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Figure 1: We present the task of 3D mirror plane prediction and depth refinement. First, we annotate several popular RGBD
datasets (Matterport3D [6], ScanNet [7], NYUv2 [32]) with 3D mirror planes. Our benchmarks show that both existing
RGBD dataset ‘ground truth’ raw depth data, and state-of-the-art depth estimation and depth completion methods exhibit
dramatic errors on mirror surfaces. We propose an architecture for 3D mirror plane estimation that refines depth estimates
and produces more reliable reconstructions (compare left and right depth and point cloud pairs from NYUv2 [32] dataset).

Abstract

Despite recent progress in depth sensing and 3D recon-
struction, mirror surfaces are a significant source of errors.
To address this problem, we create the Mirror3D dataset:
a 3D mirror plane dataset based on three RGBD datasets
(Matterpot3D, NYUv2 and ScanNet) containing 7,011 mir-
ror instance masks and 3D planes. We then develop Mir-
ror3DNet: a module that refines raw sensor depth or esti-
mated depth to correct errors on mirror surfaces. Our key
idea is to estimate the 3D mirror plane based on RGB input
and surrounding depth context, and use this estimate to di-
rectly regress mirror surface depth. Our experiments show
that Mirror3DNet significantly mitigates errors from a va-
riety of input depth data, including raw sensor depth and
depth estimation or completion methods.

1. Introduction
Recent years have seen much progress in 3D recon-

struction methods. It is now possible to acquire 3D re-

constructions of interiors with high quality geometry and
texture. However, these reconstructions fail spectacularly
when used in environments with mirrors and glass, both of
which are prevalent in indoor spaces.

The fragility of many reconstruction methods is due to
a reliance on accurate active depth sensing. Commodity
sensors such as the Microsoft Kinect and Intel RealSense
employ active infrared or time of flight depth sensing which
requires strong signal return from sensed surfaces. Unfor-
tunately, highly glossy and reflective surfaces such as mir-
rors cause either no signal return or highly unreliable depth
estimates. Though it may seem that reflectors are a ‘cor-
ner case’ with few affected pixels, the resulting errors are
catastrophic to reconstruction algorithms, leading to loss of
camera pose tracking and geometry artifacts (see Figure 1).

Recently, Whelan et al. [35] demonstrated that by de-
tecting mirror planes it is possible to mitigate the above is-
sues and achieve high-quality reconstructions in scenes with
many reflectors. However, their method relies on the use
of an AprilTag [26] attached to a custom camera rig. The
use of such custom hardware is not always feasible. In this
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paper, we propose a method for identifying mirrors and es-
timating mirror surface depth on RGBD data collected with
commodity hardware.

Our key idea is to identify mirror regions based on color
information (RGB), model the mirror as a plane and use
an estimated mirror normal and information from the mir-
ror’s surroundings to predict the mirror’s position in 3D.
Our work is related to the recently proposed task of mirror
segmentation in 2D [20, 39]. However, we operate in 3D
and focus on using 3D mirror plane estimates to improve
the reliability of depth data.

To estimate the prevalence of mirrors in 3D environ-
ments and understand the severity of the above reconstruc-
tion issues, we first annotate 3D mirror planes in three pop-
ular RGBD datasets: Matterport3D [6], ScanNet [7], and
NYUv2 [32]. These annotations create ‘true’ ground truth
for observed mirror surfaces that was previously unavail-
able. We find the prominence of mirrors varies between
datasets depending on their acquisition procedure, leading
to a corresponding range of depth data issues and recon-
struction failures. Using this data, we introduce the task
of 3D mirror detection from RGB and RGBD data, and es-
tablish initial benchmark results by: i) applying state-of-
the-art depth estimation and depth completion approaches
to directly estimate mirror depth values; and ii) propose a
simple architecture combining a MaskRCNN [14] module
and a PlaneRCNN [22] module to segment mirror surfaces,
estimate mirror 3D planes and refine mirror surface depth
estimates. Overall, we make the following contributions:

• Introduce the task of 3D mirror plane prediction from
single-view RGB and RGBD data

• Provide 3D mirror plane annotations for three RGBD
datasets (Matterport3D, NYUv2 and ScanNet)

• Establish benchmarks for RGB and RGBD-based 3D
mirror plane prediction, and evaluate depth completion
and depth estimation approaches on the task

• Present Mirror3DNet, an architecture that predicts a
3D mirror normal and mirror segmentation to refine
raw sensor depth or the output of state-of-the-art depth
completion and estimation methods

