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Abstract

Robust estimation of camera trajectories from unconstrained image sequences remains a
fundamental problem in computer vision and robotics. Recently, a diffusion-based camera
tracking network has shown strong performance in sparse-view and single-object-centric
settings, where a consistent object is observed across frames. However, when multiple
objects appear sequentially in a video, the initially observed object may disappear as the se-
quence progresses, which prevents maintaining the “single-object-centric” paradigm across
all frames and degrades pose estimation when the conventional method is applied to the
multi-object sequence. In this work, we propose an object-centric camera pose estimation
framework that handles such sequences by partitioning a video into object-level sub-scenes.
As a baseline network, Ray Diffusion is applied to single-object sub-scenes, while frame-
to-frame camera motion in multi-object sub-scenes is estimated using monocular video
depth, object masks, and point cloud alignment using Iterative Closest Point (ICP). Since
the domain of pose estimation from different sub-scenes is inconsistent in terms of pose
scale, it requires seamless concatenation of pose estimation results through all sub-scenes.
In this regard, we introduce a scale alignment strategy based on reprojection error mini-
mization. This enables the pose estimates from individual sub-scenes to be integrated into
a single and seamless camera trajectory. We evaluate the proposed method on a newly
collected indoor dataset consisting of 40 multi-object video sequences. Experimental results
compare our camera trajectory estimation with both the diffusion-based method and the
state-of-the-art visual SLAM methods.

Keywords: camera pose estimation; monocular depth estimation; point cloud alignment

1. Introduction
Camera pose estimation from unconstrained image sequences is a long-standing

problem in computer vision and robotics. The goal of pose estimation is to find the
six degrees of freedom (6-DoF) of the camera, comprising its three-dimensional position
and orientation, for each frame in a sequence. Accurate camera pose estimation provides the
geometric basis for modeling spatial relationships across views and enables reconstruction
of the three-dimensional scene structure.
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Accurately recovering these spatial relationships and reconstructing the 3D scene are
critical for a wide range of applications. For example, neural rendering techniques such as
NeRF [1] and 3D Gaussian Splatting [2] require precise camera poses to synthesize photore-
alistic images from novel viewpoints. In robotics, pose accuracy supports Simultaneous
Localization and Mapping (SLAM) [3] and autonomous navigation, where even small
estimation errors can accumulate and cause substantial drift. Similarly, in AR/VR environ-
ments, accurate pose information is essential to maintain spatial alignment between real
and virtual content, and in large-scale 3D reconstruction, reliable poses are indispensable
for preserving the geometric fidelity of reconstructed scenes.

When there are sufficient visual overlaps between images, Structure-from-Motion
(SfM) pipelines such as COLMAP [4] are capable of achieving highly accurate pose estima-
tion and dense 3D reconstruction. When enhanced with modern local feature extraction
and matching methods such as SuperPoint [5] and SuperGlue [6], SfM remains one of the
most reliable methods for recovering camera pose under favorable conditions. However,
the success of SfM is critically dependent on robust feature matching. Its performance
degrades significantly when viewpoint changes are large, textureless regions dominate the
scene, or the number of available images is limited, underscoring its inherent sensitivity to
visual overlap and feature distinctiveness.

To overcome these limitations, learning-based approaches have recently been explored.
Among them, Ray Diffusion [7] has introduced a strong capability in estimating relative
camera poses and recovering intrinsics from sparsely sampled, object-centric image col-
lections. This framework performs even in scenarios where traditional SfM pipelines fail.
However, Ray Diffusion is inherently designed for single-object scenes, and its performance
declines significantly in multi-object scenarios.

In this study, we present a camera pose estimation framework that extends Ray Dif-
fusion by integrating monocular depth estimation and Iterative Closest Point (ICP) [8]
alignment, enabling robust pose recovery in multi-object image sequences. In our previous
study [9], we have proposed to divide a multi-object video sequence into several sub-scenes
to solve the inherent problem of Ray Diffusion. In this paper, the proposed method is evalu-
ated against four state-of-the-art pose estimation frameworks across six evaluation metrics
and a completeness criterion. Furthermore, to evaluate the performance of the proposed
method under varying experimental conditions, two ablation studies are conducted. The
first study is done without scale alignment between sub-scenes, whereas the second study
investigates the impact of varying the image patch size utilized to select the reference 3D
point for scale alignment.

An overview of the proposed pipeline is shown in Figure 1. The dataset is organized
such that a single object initially appears, followed by frames where two or more objects
coexist, resulting in alternating single- and multi-object sub-scenes. To facilitate pose
integration, we define a one-frame overlap at each sub-scene boundary. Consequently, two
distinct strategies are applied:

• Single-object sub-scenes: The original Ray Diffusion framework is applied for relative
pose estimation, using the official pretrained model in an inference-only manner
without additional training.

• Multi-object sub-scenes: When multiple objects are present, direct application of Ray
Diffusion yields low accuracy. To address this, monocular depth is estimated using
Video Depth Anything (VDA) [10], object masks are extracted via Segment Anything
Model2 (SAM2) [11], depth maps are converted into object-specific 3D point clouds,
and frame-to-frame transformations are recovered using Generalized ICP (GICP) [12].

Although the above strategies enable reliable pose estimation within each sub-scene,
the resulting camera trajectories are defined with different translation scales and therefore
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cannot be directly integrated into a single global trajectory. To resolve this inconsistency,
we introduce an unknown translation scale for each single-object sub-scene. The scale is
estimated by minimizing the reprojection error of a reference 3D point that is propagated
through the chained frame-to-frame transformations across neighboring multi-object sub-
scenes. By optimizing this reprojection consistency, the translation scale of each single-object
sub-scene becomes aligned with that of the corresponding multi-object sub-scene. As a
result, the independently estimated sub-scene trajectories can be sequentially composed
into a unified and geometrically coherent camera trajectory.

Figure 1. Overview of the proposed pipeline. The red-colored arrow shows the motion of the camera.

2. Related Work
In this work, we combine a Ray Diffusion model with point cloud registration, while

leveraging monocular video depth estimation as well as object detection and segmentation
to enable this integration. Based on this framework, we now review the research areas most
relevant to our approach, namely camera pose estimation, monocular depth estimation,
and point cloud alignment.

2.1. Camera Pose Estimation

Camera pose estimation from images has traditionally relied on geometric Structure-
from-Motion (SfM) pipelines, which remain widely used in current research and applica-
tions. Classical SfM jointly estimates camera trajectories and a sparse 3D structure from
multi-view images by extracting features, establishing correspondences across views, and
refining camera parameters and 3D points through bundle adjustment. Systems such as
COLMAP follow this structure and can recover highly accurate camera poses when images
exhibit sufficient texture and viewpoint overlap. In this work, COLMAP combined with
the learned local feature descriptors and matchers, SuperPoint and SuperGlue, is used to
obtain reference trajectories and sparse reconstructions for evaluation [13]. However, the
performance of feature-based SfM is strongly dependent on the quality and quantity of
feature correspondences across views. In scenarios with few frames, extensive textureless
regions, or limited viewpoint overlap, stable feature tracks are difficult to obtain, and the
result may degrade substantially or even fail.

