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Abstract

Diminished reality (DR) refers to the removal of real ob-
jects from the environment by virtually replacing them with
their background. Modern DR frameworks use inpaint-
ing to hallucinate unobserved regions. While recent deep
learning-based inpainting is promising, the DR use case is
complicated by the need to generate coherent structure and
3D geometry (i.e., depth), in particular for advanced ap-
plications, such as 3D scene editing. In this paper, we pro-
pose DeepDR, a first RGB-D inpainting framework fulfilling
all requirements of DR: Plausible image and geometry in-
painting with coherent structure, running at real-time frame
rates, with minimal temporal artifacts. Our structure-aware
generative network allows us to explicitly condition color
and depth outputs on the scene semantics, overcoming the
difficulty of reconstructing sharp and consistent boundaries
in regions with complex backgrounds. Experimental results
show that the proposed framework can outperform related
work qualitatively and quantitatively.

1. Introduction
Diminished reality (DR) seeks to remove real objects
from the environment by replacing them with their back-
ground [51], as illustrated in Fig. 1a. While multi-
observational approaches [38, 49, 50] can utilize existing
information about the scene, inpainting fabricates unseen
background information and is, thus, more flexible.

Inpainting using generative adversarial networks
(GANs) is nowadays successfully used in image space,
e.g., to remove unwanted items during image and video
editing [39, 86]. Contrary to conventional image or video
inpainting, DR focuses on modifying a 3D scene rather
than solely the image space, e.g., for removing 3D objects
that distract from the immersive experience [17, 28, 33],
or for replacing existing 3D objects with virtual ones in
re-design [25, 61, 67, 87]. In these scenarios, it is important
to consider the underlying 3D geometry of the scene for
realistic rendering of virtual content and interactions with
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Figure 1. DR aims at replacing objects with their virtual back-
ground (a). DeepDR supports structure-aware RGB-D inpainting
for DR experiences, enabling 3D scene editing by, e.g., adding
light sources and replacing furniture (b).

the hallucinated background, e.g., regarding occlusion and
lighting (see Fig. 1b). Thus, image space inpainting is not
sufficient for DR applications – depth information needs to
be coherently inpainted as well [27, 52]. Further, DR has
strict requirements in adhering to the structural boundaries
of the underlying scene [16, 58]. This is conflicting with
the tendency towards producing blurry results at ambiguous
object boundaries and regions with mixed semantics, which
is commonly seen in image inpainting CNNs [40, 53, 70].
Lastly, unlike ordinary video inpainting [29, 39, 45, 85],
DR needs the ability to run in real-time, avoiding disso-
nance and flickering between consecutive frames, without
using future frame information.

In this paper, we propose DeepDR: The first approach
to inpainting RGB-D frames with support for all aforemen-
tioned criteria of DR applications (see Tab. 1 for a struc-
tured comparison to the state-of-the-art). DeepDR has been
designed as an end-to-end GAN, which performs inpaint-
ing of color images and their corresponding depth maps
simultaneously. To enforce sharp structures with coherent
semantics, we explicitly condition our model on the seg-
mentation of the scene. To this end, we propose a novel
structure-aware RGB-D decoder, which ensures adherence
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to the underlying structural boundaries. To further limit
temporal artifacts over a series of frames, we adopt a simple,
yet effective, recurrent strategy based on convolutional long
short-term memory (ConvLSTM) [34]. Thus, our frame-
work produces temporally and structurally coherent inpaint-
ing. We emphasize inpainting the depth channel to ensure
preserving a coherent 3D structure of the scene, which en-
ables a realistic user experience in DR. Compared to related
approaches, which rely on completing the various inpaint-
ing tasks in a sequential manner, our system processes in-
puts simultaneously, allowing each sub-task to benefit from
the others. This allows to learn a comprehensive scene un-
derstanding, leading to a more plausible and consistent in-
painting. We evaluate DeepDR in the context of interior re-
design, a quintessential DR application, and we show that it
can outperform previous methods qualitatively and quanti-
tatively. In summary, we make the following contributions:
• We propose the first GAN for inpainting the color and

depth channels of a DR system, which is capable of main-
taining temporal and structural consistency.

• We introduce a novel structure-aware RGB-D decoder
that supports generating sharp and plausible structures.

• We qualitatively and quantitatively evaluate DeepDR for
indoor and outdoor DR applications, by applying it to
synthetic and real data.

2. Related work
Image inpainting. Data-driven inpainting using deep learn-
ing leverages information from large databases. By implic-
itly or explicitly learning about the semantics of the scene,
deep learning can produce high-quality results, spatially
consistent with the image content. The seminal work of
Context Encoders [57] first demonstrated the potential of
a generative adversarial network (GAN) for image inpaint-
ing. Subsequent methods improve this approach, e.g., using
coarse-to-fine nets [22], attention [43, 80, 82], iterative re-
finement [36, 79, 86] or feature fusion [44, 84]. Partial or
gated convolutions [42, 83] enable the handling of irregular
masks without introducing artifacts, an important capability
that we utilize in our work. Recently, diffusion-based in-
painting delivers visually impressive results [47, 60]. How-
ever, their inference times of several seconds up to hours
prohibit an application for real-time video, such as DR [47].

RGB-D inpainting. Depth inpainting literature largely
focuses on filling missing depth values in regions visi-
ble in RGB images, for compensating failures of common
depth sensors, e.g., at transparent, reflective, or distant sur-
faces [21, 46, 78, 89, 90]. Depth inpainting of hidden struc-
tures, e.g., in diminished parts of a scene, has been con-
sidered in only few works so far [3, 11, 12, 58]. Earlier
works [11, 12] explore different fusion strategies of RGB
and depth information but do not leverage structural guid-
ance or temporal consistency. DynaFill [3] relies on a se-

Table 1. Overview of current deep inpainting works for DR.

Color Depth Structure Temporal

TransfoMR [25] ✓ ✗ ✗ ✓

DynaFill [3] ✓ ✓ ✗ ✓

PanoDR [16] ✓ ✗ ✓ ✗

Pintore et al. [58] ✓ ✓ ✗ ✗

DeepDR (Ours) ✓ ✓ ✓ ✓

quential approach, where the color domain is coarsely in-
painted and a separate depth completion network obtains
geometry. For maintaining temporal consistency, it requires
odometry, i.e., camera poses. This has many pitfalls, as each
sub-task relies on the results from the previous step, comes
with significant computational overhead and is difficult to
deploy. Pintore et al. [58] focus on the arguably simpler
task of completely emptying rooms, while we also want to
inpaint regions with complex and mixed semantics. Further,
they do not deal with frame-to-frame consistency.