2. Related work
We summarize related work on mirror detection, 3D

plane estimation, and depth estimation and completion.
Mirror detection and correction. The challenges of deal-
ing with reflective and transparent surfaces in 3D recon-
struction and robotics have long been recognized. Yang and
Wang [38] proposed a sensor fusion technique for dealing
with LiDAR sensor failures on mirror and glass surfaces.
Käshammer and Nüchter [16] detect mirrors and correct
laser-scanned point clouds based on heuristics using known
mirror dimensions. The general problem of mirror surface

reconstruction is addressed by work on reflectometry. Early
work focuses on the stereo image setting [2], active illumi-
nation hardware setups [3], or single image input but relying
on detecting reflection correspondences of reference target
objects [23]. In recent years, there has been renewed in-
terest in identifying mirrors, glass, and transparent objects
for improved reconstruction [35] and for manipulation in
robotics [34]. Whelan et al. [35] rely on observing the re-
flection of an AprilTag [26] attached to a custom scanner.
Work on mirror detection for uncontrolled RGB images us-
ing deep learning is less explored, with a few recent works.
Yang et al. [39] introduce a network and dataset for identify-
ing mirrors in 2D images, and Lin et al. [20] extend the ear-
lier work by extracting mirror context features to improve
mirror detection. In contrast, we study 3D mirror plane es-
timation in RGBD datasets without relying on custom hard-
ware or other assumptions on the capture setup.

3D plane detection and plane reconstruction. There is re-
cent work on detecting 3D planes from single-view images
using neural networks [21, 22, 37, 41]. Unlike this work,
our focus is not on creating a planar segmentation of the
entire observed scene. We focus specifically on identifying
mirror regions and corresponding 3D planes. Identifying
mirrors in RGB images is challenging, as mirrors contain a
reflection of the environment which can be difficult to dis-
tinguish from non-reflected regions. Mirror detection re-
mains challenging even with RGBD data as mirror depth
values tend to be noisy and unreliable.

Depth estimation and depth completion. Depth esti-
mation and completion are recently popular tasks. Typ-
ically, the term depth estimation is used when the input
is only color (RGB) and has no depth information. The
term depth completion is used when the input is RGBD,
where the D (depth) channel is noisy and may have miss-
ing values. Existing methods for single-view depth estima-
tion [1, 4, 9, 10, 18, 19, 24, 29, 30, 40] and depth comple-
tion [15, 25, 27, 31, 42] improve depth prediction for the
entire image, relying on reconstructed 3D mesh data that is
assumed to provide accurate depth. Chabra et al. [5] show
that an exclusion mask for noisy areas such as reflective
surfaces can result in better reconstruction. We leverage
3D mirror plane estimates to improve the accuracy of exist-
ing depth estimation and completion methods. Moreover,
we note that both depth estimation and completion meth-
ods are typically evaluated on ground truth data that does
not account for noise due to mirrors and glass. Widely em-
ployed datasets such as NYUv2[32], Matterport3D[6, 42],
ScanNet [7], and SUN3D [12, 36] have noisy or missing
depth for reflectors (see Figure 1). Thus, these regions are
typically ignored or evaluated with incorrect values as the
ground truth. We contribute ground truth 3D mirror annota-
tions for three RGBD datasets, allowing for correct bench-
marking of mirror surface depth estimation and completion.

2



Figure 2: Our human-in-the-loop mirror mask and 3D plane annotation work�ow. We leverage an iteratively trained mirror
image classi�er to assist a user in rapidly selecting all mirror images in an input image dataset. The images are then annotated
with mirror surface polygon masks. The masks and their corresponding depth images are used to initialize mirror plane
estimates with a RANSAC approach. The user then re�nes and veri�es all 3D mirror plane estimates.

3. Mirror3D dataset

To enable benchmarking of 3D mirror plane prediction
and surface depth estimation, we create Mirror3D: the �rst
large-scale dataset of mirror annotations for RGBD im-
ages. We design a human-in-the-loop work�ow that en-
ables ef�cient iterative annotation of mirror masks and mir-
ror 3D planes. Using this work�ow, we annotate RGBD
images containing mirrors in three common RGBD datasets
(NYUv2 [32], Matterport3D [6], and ScanNet [7]) to create
an aggregated dataset that contains7;011annotated 3D mir-
ror planes in5;894RGBD frames.

3.1. Dataset construction

Our annotation work�ow consists of three stages: i) mir-
ror image classi�cation, ii) mirror mask annotation, and
iii) mirror plane annotation. Figure 2 shows the overall
pipeline. We �rst pretrain a ResNet-50 classi�er on a seed
dataset of `mirror present' and `no mirror present' RGB im-
ages from Structured3D [43] (roughly half of the images
contained mirrors, approximately7;000 images total). We
then sort all input RGBD dataset candidate frames by us-
ing the mirror classi�cation score. An annotator con�rms
whether images contain a mirror, splitting them into `mir-
ror' and `no mirror' sets in batches of100 images. As this
veri�cation proceeds through each batch, the classi�er is
�netuned on the dataset of newly annotated `mirror' and
`no mirror' images to improve the ef�cacy of the classi�ca-
tion score sorting whenever less than20 additional mirror
images are added from a single100-image batch. The an-
notator was instructed to stop looking for additional mirror
images when less than 5% of a batch contains mirrors. This
�rst stage was performed by one annotator and took approx-
imately28hours in total over8 batch iterations.