To alleviate these limitations, learning-based camera pose estimation methods for
sparsely sampled views have been actively explored in recent years. For example, Rel-
Pose [14] and RelPose++ [15] employ energy-based models to estimate camera poses
from sparsely sampled views of arbitrary objects. RelPose estimates only camera rotation,
whereas RelPose++ recovers full 6-DoF camera poses by additionally estimating translation.
PoseDiffusion [16] applies diffusion models to camera pose estimation, starting from an
initial noisy pose representation and progressively denoising it to recover both camera
rotations and translations. PF-LRM [17] and DUSt3R [18] directly predict point clouds from
images, allowing camera pose recovery and 3D reconstruction within a unified framework.
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Ray Diffusion, which is employed in this work, estimates camera poses (i.e., camera
extrinsic parameters) from a set of images of a single object captured under sparse-view
settings. Instead of directly regressing camera parameters using a diffusion model, Ray
Diffusion introduces a novel pose representation by predicting image rays at the patch
level. Based on this representation, the method can recover the intrinsic camera parameters
and estimate relative rotations and translations between cameras.

2.2. Monocular Depth Estimation

Monocular depth estimation predicts per-pixel depth from images captured by a single
camera and serves as a foundational component for various applications, including camera
pose estimation, 3D reconstruction, and autonomous driving. Figure 2 shows an example
of monocular depth estimation, illustrating an input RGB image and its corresponding
predicted depth map. The field covers not only depth prediction from a single static
image, but also video-based approaches that aim to produce temporally consistent depth
estimates across frames. Models such as MiDaS [19] and Marigold [20] are trained on
large-scale datasets and operate robustly in diverse scenes and conditions, allowing stable
prediction of relative depth from input images. For video depth estimation, enforcing
temporal consistency is essential. For instance, ChronoDepth [21] and DepthCrafter [22]
leverage diffusion-based video generation frameworks to learn inter-frame context and
generate depth maps that remain consistent over time. The VDA model used in this work is
also trained on large-scale datasets and demonstrates strong generalization across diverse
scenes while maintaining temporal consistency throughout a video. In particular, VDA
provides two variants, relative depth and metric depth, which makes it applicable to a
broad range of 3D vision tasks.

Figure 2. Example of monocular depth estimation. From a single RGB image (top), a monocular
depth model predicts a dense per-pixel depth map (bottom), with warmer colors indicating closer
regions and cooler colors representing farther regions.

2.3. Iterative Closest Point Algorithm

The Iterative Closest Point (ICP) algorithm is a classical method that registers a source
point cloud to a target point cloud and estimates the 3D rigid transformation that aligns
the source to the target. When point clouds are generated in their respective camera
coordinate frames, the estimated rigid transformation can be interpreted as the relative
camera pose between the two frames. Given an initial transformation, ICP iteratively
constructs correspondence pairs by matching each point in the source point cloud to
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its nearest neighbor in the target point cloud, and then updates the transformation by
minimizing the distances between the matched pairs. Figure 3 provides a qualitative
example of the ICP process, where a source point cloud (red) is aligned with a target point
cloud (green) by estimating a 3D rigid transformation.

Although ICP is relatively simple and easy to implement, it is sensitive to initialization
and vulnerable to outliers. To address these limitations, various extensions have been
proposed. For example, point-to-plane ICP minimizes distances between points and local
surface normals, while Generalized ICP (GICP) incorporates probabilistic modeling of local
point distributions to improve robustness.

More recently, learning-based approaches have been investigated to replace or com-
plement geometric registration. Methods such as Deep Closest Point [23], GCNet [24], and
GeoTransformer [25] employ neural networks to predict point correspondences directly or
to learn global feature representations for registration. Nevertheless, classical geometry-
based methods, such as GICP remain competitive and are still widely used in practice due
to their strong performance and reliability under appropriate conditions.

In this work, we apply GICP to monocular depth-based point clouds to estimate
frame-to-frame 3D transformations within multi-object sub-scenes.

Figure 3. Illustration of point cloud registration using ICP. Top: before alignment, where the source
point cloud (red) is misaligned with the target point cloud (green). Bottom: after ICP, the source
point cloud is aligned to the target point cloud.

3. Proposed Method
3.1. Dataset and Problem Setting

To test and evaluate our method, we recorded a total of 40 indoor video sequences for
our dataset. Figure 4 shows a sample image sequence. In each sequence, three different
objects, denoted as (A, B, C), appear sequentially, and the video transitions between single-
object and multi-object sub-scenes. This yields five contiguous sub-scenes: A → A+B
→ B → B+C → C.

In our dataset, the total sequence length ranges from 110 to 150 frames. Single-
object sub-scenes consist of 30–40 frames each, while multi-object sub-scenes consist of
10–15 frames each. We define boundary frames as the shared frames between adjacent
sub-scenes, which serve as common references for the integration of sub-scene poses (e.g.,
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the last frame of A is the first frame of A+B; the last frame of B is the first frame of B+C).
This design allows per-sub-scene pose estimates to be chained via matrix multiplication
into a consistent global trajectory.

Figure 4. Example sequence in our dataset: Sample frames from a single image sequence. Single-
object and multi-object scenes appear repetitively; colored masks indicate object areas.

3.2. Pose Estimation of Single-Object Sub-Scenes

For single-object sub-scenes (A, B, and C), we estimate camera poses using Ray
Diffusion. The model takes as input an image sequence and an object bounding box for
each frame. To handle coordinate system ambiguity, Ray Diffusion rotates the world
coordinates such that the first camera has identity rotation and rescales the scene so that
the first camera translation has unit norm. As a result, the estimated translations are
expressed in a non-metric scale. The subsequent frames within each sub-scene are then
estimated relative to this reference, yielding camera extrinsic parameters [R | t]. In our
implementation, we use the official Ray Diffusion model released by the authors and
perform inference only, without additional training.

3.3. Pose Estimation of Multi-Object Sub-Scenes

For the entire video sequence, we first estimate both relative and metric depth maps
for all frames using VDA. Although the metric depth output provides an absolute scale,
we found that its per-pixel accuracy is generally lower than that of the relative depth
prediction. In contrast, the relative depth is more spatially consistent, but lacks an absolute
scale. To combine the advantages of both outputs, we estimate a scene-level linear mapping
that aligns the relative depth to the metric depth, thereby obtaining metric-aligned depth
maps. These depth maps are subsequently used for point cloud registration in multi-object
sub-scenes and for scale alignment in single-object sub-scenes.

Dmetric
t (u, v) ≈ α Drel

t (u, v) + β, (1)

where Drel
t (u, v) and Dmetric

t (u, v) denote the relative and metric depth at pixel (u, v) of
frame t, and α, β are a global scale and shift shared throughout the scene. Parameters (α, β)

are estimated by minimizing the squared error between the two depth maps on all pixels
of all frames:

(α̂, β̂) = arg min
α,β

∑
t∈T

∑
(u,v)

(
α Drel

t (u, v) + β − Dmetric
t (u, v)

)2
(2)

where T denotes the set of frames in the scene. After applying (α̂, β̂), the resulting metric-
aligned depth maps are used to generate point clouds on a consistent metric scale.

Next, SAM2 is applied to segment object masks, and only the depth values inside the
mask regions are backprojected into 3D points using the camera intrinsic parameters. This
yields object-centric point clouds for each frame, restricting the registration to the object
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regions and reducing background influence. Figure 5 illustrates this pipeline, from RGB
input to metric depth estimation and subsequent generation of cropped object-centric point
clouds. We estimate the rigid transformation between consecutive frames by aligning the
object-centric point clouds using GICP. Given two consecutive frames n and n + 1, GICP
estimates a transformation Tn→n+1 that maps 3D points expressed in the coordinate system
of frame n to that of frame n + 1. This transformation represents the relative camera motion
between the two frames.

