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Abstract

Neural rendering is fuelling a unification of learning, 3D geometry and video
understanding that has been waiting for more than two decades. Progress, however,
is still hampered by a lack of suitable datasets and benchmarks. To address this gap,
we introduce EPIC Fields, an augmentation of EPIC-KITCHENS with 3D camera
information. Like other datasets for neural rendering, EPIC Fields removes the
complex and expensive step of reconstructing cameras using photogrammetry, and
allows researchers to focus on modelling problems. We illustrate the challenge of
photogrammetry in egocentric videos of dynamic actions and propose innovations
to address them. Compared to other neural rendering datasets, EPIC Fields is better
tailored to video understanding because it is paired with labelled action segments
and the recent VISOR segment annotations. To further motivate the community, we
also evaluate three benchmark tasks in neural rendering and segmenting dynamic
objects, with strong baselines that showcase what is not possible today. We also
highlight the advantage of geometry in semi-supervised video object segmentations
on the VISOR annotations. EPIC Fields reconstructs 96% of videos in EPIC-
KITCHENS, registering 19M frames in 99 hours recorded in 45 kitchens, and is
available from: http://epic-kitchens.github.io/epic-fields
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Figure 1: We propose EPIC Fields that extends EPIC-KITCHENS with 3D information, including
full frame-rate camera pose trajectories (top). These are directly obtained from dynamic sequences
of object interactions (sampled frames) without additional modalities or pre-scans. We showcase
EPIC Fields through several benchmarks (bottom) that use the fusion of geometric and semantic cues.

37th Conference on Neural Information Processing Systems (NeurIPS 2023) Track on Datasets and Benchmarks.

http://epic-kitchens.github.io/epic-fields


1 Introduction

Recent breakthroughs in neural rendering [52, 33] have enabled a deeper integration of machine
learning in geometric tasks like 3D reconstruction and rendering, creating a new opportunity to bring
3D geometry and video understanding closer together. By representing videos in 3D we can explain
away the variability induced by the camera motion, which is dominant especially in egocentric videos.
We can also integrate information extracted from each frame independently into a global, consistent
interpretation of the video, as demonstrated by semantic neural rendering [74, 58, 20, 68, 21, 12, 61].
However, such successes have been mostly limited to static scenarios, where only the camera moves.
Indeed, 3D reconstruction still struggles with dynamic content and much work remains before we
can have a 3D understanding of dynamic phenomena like actions and activities.

An obstacle to further progress in 3D video understanding is the lack of suitable development data.
In this paper, we address this gap by introducing EPIC Fields, an extension of the popular EPIC-
KITCHENS [5] dataset which adds reconstructed 3D cameras and new benchmark tasks assessing
both 3D reconstruction and semantic video understanding.

We choose to build on EPIC-KITCHENS because it is an established benchmark for 2D video
understanding with rich annotations. Furthermore, it contains egocentric videos which are likely to
benefit from 3D understanding, but which also challenge existing 3D reconstruction techniques due to
their highly dynamic content and long duration (up to one hour). Dynamics include the motion of the
actor and of the objects that they manipulate, as well as object transformations (e.g., slicing a carrot).
Furthermore, most objects are mostly static, moving only during brief spells of active manipulation.
These challenges push the limits of current dynamic 3D reconstruction methods, which are usually
restricted to short videos or focus on one class of objects [44, 41, 39, 26, 22, 53].

Obtaining camera information for EPIC-KITCHENS is challenging since structure-from-motion
methods often fail on such complex videos. By solving this problem, we make it much easier for other
researchers to start on 3D video understanding even when they are not experts in 3D vision, similar
to what the setup and data introduced in works like NeRF [33] has done for static 3D reconstruction.
Furthermore, while we propose specific benchmark tasks, we anticipate that researchers will be able
to use our dataset to investigate many more questions than the ones we investigate here.

In summary, our first contribution is to augment EPIC-KITCHENS with camera information. To
overcome the limitations [17] of traditional structure-from-motion pipelines [48], which struggle
with egocentric videos, we introduce a pre-processing step that intelligently sub-samples frames from
these videos, resulting in higher reconstruction reliability and speed. Our second contribution is to
introduce new benchmark tasks that require or can benefit from the 3D cameras: dynamic novel
view synthesis (i.e., reconstructing unseen frames given a subset of frames from a monocular video);
identifying and segmenting objects that move independently from the camera; and semi-supervised
video object segmentation. These benchmarks use and extend the VISOR [8] annotations to provide
dense ground-truth semantic labels. We report a number of baselines and conclude that, while 3D
reconstruction can indeed benefit video understanding, existing approaches are challenged by the
dynamic aspects of EPIC Fields.

