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Abstract— Most recently proposed methods for robotic per-
ception are based on deep learning, which require very large
datasets to perform well. The accuracy of a learned model is
mainly dependent on the data distribution it was trained on.
Thus for deploying such models, it is crucial to use training data
belonging to the robot’s environment. However, collecting and
labeling data is a significant bottleneck, necessitating efficient
data collection and labeling pipelines. This paper presents a
method to compute high-quality object segmentation maps for
RGB-D video sequences using minimal human labeling effort.
We leverage the density learned by a Neural Radiance Field
(NeRF) to infer the geometry of the scene, which we use to
compute dense segmentation maps using a single 3D bounding
box provided by a user. We study the accuracy of the computed
segmentation maps and present a way to generate additional
synthetic training examples observing the scene from novel
viewpoints using the learned radiance fields. Our results show
that our method is able to compute accurate segmentation
maps, outperforming baseline and state-of-the-art methods. We
also show that using the synthetic training examples improves
performance on a downstream object detection task.

I. INTRODUCTION

Robotic manipulation tasks require robots to detect and
compute the pose of objects. The majority of perception
methods used in robotics today are based on supervised
learning [1]-[4] and require large amounts of labeled training
examples to fit parameters [5]. Many approaches have been
devised to learn in an unsupervised or self-supervised fashion
to circumvent the need for human annotated data. However,
these tend to not work as well as supervised alternatives and
can usually benefit from annotated data [6].

For semantic segmentation, images are usually labeled
by drawing polygons on individual image examples, which
can be extremely time-consuming. The cost of producing
labeled datasets quickly exceeds levels that can be sustained
by most robotics applications. LabelFusion [7] presented a
system to rapidly annotate RGB-D data by building dense
reconstructions of the environment. It can be used to compute
6D pose labels for objects with a known model. While this
approach works very well when object meshes are given,
in most cases, such models are not available. Additionally,
intra-category variation or the fact that objects deform, can
make relying on object models impractical. Having a tool
that can very quickly provide ground-truth labels in the case
of unknown object models, would allow us to deploy more
powerful supervised learning algorithms where it previously
has not been possible.

To overcome the need for ground truth mesh models
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of objects, we introduce a pipeline to generate semantic
segmentation maps, 6D poses and 3D bounding boxes of
objects for handheld RGB-D video sequences. Our method
leverages neural radiance fields (NeRFs) [8] to recover the
3D structure of the scene and uses the learned NeRF model
to compute object segmentation maps and bounding boxes
of objects in each RGB-D frame.

NeRFs learn an implicit representation of a scene using
only RGB images and known camera poses. As active
depth sensors are increasingly common on robotic platforms,
we propose to use depth measurements as an additional
supervision signal to the NeRF model. We show that depth
supervision reduces the amount of shape artifacts present
in the recovered 3D shape which is crucial for generating
accurate segmentation maps. Using NeRFs to represent the
scene has the additional benefit that we can synthesize
new viewpoints of the scene. We leverage this to generate
additional synthetic training data examples for the task. We
study the quality of the synthesized training examples and
show that these do in fact improve the performance of a
learned model on a downstream object segmentation task.

To summarize, our contributions are as follows:

o A pipeline that computes scene reconstructions and
high quality semantic segmentation maps for RGB-D
image sequences using a depth-supervised formulation
of NeRF.

o A method to generate additional training examples by
synthesizing novel viewpoints and computing the target
labels.

We evaluate our proposed pipeline on a large variety of
different objects. We compare the quality of the produced
labels against frame-by-frame annotated semantic segmen-
tation maps and two different baseline methods. The first
one using a ground truth mesh model of objects and the
second using TSDF integration that does not require object
models. Additionally, we compare against a state-of-the-
art object annotation pipeline, Rapid Pose Labels [9]. We
evaluate the effectiveness of our data augmentation scheme
on a downstream object detection task.

