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Abstract

3D spatial understanding is highly valuable in the context of semantic modeling
of environments, agents, and their relationships. Semantic modeling approaches
employed on monocular video often ingest outputs from off-the-shelf SLAM/SfM
pipelines, which are anecdotally observed to perform poorly or fail completely
on some fraction of the videos of interest. These target videos may vary widely
in complexity of scenes, activities, camera trajectory, etc. Unfortunately, such
semantically-rich video data often comes with no ground-truth 3D information,
and in practice it is prohibitively costly or impossible to obtain ground truth
reconstructions or camera pose post-hoc.
This paper proposes a novel evaluation protocol, Object Reprojection Error (ORE)
to benchmark camera trajectories; ORE computes reprojection error for static
objects within the video and requires only lightweight object tracklet annotations.
These annotations are easy to gather on new or existing video, enabling ORE to
be calculated on essentially arbitrary datasets. We show that ORE maintains high
rank correlation with standard metrics based on ground truth. Leveraging ORE, we
source videos and annotations from Ego4D-EgoTracks, resulting in EgoStatic, a
large-scale diverse dataset for evaluating camera trajectories in-the-wild.

1 Introduction

Spatial understanding is a fundamental tool in human perception [49]. In computer vision, spatial
understanding tasks often come in the form of geometric reconstruction and localization [62, 76,
74], typically seeking precise camera localization and 3D scene maps. The focus is on metric
structure, not relations and objects. On the other hand, neurophysiology suggests human memory is
anchored in object-centric or allocentric coordinates [10, 88, 26, 32]. This interpretation suggests
a different granularity of spatial modeling and is relevant to applications in human-in-the-loop
settings, like augmented reality. For example, equipped with moderately-accurate object-level spatial
understanding, an AR assistant can give guidance to a human performing a task, describe object
locations and spatial relations, and infer user intention.

Indeed, localizing an agent relative to objects and environment has become foundational in many
recent approaches to semantic understanding, e.g. spatial semantic mapping [14, 34, 64, 77, 59, 79],
place categorization [83], 3D scene graph construction [4, 69, 70], spatial episodic memory [5, 45,
37, 6, 48, 65, 101], visual query [42, 43, 57, 98, 56], planning and guiding visual navigation (e.g.
for AR) [17, 2, 45, 15, 16], representation learning in egocentric vision [28, 50, 90, 60, 85], action
anticipation [44, 68, 66] and active object segmentation [89]. These methods use spatial information
at a higher semantic level; exact locations of pixels and cameras are less critical. They focus on
the spatial semantics and relations of objects and cameras. In practice however, these approaches
typically rely on careful 3D geometry, in the form of depth, camera trajectories and volumes, but
often discard much of the accuracy in favor of looser notions of proximity (e.g. [4, 14, 34]).
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Figure 1: EgoStatic Benchmark Visualization Top row: COLMAP, bottom row: DROID-SLAM.
Colored bounding boxes are ground truth tracklet annotations; dots are reprojected points tracked by
estimated camera trajectory. Ideally, the points should fall in the bounding boxes.

Unfortunately, many common datasets for semantic tasks have no 3D ground truth of any kind, and it
is expensive or impossible to obtain it post-hoc. How well can the underlying systems localize agents,
objects and their relations in these domains? Studies on real-world ego-centric videos have often
been limited to synthetic data [96] or on scan-style/walking videos [21, 72] vs. real-world videos
with activities (e.g. cooking, DIY, sports) with rich semantics. While prior work [43, 57, 89, 64, 104]
notes SLAM/ SfM failures, e.g. on head-mounted videos, rarely is this quantified (nor is it typically
possible). In other words, we have high-value problems whose solutions currently depend on systems
which cannot be benchmarked in the domains of interest.

Contributions. This work proposes a novel, object-centric metric for camera trajectory quality on
essentially arbitrary video (e.g. videos in Fig. 1). As a measure of environmental understanding,
the resulting benchmark uses a type of reprojection error which is a generalization of geometric
reprojection error; in this way it is similar to traditional SfM / SLAM benchmarks. However, using
a sparse set of semantic landmarks, specifically static objects whose identities are unknown to the
method under evaluation, keeps the benchmark focused on high-level percepts in the vicinity of the
camera, vs. global maps and reconstruction accuracy.

Object Reprojection Error (ORE) relaxes the need for accurate groundtruth camera trajectories. Given
an arbitrary video, one identifies a few “suitable” object candidates and annotates 2D bounding
boxes across the frames where the object remains unmoved (Fig. 1). Despite no groundtruth camera
trajectory, ORE’s rank statistics agree well with standard GT-based metrics, such as Absolute
Trajectory Error (ATE) and Relative Pose Error (RPE), when properly-selected tracklets are used.

Equipped with this schema, we source a wide variety of ego-centric videos from Ego4D, a large-
scale egocentric video collected in-the-wild. We leveraged the long-term tracking annotations from
EgoTracks [86] on Ego4D. Our contributions include:

1. We carefully design a new evaluation protocol for camera trajectory estimation which only
requires static object tracklet annotation and no camera trajectory groundtruth: ORE.

2. We benchmark 7 SLAM, Visual Odometry (VO) and Structure-from-Motion (SfM) methods
on Scannet test set [21] to compare ORE with standard metrics. Rank correlation shows
high agreement between ORE and standard metrics.

3. We extend and adapt Ego4D-EgoTracks [86] benchmark into a first large-scale egocentric
camera trajectory benchmark. The resulting benchmark is shown to be quite challenging.