In the second stage, we used the CVAT1 annotation in-
terface to de�ne mirror mask polygons for all mirror im-
ages. The annotators speci�ed two types of mirror mask
polygons: a `coarse' mask and a `precise' mask. The coarse

1github.com/openvinotoolkit/cvat

Matterport3D ScanNet NYUv2 Total

mirror planes 4;662 2;218 131 7;011
RGBD images 3;782 1;987 125 5;894
RGBD panoramas 2;468 – – 2;468
3D scenes 79 282 96 457

Table 1: Summary statistics for our Mirror3D dataset.

mask ignores occluding objects and small mirror protru-
sions, while the precise mask is a pixel-accurate boundary
of the visible mirror surface in each image. This stage was
performed by four annotators over approximately67hours.

The last stage used a 3D interface developed with
Open3D [44] that allows inspection of an initial 3D mir-
ror plane normal estimate obtained by �ltering mirror mask
border depth values using RANSAC [11]. The annotators
could check that the plane is correct, re�ne the 3D plane es-
timate by specifying three plane points on the point cloud
and manually adjusting, or indicate that it is impossible
to de�ne a plane (in cases where the point cloud is ex-
tremely noisy). After the 3D planes are annotated, we gen-
erated turntable videos of the point clouds with the anno-
tated planes from a frontal and top-down view to allow for
quick veri�cation. Planes identi�ed as incorrect were fur-
ther adjusted and corrected. This last stage took a total of
approximately50hours of annotation effort by the same ex-
pert annotator who carried out the �rst stage.

In total, the annotators inspected approximately30;000
RGBD images to obtain the �nal7;0113D mirror plane an-
notations. The mirror image classi�cation stage took3s per
image on average. The mirror mask annotation stage took
25s and57s per mirror instance for coarse mask and pre-
cise mask respectively. Finally, the mirror plane annotation
stage takes20s per mirror instance on average.

3.2. Dataset statistics

At the end of our annotation, we end up with a total
of 7;011 mirror 3D plane and instance mask annotations
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across RGBD images from all three source datasets. Ta-
ble 1 shows a more detailed breakdown of dataset statistics.
We split this data following the standard training, valida-
tion and test splits of each source dataset. We note that mir-
rors are found in roughy22:9%of Matterport3D panoramas
(from a total of79 out of 90 Matterport3D residences) and
96 of 464(20%) NYUv2 scenes, which are relatively high
fractions compared to only282out of approximately1;500
ScanNet scenes (18:8%). We hypothesize that this is due to
the capture setup and methodology employed by the Scan-
Net authors who may have avoided scanning scene regions
that contain mirrors. Appendix A provides additional anal-
ysis of the annotated data in terms of mirror region location,
prominence and distribution across the images.

4. Mirror3DNet: re�ning mirror depth

Having constructed our dataset of 3D mirror plane anno-
tations, we would now like to address the task of predicting
3D mirrors from a single-view RGB or RGB-D image, and
using these predictions to improve estimated depth values
on mirror surfaces. Because mirrors are often planar, we
make the simplifying assumption that we can model a mir-
ror using a mirror mask and a mirror plane. We will show
that we can improve depth estimation from RGB-only im-
age input or depth completion results from an RGBD image
using the predicted 3D region and plane. Thus, the input
to our approach is either an RGB image or an RGBD im-
age with missing or incorrect depth for mirrors. The output
is an estimated 3D mirror plane and an RGBD image with
re�ned depth for the mirror.

Our goal is not to propose a new approach for depth
estimation or depth completion, but rather to benchmark
state-of-the-art approaches for both and demonstrate that we
can leverage a simple mirror-aware architecture to improve
depth output for both families of approaches. To do this, we
propose the Mirror3DNet architecture (see Figure 3). This
architecture uses a Mask R-CNN [14] module and a 3D mir-
ror plane estimation module inspired by PlaneRCNN [22]
to predict mirror masks and planes respectively. A depth
estimation or completion module may be used �rst to pre-
dict depth values given an input RGB or RGBD image, and
then Mirror3DNet is applied to predict the mirror mask and
mirror plane. We evaluate this architecture's performance
on depth prediction as well as mirror mask prediction and
mirror normal estimation.

Thus, the overall architecture consists of three modules:
mirror mask segmentation, mirror plane estimation, and
depth estimation or completion. PlaneRCNN uses a warp-
ing loss to enforce consistency of reconstructed 3D planes
from nearby viewpoints. Our problem setting only assumes
a single image input, so we replace the warping loss mod-
ule with a mirror plane estimation module which re�nes the
depth on the mirror region.

4.1. Mirror mask and plane prediction

In this part of the architecture, we address detection and
segmentation of the mirror surface. To do this, we employ
a mirror classi�cation (MC) branch and a mirror bounding
box regression (MR) branch, as well as an instance segmen-
tation (Seg) branch, all based on the Mask R-CNN module.
We also add an anchor normal classi�cation (AC) branch
and an anchor normal regression (AR) branch after the ROI
pooling layer to predict the mirror plane normal.

Since it is challenging to directly regress the mirror nor-
mal values, these latter two branches follow an approach
similar to PlaneRCNN and decompose the regression into
a classi�cation phase and a residual prediction phase. In
the classi�cation phase we obtain a coarse orientation of
the mirror normal by classifying into one of a few anchor
normal orientations using the AC branch. We use10 mir-
ror anchor normals from a k-means clustering of all mirror
normals in the annotated Matterport3D training set. During
training, the module predicts one anchor normal for each
positive proposal. For supervision, we assign each mirror
instance to its closest mirror anchor normal.