II. RELATED WORK

a) 2D Annotation and Active Learning: Annotated im-
ages are needed for learning tasks such as object detection,
keypoint detection or semantic segmentation. Human label-
ing can be expedited by tools that allow directly drawing on
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the image [10] or by reducing the problem of creating seman-
tic masks to a keypoint annotation task [11]. Active learning
[12] has also been incorporated to speed up the creation
of ground truth datasets by applying pixelwise or viewpoint
entropy [13], [14] to achieve equivalent performance using
only a fraction of the training data. Such methods could very
well be used in conjunction with our approach to make use
of the different viewpoints we recover in the preprocessing
step to further reduce the labeling burden.

b) 3D Data Annotation: While several 3D scene
datasets exist [15]-[19] the goal of this work is to enable
users to easily generate their own annotated datasets specific
to their task. Existing tools can triangulate 2D annotations
into 3D from multiple known viewpoints [20], [21]. Other
methods directly label objects in 3D using known object
models [7] or through explicit scene differencing as objects
are incrementally introduced [22]. RGB-D annotation can
also be sped up by leveraging structure in point cloud data,
either by propagating labels over successive frames [23]
or via GrabCut [24] based approaches [25]. Each of these
methods present restrictions either in terms of how the data
is collected (manual modification of the scene, reliance on
accurate depth) or they do not provide the full spectrum of
3D annotations (no segmentation masks, depth map or scene
mesh).

Rapid Pose Labels [9] is the current state-of-the-art system
for labeling object poses, segmentation masks, and bounding
boxes for raw RGB-D video where CAD models of the
objects are not available. Nevertheless, it requires multiple
scans of the same object and cannot be applied to articulated
or deformable objects. It assumes that depth measurements
are available for all labeled 2D keypoints, hindering its
application on reflective or transparent objects. Additionally,
the method requires post-processing the generated object
point clouds, which requires extra work per object type. Our
method is able to address each of these limitations and we
compare against Rapid Pose Labels in our experiments.

c¢) Neural Radiance Fields: NeRF [8] introduced neural
radiance fields as a way to encode the appearance of a scene
into a neural network and realistically synthesize novel views
of the scene. Since its inception, many variations have been
introduced to improve object and scene recontruction using
RGB only [26] or in combination with depth supervision
[27], [28]. NeRFs have also been extended to infer semantic
information [29], [30] and can also use this channel to
improve geometry reconstruction [31]. Similar to [30] we
make use of depth maps to supervise the NeRF model and
produce high quality semantic segmentation maps with little
human effort. However, our method does all learning and
heavy processing in an offline step and does not require large
amounts of computation while using the system making it
suitable to run online onboard a robot.

III. METHOD

Our goal is to obtain high quality semantic segmentation
maps, 3D bounding boxes and 6D poses of objects for each
frame in a handheld RGB-D image sequence. Specifically, in

the case where the objects vary from sequence to sequence
and we do not have access to CAD models of the objects.
We propose a pipeline which consists of the following
steps:
1) Compute camera poses for each frame.
2) Compute a 3D point cloud of the scene.
3) Learn a depth-supervised NeRF model of the scene.
4) Annotate objects with bounding boxes using a 3D
graphical user interface.
5) Compute dense semantic segmentation maps using the
learned NeRF model and the 3D bounding box labels.

A. Obtaining Camera Poses

As a prerequisite step, we have to compute camera poses
for each RGB-D frame to propagate bounding box labels
between frames and to train the NeRF model. In our ex-
periments, we do this using hloc [32], [33], which we run
on all the frames in our video sequence. We then scale the
resulting trajectory by finding the scale factor that minimizes
discrepancy between measured depth and points triangulated
by hloc while filtering outliers in a RANSAC loop. However,
we note that any other method can be used to compute
metrically scaled camera poses. Given the camera poses and
RGB-D frames, we can reconstruct a point cloud of the
scene.

B. Learning a NeRF Model of the Scene

We use a NeRF [8], basing our implementation on JaxN-
eRF [34], to infer the geometry and appearance of a scene.
The idea behind the NeRF algorithm, is to trace rays from
known camera positions into the scene, and learn a radiance
field that maps 3D points and viewing direction to color and
density values. The radiance field is modeled as a multi-layer
perceptron (MLP). Image pixel values are obtained using
differentiable volumetric rendering.