4. Finally, ORE is a useful tool: it is sensitive enough to inform hyperparameter selection and
method design. The experiments reveal potential directions for future work.
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2 Related Work

2.1 SLAM, SfM and Visual Re-localization

SLAM (Simultaneous Localization And Mapping) and SfM (Structure-from-Motion) aim to jointly
infer a map and localize an agent within it. SLAM systems often use multiple sensors including RGB
[62], depth [63] or inertial sensor [67, 92]. They can be categorized as direct [31, 30, 106] or indirect
methods [23, 62, 63, 12, 53]. Direct methods utilizes pixel intensities directly and estimate 3D
geometry by minimizing the photometric error; indirect methods extract intermediate representations
like point features [62], then optimize camera poses and 3D point clouds via reprojection error.
COLMAP [74] is a widely-adopted, general-purpose SfM pipeline, often the default method in
higher-level tasks [89, 43, 57, 56]. Deep learninghas recently been integrated into SLAM system,
producing reliable and view-invariant features [82, 71, 39] and direct pairwise pose predictions in
visual odometry [94, 99, 55, 54, 40]. The end-to-end SLAM system, DROID-SLAM [87] proposes
an iterative update operator for camera poses and dense depth, using a Dense Bundle Adjustment
layer. ParticleSfM [104] leverages deep learning to classify static vs dynamic point trajectories and
combines with classical SfM [84]. We evaluate a representative set of these methods in what follows.
Visual Re-localization [13, 78, 73] aims to recover the 6DoF camera poses of query RGB images
from a known environment represented by feature embeddings [51, 3], 3D point cloud [8, 58], scene
coordinates [97, 105, 9] or Neural Radiance Field (NeRF) [19, 18]. However, these relocalization
methods require pose ground truth to train for unknown scenario [19, 51] and mostly focus on
single-image pose estimation [51, 105], thus are not the best evaluation candidates for EgoStatic
benchmark.

2.2 Datasets and Benchmarks

Most existing camera trajectory benchmarks [36, 21, 11] require accurate ground truth camera
trajectories to compare with. This often relies on additional sensors other than RGB cameras: rotating
3D laser scanner and combined GPS/IMU inertial navigation system (KITTI [36]), RGB-D and IMU
data (ScanNet [21]), LiDAR depth/points, IMU and radio data (LaMAR [72]). Bulky hardware can
limit such datasets' domains to driving [36, 20], drones [11, 81], indoor and outdoor scans [72, 21]
and synthetic data [96]. Other works [27, 80] rely on SfM to extract pose on crowd-sourced images of
the same scene. We compare these benchmarks with our proposed Egostatic in Table 1: the diversity
and scale of EgoStatic serve as a strong complement to existing benchmarks.

Table 1: EgoStatic provides the largest-scale evaluation, with diverse scenes and complex actions.
Seq. Total Size Scenario

KITTI [36] 22 13k frames Driving
EuRoC MAV [11] 11 23 minutes Indoor drone
TUM RGB-D [81] 15 27 minutes Indoor drone
DISCOMAN [52] 200 5k frames Indoor
TartanAir [96] 1037 1M frames Synthetic
LaMAR [72] 300 100 hours Walking in 3 sites
ScanNet [21] 1500 2.5M frames Indoor room scan
Ours (EgoStatic) 5708 600 hours / 9M frames 137 Everyday Life scenarios

2.3 SLAM Evaluation Metrics

Most SLAM [62] or SfM [33] systems produce per-frame camera pose. Various metrics have been
proposed: Absolute Trajectory Error (ATE) [103] performs a global positional alignment [91] between
estimated and ground truth poses, then calculates RMSE (root mean square error). Relative Pose Error
(RPE) [103] computes local errors across sub-trajectories in a temporal sliding window. Recently,
alternative SLAM metrics have also been proposed. ODE(Overlap Displacement Error) [61] moves
away from pose error, instead evaluating map inconsistency introduced by the pose errors. Bodin [7]
evaluates reconstruction error after ICP alignment. Our proposed metric ORE is related to the classic
metric reprojection error [46], but we focus speci�cally on object-centric reprojection.
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3 EgoStatic Benchmark

In this section, we introduce EgoStatic, a benchmark for evaluating camera trajectory relative to
objects. We �rst introduce an evaluation pipeline leveraging static objects' tracklets to compute
Object Reprojection Error (ORE). This pipeline does not depend on groundtruth camera poses
or sensors beyond RGB camera. The pipeline can be applied to any video, even after collection,
enabling evaluation on existing large-scale egocentric data. We next provide geometric intuitions and
key factors in dataset construction; these tighten the connection between ORE and classic metrics.
Empirical studies (sec 4) validate the correlation. Finally, we detail the additional annotations and
adopt this pipeline to Ego4D-EgoTracks video. This results in EgoStatic, with 5708 video sequences,
over 9 million frames and 22k static object tracklets. To our knowledge, this is by far the largest
real-world evaluation benchmark of its kind.

3.1 Existing camera trajectory metrics

We revisit two frequently used metrics: Absolute Trajectory Error (ATE), and Relative Pose Error
(RPE) [103]. Their goal is to measure the quality of a series ofN estimated camera posesX̂ =
f R̂ i ; t̂ i gN � 1

i =0 (rotationR̂i 2 SO(3), translation̂t i 2 R3) vs. ground truthX gt = f R gt
i ; t gt

i gN � 1
i =0 .