Structural priors. An ongoing challenge in inpaint-
ing is the reconstruction of sharp boundaries and structures
consistent with the surrounding context, especially in re-
gions with mixed semantics, where object boundaries are
ambiguous. These structures are particularly important in
DR, where interactivity with the scene is desired [16, 58].
Structural priors, such as edges [53], contours [75] or se-
mantic segmentation [1, 16, 40, 70] can guide the inpaint-
ing of images. Amongst them, PanoDR [16] also targets
an application in DR. However, their framework does not
consider temporal coherence and 3D geometry. Sequential
frameworks, which first complete the structural image, and
feed it to the image generation network, are common. How-
ever, recent advances in image-to-image translation show
that semantic information at the input of a generator may
vanish through multiple downsampling and normalization
stages [55]. Hence, simultaneous frameworks for complet-
ing structure and texture at the same time have become pop-
ular [1, 16, 40]. Inspired by these successes, we incorporate
explicit structural guidance via intermediate semantic seg-
mentation and extend it to the depth domain.

Temporal consistency. Video inpainting attempts to ex-
tend image inpainting to the temporal domain to ensure
frame-to-frame consistency. Several approaches use 3D
convolutions [7, 8, 29, 71], attention [35, 45, 85] Trans-
forMR [25] shows that deployment and real-time perfor-
mance of some of these methods are feasible on mobile de-
vices for DR. However, depth is not considered, which leads
to shadow and occlusion artifacts. Diffusion-based tech-
niques tend to be computationally expensive, requiring pre-
processing and fine-tuning, which renders them impractical
for real-time applications [5]. Another direction in video in-
painting are optical flow-based methods, which emerge as
most promising [13, 34, 39, 77]. Albeit flow-based meth-
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Figure 2. Overview of the proposed network. Image I and depth D inputs are encoded separately, before fusing features on a higher
dimension and jointly completing them. Our semantics-aware decoder consists of a series of up blocks in which features are conditioned
on semantic information. Finally, the outputs Ito and Dt

o are fed as auxiliary inputs to the next time step in a recurrent feedback loop.

ods show impressive results for tasks such as video editing,
most cannot be applied directly to DR. They rely on for-
ward and backward flow, requiring knowledge about past
and future frames, which is not available in online scenar-
ios. Furthermore, optical flow is expensive to compute. In
our framework, we utilize optical flow only during training
and rely on a recurrent network to reduce temporal artifacts.

3. Method
This section outlines the architecture of DeepDR. Our dual-
stream encoder (Sec. 3.1) extracts contextual features from
masked images masked depth separately at shallow layers,
then fuses and jointly completes them. A structure-aware
decoder (Sec. 3.2) uses two task-specific feature streams
for RGB and depth with shared parameters. It estimates
a semantic segmentation map from deep features and uses
this map to modulate the RGB and depth feature generation.
Thus, it is able to produce high-quality images and depths
with a coherent semantic structure, which is persistent over
domains and contexts. Finally, to reduce temporal artifacts
between consecutive frames, we use a recurrent feedback
loop with a ConvLSTM layer (Sec. 3.3). An overview of
our model is given in Fig. 2. In the following, we explain
our core components. Further architectural details are given
in the supplementary material Sec. 6.1.

3.1. Dual-stream encoder and completion module

Recent findings in image inpainting suggest that deep fea-
tures in a CNN contain the majority of structural informa-
tion, while shallow layers contain textural information [44].
Since RGB and depth inputs are texturally different, but rep-
resent the same underlying structure, we encode RGB and
depth in two separate but parallel streams (illustrated by the
green trapezoid in Fig. 2). The encoders use a coarse-to-
fine architecture, which has proven to be highly effective
for inpainting tasks [43, 80, 82]. After extracting features

through l ∈ [1, . . . , L] fine layers, we place a completion
module to fuse them, such that the network can complete
RGB and depth inputs simultaneously and thus, coherently.
The completion module consists of a series of dilated con-
volutions [81] to expand the receptive field of the network
and efficiently utilize global information. We use gated con-
volution layers [82] throughout our encoder and completion
module, which dynamically learn to select appropriate fea-
tures from masked and unmasked regions.

3.2. Structure-aware RGB-D decoder

Our structure-aware RGB-D decoder is inspired by the
spatially-adaptive normalization (SPADE) principle [55].
SPADE aims to overcome the problem of vanishing seman-
tics, where sequential convolution, non-linearity, and nor-
malization operations in a traditional CNN “wash away”
structural information. It conditions generated features di-
rectly on semantic priors, by modulating them in normaliza-
tion layers using a learned transformation. The same princi-
ple can be applied to other image-to-image translation tasks,
such as inpainting. Our approach further exploits the fact
that the RGB and depth inputs share the same underlying
semantics – thus, we extend SPADE for RGB-D inpainting.
Our decoder consists of a series of L up-sampling blocks
based on residual learning (ResNet) [18], which consist of
two RGB-D SPADE layers with intermediate convolutions
and a skip connection (see Fig. 3a). Each up block receives
an upsampled RGB and depth feature, il and dl, from the
previous layer. From the RGB feature, we explicitly model
the underlying scene semantics by predicting a segmenta-
tion map on the current feature scale, Sl, using a pyramid
pooling module [91] (see supplementary Sec. 8.5 for exam-
ples). This map, together with up(il) and up(dl), are for-
warded to the RGB-D SPADE (Fig. 3b). Within the RGB-
D SPADE, the segmentation map is embedded into feature
space, and convolved to obtain learned, spatial modulation
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Figure 3. Our up blocks contain a residual architecture. From the up-sampled image feature il, a semantic segmentation map Sl is predicted
using a pyramid pooling module (PPM). This segmentation is fed into the RGB-D SPADE, together with il and dl. Within the RGB-D
SPADE, the semantic map is embedded to feature space and convolved to obtain a learned, spatial scaling and bias map, with which inputs
are transformed. Thus, the output features are consistently modulated by semantic segmentation.

parameters. The RGB and depth features are transformed
by these parameters, conditioning them on the semantic in-
formation. The parameters of RGB-D SPADE layers are
shared between the RGB and depth streams, ensuring con-
sistent semantic structures in both of them.

3.3. Maintaining temporal consistency

As an alternative to expensive video inpainting techniques,
we use a simple, yet effective method based on a recurrent
network and ConvLSTM [64], originally proposed for blind
video temporal consistency [34], and adapt it for RGB-D
inpainting. Compared to video inpainting, which usually
uses past and future frames, it allows our network to pro-
cess frames in a sequential, online manner, e.g., from t = 1
to T . At every time step t, our network additionally receives
the previous input image It−1 and depth Dt−1, as well as
their corresponding outputs, It−1

o and Dt−1
o , as auxiliary

information. A ConvLSTM layer at the end of our comple-
tion module captures spatio-temporal correlations between
consecutive frames in the feature space. While we use the
optical flow between frames during training (see Sec. 3.4 for
details), our method does not require flow at inference time.
Thus, it is very efficient. Furthermore, we can process in-
puts of arbitrary length – be it single frames (in which case
we set It−1 = It, Dt−1 = Dt) or long video sequences.

3.4. Training objectives

Our generator G is trained with a combined loss func-
tion, which contains terms for supervising image inpaint-
ing, depth inpainting, semantic segmentation and temporal
coherence (see Fig. 4):

LG = LI + LD + Lseg + Ltemp. (1)

Adversarial learning. On top of our generator, we use
two global PatchGAN discriminators [23], DI and DD,
to distinguish between real and inpainted RGB and depth
patches. Thus, our network is trained in an adversarial fash-
ion. We use Hinge loss [41] to compute our losses for train-

ing the discriminator, LD,I and LD,D, as well as adversarial
generator loss terms LG

adv,I and LG
adv,D.