By recursively composing these relative transformations, we obtain the camera pose
of each frame with respect to the first frame of the corresponding multi-object sub-scene.
However, these translations are not directly comparable to those estimated by Ray Diffusion
in single-object sub-scenes, where the trajectory is expressed in non-metric scale. As a result,
the two trajectories cannot be directly concatenated without additional scale alignment.

Figure 5. Pipeline from RGB image to object-centric point cloud. An RGB frame is converted into a
metric depth map using VDA, after which SAM2 masks are applied to crop object regions. The masked
depth is backprojected into 3D using camera intrinsics to generate object-focused point clouds.

3.4. Scale Alignment Between Sub-Scenes

The pose estimates obtained from single-object and multi-object sub-scenes are ex-
pressed in different scale domains. In single-object sub-scenes, Ray Diffusion produces
translation vectors defined in an arbitrarily normalized coordinate system, whereas the
point-cloud-based transformations in multi-object sub-scenes are expressed in the scale
induced by monocular depth estimates. As a result, directly concatenating these pose
sequences leads to a camera trajectory with inconsistent translation scales across sub-scenes.
To reconcile this discrepancy, we estimate a scale factor Sa by minimizing the reprojection
error defined in (7). For clarity, we describe the scale estimation procedure using scenes A
and A+B, as a representative example. The same procedure is applied identically to scenes
B and C.

(1) Reference 3D point selection. From the first image frame of scene A, we select the
2D centroid of the object mask, denoted as u0 = (u0, v0). Let ũ0 = (u0, v0, 1) denote its
homogeneous representation. The corresponding 3D point P0 in the camera coordinate
system is obtained by backprojection using the depth value estimated in Section 3.3 and
the camera intrinsics K recovered from Ray Diffusion:

P0 = D0(u0)K−1ũ0, (3)

where D0(u0) denotes the depth value in pixel u0.
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(2) Pose chain with scaled translation in the single-object scene. From the pose esti-
mation results of each sub-scene, we obtain frame-to-frame transformations across scene
A and scene A+B. We introduce an unknown scale factor Sa for translations estimated in
scene A, initialized within a predefined range. Each transformation Ti is written as

Ti =

[
Ri si ti

0⊤ 1

]
, si =

Sa, i ∈ scene A

1, i ∈ scene A+B
(4)

and the composed transformation from frame 0 to frame t is given by

T0→t = Tt−1→t · · ·T1→2T0→1, (5)

Given the relative transformation T0→t, the reference point P0 is propagated to Pt for
frames t ∈ I , where I denotes the set of frames covering both the scene A and scene A+B.
We then project Pt onto the image plane as

ût = π(K Pt), (6)

where π(·) denotes projection onto the image plane.
(3) Scale estimation by reprojection-error minimization. Finally, we estimate the

optimal scale Ŝa by minimizing the reprojection error between the projected mask centers
ût and the observed mask centers ut over t ∈ I :

Ŝa = arg min
Sa

∑
t∈I

∥ût − ut∥2. (7)

The estimated Ŝa is then uniformly applied to all translation parameters in the corre-
sponding single-object scene. Figure 6 summarizes the overall scale alignment procedure,
illustrated for an example where scene A consists of 40 frames and scene A+B consists of
10 frames.

Figure 6. Overview of the proposed scale alignment procedure. For illustration, scene A is assumed
to contain 40 frames and scene A+B 10 frames. A reference 3D point is first selected in scene A. The
translations in scene A are scaled by Sa, after which frame-to-frame transformations are chained
across scenes A and A+B. The scale factor is optimized by minimizing the reprojection error of the
propagated reference point over the shared frame set.

We repeat the same procedure for scene B and C, aligning each sub-scene to its
neighboring sub-scene. Figure 7 illustrates the effect of the proposed scale alignment on
the estimated camera trajectory. Without scale alignment, pose estimates from adjacent
sub-scenes are chained with inconsistent translation scales, which leads to distortions in
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the global trajectory and causes partial overlaps near sub-scene boundaries. After applying
the reprojection-error-based scale optimization, these inconsistencies are alleviated, and
the resulting trajectory becomes geometrically coherent across the entire sequence.

Figure 7. Camera trajectory comparison before and after the proposed scale alignment on a represen-
tative sequence. The top trajectory visualizes pose estimates obtained without scale alignment, where
inconsistent translation scales across adjacent sub-scenes lead to trajectory distortions and overlap-
ping regions, indicated in red. The bottom trajectory shows the result after converting relative depth
to metric depth and applying the reprojection-error–based scale alignment, yielding a geometrically
coherent and globally consistent camera trajectory.

3.5. Final Trajectory Integration

After scale alignment, the pose estimates from all sub-scenes are integrated into a
single camera trajectory. Adjacent sub-scenes share a boundary frame, such that the last
frame of a preceding sub-scene coincides with the first frame of the following one. This
shared frame serves as a common reference that enables direct concatenation of pose
estimates across sub-scenes. Consequently, scale-corrected poses from scenes A, A+B, B,
B+C, and C are chained in order by matrix multiplication. Thus, the first frame of scene
A is fixed as the global origin, and camera poses are sequentially composed along the
temporal order of the sequence. Through this process, we obtain a globally consistent set
of camera extrinsic parameters for all frames in the sequence.

4. Experiment
4.1. Experimental Setup
4.1.1. Dataset

To evaluate the performance of the proposed method, we have generated total 40 in-
door video sequences using the 26 mm focal length rear camera of an iPhone 13 mini
at 10 fps. To capture each video sequence, we place three different objects on the table
and record the video by moving the camera around the objects. As the experimental
objects, we select total 11 small table-top object types, book, cup, vase, statue, mouse,
laptop, teddy, bowl, phone, keyboard, and remote. Sample images of 11 object types
are shown in Figure 8. The resolution of original captured image is 1920 × 1080 and the
same resolution is used in all evaluations. All 40 video sequences are publicly available in
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https://github.com/Y-C-JEONG/Pose-Estimation-in-Multi-Object-Scenes (accessed on 10
June 2026).

Figure 8. Sample images of all object types for our evaluation. From the top-left, book, cup, vase,
statue, mouse, laptop, teddy, bowl, phone, keyboard, and remote.

Each video sequence contains approximately 110–150 frames and is intentionally
structured to include alternating single-object and multi-object sub-scenes. In each video,
three objects appear sequentially, forming five contiguous sub-scenes: A → A+B → B →
B+C → C. Single-object sub-scenes consist of 30–40 frames, while multi-object sub-scenes
consist of 10–15 frames. To enable pose integration, adjacent sub-scenes share a one-frame
overlap, which serves as a boundary frame for trajectory concatenation.

The dataset includes objects from both categories seen during Ray Diffusion training and
unseen categories, allowing evaluation of generalization performance in multi-object settings.

4.1.2. Baselines

We compare the proposed method with the following baselines:

• Reference (COLMAP+SPSG): We use a COLMAP-based Structure-from-Motion
pipeline, where local features are extracted using SuperPoint and matched using
SuperGlue (SPSG). Only sequences for which COLMAP successfully reconstructs the
entire camera trajectory are used as reference. The resulting camera poses are treated
as reference trajectories for quantitative evaluation.