ATE is a global measure of squared error between estimated trajectoryX̂ and ground truthX gt . Due
to coordinate system ambiguity[91], an optimal alignmentg� (�) = f s; R; tg is �rst applied:

g� (�) = arg min
g= f s;R;t g

N � 1X

i =0

jj t gt
i � sR t̂ i � t jj (1)

ATE for rotation and translation can be calculated as the root mean square error (RMSE):

ATE trans =

 
1
n

N � 1X

i =0

jj t i � g� (t̂ i )jj2

! 1
2

; ATE rot =
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(2)

where\ (�) means the angle difference between two rotation matrices.
RPE is a local consistency metric calculated by the trajectory over a �xed interval� . Given a series
of ground truth camera posesPi 2 SE(3) and estimated posesQi 2 SE(3), both within the local
window, the relative pose error matrix can be de�ned as:

E �
i = ( Q� 1

i Q� 1
i +� )(P � 1

i Pi +� ) (3)

With E �
i = [ R�

i jt �
i ], the rotation and translation component of RPE can be computed as:
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3.2 Evaluation methodology

GivenN estimated camera poseŝX andM ground truth static object tracklets (e.g. bounding boxes)
f B i gM � 1

i =0 , we aim to quantify the quality of̂X , withoutground truth poseX gt . We summarize our
entire procedure in Algorithm 1 and Figure 2. The pipeline contains two steps (Fig. 2): (a) Lift Object
to 3D and (b) Re-Projecting Object down to 2D.

(a) Lift Object to 3D For each trackletB i , we select an arbitrary occurrence of objecti at framej ,
resulting a segmentation mask or a bounding boxbi;j . We now need to identify a point on the object.
If masks are available we pick a central point in the mask (ScanNet), otherwise we use pointp̂ at
the box center (EgoTracks). If the depthd̂ of the point in this frame were known,then given camera
intrinsicsK , we can unproject̂p to its world location

p̂3d = [ R; T ]� 1K � 1p̂, wherep̂ = ( x0; y0; 1; 1=d̂)

(b) Project to 2D With 3D locationp̂3d of a point on the object, we can project to 2D for other
frames to generate a point trackletf p̂k gN � 1

k=0 by applying the camera projection formula on estimated
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Figure 2: Point Tracklet Generation Point tracklets are obtained by lifting and reprojecting a
sampled object point̂p, given camera trajectorŷX = f R̂i ; t̂ i gN � 1

i =0 , and point deptĥd

camara poseŝX k = f R̂k ; t̂k g, p̂k = K X̂ k p̂3d. Since the object is static, the reprojected point will
fall inside the bounding box or the segmentation mask if the estimated pose is good. We de�ne Object
Reprojection Error (ORE) as the distance between the reprojected point locationf p̂k gN � 1

k=0 and the
annotated object 2D locationf bi;k gN � 1

k=0 .

ORE(p̂k ; bi;k ) =
�

0; if p̂k 2 bi;k

jj p̂k � bi;k jj ; if p̂k =2 bi;k
(5)

We usel1-norm and normalize by the image size.ORE is averaged for all tracklets in a sequence.

Depth Optimization. In step (a), we assumed depth is known at framej for the selected point. In
practice, ground truth depth is not generally available, and any attempt to infer it could introduce
model bias or systematic error, skewing results. Instead, we propose an optimization: we select the
depth valued� that minimizesORE for each camera trajectory. This is similar to the global alignment
in the ATE metric which minimizes RMSE, yet with fewer degrees of freedom to optimize. We tried
multiple optimizers [93, 29], yet found simple grid-search suf�cient to �nd a good value.

Algorithm 1 Calculate Object Re-Projection (ORE) Error

function ORE-D(f B i gM � 1
i =0 ; X̂ = f R̂i ; t̂ i gN � 1

i =0 , d)
for trackletB i 2 f B i gM � 1

i =0 do
Sample point̂pj = ( x0; y0) from bi;j 2 B i in arbitrary framej
p̂3d = X̂ � 1

j K � 1(x0; y0; 1; 1=d)T

ORE = fg
for framek in videodo

p̂k = K X̂ k p̂3d
ORE appendORE(p̂i ; bi;k )

end for
end for
return 1

M

P
i

1
K

P
k ORE(p̂i ; bi;k )

end function
function ORE(f B i gM � 1

i =0 ; X̂ = f R̂i ; t̂ i gN � 1
i =0 )

ORE = minimize
d

ORE-D(f B i gM � 1
i =0 ; X̂ = f R̂i ; t̂ i gN � 1

i =0 ; d)

end function

3.3 Constructing a benchmark

When constructing an ORE benchmark, the key consideration is the choice of tracklets and camera
trajectories. Here we discuss criteria for selecting good videos.
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What con�gurations of objects will be most effective at capturing errors in camera trajectory? Ideally,
a good con�guration would be maximally sensitive to errors, i.e. it will reliably produce signal which
grows with error magnitude. One way to identify such con�gurations would be, for example, to
compute a probability distribution on possible errors (e.g. a distribution on SE(3) centered about the
identity), and identify con�gurations of points which maximize the expected reprojection error under
this distribution. However, we are ultimately limited by the tracklets we have available, so this feels
like overkill; relatively simple intuition is suf�cient to guide our choice of videos.

First, observe that a con�guration of points which lies on a single camera ray carries no information
about either translation error in the ray's direction or roll error about the ray; such degenerate
con�gurations should be avoided. Further, we see that sensitivity to roll error about the optical axis,
as well as pitch/yaw error, both increase as points move away from the optical center. Pitch/yaw
error sensitivity is maximized when points are aligned with the rotational vector �eld. Putting this all
together suggests a set of objects, well-distributed in angle and located relatively far from the optical
center, will be sensitive to the widest possible set of rotations and will maximize overall response to
error. Choosing objects with smaller bounding boxes will further reduce the nullspace of ORE and
should also improve sensitivity. In what follows we employ heuristics to choose appropriate videos
and study these factors empirically.

3.4 EgoStatic benchmark

To evaluate camera trajectories in real-world environment with complex activities, we source videos
from Ego4D dataset [43] and object tracking annotations from EgoTracks dataset [86]. Since
EgoTracks covers both active and static objects, we annotate additional attribute labels on each object
occurrence of EgoTracks, identifying the static object tracklets. This results in around 22,000 static
object tracklets from 5708 6-minutes video sequences (� 600 hours).

