 2D pixel coordinate (u,v) and camera intrinsics
with focal length (fy, f,) and principal point (cs,c,), the
corresponding unprojected ray for a pinhole input image is

dp:¢([u_cw7v_cyaf]—r>7 (1)

where f = 0.5(f; + f,) is the approximate focal length for
simplicity, and ¢(-) denotes vector normalization.
For a fisheye image, PAPC applies the equidistant model:

ds = ¢([(u—c;)sind, (v —c¢,)sinf,cos0] "), (2)

with 7 = /(u —¢;)? + (v —¢,)? and 6 = % denoting the
radial distance to the principal point and the incidence angle.

Using the unprojected rays {d;}%_, from the 2D bounding
box corners, PAPC computes the centroid ¢ = iZL d;
and radius p = max; ||d; — c| of the enclosing sphere.
Transforming c into the world frame gives ¢&,, = (T¢) !¢,
where - denotes homogeneous coordinates. A virtual pin-
hole camera is then constructed such that its optical axis
passes through c,,, using a look-at transformation TS =
LootAt(T¢,c,). The centroid in this virtual camera is
Cye = T ¢y The projected 2D radius, enlarged by a rela-
tive padding factor syqa, is (p2°, p3°) = w( fos fy)s
where z,,. is the third component of c,..

Given the desired crop size (s, s,), we set the principal
point and focal lengths of the virtual perspective camera as

1
(29, eff) = 5 (50, 50), 3)
ve ve fISI f S

With these parameters, PAPC tightly fits the padded object
region within the virtual viewport. Finally, a warp function
@ reprojects pixels via the original and virtual camera
parameters, transforming the object region from the original
pinhole or fisheye image to the zoomed pinhole view [26].
PAPC extends the perspective cropping in [14] to fisheye
images by applying equidistant unprojection, enabling con-
sistent cropped pinhole views from both pinhole and fisheye
inputs. As shown in Fig. 3, this ensures that objects from
fisheye images are properly centered and scaled.
GS object training. As depicted in Fig. 2 (a), given the
zoomed pinhole onboarding data, we initialize the GS object
using a 3D visual hull motivated by [35]. The visual hull is
constructed by keeping only the valid 3D points whose 2D

projections lie within the object masks. For efficiency, up
to 8 posed masks are selected via farthest point sampling
(FPS) for hull generation. The GS object is then trained
for 10K iterations using a composite loss that combines L1,
SSIM [49], and mask terms.

C. 2D Detection of Unseen Objects

We adopt a template-based, foundation-model-driven ap-
proach for unseen 2D detection, extending [29] by adding
real templates and morphological post-processing.

Using FPS, we sample 64 templates from onboarding
data to complement the GS-rendered ones. Then, for each
SAM-generated query mask proposal [39], we assign a class
and a confidence score by matching against templates using
DINOV2 [37] global and local features. The global feature
gp of a proposal retrieves the top 5 global template features
{g,.i}3_, per object o, and the global score is computed as
the average cosine similarity

5
1 .
gg,o = g ; Slmcos(gpa go,i)- (5)
The object class o is selected by the highest global score
among all candidate objects. Following [29], we define a
local appearance score to adjust the matching quality as

N

. ki
_ male simeos (15, 15), (6)

i 1N
where. {1p|o}’i:1.
matching score is

denotes the local features. The overall

1
50 = Q(fg,o + gl,o)- (7)

Afterwards, we discard low-score predictions and remove
duplicates via non-maximum suppression (NMS). We fur-
ther apply morphological closing and opening as a post-
processing step to fill small holes and remove small isolated
regions. The final 2D detections are derived from the tight
bounding boxes of the masks (Fig. 2 (b)).

D. 6D Detection of Unseen Objects

As illustrated in Fig. 2 (c), our unseen 6D detection
pipeline comprises coarse pose estimation followed by pose
refinement. Leveraging Ogs, it extends model-based unseen
pose estimation approaches to the model-free scenario with
minimal modifications while retaining their core strengths.