Given the anchor normal classi�cation we then regress
the residual using the AR branch to form the �nal normal
vector. The �nal normaln is the sum of the anchor normal
and the normal residual. The ground truth mirror residual
of an instance is the distance vector between ground truth
mirror and the ground truth mirror anchor normal.

4.2. Depth estimation and completion

As Figure 3 shows, our network architecture accommo-
dates a depth estimation or completion module. The details
of this part depend on the input type. That is, whether we
take an RGB image or RGBD data including noisy depth.
If the input is an RGB image, we �rst use a depth estima-
tion module to produce an initial depth map estimate. Then
the rest of the Mirror3D architecture re�nes the depth map
into Dpred. If the input is an RGBD image with a noisy
depth mapDnoisy, we directly carry it forward for re�ne-
ment through the architecture.

To estimate the 3D mirror plane we need to combine the
mirror mask and mirror normal estimates from the previous
stage with a depth offsetd for the plane. Since depth val-
ues on the mirror surface itself are missing or unreliable, we
rely on mirror border regions which are often non-re�ective
materials and signi�cantly more reliable. Thus, we compute
the average depth of points that fall on pixels within a small
offset of the mirror mask border. Given the predicted mirror
segmentation mask, we create a mirror border mask region
by expanding outwards by25 pixels. This threshold corre-
sponds to roughly 5% of average image dimensions and we
have empirically found it to be reasonable. We then take the
average depth of all points in this mirror mask as the offset
of the mirror planed.
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Figure 3: Overall diagram showing how the Mirror3DNet architecture can be used for either an RGB image or an RGBD
image input. For an RGB input, we re�ne the depth of the predicted depth mapDpred output by a depth estimation module.
For RGBD input, we re�ne a noisy input depthDnoisy. The Mirror3DNet module predicts a mirror normaln and mirror
mask. Then, by computing an offset depthd based on depth values at the mirror border, we can determine the position and
orientation of the 3D mirror plane, and produce re�ned output depth values that improve mirror surface depth accuracy.

The Mirror3DNet module is trained under three types
of loss terms: i) mirror segmentation loss, ii) mirror an-
chor normal classi�cation loss, and iii) mirror anchor nor-
mal regression loss. In mirror segmentation, we use a cross-
entropy loss for mirror classi�cation and mirror mask pre-
diction. We use a smooth L1 loss for mirror bounding box
regression, and a cross-entropy loss for mirror anchor nor-
mal classi�cation. For mirror anchor normal regression, we
use a smooth L1 loss. The total lossL is then:

L = CE( ai ; a�
i ) + Smooth L 1(r i ; r �

i )

+ CE( ci ; c�
i ) + Smooth L 1(bi ; b�

i ) + CE( mi ; m�
i )

whereai anda�
i are the predicted and ground truth mirror

anchor normal class,r i andr �
i are the1� 3 predicted mirror

regression vector and ground truth mirror regression vector,
ci andc�

i are the predicted mirror proposal class and ground
truth proposal class,bi andb�

i are the predicted and ground
truth mirror bounding box parameter,mi and m�

i are the
predicted and ground truth mirror mask.

4.3. Implementation details

We implement our network architecture in PyTorch [28].
We used the Adam [17] optimizer with initial learning rate
set to10� 4, � 1 = 0 :9 and� 2 = 0 :999and without weight
decay. The ResNet-50 [13] backbone was initialized with
weights pretrained on ImageNet [8]. We train our model
for 50;000 iteration with batch size32. For NYUv2 data,
we crop the original image by 2.5% on each side to remove

the white border and resize to480� 640. We resize Matter-
port3D data to512� 640. For depth estimation and depth
re�nement experiments on Matterport3D, we train with all
Matterport3D train set depth data and �ne-tune on Matter-
port3D mirror data.

5. Experiments

5.1. Datasets

We carry out our evaluation on the NYUv2 and Mat-
terport3D datasets, following their train/val/test splits. To
show the importance of accurate mirror depth we evaluate
against both original `raw depth' ground truth depth and
our annotated mirror depth, computed using the `precise'
masks. We use the following depth data in our experiments:

NYUv2-raw: the 1449 annotated RGBD frames from
NYUv2 (795 frames in train and654 frames in test), cap-
tured with a Kinect depth sensor and exhibiting noise and
missing data on mirror surfaces.

NYUv2-ref: the corrected version of NYUv2-raw, with
mirror surface depth computed using our 3D mirror plane
annotations.

MP3D-mesh: depth rendered from the Matterport3D re-
constructed mesh, as used by Zhang and Funkhouser [42].