• Ray Diffusion: The baseline model, Ray Diffusion, is applied to the full image sequence
without sub-scene partitioning. In the original implementation of Ray Diffusion,
camera trajectory is estimated for only a single object in each video sequence. However,
the test sequences utilized in this study feature multiple object types that appear and
disappear dynamically over time, preventing the definition of a consistent, object-
specific bounding box across the entire sequence. Consequently, the full image region
is utilized as the input for the baseline model.

• DUSt3R: One of the SOTA (State of The Art) visual-SLAM methods, DUSt3R is applied
under two inference modes: center reference frame and sliding window. In the center
reference frame mode, denoted DUSt3Ra, the middle of the sequence is selected
as the reference image and matched with other frames. For the sliding window
mode, denoted DUSt3Rb, pose estimation was performed with a sliding window size
of 5. In both modes, global alignment is subsequently applied to recover the full
scene structure.

• ORB-SLAM2: As a second SOTA visual SLAM method, ORB-SLAM2 is applied. In
the default configuration, the algorithm frequently failed to initialize or produced
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only a limited number of valid pose estimation, because our dataset has insufficient
image features. Therefore, the maximum number of ORB features was increased from
1000 to 2000 to improve feature detection and tracking robustness. Since ORB-SLAM2
estimates camera poses only after successful initialization, we additionally introduce a
completeness metric which represents the proportion of input frames for which valid
pose estimates were successfully obtained.

4.2. Evaluation Metrics

Following the evaluation protocol of Ray Diffusion, we evaluate camera pose accuracy
using rotation and translation metrics:

• Camera Rotation Accuracy (RA): Rotation accuracy measures the proportion of frame
pairs whose relative rotation error is below a specified threshold. For both predicted
and reference poses, we compute pairwise relative rotations between camera frames
and measure the angular difference between them. We report RA at thresholds of 10◦

and 15◦.
• Camera Center Accuracy (CCA): Translation accuracy is evaluated using camera cen-

ter accuracy, defined as the proportion of frames whose Euclidean distance between
predicted and reference camera centers is below a given threshold. Before evalua-
tion, predicted and reference trajectories are first aligned using Umeyama similarity
alignment [26] before comparison. The error threshold is defined relative to the scene
scale, which is calculated as the maximum distance from the trajectory centroid to any
camera center, as illustrated in Figure 9. We report CCA at thresholds of 0.1 and 0.2.

• Mean Rotation Error (MRE): Mean rotation error measures the average angular dif-
ference between predicted and reference relative camera rotations. Following the
evaluation protocol of Ray Diffusion, pairwise relative rotations are computed for
all ordered frame pairs from the predicted and reference camera poses. The angular
distance between the corresponding relative rotations is then measured and the final
MRE is obtained by averaging these angular errors over all frame pairs.

• Mean Translation Error (MTE): Mean translation error measures the average normal-
ized camera center error between predicted and reference trajectories. The predicted
camera centers are first aligned to the reference trajectory using Umeyama similarity
alignment. After alignment, the Euclidean distance between corresponding camera
centers is computed and normalized by the reference scene scale. The final MTE is
obtained by averaging these normalized camera center errors over all frames.

Figure 9. Illustration of the scene scale definition. The trajectory centroid is first computed from all
camera centers, and the scene scale is defined as the maximum distance from the centroid to any
camera center.
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4.3. Evaluation Results

Figure 10 shows qualitative visualization of the camera trajectory in each sequence.
In each row of the figure, sample images captured from a moving camera are shown in
order, and the last column is the estimated camera trajectory. All estimated camera poses in
each sequence are shown in different colors. As shown in the figure, the estimated camera
trajectories visually follow the real camera motion without any outlying one.

Quantitative evaluations are conducted using reference trajectories obtained by
COLMAP+SPSG. Initially, COLMAP+SPSG was executed to generate the reference tra-
jectories for all test sequences. Subsequently, we visually inspect the trajectories of the
COLMAP results and divide the test datasets to two subsets. The first set contains trajecto-
ries that visually match the original camera motion, whereas the second set includes those
with noticeable deviations. Consequently, the evaluation results for the first dataset are
presented in this section, and those for the second set are provided in Appendix A.

Evaluation results across the first set of 20 test video sequences are presented at
Tables 1–5. Each table evaluates four metrics: rotation accuracy (RA), camera center accu-
racy (CCA), mean relative error (MRE), and mean trajectory error (MTE), with the final
row of each table indicating the average values. All metrics are computed relative to the
reference trajectories generated using COLMAP+SPSG.

Regarding translation accuracy evaluated via CCA, the proposed method achieves
55.48% at the 0.1 threshold and 95.04% at the 0.2 threshold, significantly outperforming
the baseline method, which yields 25.35% and 68.47%, respectively. For RA, the proposed
framework obtains 71.48% at 10◦ and 91.10% at 15◦, marginally better than the baseline
method, which records 67.40% and 86.04%. Furthermore, the proposed method demon-
strates superior performance over the baseline in terms of both MRE and MTE.

The proposed framework is also evaluated against two widely adopted camera pose
estimation paradigms: DUSt3R, a learning-based visual SLAM framework, and ORB-
SLAM2, a conventional feature-based visual SLAM system. Compared with DUSt3Ra, the
proposed method shows better performance in RA@15◦, comparable results in RA@10◦.
In CCA, MRE, and MTE analysis, our method is much better than DUSt3Ra. Compared
with DUSt3Rb, the proposed approach shows higher accuracy in RA@15◦ and CCA with
threshold 0.2, but lower accuracy in RA@10◦. However, it consistently maintains better
accuracy in MRE and MTE.

Table 1. Evaluation results of the proposed method using the first set of video sequences.

Sequence RA@15◦ (%) RA@10◦ (%) CCA@0.1 (%) CCA@0.2 (%) MRE (◦) MTE

book_bowl_cup 95.2107 71.8243 65.8120 94.8718 7.5253 0.0941
book_bowl_statue 100.0 85.8602 84.7328 98.4733 6.2494 0.0759
book_cup_mouse 82.4096 57.2737 66.6667 98.2456 9.1277 0.0858
bottle_remote_keyboard 93.9001 71.8236 75.2212 100.0 7.9502 0.0755
bottle_teddy_cup 90.3922 65.7563 53.3333 100.0 8.7469 0.0958
bowl_cup_phone 87.1514 71.3793 42.2414 98.2759 8.0682 0.1102
bowl_mouse_cup 99.4710 83.6368 21.8750 92.9688 6.3363 0.1383
bowl_mouse_phone 97.9972 83.7137 47.3684 96.4912 6.6261 0.1085
cup_book_mouse 92.1629 50.5638 63.9456 97.2789 9.3875 0.0927
cup_bowl_book 78.9816 69.1323 50.3497 93.7063 8.6103 0.1118
cup_bowl_mouse 98.2900 81.7950 60.2740 95.8904 6.8884 0.0964
cup_bowl_phone 90.3830 74.6622 43.5374 93.1973 7.6740 0.1133
lap_book_bowl 93.9355 74.6581 41.6000 98.4000 7.3500 0.0985
lap_book_cup 82.1850 61.7618 22.6562 72.6562 9.0809 0.1588
lap_book_mouse 89.4835 72.6809 58.7156 95.4128 7.9321 0.0880
lap_book_phone 100.0 90.5182 58.3333 100.0 6.0360 0.0886
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Table 1. Cont.