4 Experiments

Here, we benchmark a representative set of methods using ORE. We divide our experiments into two
sets. First, on ScanNet (which contains GT camera pose) we (i) show ORE is strongly correlated
to well-established metrics and (ii) examine our design choices, motivated by geometric intuitions
in section 3.3. Next, we turn to our proposed EgoStatic benchmark. We show that EgoStatic is
a challenging benchmark, and second that ORE is a strong tool: it is sensitive enough to enable
hyper-parameter selection and model design choices.

4.1 Baseline methods and implementations

We select 7 methods from SLAM, VO and SfM as baselines. Unless otherwise speci�ed, we use the
default setup from the original work. For SLAM, we use both geometry-based approaches such as
ORB-SLAM2 [63] and ORB-SLAM3 [12] and SOTA learning-based approach DROID-SLAM [87].
For visual odometry, we include self-supervised MonoDepth21 [41] and synthetic-data-supervised
TartanVO [95]. For SfM, we include both geometry-based approach COLMAP [74] and hybrid
method ParticleSfM [104] that combines learned correspondence and geometry mapping.

Tuning COLMAP. As observed in prior works [104, 89, 57], default COLMAP may fail entirely
on ScanNet or egocentric video, or converge slowly with poor quality output. Following [89], we
replace the exhaustive matching procedure with vocabulary tree matching procedure.

4.2 Experiments on ScanNet

ScanNet[21] is an RGB-D video dataset containing more than 1500 3D scans, each with 3D camera
pose annotations and point-clouds. We pick high con�dence instance mask from Mask-RCNN [47],
and construct object tracklets by back-projecting masks to the point cloud. We benchmark methods
on 20 test sequences on ATE, RPE and ORE (Tab. 2; see suppl. for per-scene results).

1No part of Meta's research involved any use of MonoDepth2; The data pertaining to MonoDepth2 is
included solely for comparison purposes.
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Table 2: ORE ranks methods consistently with ATEtrans and ATErot . Average ORE, ATEtrans and
ATErot performance of 7 methods on ScanNet dataset, ATEtrans , ATErot , and ORE are measured in
meters, radians and normalized unit distance between 0 and 1 respectively.

DROID[87] COLMAP[33] ORB2 [63] ORB3 [12] Particle [104] TartanVO [95] Monodepth2 [41]

ORE 0.029 0.035 0.102 0.109 0.130 0.251 0.294
ATEtrans (m) 0.147 0.331 0.462 0.533 0.484 0.451 0.790
ATErot (rad) 0.135 0.448 0.896 1.065 0.629 2.096 1.861

Table 3:ORE has strong rank correlation with ATE trans and ATErot on ScanNet.Spearman
Coef. (upper triangle) and Kendall Coef. (lower triangle) between ORE and standard metrics.

Kendall
Spearman

ORE ATEtrans ATErot

ORE - 0.716 0.800
ATEtrans 0.579 - 0.780
ATErot 0.650 0.681 -

Ranking statistics. To verify the effectiveness of ORE, we compare rank statistics with standard
metrics ATErot and ATEtrans . We use two standard rank statistics: Spearman's rank correlation
coef�cient (Spearman Coef.) [100] and Kendall's� coef�cient (Kendall Coef.) [1]. Spearman
measures Pearson correlation between rankings of two variables; values above 0.6 indicate strong
correlation and 0.8 is considered very strong. Kendall measures ordinal association in a pairwise
manner; values above 0.35 indicate strong association. We refer to supplementary for details.

4.2.1 ORE strongly correlates to other metrics

We compute ranking statistics between ORE, ATEtrans and ATErot (3) and averaged across scenes.
ORE has strong correlation with both ATEtrans and ATErot . Hence ORE leads to conclusions
consistent with metrics computed from groundtruth. It is worth noting that the correlation is even
stronger than correlation between standard metrics themselves (i.e. ATEtrans vs. ATErot ). Even
ATEtrans and ATErot may rank methods differently, for example TartanVO has low translation error
but the highest rotation error. In addition, we observe ORE correlates better with ATE, since both
are considering the entire camera trajectory, not a local window as in RPE (see suppl.). Between
translation and rotation, ORE correlates stronger with rotation.

Remark: Since ORE is a single method, we remark that rank correlations for ORE are in some sense
upper bounded by the inconsistency between ATEtrans and ATErot : we can agree with only one of
the two if these disagree. By removing inconsistent pairs (16% of all pairs), Kendell Coef. between
ORE and ATE improves to 0.895 (see suppl.).

4.2.2 Design choices for benchmarking ORE

Size of bounding box.Smaller bounding box should be more sensitive to errors (sec. 3.3). Indeed,
we �nd higher correlation between ORE and ATE as we decrease bounding box size. Speci�cally,
we expand bounding box sizes from 20% to 1000%, and observed decreasing Spearman Coef. and
Kendall Coef. between ORE and ATErot /ATEtrans . This empirically veri�es our intuition.
Relationship to geometric reprojection error. When the bounding box size reaches zero and
collapses into a point, ORE effectively measures the reprojection error on this point tracklet, which
was sometime referred to as (Geometric) Reprojection Error (GRE) [38, 24]. We implemented GRE
metrics and found the ranking correlation to improve (albeit marginally) compared to small-sized
bounding boxes (box size 0 % vs. box size 20 %). Meanwhile, we remark several practical reasons for
using static object tracklets over point tracklet annotations: a. easy to track: objects may survive under
occlusion, large viewpoint change and motion blur, while points may lose track; b. object annotations
are more accessible than point-tracking annotations, such as Ego4D [43], EPIC-VISOR [22], etc; c.
object annotations require less efforts as point annotations are extremely time consuming [25].