MP3D-mesh-ref: the corrected version of the above using
our 3D mirror plane annotations.
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5.2. Evaluation metrics

Depth estimation and completion.We report several stan-
dard metrics for depth estimation and completion [9, 29,
42]: root mean squared error (RMSE), scale-invariant root
mean squared error (s-RMSE), mean absolute value of the
relative error (AbsRel), structural similarity index measure
(SSIM), and� i . RMSE is commonly used to measure dis-
parity error, but since depth estimation methods are often
limited by the size-distance ambiguity in predicting depth
values, we compute s-RMSE [9] which assumes the opti-
mal scale is available. Following Huang et al. [15], we also
report SSIM [33], which measures the perceptual similarity
of large-scale structures between images. The� i metric de-
notes the percentage of predicted pixels where the relative
error is less than a thresholdi . Speci�cally, i is chosen to be
equal to1:05; 1:10; 1:25; 1:252 and1:253. Here, the larger
i is, the more sensitive the� i metric. Larger values of� i

re�ect a more accurate prediction. We �nd the metrics to
be largely correlated and report the RMSE and SSIM in the
main paper, and provide complete results in Appendix D.
Following standard practice [42], we only evaluate on pix-
els with ground truth depths> 0:00001as depth of0 often
indicates no depth reading.

RMSE:
q

1=jP j
P

p2 P kD � (p) � D (p)k2 whereD(p) and

D � (p) is depth and ground truth depth at pointp.

s-RMSE:
q

1=jP j
P

p2 P kD � (p) � sD(p)k2 wheres is the

least square root of1=n
P

(D � � sD)2.

AbsRel: 1=jP j
P

p2 P
jD � (p) � D (p) j=D � (p).

SSIM: (2� D � ( p ) � D ( p ) + c1 )(2� D � ( p ) D ( p ) + c2 )�
� 2

D � ( p ) + � 2
D ( p ) + c1

��
� 2

D � ( p ) + � 2
D ( p ) + c2

� where c1 =

0:0001; c2 = 0 :0009as in Huang et al. [15].

� i : percentage of pixels within error rangei , where the error
range is de�ned bymax (D � (p)=D (p); D (p)=D � (p)) < i .

All the above metrics are reported separately for depth
points within the ground truth mirror region, points outside
the mirror, and together for all depth points in each frame.

Mirror mask prediction and plane estimation. We adopt
the commonly used mean average precision (mAP) to eval-
uate mirror mask segmentation predictions (Seg-AP). We
also extend the mAP to take into account whether the angle
error is below30� (30� -AP).

Seg-AP: segmentation AP, with IoU threshold starting from
0:50 to 0:95at0:05steps. The �nal AP score is the average
over the10 threshold steps.

30� -AP: 30 degree AP, with the same IoU threshold setting
as Seg-AP and an angle error threshold of 30 degrees. An-
gle error is the angle between predicted mirror normal and
ground truth mirror normal.

Input Train Depth Method Seg-AP" 30� -AP "

RGB * Mirror3DNet 0.464 0.256
RGBD mesh Mirror3DNet 0.416 0.255
RGBD mesh-ref Mirror3DNet 0.419 0.217
RGBD mesh PlaneRCNN [22] 0.319 0.190
RGBD mesh-ref PlaneRCNN [22] 0.334 0.220

Table 2: Evaluation of mirror mask segmentation and mir-
ror normal prediction on Matterport3D validation set. We
observe that our Mirror3DNet module improves on mask
segmentation, and normal estimation metrics.

5.3. Qualitative evaluation

Figure 4 shows two qualitative comparison examples.
We include more qualitative examples in Appendix C.
The top set of visualizations shows the improvements on
NYUv2-raw and NYUv2-ref data using our Mirror3DNet
module to enhance results from several depth estimation
and depth completion approaches. We note that outlier
depth points behind the mirror surface are signi�cantly re-
duced after using Mirror3DNet (see depth RMSE images
and top-down point cloud visualizations). The improve-
ments are consistent across input depth approach, whether
RGB-based depth estimation is employed or RGBD-based
depth completion is employed. The bottom set of visualiza-
tions shows comparisons on the MP3D-mesh and MP3D-
mesh-ref datasets. This data exhibits fewer depth outliers
due to the input being rendered from a 3D reconstructed
mesh that incorporates manual mirror region correction.
Despite this, the Mirror3DNet module still improves depth
accuracy on the mirror surface, in particular for RGB-based
depth estimation approaches.

5.4. Quantitative evaluation

Mirror 3D plane prediction. We �rst quantify the im-
provements introduced by our Mirror3DNet architecture
over a baseline PlaneRCNN module for predicting the mir-
ror 3D plane. Table 2 reports overall quantitative metrics
for the Matterport3D dataset. We see that the Mirror3DNet
module leads to improved mirror mask segmentation and
plane normal estimates. The simplest Mirror3DNet module
(without depth estimation module) gets the highest Seg-AP
and30� -AP. We select a mirror anchor normal count of 10
and a mirror border width of 25 pixels based on results from
ablation experiments (see Appendix B).
Mirror depth re�nement. We conducted a series of exper-
iments on the NYUv2 and Matterport3D test sets to quantify
the improvements in depth value prediction offered by our
Mirror3DNet architecture, and summarize overall trends.
Please refer to Appendix D for additional results and met-
rics. We used three different datasets as the ground truth
for the purposes of the evaluation reported here: NYUv2-
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Ground Truth Raw Sensor Pred-Re�ned