Sequence RA@15◦ (%) RA@10◦ (%) CCA@0.1 (%) CCA@0.2 (%) MRE (◦) MTE

lap_bowl_cup 97.9558 72.3265 39.1304 87.8261 7.4115 0.1265
lap_bowl_mouse 98.2971 86.2595 74.8092 94.6565 7.6952 0.0936
teddy_cup_keyboard 99.5768 71.8921 73.8318 100.0 7.6429 0.0772
teddy_cup_remote 54.4978 32.8350 54.0323 97.5806 14.7163 0.1004

Average 91.1141 71.5177 54.9233 95.2966 8.0528 0.1015

Figure 10. Experimental results: In each row, the left five images show sample frames in each
sub-scene, and the right image shows the estimated camera trajectory.

Table 2. Evaluation results of Ray Diffusion using the first set of video sequences.

Sequence RA@15◦ (%) RA@10◦ (%) CCA@0.1 (%) CCA@0.2 (%) MRE (◦) MTE

book_bowl_cup 99.7937 89.1836 55.5556 87.1795 6.3626 0.1065
book_bowl_statue 96.5708 78.4146 35.8779 77.8626 7.4153 0.1400
book_cup_mouse 98.1835 78.8387 28.0702 73.6842 7.1753 0.1510
bottle_remote_keyboard 56.2895 46.2231 3.5398 27.4336 38.3683 0.2728
bottle_teddy_cup 92.7031 70.6443 19.1667 75.8333 8.2643 0.1560
bowl_cup_phone 95.1724 75.9070 25.8621 90.5172 7.6887 0.1293
bowl_mouse_cup 84.6211 52.6206 24.2188 51.5625 10.0349 0.1923
bowl_mouse_phone 67.7690 40.2577 17.5439 55.2632 12.6459 0.1890
cup_book_mouse 96.9434 75.7245 19.0476 76.8707 7.3391 0.1614
cup_bowl_book 87.6293 58.2783 30.0699 75.5245 9.5507 0.1545
cup_bowl_mouse 65.9329 47.2933 22.6027 57.5342 13.4031 0.2033
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Table 2. Cont.

Sequence RA@15◦ (%) RA@10◦ (%) CCA@0.1 (%) CCA@0.2 (%) MRE (◦) MTE

cup_bowl_phone 62.7435 34.7684 15.6463 46.9388 14.5252 0.2105
lap_book_bowl 99.3290 84.4645 27.2000 77.6000 6.5088 0.1499
lap_book_cup 96.5674 77.5221 11.7188 67.1875 7.2326 0.1889
lap_book_mouse 100.0 96.1774 44.9541 84.4037 5.3772 0.1279
lap_book_phone 97.2129 80.6583 45.0000 80.0 6.9503 0.1370
lap_bowl_cup 98.6575 79.6644 29.5652 77.3913 7.1047 0.1470
lap_bowl_mouse 94.8679 62.3136 29.7710 80.1527 8.7585 0.1437
teddy_cup_keyboard 61.4530 57.6794 11.2150 47.6636 30.6961 0.1978
teddy_cup_remote 68.4500 61.5132 10.4839 58.8710 25.5739 0.2090

Average 86.0445 67.4074 25.3555 68.4737 12.0488 0.1684

Table 3. Evaluation results of DUSt3Ra using the first set of video sequences.

Sequence RA@15◦ (%) RA@10◦ (%) CCA@0.1 (%) CCA@0.2 (%) MRE (◦) MTE

book_bowl_cup 51.1936 36.1922 8.5470 17.9487 64.7924 0.5144
book_bowl_statue 100.0 98.5672 97.7099 100.0 2.8472 0.0375
book_cup_mouse 67.8466 47.4616 2.6316 14.9123 59.4206 0.5280
bottle_remote_keyboard 86.7257 83.4703 65.4867 93.8053 22.6780 0.1154
bottle_teddy_cup 87.2269 84.5938 17.5000 49.1667 25.1373 0.2786
bowl_cup_phone 83.7481 71.8441 22.4138 42.2414 28.6232 0.2918
bowl_mouse_cup 85.3100 80.9424 10.9375 39.0625 29.0250 0.2945
bowl_mouse_phone 52.5229 34.2028 11.4035 42.9825 37.8514 0.3595
cup_book_mouse 69.8164 66.6760 19.7279 40.1361 27.9206 0.2988
cup_bowl_book 84.4479 79.9271 24.4755 57.3427 21.7332 0.2455
cup_bowl_mouse 68.1342 53.1034 13.0137 36.3014 33.5294 0.3370
cup_bowl_phone 97.7914 97.2882 94.5578 98.6395 3.5592 0.0530
lap_book_bowl 87.6000 87.1097 82.4000 93.6000 9.1158 0.1093
lap_book_cup 64.9975 62.4508 12.5000 38.2813 30.7633 0.3036
lap_book_mouse 82.3819 78.0666 14.6789 32.1101 15.5518 0.3144
lap_book_phone 73.9916 73.7255 30.8333 80.8333 22.5389 0.2348
lap_bowl_cup 78.4287 66.9108 13.0435 24.3478 40.7591 0.4262
lap_bowl_mouse 100.0 99.9413 100.0 100.0 3.7777 0.0338
teddy_cup_keyboard 95.2389 94.4631 96.2617 98.1308 3.7317 0.0463
teddy_cup_remote 75.8196 56.9761 8.0645 25.0000 38.5217 0.3628

Average 79.6611 72.6956 37.3093 56.2421 26.0939 0.2593

Table 4. Evaluation results of DUSt3Rb using the first set of video sequences.

Sequence RA@15◦ (%) RA@10◦ (%) CCA@0.1 (%) CCA@0.2 (%) MRE (◦) MTE

book_bowl_cup 50.1916 33.0091 5.9829 12.8205 56.5577 0.5038
book_bowl_statue 100.0 99.3423 98.4733 100.0 3.8211 0.0317
book_cup_mouse 75.6560 62.3971 1.7544 16.6667 46.7523 0.4568
bottle_remote_keyboard 88.6062 75.7427 92.9204 100.0 6.6044 0.0512
bottle_teddy_cup 52.5070 45.8824 4.1667 9.1667 81.3028 0.4952
bowl_cup_phone 88.5607 84.2879 24.1379 45.6897 24.5374 0.2628
bowl_mouse_cup 92.4336 91.9168 37.5000 90.6250 17.0438 0.1733
bowl_mouse_phone 82.1146 71.0449 7.0175 41.2281 36.2142 0.3531
cup_book_mouse 64.6165 49.8742 2.7211 20.4082 33.2375 0.3658
cup_bowl_book 100.0 93.1744 95.8042 100.0 5.2071 0.0508
cup_bowl_mouse 90.8077 89.0316 33.5616 75.3425 17.7203 0.1990
cup_bowl_phone 100.0 96.5800 99.3197 100.0 4.3682 0.0509
lap_book_bowl 100.0 96.9290 100.0 100.0 3.6110 0.0392
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Table 4. Cont.

Sequence RA@15◦ (%) RA@10◦ (%) CCA@0.1 (%) CCA@0.2 (%) MRE (◦) MTE

lap_book_cup 100.0 100.0 92.9688 100.0 3.2129 0.0524
lap_book_mouse 100.0 99.8131 95.4128 100.0 4.2595 0.0486
lap_book_phone 100.0 100.0 95.0000 100.0 2.6338 0.0526
lap_bowl_cup 100.0 100.0 88.6957 100.0 2.5529 0.0592
lap_bowl_mouse 100.0 93.4351 87.0229 100.0 3.7286 0.0650
teddy_cup_keyboard 100.0 100.0 100.0 100.0 2.0765 0.0397
teddy_cup_remote 97.6397 86.2182 95.1613 100.0 5.2220 0.0581

Average 89.1567 83.4339 62.8811 75.5974 18.0332 0.1705

Table 5. Evaluation results of ORB-SLAM2 using the first set of video sequences.