Depth optimization �nds optimal value. In sec 3.2, we remark that computing ORE relies on a step
to optimize for depth value that minimizes ORE. We verify that this process indeed �nds the correct
depth value. When groundtruth camera trajectory is used, optimal depth is almost always recovered
by minimizing ORE (�g. 3a). In addition, depth value found for a worse-performing method will also
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Table 4: Smaller bounding box provides stronger ranking correlation for ORE with standard metrics.
Box Size(%) 1000 200 100 60 50 40 30 20 0

Spearman vs. ATEtrans 0.262 0.520 0.559 0.693 0.692 0.718 0.719 0.716 0.720
vs. ATErot 0.384 0.593 0.701 0.759 0.763 0.772 0.788 0.800 0.800

Kendall� vs. ATEtrans 0.219 0.412 0.457 0.571 0.569 0.588 0.597 0.579 0.610
vs. ATErot 0.319 0.480 0.569 0.614 0.618 0.637 0.648 0.650 0.662

Figure 3: The ratio between optimized depthd� and ground truth deptĥd using (a) GT (b) COLMAP
and (c) DROID trajectories. Minimizing ORE with GT trajectories almost always provide GT depth.

be less accurate. For example, minimizng ORE with COLMAP trajectories (�g. 3b) �nds optimal
depth in fewer sequences than better-performing DROID-SLAM (�g. 3c).

4.3 Experiments on EgoStatic

EgoTracks encompasses hundreds of scenarios from Ego4D and contains 6000+ unique sequences.
Benchmarking on all videos from all scenes is infeasible, as many baselines may take very long time
to �nish (e.g. ParticleSfM and COLMAP may take up to 3 days). We believe users of EgoStatic
shall choose scenarios of their interests and benchmark on a subset of sequences. Here, we select
18 most common scenarios from EgoStatic and summarize them into 11 categories, containing 30
video sequences. Each video is down-sampled to 0.25 of the original resolution (roughly 480p). We
undistort the �sheye videos as most methods are designed for only pinhole camera models. We use 5
FPS following EgoTracks. We report aggregated results by taking average in each category (Table 5)
and leave the per-sequence results in supplementary.

4.3.1 EgoStatic is challenging

As summarized in Table 5, all methods suffer from signi�cant performance drop on EgoStatic
compared to ScanNet. We remark an ORE greater than 0.2 often signals very noisy predictions (see
supplementary). COLMAP is the best performing method, which indicates why it is often used in
previous works requiring spatial relations in egocentric videos. However, its ORE is still relatively
high, underscoring the dif�culty. Like COLMAP, pure gemeotric approaches, such as ORBSLAM3,
suffer from smaller performance drop. On the other hand, DROID-SLAM, the best method on
ScanNet, scores 0.185. This highlights a potential dif�culty for it to generalize, as it is trained on
synthetic data in TartanAir [96]. In addition, we notice large variance in all methods in different
sequences and categories. For example, all methods perform poorly on Social. Social often involves
many moving people, increasing the dif�culty to identify good static correspondences across frames.

4.3.2 What makes good camera trajectory predictor in EgoStatic?

In this section, we study the key factors contributing to a good camera pose estimation model for
egocentric videos. Speci�cally, we revisit the design choices of SOTA models, COLMAP (geometry-
based) and DROID-SLAM (learning-based). We demonstrate that ORE is sensitive to these factors,
and therefore is a strong metric for future research.

Design choices in COLMAP.We study three versions of COLMAP: (a)Default uses the default
automatic reconstruction pipeline; (b)Tuned replaces the exhaustive matching with vocabulary tree
matching [75, 89]; (c) Mask �lters dynamic components via hand-object masks from EgoHOS [102];
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Table 5:Egostatic is challenging: all methods suffer vs. ScanNet.Trajectories with ORE > 0.2 are
often very noisy; nearly all methods except COLMAP give very poor quality on EgoStatic.

DROID COLMAP ORB2 ORB3 Particle Monodepth2 TartanVO

yardwork 0.110 0.038 0.105 0.066 0.189 0.332 0.296
mechanics 0.150 0.073 0.148 0.163 0.213 0.271 0.364
crafting 0.029 0.006 0.113 0.082 0.307 0.486 0.393
carpenter 0.265 0.017 0.167 0.153 0.334 0.335 0.369
lab 0.236 0.018 0.259 0.088 0.234 0.421 0.540
gardening 0.011 0.009 0.051 0.072 0.123 0.200 0.193
working 0.255 0.127 0.192 0.173 0.194 0.351 0.456
cooking 0.315 0.010 0.177 0.045 0.179 0.235 0.299
shopping 0.165 0.067 0.171 0.186 0.227 0.450 0.396
board game 0.194 0.030 0.118 0.141 0.355 0.425 0.375
social 0.220 0.186 0.224 0.168 0.116 0.331 0.421

Average 0.185 0.066 0.161 0.134 0.225 0.349 0.383
vs. ScanNet +0.156 +0.031 +0.059 +0.025 +0.095 +0.098 +0.089

and (d)Distortion runs on original raw videos from Ego4D which includes severe distortion and
�sheye effects. We summarized each version's performance in Table 6.

Compared to Default, Tuned achieves 0.041 ORE (-0.025). This suggests the practice introduced
by [89] is indeed improving camera trajectory qualities. It is also worth noting Tuned runs about 1.5x
faster than Default. Compared to Tuned, Distortion achieves 0.044 ORE (+0.003), which suggests
that the internal �sheye camera model from COLMAP performs decently for in-the-wild Ego4D
videos even without manual undistortion.