Neural radiance fields have many advantages. They learn
a continuous representation of the scene that does not require
setting any parameters, such as resolution, per-scene or task.
The level of detail captured is mainly constrained by the
capacity of the model learning the radiance field and the
captured images. The only parameters that need to be set are
the near and far bounds used for sampling. As we are dealing
with RGB-D sequences, these can be set automatically to
match the minimum and maximum depth readings in the
clips. The MLP we use for predicting the density has 8 layers
with 256 neurons and the view direction conditioned RGB
network has a single layer with 256 neurons.

Following [8], we define a photometric loss:

2
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where C(r) is the ground truth and C(r) the predicted color.

In our initial tests, we observed that due to the shape-
radiance ambiguity [35], reconstructing the scene using only
the RGB images and known camera poses does not yield very
good results for many types of scenes. Planar surfaces would
get reconstructed as uneven or density would get assigned to
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Fig. 1: Example of sampled viewpoints. The original trajec-
tory is shown in black, the red (x-axis), green (y-axis) and
blue (z-axis) axes are the sampled poses.

free space. We therefore add a depth loss to help the model
disambiguate and learn from the captured depth maps where
available:

Laeptn = 0(r) H[)(r) - D(r)Hl : 2)

where 6(r) is 0 where we don’t have a depth measurement
and 1 otherwise, D(r) is the ground truth and D(r) the
predicted depth. We optimize the model using gradient
descent, by minimizing the combined loss:

L(I‘) = Lph,oto(r) + /\deepth,(r)7 (3)

where )\ is a weighting parameter to balance the photometric
and depth loss. In our experiments, we study the impact of
this parameter.

C. Computing Object Labels

We use a graphical user interface to place 3D bounding
boxes around objects of interest in the reconstructed point
cloud of the scene. An example of this process is shown in
the supplementary video. To compute segmentation masks,
we render completed dense depth frames for each frame in
our scan using the learned NeRF. We then convert each
depth frame to a point cloud using the camera intrinsic
parameters. Using the camera pose and object bounding
boxes, we classify each point in the point cloud according to
the object class and throw away points not belonging to any
object. By re-projecting the object points back to the image
frame, we obtain a dense segmentation mask of each object.
We compute 2D bounding boxes for detection by computing
the tightest bounding box containing the segmented object.
Object poses can be computed by transforming the 3D
bounding box pose into the camera coordinate frame.

D. Generating Synthetic Training Examples

NeRFs are able to synthesize high fidelity images from
novel viewpoints, provided that the surfaces in the scene have
been observed from a similar viewpoint and the free space
between the novel viewpoint and the scene surface has been
observed. We design an algorithm to automatically sample
suitable poses and compute color, depth and segmentation
mask triplets for these novel viewpoints. In our experiments,
we investigate whether such synthetically generated training

examples actually improve performance of a learned model
on a semantic object segmentation task.

To automatically sample viewpoints from a scene, we first
compute a bounding box of camera poses in an object’s co-
ordinate frame and then sample camera positions uniformly
inside this bounding box. We filter out positions which are
too close to a structure as measured by distance to the closest
point in the point cloud. Next we compute a viewpoint
orientation that points the camera at an object in the scene.
We then shift the orientation by a random rotation uniformly
sampled from [—m/4,7/4] rad for the x and y axis and
[—7, 7] rad for the z-axis, where the z-axis points forward, x
to the right and y downwards in the image. Sampled frames
are visualized in Figure 1.

IV. EXPERIMENTS

We capture a number of indoor and outdoor scenes with a
variety of objects to evaluate our method. Data was collected
using Apple iPhone 12 Pro smartphones, which are equipped
with a time-of-flight depth sensor. We train on images that
have a resolution of 960 x 720 pixels and depth frames have
a lower resolution of 256 x 192 pixels, which we upsample
to match the color images.

A. Label Accuracy

To validate the quality of the labels produced by our pro-
posed method, we evaluate the semantic segmentation maps
of our approach with two baseline methods and compare
them to manually annotated semantic segmentation maps that
are obtained by drawing polygon shapes over the objects
on individual images. The first baseline method involves
segmenting the scene directly from the captured depth maps
using the user provided bounding box. To produce the
segmentation map, we first convert the depth map to a point
cloud using camera intrinsic parameters. We then classify
each point as being inside a bounding box or not and
reproject them to the image frame to obtain the segmentation
mask. The second baseline uses the mesh obtained through
TSDF integration [36], [37] with a voxel size of 0.5cm and
running marching cubes. We cut out the object from the
mesh using the provided bounding box and render the cut
out objects as a segmentation map.