Sequence RA@15◦

(%)
RA@10◦

(%)
CCA@0.1

(%)
CCA@0.2

(%) MRE (◦) MTE Completeness (%)

book_bowl_cup 97.6477 97.6477 97.6190 97.6190 1.0085 0.0487 71.7949
book_bowl_statue 100.0 100.0 100.0 100.0 1.2715 0.0233 7.6336
book_cup_mouse 99.6582 90.0547 98.7013 98.7013 4.2807 0.0279 67.5439
bottle_remote_keyboard 100.0 100.0 17.3913 30.4348 1.8081 0.3367 20.3540
bottle_teddy_cup 100.0 100.0 100.0 100.0 2.2145 0.0057 73.3333
bowl_cup_phone 100.0 100.0 100.0 100.0 1.3361 0.0038 68.1034
bowl_mouse_cup – – – – – – 0.0
bowl_mouse_phone 100.0 100.0 97.0588 100.0 4.0044 0.0244 29.8246
cup_book_mouse – – – – – – 0.0
cup_bowl_book 100.0 100.0 100.0 100.0 2.3621 0.0048 80.4196
cup_bowl_mouse – – – – – – 0.0
cup_bowl_phone – – – – – – 0.0
lap_book_bowl 100.0 95.3333 8.0000 20.0 4.6406 0.4121 20.0
lap_book_cup 100.0 99.8566 100.0 100.0 3.5862 0.0051 65.6250
lap_book_mouse – – – – – – 0.0
lap_book_phone 95.9111 81.6841 100.0 100.0 5.8924 0.0060 86.6667
lap_bowl_cup 100.0 100.0 98.4848 98.4848 3.4497 0.0639 57.3913
lap_bowl_mouse 100.0 100.0 100.0 100.0 2.5246 0.0060 76.3359
teddy_cup_keyboard – – – – – – 0.0
teddy_cup_remote 84.5421 67.2161 100.0 100.0 7.4623 0.0028 84.6774

Average 98.4114 95.1280 86.9468 88.9457 3.2744 0.0694 40.4840

Finally, the proposed method is compared with ORB-SLAM2, a benchmark conven-
tional visual SLAM method and one of the top-performing methods even compared to the
learning-based methods. While ORB-SLAM2 outperforms the proposed framework across
most metrics—excluding CCA at 0.2 threshold, it exhibits severe robustness limitations.
As shown in Table 5, ORB-SLAM2 fails to run in multiple sequences. A total of 6 sequences
fail among 20 test sequences. This is because of the inherent problem of pose initialization,
which is typical in monocular visual-SLAM methods such as ORB-SLAM2 [27]. In addition,
even though ORB-SLAM2 successfully runs in the other sequences, it can track only a
fractional segment of the trajectory because monocular visual-SLAM can provide pose
estimation results only after initialization, in the middle of sequences. To quantify this be-
havior, a completeness score is introduced in the final column of Table 5. This completeness
score is defined as the ratio of successfully tracked frames to the total number of frames in
each sequence. The average completeness score of ORB-SLAM2 is only 40.48%, while all
the others are 100%. A comprehensive summary of the evaluation across all five methods
is shown in Table 6.
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Table 6. Comparison of the average performance of the first set of 20 test sequences.

Sequence RA@15◦ (%) RA@10◦ (%) CCA@0.1
(%)

CCA@0.2
(%) MRE (◦) MTE Completeness (%)

Proposed 91.1076 71.4835 55.4861 95.0479 8.0522 0.1005 100.0
Proposed 1 91.1141 71.5177 55.0808 93.2632 8.0528 0.1038 100.0
Ray Diffusion 86.0445 67.4074 25.3555 68.4737 12.0488 0.1684 100.0
DUSt3Ra 79.6611 72.6956 37.3093 56.2421 26.0939 0.2593 100.0
DUSt3Rb 89.1567 83.4339 62.8811 75.5974 18.0332 0.1705 100.0
ORB-SLAM2 98.4114 95.1280 86.9468 88.9457 3.2744 0.0694 40.48

1 Proposed method without scale alignment (Results of ablation study 1).

4.4. Ablation Studies

To evaluate the performance of the proposed method under varying experimental
conditions, two ablation studies were conducted. The first ablation study is done without
scale alignment between the sub-scene, while the second one evaluates the impact of
varying the image patch size utilized to select the reference 3D point for scale alignment.

As described in Section 3.4, the pose estimates obtained from single-object and multi-
object sub-scenes are expressed in different scale domains. In single-object sub-scenes,
Ray Diffusion generates translation vectors in an arbitrarily normalized coordinate system,
whereas in multi-object sub-scenes, translation vectors are scaled according to monocular
depth estimates. To evaluate the effect of the scale alignment, the scale parameter si in
Equation (4) is intentionally set to 1.0 and the pose estimation results are obtained as
shown in Table 7. As shown in the table, the translation accuracy degrades when the scale
alignment parameter is omitted compared to when it is properly estimated.

In the second ablation study, the image patch size for selecting the reference 3D point
P0 is set to 1 × 1, 3 × 3 and 5 × 5. As noted in Section 3.4, the 2D reference point u0

is originally defined as the 1 × 1 centroid of the object mask. For this ablation, the 2D
reference points were expanded to include 3 × 3 and 5 × 5 local neighborhoods centered
around the centroid. All neighboring points were back-projected into the 3D space using
Equation (3), and the spatial average of these 3D points was selected as the final reference
point. The corresponding ablation results are summarized in Table 8. This result indicates
that varying the reference patch size yields marginal performance differences. This minimal
variance is primarily due to the fact that the object depth is derived from a monocular depth
estimation network, which inherently exhibits spatial consistency and is less susceptible to
the high-frequency localized noise typically found in hardware depth sensors.

Table 7. Ablation study 1: Proposed method without scale alignment.

Sequence RA@15◦ (%) RA@10◦ (%) CCA@0.1 (%) CCA@0.2 (%) MRE (◦) MTE

book_bowl_cup 95.2107 71.8243 67.5214 95.7265 7.5253 0.0940
book_bowl_statue 100.0 85.8602 83.2061 98.4733 6.2494 0.0776
book_cup_mouse 82.4096 57.2737 65.7895 99.1228 9.1277 0.0846
bottle_remote_keyboard 93.9001 71.8236 82.3009 100.0 7.9502 0.0647
bottle_teddy_cup 90.3922 65.7563 50.0000 95.8333 8.7469 0.0996
bowl_cup_phone 87.1514 71.3793 38.7931 93.1034 8.0682 0.1158
bowl_mouse_cup 99.4710 83.6368 10.1562 73.4375 6.3363 0.1638
bowl_mouse_phone 97.9972 83.7137 47.3684 94.7368 6.6261 0.1132
cup_book_mouse 92.1629 50.5638 63.2653 97.2789 9.3875 0.0885
cup_bowl_book 78.9816 69.1323 50.3497 93.0070 8.6103 0.1135
cup_bowl_mouse 98.2900 81.7950 59.5890 95.8904 6.8884 0.0978
cup_bowl_phone 90.3830 74.6622 40.8163 91.1565 7.6740 0.1193
lap_book_bowl 93.9355 74.6581 36.8000 98.4000 7.3500 0.1015
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Table 7. Cont.