Image inpainting. We use the ℓ1-reconstruction loss
Lrec,I between synthesized pixels and the ground truth to
ensure pixel-level reconstruction for image inpainting. Fur-
ther, we use the perceptual loss Lper [24] and style loss
Lsty [14] to encourage the network to produce RGB images
perceptually similar to the ground truth. These data-driven
losses enforce similarity in the feature space. Perceptual
loss penalizes differences in features directly, while style
loss minimizes the difference between feature distributions,
de-localizing the feature information. Thus, image inpaint-
ing is supervised by the objective

LI = λrecLrec,I + λperLper + λstyLsty + LG
adv,I . (2)

Depth inpainting. For depth inpainting, we again use
the ℓ1-reconstruction loss Lrec,D to penalize individual
pixel errors. However, this loss does not take the local pixel
neighborhood into account, which can lead to blurry edges
and discontinuous surfaces in reconstructed depth images.
Hence, to encourage smooth depth predictions with sharp
steps, we use a gradient-based loss term

Lgrad = ||∇D −∇Do||1, (3)

where ∇ is the Sobel operator. Thus, depth loss is

LD = λrecLrec,D + λgradLgrad + LG
adv,D. (4)

Semantic segmentation. By predicting intermediate se-
mantic segmentations in our structure-aware decoder, we
ensure that our model explicitly learns semantic informa-
tion from inputs. For supervising this prediction, we com-
pute the cross-entropy loss for each intermediate segmen-
tation map Sl, upsampled to the original input resolution,
with the ground truth segmentation S,

Lseg = −λseg
1

L

∑
l∈L

∑
j∈S

Sj log(up(Sj
l )), (5)
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Figure 4. Illustration of training approach. We use appropriate loss
terms and adversarial learning to promote accuracy and realism
of inpainted RGB and depth (LI , LD). Via flow estimation and
warping, we compute a temporal loss Lt to ensure temporal con-
sistency. Finally, we enforce our model to learn structural infor-
mation by additionally providing semantic supervision via Lseg .

where j denotes the classes of the segmentation map.
Temporal coherence. Similar to Lai et al. [34], we en-

force temporal coherence by training our model with short-
term (st) and long-term (lt) temporal losses between current
and previous, and current and first frame, respectively:

Lst =
T∑

t=2

Ot→t−1||Ito − Ît−1
o ||1,

Llt =

T∑
t=3

Ot→1||Ito − Î1o ||1.

(6)

Here, Îxo is the output image at time x, warped to the current
time point using the optical flow F t→x between It and Ix,
and Ot→x is the corresponding occlusion mask (see Fig. 4).
In our framework, during training, F and O are computed
using MaskFlownet [92]. The temporal loss term is

Ltemp = λt(Llt + Lst). (7)

A full description of objectives and training details are
found in the supplementary material Sec. 6.2 and Sec. 6.3.

4. Experiments and results
4.1. Datasets

While several benchmarks exist for RGB inpainting [26,
94], there are few datasets suitable for RGB-D object re-
moval and DR (see supplementary Sec. 7.1). To the best
of our knowledge, DynaFill [3] is the sole dataset that of-
fers ground truth by presenting scenes both with and with-
out individual objects that need to be removed. Same as in

the original paper, we extract masks from dynamic objects
and use the default training and validation split. Since Dy-
naFIll only covers outdoor driving scenarios with limited
variability, we additionally evaluate our method on Interior-
Net [37], were, similar to other works [29, 39, 45], we sim-
ulate the object removal task by inpainting random object-
like masks during training and testing (see supplementary
Fig. 14, Fig. 15). Specifically, those masks are generated
from instance segmentations belonging to non-background
classes (i.e., excluding walls, ceilings, floors, windows, and
doors). We split the 618 layouts in InteriorNet into 494 for
training and 62 for testing and validation. To show the gen-
eralizability of our model and demonstrate its performance
in-the-wild, we further use 100 layouts from ScanNet [10]
for testing the models trained on InteriorNet.

4.2. Comparison with other methods

As already mentioned, only few works about RGB-D in-
painting of hidden structures are known to us [3, 11, 12, 58].
Only DynaFill [3] is accessible, although training and test-
ing code are not provided. Therefore, we re-compute re-
sults and metrics on their dataset using the publicly avail-
able demo model. Sequential frameworks, where RGB in-
formation is completed first, and missing depth informa-
tion is filled based on the reconstructed image using depth
completion, are an alternative for DR [25, 58]. Hence, we
build our baselines on top of recent RGB inpainting meth-
ods, and use state-of-the-art depth completion networks, In-
Depth [90], DM-LRN [63] and NLSPN [54], to fill miss-
ing depth regions from the RGB inpainting. Hereafter,
we use the best-performing depth completion method on
each dataset for our comparison, which is InDepth for In-
teriorNet, and NLSPN for ScanNet and DynaFill. A de-
tailed comparison is provided in the supplementary Sec. 7.2.
Based on performance and code availability, we compare to
DeepFillV2 [83], PanoDR [16] and E2FGVI [39], which
represent standard, structure-guided, and video inpainting,
respectively. For a fair comparison, we re-train the models
on our datasets using their publicly available training code.

4.3. Quantitative results

To quantitatively assess the performance of our approach,
we use the pixel-level metrics peak signal-to-noise ratio
(PSNR) and mean absolute error (MAE) for image, and root
mean squared error (RMSE) in meters for depth inpainting.
However, these metrics only measure pixel-wise concor-
dance and tend to favor blurry over perceptually similar im-
ages, which is problematic for DR. Measures computed on
deep features better mirror human perception [88] and are,
thus, considered more meaningful for our evaluation. We
use learned perceptual image patch similarity (LPIPS) [88]
and Fréchet inception distance (FID) [19] for images, and
video FID (VFID) [73] for sequences. We further compare
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efficiency by measuring inference time, multiply-add oper-
ations (MADs) and total parameters.

It can be seen from Tab. 2, Tab. 3 and Tab. 4 that
DeepDR outperforms all related methods in the feature-
based inpainting metrics, on indoor (InteriorNet), outdoor
(DynaFill), as well as real, unseen (ScanNet) data. As men-
tioned, we consider these metrics to be most significant for
DR. Considering depth RMSE, it is evident that our joint
framework outperforms both sequential methods, consist-
ing of image and depth-from-image inpainting, as well as
DynaFill by a large margin. In pixel-based RGB metrics,
DeepDR comes second, after E2FGVI or DynaFill. The
lead of E2FGVI is larger on ScanNet – we attribute that
to its tendency to produce overly smooth results, which
matches the blurry images recurrent in ScanNet. DeepDR
achieves leading results in video-based metrics as well,
surpassing E2FGVI on InteriorNet and coming second on
ScanNet. On DynaFill data, E2FGVI and DynaFill outper-
form DeepDR in VFID, but the increased temporal smooth-
ness comes at the cost of increased blurriness, as shown by
the lower FID and LPIPS, and the qualitative results. Con-
trary to E2FGVI, our method works for single images or
very short sequences. No expensive flow computation is
required at inference, making it almost one order of mag-
nitude faster (see Tab. 5), which is a critical factor for DR
applications, where real-time frame rates are desired. Only
DeepFillV2, which is the least powerful method in our tests,
is faster than our model. DynaFill assumes availability of
accurate camera poses and intrinsics, which may be diffi-
cult to obtain in real-world scenarios.