2 Related work

Egocentric action understanding using 3D. Some egocentric datasets [38, 7, 15] contain static
3D scans of the recording locations. These typically do not contain actions, or the environments are
scanned post-hoc, usually with an additional step. For instance, [38] uses stereo egocentric cameras,
but no activities, and in [7, 15], reconstruction is done afterwards via hardware or additional dedicated
scans. These scans are costly, which is why just 13% of Ego4D [15] data comes with a 3D scan. In
contrast, we provide a pipeline for estimating camera poses from egocentric data without additional
hardware or scans, which we demonstrate on an existing, challenging dataset EPIC-KITCHENS.

Inferring cameras in egocentric videos. In this work, we perform the challenging task of re-
constructing 3D camera poses from egocentric videos that show dynamic activities from a single
camera. Since the EPIC-KITCHENS [6] dataset is unscripted, the videos show natural interactions
by participants in their homes, who act swiftly due to familiarity. Prior work [17, 35, 54] on these
videos highlights the challenge. In [17], where ORB-SLAM was used to find short clips where the
camera pose was stable, the authors note that bundle adjustment failed and reconstructions lasted for
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just 7 second intervals. Using [17], [35] found hot-spots, but commented that just 44% of the frames
could be registered. Others have used additional hardware information; for instance, [54] proposed
using IMU data to establish short-term trajectories. In contrast, this work shows how to reconstruct
cameras forfull videos in EPIC-KITCHENS, without additional assumptions, data, or hardware.

Multi-view videos. A different approach to enabling neural rendering is calibrated multiview setups.
Many of these datasets, however, capture humans in a “blank context”, including HumanEva [51],
Human3.6M [19], AIST++ [60, 24], and ZJU-Mocap [42]. There are datasets capturing humans
in complex environments, such as the Immersive Light Field dataset [1], NVIDIA Dynamic Scene
Datasets [70], UCSD Dynamic Scene Dataset [29], and Plenoptic Video datasets [25]. However,
these videos are short (1–2 min) and, due to the capture setup, show actions outside of their natural
environment. In contrast, EPIC-KITCHENS is captured with an egocentric camera and shows long
captures of indoor activities. Our contribution of reconstructing the cameras over time turns the
egocentric data into the multiview data needed while retaining the naturalness of the data.

NeRF and dynamics.NeRF extensions to dynamic data can be roughly divided into approaches
that add time as an additional dimension of the radiance �elds [32, 59, 66, 13, 64, 25, 47, 2] and
those that instead model explicitly 3D �ow and reduce the reconstruction to a canonical (static)
one [44, 39, 70, 40, 63, 57, 26, 9, 72, 53, 18, 11, 27, 30]. While these methods demonstrate successes,
their success depends on the dominance of camera motion over scene motion [14]. Scene motion by
dynamic objects is not always common in existing datasets. Our proposed EPIC Fields contains both
camera motion and fast continuous motion by the actor visible in the camera's �eld of view.

NeRF and semantics.Authors have already noted that neural rendering and 3D geometry can be
helpful allies of video understanding. For instance, Semantic NeRF [74, 61] proposes to predict dense
semantic labels in addition to RGB colours, while [21, 12, 50, 62] consider panoptic segmentations
(things and stuff). [58, 20, 28] propose to fuse semantic features from pre-trained ViTs [3, 23, 56] into
a neural reconstruction. [68, 73] represent a scene as a composition of static objects given their 2D
masks. Several studies employ neural rendering to separate scenes into objects and background either
without or with weak supervisory signals [10, 67, 71, 59, 49, 37, 34, 65]. With a few exceptions [59,
28, 65], however, little work has been done on decomposingdynamicscenes into objects.

3 The EPIC Fields dataset

We introduce here the newEPIC Fieldsdataset. We �rst describe the content of the dataset and then
the process of constructing it, including several technical innovations that made it possible.

3.1 EPIC Fields in a nutshell

EPIC Fields extends EPIC-KITCHENS to include camera pose information. EPIC-KITCHENS
contains videos of cooking activities collected using a head-mounted camera in 45 different kitchens.
It has semantic annotations for �ne-grained actions and their action-relevant objects, including
90K start-end times of actions [6]. VISOR [8] adds 272K manually annotated masks and 9.9M
interpolated masks of hands and active objects. With EPIC Fields, we further contribute camera
extrinsic parameters for each video frame as well as camera intrinsic parameters. Using the technique
described in Section 3.2, we successfully processed 671 videos spanning all 45 kitchens, resulting in
18,790,333 registered video frames with estimated camera poses.