The coarse stage builds on FoundPose [14], a model-
based approach that operates on RGB images and combines
bag-of-words (BoW) template retrieval with an optional
PnP/RANSAC step. The BoW descriptors are computed
from DINOvV2 local features through PCA and clustering.
Distinct from [14], we employ PAPC to generate zoomed
query regions, handling fisheye query images accurately.
For efficiency, feature-metric refinement is omitted, and
PnP/RANSAC can also be skipped following [46]. The
retrieved pose in the virtual camera frame is converted to the
original camera frame through inverse warping ¢ ~'. While
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this slightly reduces accuracy, it substantially accelerates the
pipeline, as subsequent refinement primarily relies on the
2D projection initialization already sufficiently provided by
retrieval.

For pose refinement, we adapt the RGB-based iterative
refiner GoTrack [46] to the model-free setting by replac-
ing CAD-based rendering with Gaussian splatting, forming
GoTrack-GS. GoTrack-GS leverages the frozen GoTrack net-
work to predict render-to-query flow and confidences using
zoomed rendered and query images cropped according to
the coarse pose. Pose-conditioned cropping uses the 3D GS
object points to construct a virtual pinhole camera, making
PAPC’s unprojection unnecessary. The refined pose is then
obtained via PnP/RANSAC from flow-established 2D-3D
correspondences, completing a unified, efficient pipeline for
unseen 6D object detection.

IV. EXPERIMENTS

A. Experimental Setup

Implementation Details. Our method is implemented in
PyTorch [50] and evaluated on an NVIDIA L20 GPU. GS
object reconstruction uses 280x280 crops (slightly larger
than [29]) with a padding factor of 0.1. GS objects are trained
on all static onboarding images with a maximum spherical
harmonic (SH) degree of 2. For coarse pose estimation, we
follow [14] with a default crop scale of 420 and padding
of 0.2, and a lightweight variant with 280 and 0.05. Unlike
[14], [46], we adopt EPnP [51] instead of iterative PnP for
RANSAC-based pose recovery to improve robustness.
Datasets. We evaluate GFreeDet2 on the BOP-H3 bench-
mark [16], which consists of three datasets. HOT3D [26]
contains 33 objects across 1,028 egocentric scenes with
5,140 test frames, captured by two fisheye cameras (Quest3
and Aria). HOPEv2 [28] has 28 toy grocery objects in 47
household and office scenes with 457 test images, and HAN-
DAL [27] includes 40 manipulable objects from 7 categories
with 1,684 test images. Both HOPEv2 and HANDAL use
pinhole cameras. For the model-free setting, we use the
static onboarding images for each object provided by BOP
Challenge [16], and for HOT3D we specifically use the Aria
static onboarding sequences.

Evaluation Metrics. We report average precision (AP) for
2D and 6D detection using the online server from [16].
For 2D detection, AP,p follows the COCO proto-
col [52], averaging per-object AP over IoU thresholds
{0.50,0.55,...,0.95}. The dataset score is the mean over
objects, and we also report the mean across datasets. For
6D detection, IoU is replaced by symmetry-aware pose
errors: MSSD (maximum symmetry-aware surface distance)
and MSPD (maximum symmetry-aware projection distance).
For each metric in {MSSD,MSPD}, AP is averaged over
standard correctness thresholds and then over objects. We
report APyssp and APyspp, with the overall 6D detection
score as their mean: APgp = % (APyssp +APuspp). We also
provide the average time per image in seconds, as in [16].

TABLE I: Results of unseen 2D detection. Best results for
each onboarding type are marked as 1st, 2nd, and 3rd .

Method

MUSE (SAM2)
CNOS-FastSAM [43]
CNOS-SAM [43]
GFreeDet-FastSAM [29]
GFreeDet-SAM [29]
CNOS-FastSAM [43]
GFreeDet2-2D-FastSAM
GFreeDet2-2D-SAM2.1p
GFreeDet2-2D-SAMp

Onboard.HOT3D HOPEv2 HANDAL|AP>p Time
CAD 43.8 46.0 357 |41.8 09
CAD 35.0 31.3 246 303 03
CAD 31.7 36.5 19.7 293 1.8
Static 33.8 36.4 25.5 319 03
Static 30.9 38.4 264 319 2.1
Static 37.3 34.3 30.4 (340 04
Static | 40.3 36.9 344 372 02
Static | 42.1 452 373 415 1.8
Static | 42.7 44.0 39.7 [42.1 23

B. Results

We evaluate GFreeDet2 on BOP-H3 for model-free unseen
object detection in both 2D and 6D, with comparisons from
the official BOP leaderboard ! and [16]. Our method is
denoted as GFreeDet2-2D for 2D detection and GFreeDet2-
6D for 6D detection.