Input
Depth (D)

saic

bts

Color
(RGB)

vnl

Depth Error PC Depth Error PC Depth Error PC

NYUv2-ref NYUv2-raw +Mirror3DNet

Ground Truth MP3D-mesh rendered depth Pred-Re�ned

Input
Depth (D)

saic

bts

Color
(RGB)

vnl

Depth Error PC Depth Error PC Depth Error PC

MP3D-mesh-ref MP3D-mesh-raw +Mirror3DNet

Figure 4: Visualizations of depth frames, depth errors against ground truth (RMSE mapped to colormap), and resulting
3D point clouds (PC) for NYUv2 (top) and Matterport3D (bottom). We compare the output depth from state-of-the-art
RGB-based depth estimation approaches (bts [18], vnl [40]) and an RGB-based depth completion approach (saic [31]). We
contrast the outputs from these approaches when trained directly on the corrected datasets which leverage our 3D mirror
plane annotations (NYUv2-ref and MP3D-mesh-ref), against output of the approaches when trained on the uncorrected
original datasets (NYUv2-raw and MP3D-mesh-ref), and against outputs after re�nement using our Mirror3DNet module.
Overall, we observe that mirror depth errors are signi�cantly reduced after applying Mirror3DNet, as seen by the reduced
RMSE error in mirror regions, and the reduced prominence of depth outlier points.

ref, NYUv2-raw, and MP3D-mesh-ref. Results with the
�rst dataset (NYUv2-ref) treated as the ground truth are
in Table 3. These results show how far from the `cor-
rect ground truth' the various depth estimation and predic-
tion methods are, and how much of an improvement Mir-
ror3DNet can provide. We note that methods trained on the
corrected NYUv2-ref depth have signi�cantly better perfor-
mance on mirror area depth prediction. The Mirror3DNet
module trained on Matterport3D can generalize to NYUv2
and helps improve depth accuracy for mirrors signi�cantly

when applied to methods trained on NYUv2-raw, which
would be the practical input at capture time.

We contrast the above set of results against the results
reported in Table 4, where the ground truth is assumed to
be the original, uncorrected NYUv2-raw dataset. We make
the observation that evaluating on raw depth as ground truth
gives a different (and inaccurate) ranking of methods com-
pared to the corrected ground truth in NYUv2-ref. Not
surprisingly, the ranking on NYUv2-raw gives an edge to
the methods that were trained on the raw depth. This is
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RMSE# SSIM "

Input Train Method Mirror Other All Mirror Other All

sensor-D * * 1.272 0.022 0.424 0.634 0.997 0.946
sensor-D * Mirror3DNet 0.766 0.168 0.363 0.800 0.983 0.954

RGBD ref saic [31] 0.965 0.094 0.344 0.709 0.926 0.892
RGBD raw saic [31] 1.245 0.070 0.433 0.641 0.930 0.887
RGBD raw saic [31] + Mirror3DNet 0.749 0.208 0.378 0.803 0.913 0.891

RGB ref BTS [18] 0.551 0.466 0.494 0.793 0.798 0.786
RGB ref VNL [40] 5.956 5.046 5.204 0.270 0.291 0.286
RGB raw BTS [18] 0.903 0.424 0.583 0.703 0.845 0.812
RGB raw VNL [40] 4.216 2.598 3.007 0.365 0.594 0.554
RGB raw BTS [18] + Mirror3DNet 0.567 0.517 0.5770.844 0.841 0.827
RGB raw VNL [40] + Mirror3DNet 3.245 2.629 2.822 0.536 0.591 0.573

Table 3: Depth prediction evaluation on NYUv2-ref test set,
for images containing mirrors.

RMSE# SSIM "

Input Train Method Mirror Other All Mirror Other All

sensor-D * * 0.000 0.000 0.000 1.000 1.000 1.000
sensor-D * Mirror3DNet 0.784 0.158 0.369 0.772 0.986 0.958

RGBD ref saic [31] 0.429 0.090 0.205 0.815 0.928 0.907
RGBD raw saic [31] 0.107 0.062 0.067 0.890 0.932 0.924
RGBD raw saic [31] + Mirror3DNet 0.825 0.204 0.398 0.734 0.915 0.888

RGB ref BTS [18] 1.093 0.466 0.631 0.625 0.799 0.768
RGB ref VNL [40] 4.915 5.046 5.052 0.306 0.291 0.294
RGB raw BTS [18] 0.971 0.423 0.529 0.618 0.846 0.813
RGB raw VNL [40] 3.316 2.597 2.794 0.413 0.594 0.567
RGB raw BTS [18] + Mirror3DNet 1.155 0.516 0.6760.646 0.841 0.810
RGB raw VNL [40] + Mirror3DNet 2.584 2.628 2.693 0.501 0.592 0.576

Table 4: Depth prediction evaluation on NYUv2-raw test
set, for images containing mirrors.