Table 2. Quantitative comparison of inpainting models trained on
InteriorNet [37]. For baselines, we use InDepth [90] to fill missing
depth.

RGB Depth Video

Model LPIPS ↓ FID ↓ PSNR ↑ MAE ↓ RMSE ↓ VFID ↓

DeepFillV2 [83] 0.0150 0.448 41.6 0.0312 0.572 0.0446
PanoDR [16] 0.0128 0.606 41.0 0.0331 0.564 0.0360
E2FGVI [39] 0.0131 0.363 43.2 0.0255 0.563 0.0326

DeepDR (Ours) 0.0104 0.218 41.9 0.0311 0.278 0.0257

Table 3. Quantitative comparison of inpainting models trained
on DynaFill [3]. For DeepFillV2 [83], PanoDR [16] and
E2FGVI [39], we use NLSPN [54] to fill missing depth.

RGB Depth Video

Model LPIPS ↓ FID ↓ PSNR ↑ MAE ↓ RMSE ↓ VFID ↓
DeepFillV2 [83] 0.0238 4.122 34.2 0.0062 7.92 1.185
PanoDR [16] 0.0250 5.579 31.8 0.0119 8.12 1.822
E2FGVI [39] 0.0169 2.826 35.2 0.0054 7.83 0.777
DynaFill [3] 0.0197 2.665 38.8 0.0107 7.78 0.636

DeepDR (Ours) 0.0168 2.415 34.2 0.0062 4.51 0.788

Table 4. Generalizability experiment on ScanNet [10] of inpaint-
ing models trained on InteriorNet [37]. For baselines, we use NL-
SPN [54] to fill missing depth.

RGB Depth Video

Model LPIPS ↓ FID ↓ PSNR ↑ MAE ↓ RMSE ↓ VFID ↓

DeepFillV2 [83] 0.0208 0.693 40.1 0.0400 0.508 0.873
PanoDR [16] 0.0119 0.348 41.5 0.0304 0.536 0.358
E2FGVI [39] 0.0110 0.295 46.7 0.0176 0.512 0.206

DeepDR 0.0108 0.292 42.4 0.0280 0.484 0.218

Table 5. Efficiency of DeepDR on an NVIDIA GeForce GTX 1080
Ti GPU in comparison to the baselines.

Model Time ↓ (ms) MADs ↓ Params ↓

DeepFillV2 [83] 3.73 25.3 G 4.1 M
PanoDR [16] 7.07 189.6 G 78.8 M
E2FGVI [39] 40.0 309.1 G 41.8 M
DynaFill [3]* 14.3 78.6 G 22.1 M

DeepDR 4.43 184.3 G 69.9 M
*Measurements do not include camera pose computation.

4.4. Qualitative results

For qualitative analysis, we compare the performance of our
method to the baselines for our DR use case. Thus, we di-
minish objects existing in the scene to show how well the
models can hallucinate realistic background textures and
structures coherent with the scene semantics. Note that,
for this use case, no ground truth data exists on InteriorNet
and ScanNet (Fig. 5). Results on DynaFill, which provides
ground truth, are shown in Fig. 6. More qualitative exam-
ples are given in the supplementary. DeepDR is able to pro-
duce high-quality RGB textures while preserving the struc-
ture of the scene. Fig. 5 shows that although it was trained
on purely synthetic data, it can generalize well to real-world
examples from ScanNet. Its abilities are particularly evident
for complex and textured backgrounds, where other meth-
ods tend to produce artifacts or overly smooth results. The
benefits of our explicit structural guidance using RGB-D
SPADE are also evident: While the baseline methods have
difficulties in reconstructing clean borders and sharp edges,
our method can recreate them well. Further, it is evident that
the baseline depth completion fails at filling complex depth
regions with sharp edges (e.g., between floors and walls),
in particular for structures far away from the camera. This
observation reveals that sequential approaches suffer from
the loss of detail and sharp features in inpainted images.

4.5. User study

We conducted a repeated measures within-subjects user
study to demonstrate that our framework can surpass ex-
isting works in the task of object removal for DR, and en-
ables advanced 3D scene editing. We used 12 scenes from
our InteriorNet testing dataset, in each of which we dimin-
ished one object in 50-200 consecutive frames. To illus-
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Figure 5. Qualitative comparison for diminishing objects from InteriorNet [37] (synthetic) and ScanNet [10] (real) with models trained on
InteriorNet. Result images are zoomed to the red and black outlines in the first column.
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Figure 6. Qualitative comparison for diminishing objects from DynaFill [3].

trate the importance of coherent color, structure, and ge-
ometry inpainting, we reconstructed a textured 3D mesh
from each inpainted RGB-D pair and augmented the recon-
structed scene with additional light sources and furniture
objects, as shown in Fig. 1 and the supplementary Fig. 13.
The sequences were presented to the participants in ran-
dom order, side-by-side with the original input sequence,
in which the object of interest was highlighted. The partic-
ipants were asked to rate each item on a 7-point scale from
1 (“very poor”) to 7 (“very well”).

Figure 7. Average user rating over all participants and samples
from 1 (“very poor”) to 7 (“very well”).

Results. 64 participants (15 female, age 34.0±9.4) com-
pleted the study. The average experience of users with
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AR/DR and inpainting was 2.4±1.4 and 2.3±1.2 on a 5-
point scale from “none” to “expert”, respectively. The user
ratings are shown in Fig. 7. It is evident that users rate the
plausibility and realism of images and geometry inpainted
with our method higher than those of others. A Friedman
test revealed a significant (χ2(3) = 133.3, W = 0.7,
p < 0.001) difference in inpainting methods. A post-hoc
Wilcoxon signed-rank test indicates that the median rat-
ing of our method (5.3) is substantially higher than that of
DeepFillV2 (2.0, p < 0.001), PanoDR (2.2, p < 0.001),
and E2GFVI (2.2, p < 0.001). No significant differences
were found between other methods. We conclude that users
prefer our DR results in terms of realism and plausibility.

Table 6. Ablation studies of our model on InteriorNet [37].