Sequence RA@15◦ (%) RA@10◦ (%) CCA@0.1 (%) CCA@0.2 (%) MRE (◦) MTE

lap_book_cup 82.1850 61.7618 19.5312 75.7812 9.0809 0.1650
lap_book_mouse 89.4835 72.6809 59.6330 94.4954 7.9321 0.0902
lap_book_phone 100.0 90.5182 61.6667 100.0 6.0360 0.0863
lap_bowl_cup 97.9558 72.3265 32.1739 77.3913 7.4115 0.1421
lap_bowl_mouse 98.2971 86.2595 73.2824 94.6565 7.6952 0.0951
teddy_cup_keyboard 99.5768 71.8921 81.3084 100.0 7.6429 0.0653
teddy_cup_remote 54.4978 32.8350 58.0645 96.7742 14.7163 0.0977

Average 91.1141 71.5177 54.0808 93.2632 8.0528 0.1038

Table 8. Ablation study 2: Comparison of MTE across scale-alignment patch sizes (1 × 1, 3 × 3, 5 × 5).
The bold font is the best case in each sequence.

Patch Size
Sequence 1 × 1 3 × 3 5 × 5

book_bowl_cup 0.094051 0.094054 0.094055
book_bowl_vase 0.075875 0.075869 0.075870
book_cup_mouse 0.085845 0.085838 0.085836
bottle_remote_keyboard 0.075548 0.075563 0.075575
bottle_teddy_cup 0.095785 0.095786 0.095780
bowl_cup_phone 0.110206 0.110206 0.110204
bowl_mouse_cup 0.138265 0.138296 0.138290
bowl_mouse_phone 0.108541 0.108537 0.108538
cup_book_mouse 0.092714 0.092731 0.092737
cup_bowl_book 0.111782 0.111780 0.111779
cup_bowl_mouse 0.096434 0.096431 0.096429
cup_bowl_phone 0.113250 0.113258 0.113248
lap_book_bowl 0.098465 0.098468 0.098468
lap_book_cup 0.158757 0.158748 0.158749
lap_book_mouse 0.088045 0.088027 0.088021
lap_book_phone 0.088562 0.088552 0.088546
lap_bowl_cup 0.126486 0.126491 0.126494
lap_bowl_mouse 0.093647 0.093635 0.093630
teddy_cup_keyboard 0.077170 0.077143 0.077119
teddy_cup_remote 0.100401 0.100380 0.100396

Average 0.101492 0.101490 0.101488

5. Conclusions
This paper presented a camera pose estimation framework for multi-object image

sequences by integrating learning-based relative pose estimation with depth-guided geo-
metric registration. Our method partitions videos into two types of sub-scenes, applying
Ray Diffusion to single-object sub-scenes while estimating frame-to-frame motion in multi-
object sub-scenes using monocular video depth, object masks, and point cloud registration
via GICP. To solve the scale mismatch problem between the translations from Ray Dif-
fusion and the depth-induced translations, we also introduce a reprojection-error-based
scale alignment strategy using shared boundary frames, enabling consistent trajectory
composition across sub-scenes.

Quantitative evaluation on our indoor dataset demonstrates that the proposed ap-
proach improves both rotation accuracy and camera center accuracy compared to directly
applying Ray Diffusion to full sequences. In particular, camera center accuracy shows a
clear gain under both evaluation thresholds, indicating that the proposed method helps pro-
duce more reliable global trajectories in multi-object settings. To evaluate the performance
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of the proposed method under varying experimental conditions, two ablation studies are
also conducted.

Despite these improvements, the proposed pipeline still depends on the quality of
monocular depth prediction and segmentation masks, and point cloud registration may
become less stable under severe occlusions or noisy depth estimates. Future work will explore
more robust registration strategies and stronger temporal constraints for multi-object sub-
scenes, as well as broader evaluations across diverse environments and capture conditions.
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Appendix A
This appendix presents the experimental results and performance comparisons of

the proposed method with Ray Diffusion, DUSt3R, and ORB-SLAM2, evaluated on the
second set of 20 test video sequences. The second dataset was recorded using table-top
objects identical to those employed in the first dataset. To ensure a fair evaluation, all
experimental configurations and environmental conditions for the second dataset were
maintained consistent with those specified for the first dataset in Section 4. As shown in the
average performance comparison, the evaluation scores for the second dataset are lower
than those for the first set of 20 video sequences, while the proposed method performs still
better in terms of the average error scores. Because COLMAP reconstructions were utilized
as the reference trajectories, we consider this performance degradation to be due to the
estimation errors in the COLMAP trajectories.

Table A1. Evaluation results of the proposed method using the second set of video sequences.

Sequence RA@15◦ (%) RA@10◦ (%) CCA@0.1 (%) CCA@0.2 (%) MRE (◦) MTE

book_bowl_mouse 93.2707 79.8591 71.7557 95.4198 6.7143 0.0890
book_cup_phone 99.9889 84.7651 59.2593 100.0 6.6097 0.0925
book_mouse_phone 97.8885 84.7539 29.8246 88.5965 6.0163 0.1301
bottle_cup_keyboard 70.5519 33.2922 50.4673 94.3925 11.8632 0.1014
bottle_cup_remote 43.1144 30.4611 45.6140 100.0 17.8250 0.1034
bottle_mouse_book 87.4108 41.6242 13.7615 74.3119 10.4543 0.1600
bottle_remote_bottle 73.4073 45.8655 22.3214 91.0714 10.8172 0.1381
bottle_teddy_keyboard 76.1744 44.1281 47.3214 95.5357 10.8073 0.1067
coffee_cup_doll 88.7295 61.3067 55.0847 100.0 9.0123 0.0952
coffee_cup_mouse 68.3319 40.8341 47.8632 95.7265 11.7433 0.1047
cup_book_mouse 83.5021 46.4692 52.7559 100.0 10.0091 0.0956
lap_cup_mouse 99.9845 75.7957 47.3684 94.7368 7.1931 0.1061
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Table A1. Cont.

Sequence RA@15◦ (%) RA@10◦ (%) CCA@0.1 (%) CCA@0.2 (%) MRE (◦) MTE

lap_cup_phone 99.6832 86.3223 57.8512 90.9091 6.7365 0.1070
laptop_teddy_bottle 61.4957 31.4456 34.4262 68.8525 13.3747 0.1714
laptop_teddy_cup 63.2079 41.8436 50.8929 92.8571 14.7750 0.1119
laptop_teddy_keyboard 71.2248 46.7546 44.7154 91.0569 11.6942 0.1141
laptop_teddy_remote 56.6016 41.6038 6.7227 53.7815 15.7314 0.2001
mouse_book_bowl 91.1565 74.1403 39.4558 94.5578 7.7104 0.1110
remote_bottle_book 82.2768 52.2178 9.7087 61.1650 9.9877 0.1815
teddy_keyboard_remote 50.7551 31.6705 41.7391 95.6522 17.0599 0.1156

Average 77.9378 53.7577 41.4455 88.9312 10.8067 0.1218

Table A2. Evaluation results of Ray Diffusion using the second set of video sequences.