RMSE# SSIM"

Input Train Method Mirror Other All Mirror Other All

sensor-D * * 2.676 0.959 1.325 0.287 0.787 0.707
mesh-D * * 0.661 0.000 0.155 0.841 1.000 0.980
sensor-D * Mirror3DNet 1.249 0.949 1.017 0.738 0.785 0.772
mesh-D * Mirror3DNet 0.477 0.156 0.226 0.893 0.979 0.964

RGBD mesh-ref saic [31] 0.312 0.098 0.144 0.891 0.961 0.950
RGBD mesh saic [31] 0.475 0.111 0.183 0.867 0.956 0.943
RGBD mesh saic [31] + Mirror3DNet 0.433 0.221 0.2650.901 0.939 0.928

RGB mesh-ref BTS [18] 0.581 0.603 0.628 0.837 0.800 0.792
RGB mesh-ref VNL [40] 1.478 1.439 1.435 0.700 0.679 0.677
RGB mesh BTS [18] 0.664 0.634 0.676 0.797 0.790 0.775
RGB mesh VNL [40] 1.459 1.438 1.432 0.702 0.678 0.677
RGB mesh BTS [18] + Mirror3DNet 0.685 0.675 0.6980.859 0.783 0.782
RGB mesh VNL [40] + Mirror3DNet 1.516 1.449 1.446 0.740 0.680 0.687

Table 5: Depth prediction evaluation on MP3D-mesh-ref
test set, for images containing mirrors.

however, a misleading result, as the `assumed to be correct
ground truth' is highly inaccurate for mirror regions.

Lastly, in Table 5 we see results using the MP3D-mesh-
ref dataset as the ground truth. The overall trends remain the
same, but we note that on this data there are less pronounced
differences in performance (i.e. it is still better to train on
re�ned depth). We hypothesize that this is due to mesh
cleanup and post-processing relying on human-provided an-
notation of some re�ective and transparent surfaces. In
other words, the Matterport reconstruction pipeline that was
used to produce the mesh from which MP3D-mesh data
is rendered already incorporates a degree of mirror surface
correction. While this annotation is not explicitly speci�ed

by the Matterport3D dataset, the mesh reconstruction itself
makes use of it, and the rendered mesh depth will thus have
cleaner depth than without human intervention. Our goal
with Mirror3DNet is to automate this depth re�nement so
that human intervention is not required at capture time or
mesh reconstruction post-processing.

5.5. Limitations and future work

Our mirror depth re�nement approach is a simple �rst
step but it is subject to several limitations that suggest fu-
ture work directions. We assume planar mirrors and use a
�xed border width to estimate the mirror depth offset. Both
assumptions can be addressed using more advanced mirror
detection approaches. Moreover, in this paper we only fo-
cused on using 3D mirror plane estimates to re�ne depth
values at the mirror surface. Observations of re�ected ob-
jects in mirrors can be leveraged to further improve recon-
struction of other surfaces beyond the mirror. The estimated
3D mirror planes can also be used to create more realistic
rendered visuals from 3D reconstructions, by simulating re-
�ections and light propagation from the mirror surfaces.

6. Conclusion

In this paper, we tackled the problem of 3D mirror plane
prediction and mirror depth re�nement. We created Mir-
ror3D: a large-scale dataset of 3D mirror plane annotations
based on three popular RGBD datasets which we use to ob-
tain corrected ground truth depth on mirror surfaces. Using
this data, we develop Mirror3DNet: a mirror depth re�ne-
ment architecture that can be used to re�ne depth estimation
or depth completion output. Our experiments show that mir-
ror depth errors in popular RGBD datasets are prevalent,
and that treating existing depth data as ground truth can
misrepresent depth prediction method performance. More-
over, we show that our Mirror3DNet architecture helps to
improve mirror depth estimates from depth estimation and
depth completion approaches, signi�cantly mitigating 3D
reconstruction artifacts due to mirror surfaces.
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NYUv2 Matterport3D ScanNet

Train Val Test Total Train Val Test Total Train Val Test Total

Mirror planes 73 – 58 131 3;435 340 887 4;662 1;619 241 358 2;218
RGBD images 73 – 52 125 2;851 282 649 3;782 1;409 229 349 1;987
RGBD panoramas – – – – 1;840 198 430 2;468 – – – –
3D scenes 54 – 42 96 56 8 15 79 192 35 55 282

Table 6: Breakdown of number of mirror planes, RGBD images, panoramas, and 3D scenes across splits for Mirror3D.

A. Mirror3D Dataset Statistics

Here, we provide additional summary statistics for the
Mirror3D dataset that we constructed based on RGBD
frames from NYUv2 [32], Matterport3D [6], and Scan-
Net [7]. We also provide several examples of annotated 3D
mirror planes to illustrate the diversity of scenarios in which
they occur.

Train/test/val split. Table 6 provides the detailed break-
down by number of planes, images, panoramas, and scenes
across train/val/test for the Mirror3D dataset. Note that
NYUv2 does not have a validation split.