Motivation. Our camera annotations facilitate reconstructing and interpreting videos in 3D. Figure 2
illustrates this point by mapping some 2D action annotations from EPIC-KITCHENS to the 3D space.
Lifting annotations to 3D puts them in the wider context of the environment where actions occur,
and enables studying the relevance of 3D egocentric trajectories to actions (for anticipation), objects
(for understanding object state changes), and hand-object understanding. The �gure also illustrates
mapping hand meshes extracted using [46] to the 3D context of the kitchen.

Ethics, licensing, data protection.EPIC-KITCHENS was collected with ethics approval by the
University of Bristol and explicit consent from the participants. The data does not contain per-
sonal identi�able information or offensive content and is provided under a non-commercial license.
EPIC Fields is released under the same terms.
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Figure 2: EPIC Fields unlocks applications that combine interactions with 3D information. We
showcase examples of actions grounded in 3D (top row), and examples of integrating single-image
3D hands [46] into the kitchen reconstruction during interactions (bottom row).

3.2 Dataset construction

Because EPIC-KITCHENS videos were not collected with 3D reconstruction in mind they are
dif�cult to reconstruct. For instance, they contain many dynamic objects: hands are visible in 95% of
the frames and the focus of attention is often an object actively manipulated. Standard reconstruction
pipelines operate under the assumption that the scene is static and are thus only moderately robust to
dynamic objects. Other challenges include the video length (� 9 mins on average) and the skewed
distribution of viewpoints: videos alternate phases of small motion around hot-spots (e.g., cooking at
a hob or washing at the sink) and fast motion between hot-spots (e.g., moving the pot to the sink).

We address these challenges by: (1) �ltering videos to reduce the number of redundant frames,
computational cost, and skew; (2) using structure from motion (SfM) to reconstruct the scene from
the �ltered frames; (3) registering the remaining frames to the sparse reconstruction. We accept a
video's reconstruction if70%or more of its frames are registered successfully. In this manner, we
can reconstruct 96% of all EPIC-KITCHENS videos. We next describe each step, with details in the
supplement.

Frame �ltering. The goal of frame �ltering is to downsample a video to reduce redundancy and
skew while maintaining suf�cient viewpoint coverage for accurate reconstruction. We �lter frames
by seeking temporal windows where frames have substantial visual overlap and then only keep one
frame per window, similar to redundant frame mining [48, 55] and other SfM or SLAM pipelines.
Overlap between frames is measured by estimating homographies by matching SIFT features [31].
Given a homographyH between two frames, we de�ne their visual overlap~r to be the fraction of
the �rst frame area covered by the quadrilateral formed by warping the second frame corners byH .
Windows are formed greedily, �nding runs of frames� i � 1; : : : ; i � k� with overlap~r ' 0:9 to the
�rst frame i and discarding them. Filtering discards on average about82%of frames in each video
while also retaining a suf�cient number of frames in the critical transitions between hot-spots.

Sparse reconstruction. The �ltered frames are fed to an off-the-shelf structure-from-motion pipeline.
Among these, we found COLMAP [48] to be more effective than VINS-MONO [45], which suffered
from frequent drifts and restarts.

In Table 1 we analyse the effectiveness of the homography-based �ltering algorithm by comparing
it to a naïve �lter that subsamples frames uniformly. We use 30 randomly selected videos for this
experiment and report two standard SfM metrics [48]: the average reprojection error and the number
of 3D points in the reconstruction. The �rst metric is a proxy for the accuracy of the reconstruction,
and the second for its coverage. Both �ltering techniques reduce the number of frames equally and
thus result in similar computational complexity. However, homography-based �ltering also addresses
the skew and results in a signi�cantly better success rate, increased coverage, and reduced reprojection
error compared to uniform subsampling. Besides considering the number of points reconstructed,
Figure 3 shows qualitatively the notably improved coverage obtained by homography-based �ltering.

Dense reconstruction, automated veri�cation, and restart. After obtaining the sparse reconstruc-
tion from the �ltered subset of video frames, we use COLMAP to register the remaining frames
against it, which is computationally cheap. We accept the �nal reconstruction if' 70% of the video's
frames, at full frame rate, are registered successfully. This process succeeds in 90% (631 videos)
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