RGB Depth Video

Model LPIPS ↓ FID ↓ PSNR ↑ MAE ↓ RMSE ↓ VFID ↓
no temporal 0.0160 0.567 40.0 0.0336 0.358 0.0487
no RGBD SPADE 0.0143 0.435 40.1 0.0408 0.374 0.0363
joint encoder 0.0121 0.333 40.9 0.0340 0.306 0.0322

DeepDR (Full) 0.0104 0.218 41.9 0.0311 0.278 0.0257

4.6. Ablation study

To demonstrate the effectiveness of the core components of
our model, we perform three ablation studies on InteriorNet,
see Tab. 6. First, we remove temporal coherence from our
model by omitting the auxiliary inputs It−1, Dt−1, It−1

o

and Dt−1
o , remove the ConvLSTM layer from our archi-

tecture and train without temporal loss Lt. As expected,
this removal leads to lower perceptual similarity of videos
(VFID). Generally, a deteriorated performance is observed,
which suggests that our final model is effective in lever-
aging information from previous frames to fill missing re-
gions. Second, we evaluate a model without structural guid-
ance, by replacing the RGB-D SPADE layers in our up
blocks with standard transposed convolutions. No interme-
diate segmentations are available, therefore segmentation
loss Lseg is omitted. Evidently, the additional supervision
via segmentation is beneficial for our model all along the
line. The cost of RGB-D SPADE is an almost doubled in-
ference time (see supplementary Tab. 11), which could be
a limitation for real-time applications on less capable hard-
ware. Third, we replace our separate encoders with a joint
coarse-to-fine encoder. It is apparent that our separate en-
coder is more effective in extracting appropriate features.

4.7. Limitations

For large diminished areas in front of highly irregularly
textured objects (e.g., the carpet in Fig. 8, top), DeepDR
may generate structural artifacts, while other methods tend
to over-smoothed backgrounds. Furthermore, all methods
struggle with completing highly ambiguous object bound-

Input DeepFillV2 PanoDR E2FGVI DeepDR

Input DeepFillV2 PanoDR E2FGVI DynaFill DeepDR
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Figure 8. Failure cases. All current methods struggle with irregu-
larly textured objects (e.g., the carpet, top) and highly ambiguous
object borders (e.g. the curb, bottom).

aries (see Fig. 8, bottom), which may cause color bleed-
ing artifacts or implausible borders. Lastly, since Interior-
Net does not have ground truth for object removal and our
mask generation does not include shadows cast by objects
of interest, models trained on this dataset do not learn to re-
move those shadows. Shadow borders are very ambiguous
once the object casting them has been removed, in partic-
ular, since shaded and un-shaded regions usually belong to
the same semantic class, which may lead to artifacts. We
analyze this effect in the supplementary Sec. 7.3.

5. Conclusion
We introduced DeepDR, the first approach to deep,
structure-aware RGB-D inpainting with temporal coherence
for DR. Our generative approach uses an RGB-D SPADE
decoder to exploit structural priors, consistently condition-
ing color and depth outputs on them at feature level. To min-
imize temporal artifacts, we utilize a simple recurrent archi-
tecture with a ConvLSTM, which, compared to recent video
inpainting, does not require future frame information or ex-
pensive optical flow computation at inference time. Quan-
titative results demonstrate that DeepDR surpasses state-of-
the art inpainting methods in terms of feature-based metrics,
while qualitative results show that our method is capable of
generating content which is perceptually plausible, realistic
in the context of the scene, and blends seamlessly with the
surroundings in the image and depth domain of synthetic
and real data. DeepDR works better because it effectively
leverages information from multiple modalities, in partic-
ular, color, depth and structure. Therefore, it has a more
comprehensive understanding of the scene, and can inpaint
missing regions more plausibly in 3D.
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[3] Borna Bešić and Abhinav Valada. Dynamic object removal
and spatio-temporal rgb-d inpainting via geometry-aware ad-
versarial learning. IEEE trans. intell. veh., 7(2):170–185,
2022. 2, 5, 6, 7, 3, 4, 12

[4] Jinming Cao, Hanchao Leng, Dani Lischinski, Daniel
Cohen-Or, Changhe Tu, and Yangyan Li. Shapeconv: Shape-
aware convolutional layer for indoor rgb-d semantic segmen-
tation. In ICCV, pages 7088–7097, 2021. 4

[5] Duygu Ceylan, Chun-Hao P Huang, and Niloy J Mitra.
Pix2video: Video editing using image diffusion. In ICCV,
pages 23206–23217, 2023. 2

[6] Angel Chang, Angela Dai, Thomas Funkhouser, Maciej
Halber, Matthias Niessner, Manolis Savva, Shuran Song,
Andy Zeng, and Yinda Zhang. Matterport3d: Learning
from rgb-d data in indoor environments. arXiv preprint
arXiv:1709.06158, 2017. 2

[7] Ya-Liang Chang, Zhe Yu Liu, Kuan-Ying Lee, and Winston
Hsu. Free-form video inpainting with 3d gated convolution
and temporal patchgan. In ICCV, pages 9066–9075, 2019. 2

[8] Ya-Liang Chang, Zhe Yu Liu, Kuan-Ying Lee, and Winston
Hsu. Learnable gated temporal shift module for deep video
inpainting”. In BMVC, 2019. 2

[9] Xiaokang Chen, Kwan-Yee Lin, Jingbo Wang, Wayne Wu,
Chen Qian, Hongsheng Li, and Gang Zeng. Bi-directional
cross-modality feature propagation with separation-and-
aggregation gate for rgb-d semantic segmentation. In ECCV,
pages 561–577. Springer, 2020. 4

[10] Angela Dai, Angel X Chang, Manolis Savva, Maciej Hal-
ber, Thomas Funkhouser, and Matthias Nießner. Scannet:
Richly-annotated 3d reconstructions of indoor scenes. In
CVPR, pages 5828–5839, 2017. 5, 6, 7, 4, 10, 13

[11] Helisa Dhamo, Keisuke Tateno, Iro Laina, Nassir Navab, and
Federico Tombari. Peeking behind objects: Layered depth
prediction from a single image. Pattern Recognit. Lett., 125:
333–340, 2019. 2, 5

[12] Ryo Fujii, Ryo Hachiuma, and Hideo Saito. Rgb-d image
inpainting using generative adversarial network with a late
fusion approach. In AVR, pages 440–451. Springer, 2020. 2,
5

[13] Chen Gao, Ayush Saraf, Jia-Bin Huang, and Johannes Kopf.
Flow-edge guided video completion. In ECCV, pages 713–
729. Springer, 2020. 2

[14] Leon A Gatys, Alexander S Ecker, and Matthias Bethge. Im-
age style transfer using convolutional neural networks. In
CVPR, pages 2414–2423, 2016. 4

[15] Pallabi Ghosh, Vibhav Vineet, Larry S Davis, Abhinav Shri-
vastava, Sudipta Sinha, and Neel Joshi. Depth completion
using a view-constrained deep prior. In 3DV, pages 723–733.
IEEE, 2020. 3

[16] Vasileios Gkitsas, Vladimiros Sterzentsenko, Nikolaos
Zioulis, Georgios Albanis, and Dimitrios Zarpalas. Panodr:
Spherical panorama diminished reality for indoor scenes. In
CVPR Workshops, pages 3716–3726, 2021. 1, 2, 5, 6, 7, 3,
8, 9, 10

[17] Satoshi Hashiguchi, Shohei Mori, Miho Tanaka, Fumihisa
Shibata, and Asako Kimura. Perceived weight of a rod under
augmented and diminished reality visual effects. In VRST,
2018. 1