Table I shows the mean intersection-over-union (mloU)
agreement across different scenes for the different meth-
ods against the manually annotated semantic segmentation
masks; qualitative results can be seen in Figure 2. The
NeRF-based method performs consistently better. As the
depth maps captured by RGB-D sensors are noisy and have
many pixels with no measurement, they produce significantly
worse segmentation masks, especially for transparent and
reflective objects. In some cases, the TSDF-based pipeline
performs similarly to NeRF, especially for simple shapes
where depth maps are of good quality, namely the fire
hydrant and the park bench. Similarly, the TSDF baseline
also struggles on transparent (wine glass, teapot) and reflec-
tive objects (cars, wine bottles). The NeRF approach does
much better, though the masks are not quite as good in
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the case of the transparent objects. Figure 3 shows some of
the failure cases of the NeRF-based approach, where object
segmentation masks are not correctly inferred.

We compare our method to the state-of-the-art automated
3D object annotation method, Rapid Pose Labels [9]. Sim-
ilarly, Rapid Pose Labels is able to produce dense segmen-
tation maps and poses for objects. We compare the methods
on an oolong ice-tea bottle dataset containing 5 different
scenes'. Using Rapid Pose Labels we were able to achieve
a mloU agreement of 0.801 against hand-labeled examples.
Our method in turn achieves an mloU score of 0.902 across
the same scenes, a considerable improvement.

B. Depth Supervision

As depth sensors can have a large amount of noise and
missing values, we study the effect of using depth maps to
supervise the NeRF model. We fit the NeRF using different
weights Ay on the depth loss and qualitatively analyze how
well the resulting depth maps approximate the geometry of
the scene. In Figure 4 we visualize produced segmentation
maps obtained with different levels of depth supervision.
Table II shows the quantitative accuracy in terms of mloU
agreement across all the manually labeled examples.

C. Novel View Synthesis

As the learned NeRF is able to synthesise new viewpoints
of the scene, we study the quality of the synthesized ex-
amples. To be of use in a downstream object segmentation,
detection or pose estimation task, the produced color and
depth would have to be qualitatively good and plausible. The
segmentation masks would also have to stick to the object
boundaries so as not to induce bias into the learned model.

We collect a dataset containing 19 scans of fire hydrants,
which we split into 10 training scans and 9 test scans.
We then annotate the scans using our method and create
an additional synthetic dataset. We quantitatively verify the
quality of the synthesized examples by labeling them by hand
and comparing them against the produced masks.

Column 5 of Table I shows the accuracy of the com-
puted segmentation masks for images synthesized from novel
viewpoints by the NeRF model. Figure 5 shows examples
of synthesized color images and segmentation masks. The
generated images are generally of good quality, but some
suffer from visual artifacts, mostly on unseen parts of the
scene or when observing a surface from an out-of-sample
viewing direction or far away surfaces that have not been
properly observed or are beyond the sampling range.

To study downstream task performance using the syn-
thetic examples, we train two semantic segmentation models:
one using only the original scans and another also using
the synthetic examples. We then compare the performance
against manually labeled unseen examples to see if using the
synthetic examples improve performance on this downstream
task.

! Available here at the time of
https://github.com/rohanpsingh/RapidPoseLabels

writing:

Scene Method mloU Real Data Synthetic
Depth TSDF  NeRF Mask mloU
benchl 0.4054 0.8650 0.8581 0.9140
bench2 0.3664 0.4712  0.9280 0.9130
carl 0.2139  0.6960  0.9323 0.9307
car2 0.2761  0.7207 0.9471 0.9481
cup 0.9220 0.7153  0.9498 0.9385
hat 0.9392 0.9209 0.9524 0.8956
hydrant_1 0.7468  0.8967 0.8861 0.8710
hydrant_2 0.8502 0.9354 0.9551 0.9093
hydrant_3 0.8207 0.7373  0.9033 0.9066
hydrant_4 0.8078 0.7835  0.9246 0.8827
keyboard 0.9241 09352  0.9397 0.9087
laptop 0.8160 0.8686 0.8743 0.8783
shoe_1 0.9312 0.8666 0.9373 0.9452
shoe_2 0.9299 09184 0.9755 0.9568
shoe_3 0.9614 09491 0.9719 0.9047
teapot 0.5799  0.5257 0.8458 0.8664
wine_glass 0.0381 0.0000 0.7565 0.7272
wine_bottlered-1  0.6877 0.7960  0.8739 0.8456
wine_bottlered 2  0.6916 0.7046  0.8879 0.8862
wine_bottle_white  0.6670 0.8456  0.9006 0.8894