Results of Unseen 2D Detection. Tab. I reports the results
of unseen 2D detection. We evaluate three GFreeDet2-2D
variants, each adopting a different mask proposal model:
GFreeDet2-2D-SAMp (using SAM [39]), GFreeDet2-2D-
SAM2.1p (using SAM2.1 [40]), and GFreeDet2-2D-
FastSAM (using FastSAM [41]), where ‘p’ indicates mor-
phological post-processing. For comparison, we also include
the available CAD-based methods at the BOP leaderboard,
given the limited number of existing model-free approaches.

Our GFreeDet2-2D-SAMp achieves the highest overall

APyp of 42.1%, surpassing the best CAD-based method,
MUSE (SAM?2). GFreeDet2-2D-SAM2.1p attains a perfor-
mance comparable to MUSE (SAM2). In the model-free set-
ting, all of our variants outperform prior methods [43], [29],
with GFreeDet2-2D improving by about 10% over GFreeDet
[29], highlighting the benefit of our unified GS object re-
construction with PAPC over GFreeDet’s separate pipelines.
Additionally, GFreeDet2-2D-FastSAM outperforms CNOS-
FastSAM (Static) [43] by 3%. Across different mask pro-
posal models, SAM delivers the highest accuracy, followed
by SAM2.1 and then FastSAM. In terms of efficiency,
SAM2.1 is slightly faster than SAM, while FastSAM runs
nearly 10x faster with only a 4-5% drop in AP.
Results of Unseen 6D Detection. Tab. II presents unseen 6D
detection results, including available CAD-based methods
and several GFreeDet2-6D variants that differ mainly in
the underlying 2D detection method. Notably, GFreeDet2-
6D is the only method with complete results on BOP-H3.
Except for OPFormer (Static) at C4, all methods have both
coarse and refined results. GFreeDet2-6D-lite is a lightweight
variant that uses DINOv2S instead of DINOv2L for feature
extraction with smaller crops. For reference, we also include
GFDet-6D, a CAD-based counterpart of our method that
relies on CNOS-FastSAM (CAD) for 2D detection and CAD
rendering for pose estimation.

As shown in Tab. II, stronger 2D detectors generally
yield better pose estimates, though the gap in final APgp

"bop.felk.cvut.cz/leaderboards
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TABLE II: Results of unseen 6D detection. Best coarse and refined results are highlighted as 1st, 2nd, and 3rd .

Row Method Refinement

Onboard. type 2D Method

AP,p HOT3D HOPEv2 HANDAL APgp Time

Coarse Pose Estimation

Cl  GigaPose [47] CAD - - 7.2 16.7 4.1 94 09
C2  OPFormer CAD CNOS [43] - - 35.1 19.2 - -
C3  GFDet-6D-c (Ours) CAD CNOS-FastSAM [43] 30.3  26.0 254 18.7 234 155
C4  OPFormer - Static CNOS [43] - - 335 20.4 - -
C5 GFreeDet2-6D-lite-c (Ours) - Static GFreeDet2-2D-FastSAM  37.2 7.4 9.2 1.7 6.1 14
C6 GFreeDet2-6D-c (Ours) Static GFreeDet2-2D-FastSAM  37.2 294 259 25.1 268 124
C7  GFreeDet2-6D-c (Ours) Static GFreeDet2-2D-SAM2.1p 41.5 294 31.6 259 29.0 122
C8 GFreeDet2-6D-c (Ours) Static GFreeDet2-2D-SAMp 42.1 309 31.6 28.2 30.2 235
With Pose Refinement