[18] Kaiming He, Xiangyu Zhang, Shaoqing Ren, and Jian Sun.
Deep residual learning for image recognition. In CVPR,
pages 770–778, 2016. 3

[19] Martin Heusel, Hubert Ramsauer, Thomas Unterthiner,
Bernhard Nessler, and Sepp Hochreiter. Gans trained by a
two time-scale update rule converge to a local nash equilib-
rium. NeurIPS, 30, 2017. 5

[20] Heiko Hirschmuller and Daniel Scharstein. Evaluation of
cost functions for stereo matching. In CVPR, pages 1–8.
IEEE, 2007. 2

[21] Yu-Kai Huang, Tsung-Han Wu, Yueh-Cheng Liu, and Win-
ston H Hsu. Indoor depth completion with boundary consis-
tency and self-attention. In ICCV Workshops, 2019. 2

[22] Satoshi Iizuka, Edgar Simo-Serra, and Hiroshi Ishikawa.
Globally and locally consistent image completion. ACM
TOG, 36(4):1–14, 2017. 2

[23] Phillip Isola, Jun-Yan Zhu, Tinghui Zhou, and Alexei A
Efros. Image-to-image translation with conditional adver-
sarial networks. In CVPR, pages 1125–1134, 2017. 4

[24] Justin Johnson, Alexandre Alahi, and Li Fei-Fei. Perceptual
losses for real-time style transfer and super-resolution. In
ECCV, pages 694–711. Springer, 2016. 4

[25] Mohamed Kari, Tobias Grosse-Puppendahl, Luis Falconeri
Coelho, Andreas Rene Fender, David Bethge, Reinhard
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6. Implementation details

6.1. Architecture details

The input of our network is a 3-channel RGB image and
a 1-channel depth map. RGB inputs are normalized to
[−1, 1] and depth inputs are scaled to [0, 1]. Our genera-
tor uses a coarse-to-fine principle. First, we use two coarse
networks identical to the ones of DeepFillV2 [83] to pro-
duce coarsely inpainted RGB images Ĩto and depth maps
D̃t

o. These outputs are used to coarsely fill the missing
regions in the masked input, yielding Ĩtm and D̃t

m. These
intermediate images are then concatenated along the chan-
nel dimension with the previous in- and outputs It−1 and
Dt−1, as well as It−1

o and Dt−1
o , and are fed into two sep-

arate, architecturally identical, image and depth fine en-
coders. In our final implementation, we set L = 3, thus,
the fine encoders uses three down-sampling layers. After
separate encoding, image and depth features are fused and
completed by a common completion bottleneck using dila-
tion, followed by a ConvLSTM layer identical to the orig-
inal implementation [64]. Afterward, they are fed into our
structure-aware decoder with L = 3 up blocks, whose ar-
chitecture is described in Sec. 3.2. Finally, the architec-
ture of our RGB and depth discriminators is identical and
follows the dense, spectral-normalized patch discriminator
(SN-PatchGAN) introduced in DeepFillV2 [83].

Hereafter, we denote kernel size, dilation, stride size and
channel number as K, D, S, and C, respectively.

Coarse generator: K5S1C24 - K3S2C48 - K3S1C48
- K3S2C96 - K3S1C96 - K3D2S1C96 - K3D4S1C96 -
K3D8S1C96 - K3D16S1C96 - K3S1C96 - K3S1C96 -
up-sample(2) - K3S1C48 - K3S1C48 - up-sample(2) -
K3S1C24 - K3S1C12 - K3S1C*

Refinement encoder: K5S1C64 - K3S2C64 -
K3S1C128 - K3S2C128 - K3S1C256 - K3S2C256 -
K3S1C512

Bottleneck: concat - K3S1C512 - K3D2S1C512
- K3D4S1C512 - K3D8S1C512 - K3D16S1C512 -
K3S1C512 - K3S1C512 - ConvLSTM

Decoder: up block C256 - up block C128 - up block C64
- K3S1C32 - K3S1C*

In the output layers, the number of channels (C*) is three
for image outputs and one for depth outputs. We use gated
convolutions [83], ReLU activation and instance normal-
ization throughout convolution layers. Image output layers
use the tanh activation function, while depth output layers
clamp the output to [0, 1].

6.2. Details of training objectives

The SN-PatchGAN discriminators DI and DD are trained
using Hinge loss [41], which is widely adopted for inpaint-
ing tasks. For an incomplete image and depth map Im and
Dm, and their ground truth counterparts I and D, the ad-
versarial discriminator losses are

LDI
= −EI∼pd

[ReLu(−1+DI(I))]−
EIm∼pz

[ReLu(−1−DI(GI(Im)))],

(8)

LDD
= −ED∼pd

[ReLu(−1+DD(D))]−
EDm∼pz

[ReLu(−1−DD(GD(Dm)))],

(9)

while the generator losses are defined as

LG
adv,I = −EIm∼pz [DI(GI(Im))], (10)

LG
adv,D = −EDm∼pz [DD(GD(Im))]. (11)

Here, pd and pz are the distributions of real data and the la-
tent space, respectively, and EI∼pd

denotes the expectation
value of I with respect to distribution pd.

The ℓ1-reconstruction loss on a pixel level is computed
between ground truth images and depth I and D and the
corresponding generator outputs Io and Do as

Lrec,I = ||I − Io||1, (12)
Lrec,D = ||D −Do||1. (13)

Perceptual and style loss operate in feature space, by com-
puting the distance of ith level features ϕi of a pre-trained
network, in our case, VGG-19 [68]. Specifically, perceptual
loss is defined as

Lper =
∑
i

||ϕi(I)− ϕi(Io)||1
Ni

, (14)

where Ni is the number of elements in ϕi, and style loss is
given by

Lsty = ||Gϕ
i (I)−Gϕ

i (Io)||1, (15)

with Gϕ
i being the Gram matrix constructed from activation

ϕi.
Our weight parameters are set empirically and according

to literature [34, 42] as λrec = 10, λper = 10, λsty = 250,
λgrad = 100, λseg = 10 and λt = 10.

6.3. Hardware and training strategy

We implemented our model in PyTorch [56]. For training,
we use an Nvidia Quadro RTX 8000 GPU, set the batch
size to four and train for 1M iterations. We use an Nvidia
GeForce GTX 1080 Ti for testing.
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As training input, we select a series of T = 5 consec-
utive RGB and depth frames with their semantic segmen-
tation from our training datasets, together with randomly
sampled object masks in the case of InteriorNet, and masks
covering dynamic scene objects (pedestrians, vehicles) in
case of DynaFill. For testing on InteriorNet and ScanNet,
we set T = 100 and use a fixed set of random object masks.
Since DynaFill sequences have a shorter, varying number
of frames, we set T according to the sequence length. We
resize all inputs to a resolution of 256×256 pixels during
training and testing. Adam optimizer [30] with β1 = 0.0
and β2 = 0.9 is used for optimization, and we set the learn-
ing rate to 2 ∗ 10−4 for all modules. After 500k iterations,
we reduce the learning rate to 2 ∗ 10−5.