TABLE I: Columns 2-4: mean intersection-over-union
(mIOU) accuracy of segmentation masks for real examples,
computed using the different methods. Column 5: mIOU
accuracy of masks for synthetic examples.

scene \Ag 0.0
cup 0.691

0.001
0.755

0.01
0.920

0.05 0.1 0.25
0.9498 0946 0.948

TABLE II: Segmentation mloU on the cup scene for different
depth supervision weights \g.

Figure 6 compares the accuracy of two different object
detection models, Mask-RCNN [38] and Yolo-v3 [39], that
were trained on the fire hydrant dataset with different ratios
of synthetic to real data. For the Mask-RCNN model which
does both segmentation and detection, performance on both
detection and segmentation is shown. Yolo only does object
detection, so we only report detection performance. Detec-
tion accuracy for both models increases up until 60% syn-
thetic data, before decreasing. Object segmentation perfor-
mance peaks a little bit earlier, likely due to the less realistic
sharpness and texture of the synthetic examples, which are
much more important for segmentation than bounding box
detection.

V. DISCUSSION AND CONCLUSIONS

We introduced a pipeline that uses NeRFs to create dense
pixelwise labels for semantic segmentation of objects. We
showed that the geometry recovered by a NeRF can be
used to generate high quality segmentation masks which
outperformed baseline methods. We showed that the learned
NeRF can be used to generate additional data in the form of
unseen viewpoints of the scanned scenes which can be used
to train an object detector, further reducing the data collection
burden. A promising direction for future work would be to
investigate methods that could further diversify the generated
examples, for example by relighting the scenes.
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Fig. 2: Segmentation masks obtained using our method on different scenes. Segmentations are in yellow. Scenes are in the

same order from top-left to bottom-right as in Table I.

Fig. 3: In some cases, geometry might not get recovered
properly, as shown with the hole in the laptop. The hole in
the handle of the teapot is not correctly inferred as free space.
In the other two cases, some density is assigned outside of
the object.

Further research might focus on extending the method to
scenes with moving objects or automating the placement of
the bounding boxes, for example through active learning.

Our proposed method relies on accurate camera poses.
Should the camera pose recovery step fail or produce bad
results, the learned NeRF model will be severely impacted
which leads to low-quality geometry reconstruction and thus
poor segmentation masks. Estimating camera poses is an
entire field of study in itself. However, this could be solved
by mounting the camera on a manipulator and calibrating the
system to obtain camera poses using proprioceptive sensor
data, as done in [21].

As shown in the experiments, our method performs sig-
nificantly better than the baseline methods on most objects,
including transparent and reflective ones, but there are limits.
As previously discussed, inferring the geometry of clear and
fully transparent objects is still a challenge. Visual features in
the images could be used to help the model cleanly segment
and infer the density.

Our test scenes currently contain a single foreground
object, often with other objects or clutter in the background.

Original depth maps A, = 0 (no depth supervision)

A,=0.05

A,=025

Fig. 4: The produced depth and segmentation masks on the
cups scene with different levels of depth supervision given
during NeRF training. The leftmost image shows the original
depth maps. We see that the NeRF model trained without
depth supervision produces artifacts in the geometry which
end up affecting the segmentation masks.

Since we use bounding boxes as a source of supervision, in
more cluttered scenes, other objects might enter an object’s
bounding box, producing noisy labels. Further work could
go towards filtering label noise in such scenarios. Another
source of error in the segmentation masks comes from the
scene geometry not being perfectly inferred and label edges
not matching the object’s boundary. This could be addressed
by further refining the scene geometry and labels by allowing
a user to refine the labels online, providing fixes to the
generated 2D segmentation maps and using the additional
supervision to improve on both the representation and the
generated semantics.
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