Design choices in DROID-SLAM.DROID-SLAM [87] performs recurrent iterative update operation
of camera pose and pixelwise depth through a Dense Bundle Adjustment layer [87]. In the paper
implementation, this update operation has been applied to both the local bundle adjustment in frontend
and global bundle adjustment in backend. We used ORE metric on EgoStatic benchmark to quantify
the relative gain from the addition of global bundle adjustment and see that ORE is able to capture
the improvement induced by backend global bundle adjustment as in Table 7.

Table 6: Different version of COLMAP's performance on Egostatic.
(a) COLMAP-Default (b) COLMAP-Tuned (c) COLMAP-Mask (d) COLMAP-Distortion

ORE 0.066 0.041 0.049 0.044

Table 7: Removing DROID-SLAM's global backend optimization module [87] decreases model
performance on both Ego4d and ScanNet dataset.

EgoStatic-ORE ScanNet-ORE ScanNet-ATEtrans ScanNet-ATErot

Frontend and Backend 0.185 0.029 0.147 0.135
Frontend Only 0.214 0.053 0.218 0.232

5 Discussions and limitations

We presented ORE, a metric to evaluate camera trajectories with lightweight tracking annotation.
ORE removes the need to collect groundtruth camera trajectories and uses object tracklets as a
proxy. By applying ORE to Ego4D, we construct EgoStatic, a new large-scale benchmark for
egocentric videos. We show that estimating camera trajectories in real-world egocentric videos is very
challenging: existing approaches and their simple variants do not offer satisfying solutions. We hope
that ORE can give researchers the convenience to study camera poses in more diversi�ed scenarios,
and EgoStatic to serve as a new playground to improve camera localization in egocentric videos.

9



Limitations. We remark that ORE is complementary to standard metrics computed with groundtruth
camera pose, and is not meant to replace them; we feel the right level of spatial detail depends on the
task, and view the proposed benchmark as highly compatible with more accurate metric methods. It
should serve as a way to enrich current evaluation sets with more diversity of videos, especially when
groundtruth is dif�cult to acquire, or video capture has already occurred. As learned methods become
more commonplace, increased visual diversity becomes ever more valuable. We see the current work
as a step towards ways that semantics and geometry can be measured in a more coherent fashion.
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A Supplementary List

We include the following contents in the supplementary materials,

1. supplemental.pdf: This PDF contains more experiments/ablations, visualizations as well as
information about EgoStatic dataset.

2. visualization_1.mp4, visualization_2.mp4andvisualization_3.mp4: visualization videos
of EgoStatic benchmark where colored bounding boxes are groundtruth tracklet annotations,
colored dots on the left are reprojected points tracked by estimated camera trajectory and
green dots on the right are visualization of estimated camera trajectory (from COLMAP[33]).

3. egostatic.zip: This repo contains (a) code snippets for ORE evaluation on EgoStatic
and (b) sample pose �les from 7 baseline methods. Detailed instruction is included in
README.md .

B Experiments on ScanNet (Continued)

ScanNet[21] is an RGB-D video dataset containing more than 1500 3D scans, each with 3D camera
pose annotations and point-clouds. We pick high con�dence instance mask from Mask-RCNN [47],
and construct object tracklets by back-projecting masks to the point cloud. We benchmark methods
on 20 test sequences using ATEtrans , ATErot and ORE, and summarized the per-scene breakdown in
Table 8, 9 and 10.

Table 8:ORE performance of 7 methods on ScanNet dataset

DROID COLMAP ORB2 ORB3 Particle TartanVO Monodepth2

scene0707_00 0.000 0.000 0.002 0.001 0.057 0.149 0.276
scene0708_00 0.169 0.066 0.357 0.060 0.169 0.176 0.206
scene0709_00 0.000 0.035 0.034 0.017 0.129 0.155 0.230
scene0710_00 0.013 0.012 0.069 0.033 0.336 0.533 0.366
scene0711_00 0.004 0.004 0.232 - 0.203 0.374 0.460
scene0712_00 0.186 0.062 0.143 0.141 0.292 0.409 0.569
scene0713_00 0.000 0.000 0.211 0.402 0.264 0.362 0.411
scene0714_00 0.001 0.001 - 0.001 0.004 0.123 0.237
scene0715_00 0.000 0.000 0.130 0.000 0.024 0.076 0.321
scene0716_00 0.000 0.006 0.000 0.000 0.000 0.083 0.083
scene0717_00 0.000 0.000 0.002 - 0.000 0.070 0.103
scene0718_00 0.000 0.000 - 0.163 0.002 0.079 0.069
scene0719_00 0.083 0.082 0.085 0.078 0.113 0.090 0.224
scene0720_00 0.000 0.170 0.013 0.185 0.261 0.532 0.436
scene0721_00 0.077 0.204 0.128 0.186 0.114 0.369 0.425
scene0722_00 0.002 0.002 0.074 0.085 0.079 0.194 0.311
scene0723_00 0.040 0.040 0.077 0.381 0.098 0.542 0.641
scene0724_00 0.001 0.001 0.115 0.123 0.314 0.237 0.201
scene0725_00 0.007 0.006 0.161 - 0.130 0.209 0.112
scene0726_00 0.000 0.000 0.012 0.002 0.003 0.258 0.202

Average 0.029 0.035 0.102 0.109 0.130 0.251 0.294
STD 0.055 0.057 0.093 0.122 0.111 0.159 0.155

C Extended results on ranking statistics

In Section 4.2, we used two ranking statistics to capture the relationship between ORE and standard
metrics: Spearman's rank correlation coef�cient (Spearman Coef.) [100] and Kendall's� coef�cient
(Kendall Coef.) [1].
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Table 9:ATE trans performance of 7 methods on ScanNet dataset