Data augmentation. Since InteriorNet already contains
varying lighting conditions and different scene views, we do
not apply additional data augmentation. Instead, to limit re-
dundancy in the dataset, we sub-sample every fourth frame
from each sequence during training. For DynaFill, we use
the same data augmentation as in the original paper (bright-
ness, contrast, saturation and hue modulation, as well as
random horizontal flipping).

Recurrent network training. Recurrent network training
incurs some additional computational costs, which we mini-
mize through several strategies: Firstly, MaskFlowNet [92]
for flow estimation is very lightweight with only 10.5 M
params and 13.4 G MADs. Recent, more efficient flow es-
timation architectures like FastFlowNet [32] could further
reduce the costs. Secondly, we perform sequence trunca-
tion by processing subsets of T = 5, while preserving the
ConvLSTM hidden state for each sequence, which, accord-
ing to our informal experiments, provides a good trade-
off between capturing temporal dependencies and compu-
tational cost during training. In summary, recurrent training
increases memory consumption by approximately 2.2 GB
compared to single-image training, which we deem justified
by the obtained quality gain (see Tab. 6). Importantly, the
recurrent feedback loop has minimal impact on inference
efficiency compared to other video inpainting methods (see
Tab. 11).

Obtaining semantic segmentations and depth. We
trained our models on synthetic datasets with accurate
ground-truth segmentations and depth. Our experiments
(Tab. 4, Fig. 10, Fig. 12) demonstrate their strong gener-
alization to real-world data. As image segmentation tech-
niques such as SAM [31] advance, obtaining high-quality
segmentations from various image and video datasets will
likely be feasible in the near future. Depth is usually avail-
able in our targeted mixed reality systems, as they require
an understanding of their 3D surroundings. If not, recent

monocular depth estimation models [59] can be used to ob-
tain depth.

7. Additional experiments
7.1. Analysis of RGB-D datasets for object removal

Datasets suitable for DR need to contain consecutive video
frames of aligned RGB and depth. Our framework fur-
thermore requires semantic segmentations: For supervis-
ing structural guidance during training, and for generat-
ing object masks for a convenient qualitative evaluation.
The few works about fused RGB-D object removal [3,
11, 12, 58] use Structured3D [93], SceneNet RGBD [48]
or DynaFill [3] (see Tab. 7). Structured3D does not ful-
fill the criteria of consecutive frames and we did not con-
sider SceneNet RGBD due to its poor realism. Similarly,
common depth completion benchmarks are not suitable, as
shown in Tab. 8.

Table 7. Datasets used in related RGB-D object removal works.

Segmentation
Consecutive

frames Photorealistic

Structured3D [93] ✓ ✗ ✓
SceneNet RGBD [48] ✓ ✓ ✗
DynaFill [3] ✓ ✓ ✓

Table 8. Common dense depth completion datasets and their suit-
ability for DR.

Segmentation
Consecutive

frames Available

NYU-depth V2 [66] subset subset ✓
Middlebury [20, 62] ✗ ✗ ✓
Matterport3D [6] ✓ ✗ ✓
VOID [74] ✗ ✓ ✓
DIODE [74] ✗ ✗ ✓
SUNCG [69] ✓ ✓ ✗

7.2. Comparison of different indoor depth comple-
tion methods

In total, we considered three methods designed for indoor
and outdoor depth completion to fill missing depth regions
in baselines that don’t handle depth: InDepth [90], NL-
SPN [54] and DM-LRN [63]. These networks receive pre-
viously completed RGB and masked depth as input and are
designed to leverage both RGB and depth features, with dif-
ferent methods to fuse them. Their goal is to fill missing
depth based on complete RGB information, which is typi-
cally unavailable in DR. In Tab. 9, we compare their per-
formance on our datasets, reporting root mean squared er-
ror (RMSE) for depth completion using inpainted color im-
ages from our baseline methods. Evidently, InDepth works
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best for InteriorNet, while NLSPN performs best on Scan-
Net and DynaFill. We use these best-performing methods
as baselines for the comparison of depth RMSE in Tab. 2,
Tab. 3 and Tab. 4. Note that we did not consider works
that complete depth from sparse measurements in different
scenarios, e.g., LiDAR-based depth completion in outdoor
scenarios.

7.3. Influence of shadow mask

To fully diminish objects from a scene as if they were not
there in the first place, it is also necessary to remove the
shadow they cast. While automatic shadow segmentation
remains a topic for our future work, we are interested in the
performance of DeepDR in the case of a combined object
and shadow mask. Thus, we have manually added shadow
masks to the automatically derived object masks from Inte-
riorNet and ScanNet. Fig. 9 provides visual results in order
to demonstrate the performance of DeepDR for complete
object and shadow removal. For comparison, we also pro-
vide results without a shadow mask. Apparently, DeepDR
is capable of reliably inpainting shadow masks and more-
over, results with masked shadows often look better than
without. The reason for that is that our model does not need
to hallucinate the very ambiguous shadow borders, leading
to a more realistic color with fewer artifacts.

The same observation holds for the automatically de-
rived object masks from ScanNet, which, due to inaccurate
instance segmentation in the original dataset, sometimes do
not cover the entire diminished object. In such cases, arti-
facts and flickering between consecutive frames can appear.

Automatically created mask Manually created mask

Automatically created mask Manually created maskAutomatically created mask Manually created maskAutomatically created mask Manually created maskAutomatically created mask Manually created mask
Automatically created mask Manually created maskAutomatically created mask Manually created maskAutomatically created mask Manually created maskAutomatically created mask Manually created mask

Automatically created mask Manually created maskAutomatically created mask Manually created maskAutomatically created mask Manually created maskAutomatically created mask Manually created mask

Automatically created mask Manually created maskAutomatically created mask Manually created maskAutomatically created mask Manually created maskAutomatically created mask Manually created mask

Figure 9. Comparison between automatically created mask using
instance segmentations and manually created masks. DeepDR is
also able to inpaint shadows, if they are appropriately masked.

7.4. Comparison with depth-from-RGB inpainting

As already mentioned in the main paper, depth inpaint-
ing literature mostly focuses on depth completion in re-
gions that are visible in the corresponding RGB image. In-
Depth, NLSPN and DM-LRN mentioned above are exam-
ples of such methods. While our task of inpainting hid-
den structures in diminished parts of the scene is funda-
mentally different from depth-from-RGB inpainting, it is
compelling to draw comparisons between the two tasks.
Therefore, we conducted an experiment applying DeepDR
for depth-from-RGB inpainting on NYU-depth V2 [65] and
ScanNet, which are common benchmarks in depth comple-
tion [2, 15, 55, 63, 72]. We directly compare to results
reported in DM-LRN, which is the only work evaluating,
but not trained on these datasets, allowing a fair compar-
ison. We use the semi-dense sampling strategy reported
in their paper to generate masks and feed complete RGB
and masked depth to our framework. Results are shown in
Tab. 10. The results on ScanNet show that DeepDR is effec-
tive in using visible RGB information to fill missing depth,
resulting in an RMSE of 0.262 m compared to an RMSE
of 0.484 m for the joint RGB-D inpainting task in Tab. 4.
Still, DeepDR performs slightly worse on the depth-from-
RGB inpainting task than the baseline method, particularly
on NYU-depth V2, which is challenging for DeepDR due
to its lack of consecutive frames.