Mirror in-frame location distribution. Figure 5 plots the
distribution of mirror mask centroids within the image plane
per source RGBD dataset and also overall for the entirety
of Mirror3D. Overall, mirror centroid points tend to cluster
around the upper part of the image. This is expected as
mirrors are usually placed at human eye level. We do note
clear differences in the distributions for different datasets,
which combine to form an overall distribution with fairly
dense coverage of the image frame.

Mirror depth distribution. The distance from the cam-
era of the mirror surface is an important characteristic in�u-
encing the reliability of the surrounding depth points, and
correspondingly the challenge of performing depth estima-
tion or completion on images including mirrors. Figure 6
plots histograms of the maximum mirror depth value for
each mirror instance in our dataset, again broken down by
source RGBD dataset and overall. We show histograms for
both the raw original depth values and the corrected depth
values after annotation of the 3D mirror planes. We note
that the corrected depth value distributions are tighter, with
fewer outliers at larger depth values. This indicates that the
annotation mitigates many of the `�oating depth noise' arti-
facts in the raw data.

Mirror normal distribution. In Figure 7 we plot the dis-
tribution of mirror 3D plane normal direction relative to the
camera viewing direction. Most mirror normals are clus-
tered around facing the camera center and have relatively
small angle deviations from that orientation. There are
again interesting differences between the source dataset dis-
tributions that we attribute to the use of tripod-based equip-

ment with �xed tilt angles (Matterport3D) vs the use of
handheld scanning sensors (NYUv2 and ScanNet).
Mirror pixel ratio distribution. We de�ne themirror ra-
tio as the fraction of image pixels that belong to a mirror
instance. In Figure 8, we plot the mirror ratio distribution
across source RGBD datasets, and for the overall Mirror3D
dataset. We note that there is a relatively broad range of mir-
ror ratios, though few images have ratios higher than0:5.
This is understandable, as that would correspond to scenar-
ios where the mirror takes up most of the image and would
thus show the equipment or the operator.
Coarse vs precise masks.During our annotation process,
we annotate both a `coarse' and a `precise' mask for each
mirror plane (see Figure 9). The `coarse' mask serves as an
indication of the entire mirror surface (including occluded
areas), while the `precise' mask provides a pixel-accurate
boundary of the visible mirror surface in each image.
Example annotations.In Figures 10 to 12 we provide sev-
eral examples of mirror mask and 3D mirror plane anno-
tations from our Mirror3D dataset across the three source
RGBD datasets. We show image pairs, with one image
showing the mirror masks on the RGB frame, and the other
visualizing the 3D mirror plane and depth points `behind'
the mirror plane in each point cloud. Mirrors occur in a va-
riety of scenarios, and the outlier depth points cause many
`�oating artifacts' that our mirror plane annotations allow
us to mitigate.
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(a) NYUv2 (b) Matterport3D (c) ScanNet (d) Overall

Figure 5: Distribution of mirror mask centroids in image plane, plotted by source RGBD dataset (a through c) and overall (d).
Each point corresponds to a mirror instance mask. Matterport3D is collected using a static tripod-based sensor and exhibits
strong vertical centering of the mirror centroid point. In contrast, ScanNet and NYUv2 were collected with hand-held depth
sensors which were frequently held in a slightly downwards facing angle, and avoided capturing mirrors `head on'. The
overall dataset therefore exhibits a somewhat bimodal distribution of mirror centroid along the vertical axis.

(a) NYUv2 (b) Matterport3D (c) ScanNet (d) Overall

Figure 6: Distribution of the maximum depth value per frame by source RGBD dataset (a through c) and overall (d) for
both the raw and re�ned depth in images with mirrors. After correcting the noisy depth values using our 3D mirror plane
annotations, the maximum depth is consistently reduced for all datasets showing the reduction of depth outlier points at far
distances (usually associated with `�oating points' behind mirror surfaces).

(a) NYUv2 (b) Matterport3D (c) ScanNet (d) Overall

Figure 7: Distribution of mirror normals by source RGBD dataset (a through c) and overall (d). Each point corresponds to the
normal of a 3D mirror plane instance. The overall distribution reveals that many normals are at angles that are close to `facing
towards' the camera with small horizontal deviations. We note interesting differences between the distributions for different
source datasets. The Matterport3D frames exhibit a tight horizontal vertical angle distribution, which we hypothesize is due
to the tripod-based sensor. This is in contrast to both NYUv2 and ScanNet which were both captured with handheld devices
and exhibit broader distributions.
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(a) NYUv2 (b) Matterport3D (c) ScanNet (d) Overall

Figure 8: Distribution of the ratio of mirror pixels to total pixels, by source RGBD dataset (a through c) and overall (d).

Figure 9: Example of `coarse' and `precise' masks in our Mirror3D dataset, images from the Matterport3D [6] dataset. The
`precise' mask provides a pixel-accurate boundary of the visible mirror surface in each image.
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Figure 10: Example 3D mirror plane annotations in our Mirror3D dataset. Source RGBD data from the NYUv2 [32] dataset.
In each image pair, the mirror mask is shown as a transparent red on the RGB image, the mirror plane is in light blue on the
point cloud, and erroneous depth points that are incorrectly behind the mirror plane in the raw depth are shaded in orange.
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