DROID COLMAP ORB2 ORB3 Particle TartanVO Monodepth2

scene0707_00 0.052 0.111 0.123 0.111 0.184 0.589 0.851
scene0708_00 0.638 0.380 1.497 0.380 0.233 0.389 1.196
scene0709_00 0.060 0.455 0.110 0.455 0.237 0.385 0.737
scene0710_00 0.070 0.167 0.102 0.167 0.271 0.395 0.549
scene0711_00 0.049 0.393 0.632 - 0.708 0.888 0.928
scene0712_00 0.636 0.656 0.194 0.393 0.570 0.787 0.698
scene0713_00 0.199 0.156 0.612 0.656 0.580 0.538 0.630
scene0714_00 0.040 0.108 - 0.156 0.497 0.443 0.782
scene0715_00 0.057 0.669 0.500 0.108 0.243 0.122 0.483
scene0716_00 0.529 0.455 0.647 0.669 0.527 0.222 0.867
scene0717_00 0.072 0.038 0.243 - 0.253 0.374 0.529
scene0718_00 0.170 0.995 - 0.455 0.256 0.092 0.230
scene0719_00 0.026 2.262 0.067 0.038 0.132 0.184 0.628
scene0720_00 0.053 0.537 0.100 0.995 0.797 0.635 0.943
scene0721_00 0.098 0.878 1.380 2.262 1.399 0.813 2.200
scene0722_00 0.034 0.744 0.501 0.537 0.529 0.246 0.492
scene0723_00 0.055 0.058 0.121 0.878 0.544 0.561 0.830
scene0724_00 0.031 0.001 0.527 0.744 0.713 0.478 0.743
scene0725_00 0.039 0.006 0.857 - 0.799 0.613 0.908
scene0726_00 0.039 0.000 0.111 0.058 0.216 0.270 0.568

Average 0.147 0.331 0.462 0.533 0.484 0.451 0.790
STD 0.196 0.468 0.420 0.518 0.298 0.222 0.385

Table 10:ATE rot performance of 7 methods on ScanNet dataset

DROID COLMAP ORB2 ORB3 Particle TartanVO Monodepth2

scene0707_00 0.035 0.066 0.094 0.097 0.176 2.403 1.251
scene0708_00 0.783 0.079 1.564 0.164 0.158 2.271 1.926
scene0709_00 0.029 1.134 0.086 0.178 0.220 2.265 1.586
scene0710_00 0.058 0.057 0.203 0.231 0.449 1.704 2.382
scene0711_00 0.033 0.204 1.068 - 0.976 1.962 2.251
scene0712_00 0.450 0.829 0.233 0.308 1.836 1.918 2.096
scene0713_00 0.211 0.077 1.573 2.527 0.581 2.299 2.646
scene0714_00 0.041 0.055 - 0.147 0.154 2.118 1.044
scene0715_00 0.056 0.100 1.638 0.105 0.295 2.105 0.814
scene0716_00 0.296 0.784 1.557 0.238 0.458 2.156 1.165
scene0717_00 0.033 0.071 0.116 - 0.266 2.018 1.087
scene0718_00 0.226 0.225 - 1.899 1.089 2.049 0.606
scene0719_00 0.051 0.058 0.118 0.063 0.104 1.998 1.937
scene0720_00 0.049 1.438 0.197 1.995 0.633 2.155 2.582
scene0721_00 0.065 2.824 1.966 2.747 0.842 2.038 1.982
scene0722_00 0.034 0.037 0.746 2.407 0.673 1.945 1.717
scene0723_00 0.051 0.056 0.146 2.551 0.328 2.069 2.746
scene0724_00 0.050 0.135 2.349 2.359 1.806 2.020 1.906
scene0725_00 0.086 0.591 2.352 - 1.266 2.343 2.605
scene0726_00 0.060 0.134 0.114 0.084 0.266 2.081 2.899

Average 0.135 0.448 0.896 1.065 0.629 2.096 1.861
STD 0.184 0.676 0.830 1.096 0.513 0.161 0.669

Spearman's rank correlation coef�cient Givenn raw scoresX i andYi , ranking functionR(�),

� R (x ) ;R (Y ) =
cov(R(X ); R(Y ))

� R (X ) � R (Y )
(6)
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where cov(R(X ); R(Y )) is the covariance,� R (X and� R (Y ) are standard deviations.

We compute Spearman's ranking statistics on each scene in Table 11, then average across all scenes.

Table 11:Spearman Coef. and Kendall Coef. for ScanNet. Here we show Spearman and Kendall
Coef. between (a) ORE and ATEtrans , (b) ORE and ATErot , as well as (c) ATEtrans and ATErot for
each scene in ScanNet test set. The table is summarized as Table 3 of main paper.

Spearman Coef. Kendall Coef.
ORE vs. ATEtrans vs. ATErot ATEtrans vs ATErot vs. ATEtrans vs. ATErot ATEtrans vs ATErot