8. Additional results
8.1. Computational complexity of ablation models

We analyze the computational complexity in terms of infer-
ence time, multiply-adds (MADs) and number of total pa-
rameters of our ablation models in Tab. 6. Evidently, RGB-
D SPADE is the major driver of computational complexity,
leading to an almost doubled inference time, as well as a
significantly higher number of MADs and parameters. Our
separate encoding strategy proves to be very efficient, im-
proving the performance of our final model while decreas-
ing the overall parameter count.

8.2. More qualitative results for the DR use case

Supplementary to the qualitative results in Fig. 5 and Fig. 6,
we show more results of DeepDR in comparison to the base-
lines [3, 16, 39, 83] for DR object removal on InteriorNet in
Fig. 10, DynaFill in Fig. 11 and on ScanNet in Fig. 12.

8.3. Qualitative results for 3D scene editing

While the importance of coherent image and geometry in-
painting may not be immediately obvious, it becomes clear
when looking at applications in 3D scene editing, such as
interior re-design. In our indoor scene scenario, a typical
use case is re-decorating rooms. To demonstrate this use
case, we reconstruct a textured 3D mesh from the inpainted
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Table 9. Root mean squared errors (RMSE) for different indoor depth completion methods based on color inpainting using our baseline
methods. All measurements are given in meters.

InteriorNet [37] ScanNet [10] DynaFill [3]

Model DeepFillV2 PanoDR E2FGVI DeepFillV2 PanoDR E2FGVI DeepFillV2 PanoDR E2FGVI

NLSPN [54] 0.706 0.635 0.619 0.508 0.536 0.512 7.92 8.12 7.83
DM-LRN [63] 1.034 1.223 1.366 0.781 0.789 0.852 11.81 11.92 11.80
InDepth [90] 0.572 0.564 0.563 0.643 0.659 0.629 11.84 12.97 12.33

Table 10. RMSE in meters for D-from-RGB inpainting.

NYU-d V2 ScanNet

DeepDR (ours) 0.281 0.262
DM-LRN 0.205 0.198

Table 11. Efficiency of DeepDR on a Nvidia GeForce GTX 1080
Ti GPU in comparison to the ablation models.

Efficiency

Model Time ↓ (ms) MADs ↓ Params ↓
no temporal 4.17 163.3 G 69.8 M
no RGB-D SPADE 2.41 125.8 G 65.7 M
joint encoder 4.42 174.6 G 71.1 M

DeepDR (Full model) 4.43 184.3 G 69.9 M

RGB-D pairs in 3D using pose and augment it with addi-
tional virtual light sources (Fig. 13a) and furniture or deco-
ration objects (Fig. 13b).

As seen from these examples, incorrect depth inpainting
leads to serious artifacts, such as ghost shadows or inter-
sections and overlapping of the inpainted background with
newly added objects. Since our method significantly out-
performs related work in terms of depth inpainting, it does
not cause such artifacts and is, therefore, best suited for 3D
scene editing applications.

8.4. Qualitative results using random object masks

As mentioned before, InteriorNet and ScanNet have no
ground truth for the DR use case. Ideally, we would use
training and testing pairs consisting of rooms before and
after some items have been removed. Such data is very dif-
ficult to obtain in a real setting, but even synthetic data is
costly to obtain, both in terms of computational and human
resources as well as time. Therefore, for this datasets, we
simulate the object removal task by overlaying random ob-
ject masks over the scene and thus, the original image serves
as ground truth. We use this strategy for both training and
computing our quantitative results during testing. A quali-
tative comparison of inpainting using random object masks
between our method and the baselines is given in Fig. 14 for

InteriorNet, and Fig. 15 for ScanNet.
Akin to the qualitative results for the DR use case, it is

noticeable that DeepDR exceeds other methods in recon-
structing sharp textures while preserving important struc-
tural properties of the scene. Furthermore, our method can
reconstruct sharp depth edges, while the baselines fail to re-
construct the geometry of the scene, particularly for struc-
tures far away from the camera.

8.5. Intermediate segmentation results

Our up blocks produce intermediate semantic segmenta-
tions of the scene at feature scale using a pyramid pool-
ing module [91]. These maps are used to modulate the
activations during decoding to ensure sharp and coherent
boundaries in RGB and depth outputs. In Fig. 16, Fig. 17
and Fig. 18, we show these intermediate segmentations
from each of the three up blocks in our final architecture.
It is evident that the segmentation accuracy improves with
higher feature dimensions. Notably, segmentation on Dy-
naFill (Fig. 17) is more accurate, which we attribute to the
lower variability and smaller number of semantic classes
(12 vs. 40) in the dataset. Although our network does
not produce perfect segmentations, it is able to accurately
reconstruct clean object borders and plausible semantics,
which leads to sharp edges and coherent textures in the re-
sultant image and depth outputs. Still, in particular, on un-
seen, real data in ScanNet (Fig. 18), some regions are in-
correctly classified, which might decrease the effectiveness
of RGBD SPADE. We aim to overcome this limitation by
fine-tuning our models on real data, reducing the number of
semantic classes by merging similar classes, and by explor-
ing RGB-D semantic segmentation strategies [4, 9, 76] to
leverage depth information more effectively for intermedi-
ate semantic segmentation.
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Masked Input DeepFillV2 [83] PanoDR [16] E2FGVI [39] DeepDR (Ours)

Figure 10. Qualitative comparison of color images and depth maps for diminishing objects from InteriorNet [37].
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Masked Input DeepFillV2 [83] PanoDR [16] E2FGVI [39] DynaFill [3] DeepDR (Ours) Ground Truth

Figure 11. Qualitative comparison for diminishing objects from DynaFill [3].
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Masked Input DeepFillV2 [83] PanoDR [16] E2FGVI [39] DeepDR (Ours)

Figure 12. Qualitative comparison of color images and depth maps for diminishing objects from ScanNet [10].
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Masked Input DeepFillV2 [83] PanoDR [16] E2FGVI [39] DeepDR (Ours)

(a)

Masked Input DeepFillV2 [83] PanoDR [16] E2FGVI [39] DeepDR (Ours)

(b)

Figure 13. Qualitative comparison for 3D scene editing after diminishing objects via inpainting. The scene is reconstructed in 3D, light
sources are added (a) and furniture or accessory items are replaced (b).
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Masked Input DeepFillV2 [83] PanoDR [16] E2FGVI [39] DeepDR (Ours) Ground Truth

Figure 14. Qualitative comparison on InteriorNet [37] for inpainting random object masks.
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Masked Input DeepFillV2 [83] PanoDR [16] E2FGVI [39] DeepDR (Ours) Ground Truth

Figure 15. Qualitative comparison on ScanNet [10] for inpainting random object masks.
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Figure 16. Analysis of the semantic segmentations produced within our up blocks on InteriorNet [37].
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Figure 17. Analysis of the semantic segmentations produced within our up blocks on DynaFill [3].
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Figure 18. Analysis of the semantic segmentations produced within our up blocks on ScanNet [10].
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