Sequence RA@15◦ (%) RA@10◦ (%) CCA@0.1 (%) CCA@0.2 (%) MRE (◦) MTE

book_bowl_mouse 89.8062 67.4809 27.4809 70.2290 8.9997 0.1597
book_cup_phone 98.1537 78.1647 32.5926 84.4444 7.5946 0.1344
book_mouse_phone 89.5047 62.3506 29.8246 80.7018 9.0676 0.1433
bottle_cup_keyboard 67.2545 46.5350 10.2804 54.2056 19.5340 0.2046
bottle_cup_remote 66.3872 38.9846 15.7895 55.2632 22.5273 0.2351
bottle_mouse_book 99.1165 77.8457 11.0092 48.6239 7.4908 0.2073
bottle_remote_bottle 68.2754 39.7362 1.7857 15.1786 12.1607 0.3167
bottle_teddy_keyboard 55.3893 41.5058 9.8214 30.3571 30.8046 0.2263
coffee_cup_doll 69.7088 44.9660 10.1695 57.6271 11.5381 0.1987
coffee_cup_mouse 72.0307 49.2190 25.6410 70.9402 11.7848 0.1629
cup_book_mouse 65.9668 40.0075 21.2598 75.5906 13.4491 0.1587
lap_cup_mouse 97.3762 78.6524 34.2105 83.3333 7.4542 0.1388
lap_cup_phone 91.2672 61.6942 43.8017 90.9091 8.7998 0.1189
laptop_teddy_bottle 86.4788 50.5894 67.2131 93.4426 9.5560 0.0925
laptop_teddy_cup 92.3423 55.5341 59.8214 96.4286 9.2445 0.0979
laptop_teddy_keyboard 51.6327 34.4396 10.5691 26.0163 46.1369 0.2791
laptop_teddy_remote 78.9916 48.1413 63.0252 94.9580 13.2139 0.1133
mouse_book_bowl 95.3406 71.3633 17.6871 65.3061 8.0432 0.1751
remote_bottle_book 95.4693 74.6431 10.6796 39.8058 7.6536 0.2182
teddy_keyboard_remote 64.6224 51.1518 0.8696 26.0870 29.4764 0.2533

Average 79.7557 55.6503 25.1766 62.9724 14.7265 0.1817

Table A3. Evaluation results of DUSt3Ra using the second set of video sequences.

Sequence RA@15◦ (%) RA@10◦ (%) CCA@0.1 (%) CCA@0.2 (%) MRE (◦) MTE

book_bowl_mouse 77.0875 76.9348 66.4122 87.0229 18.4370 0.1414
book_cup_phone 85.7159 78.4522 73.3333 88.1481 8.5868 0.1547
book_mouse_phone 69.5234 69.1508 22.8070 49.1228 21.2782 0.2802
bottle_cup_keyboard 93.0347 79.4393 99.0654 99.0654 7.1063 0.0454
bottle_cup_remote 79.8944 78.5437 35.9649 78.9474 15.9828 0.1934
bottle_mouse_book 76.0958 74.8556 23.8532 49.5413 21.5137 0.2747
bottle_remote_bottle 40.7175 39.0283 0.0 1.7857 80.7650 0.6596
bottle_teddy_keyboard 100.0 100.0 100.0 100.0 3.3138 0.0256
coffee_cup_doll 93.3942 88.9034 72.0339 88.1356 4.5992 0.1328
coffee_cup_mouse 89.3162 83.1712 55.5556 86.3248 5.7942 0.1408
cup_book_mouse 100.0 100.0 100.0 100.0 3.3322 0.0281
lap_cup_mouse 77.5501 74.4450 17.5439 44.7368 19.4057 0.2790
lap_cup_phone 100.0 99.3526 97.5207 98.3471 3.2847 0.0443
laptop_teddy_bottle 100.0 99.9865 100.0 100.0 3.8780 0.0250
laptop_teddy_cup 100.0 100.0 100.0 100.0 1.6979 0.0267
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Table A3. Cont.

Sequence RA@15◦ (%) RA@10◦ (%) CCA@0.1 (%) CCA@0.2 (%) MRE (◦) MTE

laptop_teddy_keyboard 98.3740 97.9342 99.1870 99.1870 4.6723 0.0232
laptop_teddy_remote 79.5756 61.0027 59.6639 89.9160 21.4163 0.1550
mouse_book_bowl 79.6477 59.8174 86.3946 96.5986 9.5106 0.0627
remote_bottle_book 68.9891 64.7630 7.7670 26.2136 17.6742 0.3461
teddy_keyboard_remote 81.7391 73.2876 43.4783 77.3913 18.7019 0.1663

Average 84.5328 79.9534 63.0290 78.0242 14.5475 0.1603

Table A4. Evaluation results of ORB-SLAM2 using the second set of video sequences.

Sequence RA@15◦

(%)
RA@10◦

(%)
CCA@0.1

(%)
CCA@0.2

(%) MRE (◦) MTE Completeness (%)

book_bowl_mouse 100.0 100.0 100.0 100.0 1.2115 0.0045 58.0153
book_cup_phone 100.0 100.0 100.0 100.0 0.7762 0.0049 66.6667
book_mouse_phone 100.0 100.0 100.0 100.0 3.2702 0.0313 8.7719
bottle_cup_keyboard – – – – – – 0.0
bottle_cup_remote 100.0 100.0 100.0 100.0 1.3415 0.0036 69.2982
bottle_mouse_book 100.0 100.0 100.0 100.0 1.0909 0.0122 64.2202
bottle_remote_bottle 100.0 98.6216 100.0 100.0 4.6851 0.0135 91.0714
bottle_teddy_keyboard 76.3494 67.3012 100.0 100.0 7.6579 0.0062 84.8214
coffee_cup_doll 83.0467 71.4660 100.0 100.0 8.4335 0.0138 94.0678
coffee_cup_mouse – – – – – – 0.0
cup_book_mouse 100.0 80.6865 100.0 100.0 6.3192 0.0086 93.7008
lap_cup_mouse 100.0 100.0 33.3333 83.3333 4.1354 0.1325 5.2632
lap_cup_phone – – – – – – 0.0
laptop_teddy_bottle 69.4245 56.6472 100.0 100.0 12.2020 0.0069 90.1639
laptop_teddy_cup – – – – – – 0.0
laptop_teddy_keyboard 100.0 100.0 100.0 100.0 1.3966 0.0059 51.2195
laptop_teddy_remote 79.7919 57.2562 100.0 100.0 8.9377 0.0060 89.9160
mouse_book_bowl 100.0 100.0 100.0 100.0 2.5174 0.0085 29.2517
remote_bottle_book 100.0 100.0 100.0 100.0 1.4189 0.0080 35.9223
teddy_keyboard_remote 80.1147 57.1335 100.0 100.0 9.7997 0.0081 96.5217

Average 93.0454 86.8195 95.8333 98.9583 4.6996 0.0172 51.4446

Table A5. Comparison of the average performance of the second set of 20 test sequences.

Sequence RA@15◦ (%) RA@10◦ (%) CCA@0.1
(%)

CCA@0.2
(%) MRE (◦) MTE Completeness (%)

Proposed 77.9378 53.7577 41.4455 88.9312 10.8067 0.1218 100.0
Ray Diffusion 79.7557 55.6503 25.1766 62.9724 14.7265 0.1817 100.0
DUSt3Ra 84.5328 79.9534 63.0290 78.0242 14.5475 0.1603 100.0
ORB-SLAM2 93.0454 86.8195 95.8333 98.9583 4.6996 0.0172 51.4446
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