scene0707_00 0.964 0.893 0.929 0.905 0.714 0.810
scene0708_00 0.857 0.750 0.750 0.714 0.524 0.619
scene0709_00 0.607 0.893 0.714 0.524 0.714 0.619
scene0710_00 0.893 0.929 0.964 0.714 0.810 0.905
scene0711_00 0.964 1.000 0.964 0.905 1.000 0.905
scene0712_00 0.643 0.750 0.821 0.429 0.619 0.619
scene0713_00 0.786 0.929 0.857 0.524 0.810 0.714
scene0714_00 0.857 0.857 0.893 0.714 0.714 0.810
scene0715_00 0.889 0.815 0.786 0.720 0.617 0.714
scene0716_00 0.039 0.670 -0.214 0.056 0.620 -0.238
scene0717_00 0.889 0.852 0.929 0.823 0.720 0.810
scene0718_00 0.721 0.919 0.643 0.586 0.781 0.619
scene0719_00 0.821 0.679 0.929 0.619 0.429 0.810
scene0720_00 0.679 0.857 0.750 0.524 0.714 0.619
scene0721_00 0.464 0.679 0.607 0.333 0.524 0.429
scene0722_00 0.464 0.821 0.643 0.429 0.619 0.429
scene0723_00 0.857 0.929 0.964 0.714 0.810 0.905
scene0724_00 0.536 0.321 0.714 0.333 0.143 0.619
scene0725_00 0.643 0.714 0.964 0.429 0.524 0.905
scene0726_00 0.739 0.739 1.000 0.586 0.586 1.000
Average(STD) 0.716 (� 0.216) 0.800 (� 0.145) 0.780 (� 0.216) 0.579 (� 0.205) 0.650 (� 0.173) 0.681 (� 0.261)

Kendall's � rank correlation coef�cient measures for ordinal association between two sets of data.
Givenf R(X i )gn

i =1 andf R(Yi )gn
i =1 ,

a pair of random variables(X; Y ), whereX = f x1; x2; :::xn g andY = f y1; y2; :::yn g. If either
bothx i > x j andyi > y j or bothx i < x j andyi < y j holds, the pair(x i ; yi ) and(x j ; yj ) are said
to be concordant; otherwise they are said to be discordant. Assume for random variable(X; Y ), there
existsA concordant pairs andB discordant pairs, the Kendall� coef�cient is de�ned as� = A � B

(n
2 ) .

We consider(X; Y ) as the performance of two different methods on the same scene, resulting in 420
such pairs across 20 scenes in ScanNet.

C.1 Relationship with RPE

We summarize the ranking statistics between ORE and RPE in Supp. Tab 12. We observe despite
ORE has strong correlation with RPE, it is weaker than the correlation with ATE. This is expected,
since both ORE and ATE measure the quality of the entire trajectory, whereas RPE measures a small
local window. In addition, similar to ATE, we observe ORE to have stronger correlation with rotation
compared to translation.

C.2 Inconsistent pairs removal in Kendall's�

As discussed in the section 4.2 in the main paper, standard metricsATE trans andATE rot may often
disagree with each other. This indicates for two methods, one may perform better on translation
while the other performs better on rotation. This limits ORE's ranking statistic values to have an
upper bound: since ORE factors in both translation and rotation, it can agree with eitherATE trans
or ATE rot whenATE trans andATE rot mismatch. We capture this problem by removing such
pairs in Kendall's� . In total, we remove 16% of such pairs.

As summarized in Supp. Tab. 13, ORE and ATE has extremely high Kendall ranking coef�cients.
This implies only 5% of the pairs may disagree between ORE and ATE. ORE also acheives strong
correlation with RPE, but is weaker than the global ATE measurement.
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Table 12: ORE's ranking correlation with RPE. Spearman Coef. (upper triangle) and Kendall Coef.
(lower triangle) between ORE and standard metrics.

Kendall
Spearman

ORE RPEtrans RPErot

ORE - 0.425 0.750
RPEtrans 0.334 - 0.473
RPErot 0.615 0.386 -

Table 13: ORE acheives very strong correlation with ATE and RPE with inconsistent pairs removal.
ATE RPE

Kendall 0.895 0.571

D Visualization

In this section, we provided more visualization of the ORE metrics and its associated EgoStatic
benchmark.
Visualization for ORE metrics For each of the 7 baseline methods, we plot the estimated trajectory
along with the ground truth trajectory, as well as its associated ORE, ATEtrans and ATErot metric.
From Figure 4, we can see both qualitatively and quantitatively that ORE correlated highly with the
quality of estimated camera trajectory.
Visualization for EgoStatic Benchmark In Figure 5, we visualized 24 sampled screenshot from 12
arbitrary scenes in EgoStatic benchmark (each with 2 images). The scenarios span across various
categories including cooking, crafting, yardwork, gardening, lab, board game etc, which demonstrate
the diverse scenes and complex actions EgoStatic is able to cover.

E Annotation Limitations

The annotation for whether an object is static was done by human labelers. Although quality check
has been placed for all jobs, it is prune to human bias and error. Also, the videos are sourced from
Ego4D VQ benchmark, so it may not represent the entire data disribution of Ego4D.

F Potential negative societal impacts

Since our videos are sourced from Ego4D and EgoTracks, we inherit many of the potential negative
impacts. Details are discussed in the original paper [43] Appendix K. We summarize several here:

• There may be risks surrounding privacy, such as personnel being recorded during the video.
Consent was obtained in the original dataset, and a user agreement is enforced for Ego4D.
Our dataset follow the same protocol as Ego4D.

• The existing efforts may inspire future data collection with less attention to privacy and
ethics. Best practices were detailed in the original paper [43]. We did the same with our
paper to include the instructions to help mitigate this risk.

• There may be data imbalances, such as geographical distribution. This risk can be mitigated
with future work that grows the collaboration in underrepresented areas.

19



Figure 4: Visualization of the camera trajectory The ORE, ATEtrans and ATErot metric of 7
methods discussed in Sec 4.1 are listed below the trajectory to show that ORE highly correlates with
ATEtrans and ATErot in its capability to describe the trajectory quality.
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Figure 5:Visualization of EgoStatic benchmarkWe include 24 screenshots from 12 videos in the
proposed EgoStatic benchmark. Colored bounding boxes are ground truth tracklet annotations; dots
are reprojected points tracked by estimated camera trajectory. Ideally, the points should fall in the
bounding boxes.

G Data sheet

We follow [35] for writing the data sheet of EgoStatic.
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