F1  GigaPose [47] GenFlow [44] CAD 26.8 41.1 25.6 312 53

F2  OPFormer MegaPose [12] CAD

CNOS [43] - - - -
CNOS-FastSAM [43] 30.3 46.1 40.5 37.7 414 284

39.2 26.2

F3  GFDet-6D (Ours) GoTrack [46] CAD

F5 GFreeDet2-6D-lite (Ours) GoTrack-GS  Static GFreeDet2-2D-FastSAM  37.2 423 39.6 40.0 40.6 10.7
F6  GFreeDet2-6D (Ours) GoTrack-GS  Static GFreeDet2-2D-FastSAM  37.2  48.7 425 44.2 45.1 22.6
F7  GFreeDet2-6D (Ours) GoTrack-GS  Static GFreeDet2-2D-SAM2.1p 41.5 47.1 47.1 44.7 463 214
F8  GFreeDet2-6D (Ours) GoTrack-GS  Static GFreeDet2-2D-SAMp 42.1 489 45.2 45.8 46.6 39.6

is smaller than that in AP,p. All GFreeDet2-6D variants
outperform previous methods such as GigaPose [47] and OP-
Former. The best APgp of 46.6% is achieved by GFreeDet2-
6D with GFreeDet2-2D-SAMp. Surprisingly, GFreeDet2-
6D-lite-c, while running 2-4x faster, reaches 40.6% after
refinement with the flow-based refiner GoTrack-GS, despite
a coarse AP of only 6.1%. This performance is just 5-6%
below the heavier variants and comparable to GFDet-6D.
Overall, GFreeDet2-6D establishes a strong model-free
baseline with state-of-the-art performance by exploiting the
strengths of CAD-based methods with minimal changes. Its
performance and efficiency will continue to advance with
ongoing progress in foundation models and pose estimation.

C. Ablation Studies

We present several ablation studies in Tab. III and Tab. IV.
For 2D detection, all results are reported on BOP-H3, while
for 6D detection, key ablations are performed on HOT3D
using GFreeDet2-6D-lite-c for efficiency.

Effectiveness of PAPC. Tab. III (AO v.s. BO) shows that,
compared to GFreeDet’s separate GS object workflows [29]
for fisheye and pinhole images, our projection-aware per-
spective cropping (PAPC) unifies GFreeDet2-2D and im-
proves AP,p via higher-quality GS objects. Tab. IV (Row 1
v.s. Row 3) further confirms that applying PAPC to fisheye
queries boosts coarse pose estimation accuracy in both 2D
and 3D.

Onboarding Camera Type for HOT3D. Tab. III (BO
v.s. B1) and Tab. IV (Row 1 v.s. Row 2) show that using
Aria for onboarding outperforms Quest3 on HOT3D, as Aria
provides RGB images while Quest3 captures only grayscale.
Templates for 2D and 6D detection. Inspired by CNOS-
FastSAM-Static (Tab. IIT A1) [43], sampled real onboarding
images can already provides reasonable AP,p. Our PAPC and
appearance score further boost accuracy (C0O), though adding
more real images gives only marginal gains (C1). Combining
GS-rendered templates and real images yields the best 2D
detection results (D0), and reducing the real templates leads
to slightly lower AP,p (D1). For 6D detection, however, the
trend is reversed: including real onboarding images degrades

pose AP (Tab. IV Row 4 v.s. Row 1), likely because cross-
domain features interfere with PCA dimension reduction.
Foundation Feature Extractor. Tab. III (EO v.s. E2) shows
that replacing DINOv2L with the updated DINOv3L [38]
for feature extraction and matching reduces 2D performance.
Therefore, we retain DINOvV2 in all other experiments.
Mask Proposal Model and Morphological Post-
Processing. Tab. III (EO-1) shows that SAM and SAM2.1
are slightly more accurate than FastSAM but consider-
ably slower. While morphological post-processing (F1-2)
degrades the performance of the FastSAM variant, it sig-
nificantly enhances GFreeDet2-2D with SAM and SAM2.1
due to the superior quality of their initial masks.

V. CONCLUSIONS

This work has presented GFreeDet2, a strong baseline for

RGB-based, model-free unseen 2D and 6D detection that
leverages Gaussian splatting and vision foundation models.
At its core, projection-aware perspective cropping (PAPC)
unifies the GS workflow and consistently handles both pin-
hole and fisheye images during both GS training and coarse
6D detection. The full GFreeDet2 framework draws on many
strengths of existing CAD-based approaches for 2D and
6D detection, allowing continuous improvement as advances
are made at each stage. Currently, 6D detection efficiency
remains far from real-time, partly due to numerous false
positives in 2D detection. Moreover, unseen 2D detection
performance continues to be a bottleneck for 6D detection,
as similarly noted in [16].
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