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(@) Groundtruth

Runtime~30 ms ® FPS~34 ¢ Memory=795 MB

(c) With Spatio-temporal Fusion
Runtime~37 ms ¢ FPS~27 ¢ Memory=1061 MB

Figure 1: 3D reconstructions of a scene from ScanNet [11]. Extending our stereo backbone with our proposed spatio-temporal fusion module
improves the temporal consistency and accuracy of the predicted depth maps, leading to better reconstructions with negligible computational
overhead. Runtime is per forward pass on an NVIDIA GTX 1080Ti with image size 320 x 256.

Abstract

We propose an online multi-view depth prediction ap-
proach on posed video streams, where the scene geometry in-
formation computed in the previous time steps is propagated
to the current time step in an efficient and geometrically
plausible way. The backbone of our approach is a real-time
capable, lightweight encoder-decoder that relies on cost vol-
umes computed from pairs of images. We extend it by placing
a ConvLSTM cell at the bottleneck layer, which compresses
an arbitrary amount of past information in its states. The
novelty lies in propagating the hidden state of the cell by
accounting for the viewpoint changes between time steps. At
a given time step, we warp the previous hidden state into the
current camera plane using the previous depth prediction.
Our extension brings only a small overhead of computa-
tion time and memory consumption, while improving the
depth predictions significantly. As a result, we outperform
the existing state-of-the-art multi-view stereo methods on
most of the evaluated metrics in hundreds of indoor scenes
while maintaining a real-time performance. Code available:
https://github.com/ardaduz/deep-video—mvs

1. Introduction

Obtaining dense 3D information about the environment
is key for a wide range of applications such as naviga-
tion for autonomous vehicles (e.g., robots, drones [44]),
mixed reality [1, 2,24, 42], 3D modelling and industrial
control. Compared to active depth sensing with LiDAR [41],

time-of-flight [19] or structured-light cameras [13], camera-
based passive sensing has the advantage of being energy
and cost efficient, compact in size and operating in a wide
range of conditions [33]. Among passive depth sensing ap-
proaches, monocular systems can offer highly mobile, low-
maintenance solutions, while stereo devices often require
baseline sizes that are infeasible for mobile devices [46].

One common denominator of the aforementioned appli-
cations is that the data is acquired as a video stream instead
of sparse instances in time, and the depth is often recon-
structed for selected keyframes. In this work, we assume
a calibrated camera and known poses between acquisitions
and focus on the dense depth recovery for each keyframe.
Such pose information can, for instance, be obtained through
visual-inertial odometry techniques [6,40], which are read-
ily available in mobile platforms (e.g. Apple ARKit and
Android ARCore) [20] or mixed reality headsets such as Mi-
crosoft HoloLens. The presence of camera poses enables the
computation of triangulation-based metric reconstructions,
as opposed to the popular learning-based single image depth
prediction methods [3, 12, 14,29,55] that have been extended
to video [39, 50, 52, 58]. Finally, the real-time aspect of the
applications and the potential of an on-device solution, imply
targeting a lightweight online multi-view stereo (MVS) sys-
tem that is memory and compute efficient. Therefore, similar
to [20, 32], we specifically aim to harness the advantages
of video, with limited variation in viewpoint at consecutive
time steps, instead of pursuing unstructured MVS.

In this work, we present a framework that can extend
many existing MVS methods, such that, when processing
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video streams, partial scene geometry information from the
past contributes to the prediction at the current time step,
leading to improved and consistent depth outputs. We use
convolutional long short-term memory (ConvLSTM) [45]
and a hidden state propagation scheme to achieve such infor-
mation flow in the latent space. Our approach is influenced
by [20], where latent cost volume encodings are weakly cou-
pled through a Gaussian Process, and by [39] where latent
encodings of image features and sparse depth cues are fused
through ConvLSTM to achieve temporally consistent depth
predictions. However, we leverage geometry and explicitly
account for the implications of perspective projection when
propagating the latent encodings.

Our key contributions are as follows: (i) We propose
a compact, cost-volume-based, stereo depth estimation net-
work that solely relies on 2D convolutions to obtain real-time
and memory efficient processing. (ii) We extend our model
with a ConvLSTM cell, an explicit hidden state propagation
scheme, and a training/inference strategy to enable spatio-
temporal information flow. This extension significantly im-
proves the depth estimation accuracy, while creating only a
small computational overhead, c.f. Fig. |. (iii) We set a new
state-of-the-art on ScanNet [11], 7-Scenes [16], TUM RGB-
D [47] and ICL-NUIM [18], c.f. Tab. |, while obtaining the
lowest runtime and a small memory footprint, c.f. Fig.

2. Related Work

The most common representation for learning-based MVS
is depth map, where 3D reconstruction is performed at a
later stage, if needed. Compared to direct inference in 3D
space with either an explicit voxel discretization [23, 25],
point-based representations [8], implicit neural scene repre-
sentations [34,35], or direct regression of a truncated signed
distance function (TSDF) [36], depth map representations
are more versatile and can be used for various other tasks
in addition to 3D reconstruction. Furthermore, this simple
2D representation appears to be more memory efficient and
capable of delivering real-time information.

Depth Map Prediction with Learned MVS. Most learning-
based MVS methods follow traditional plane-sweeping [10,
15] to generate a cost volume from a designated reference
and a measurement frame. On the one hand, methods such
as MVSNet [53] and DPSNet [21] build 4D feature vol-
umes [26], and regularize the feature volumes by employing
3D convolutions, a process that delivers high accuracy, but is
computationally demanding. On the other hand, MVDepth-
Net [51] and [54], directly generate 3D volumes by com-
puting traditional cost measures on image features or RGB
values. This allows basing the network architecture on 2D
convolutions, which are faster than the 3D counterpart, and
better suited for real-time applications. As a compromise,
predetermined cost measures decimate the color and feature

information, which is often tackled by providing the refer-
ence image to the network, in addition to the cost volume.
Targeting real-time performance, we propose a similar, es-
pecially lightweight network based on these principles as
our backbone. A notable exception to cost-volume-based
MVS is DELTAS [46], which learns to detect and triangulate
interest points in the input images, and densifies the sparse
set of 3D points to produce dense depth maps. However, the
different approach of DELTAS can still be extended by our
fusion framework.

Depth Estimation from Video. In typical video data, suc-
cessive frames are strongly correlated and spatially close in
the 3D space. Several single image depth prediction meth-
ods [39,50, 58] and stereo depth estimation methods [57,59]
have shown that modelling the temporal relations or intro-
ducing optimization constraints among frames can improve
the depth/disparity predictions.

In [50], only monocular image sequences are input and
the temporal relations between image representations are
modeled by placing many ConvLSTM cells in a single
image depth estimation network. Similarly, [58] employs
ConvLSTM to model the relations between the successive
frames, and extend their model with a generative adversarial
network [17] and a temporal loss, to enforce consistency
among video frames. Despite achieving temporal consis-
tency and visually pleasant results, [50] and [58] cannot
ensure geometric correctness due to the lack of geometric
foundation based on image measurements. In [39], input
frames and sparse depth cues are encoded together, then
relations between consecutive latent encodings are modeled
through a ConvLSTM. Finally, the dense depth predictions
are output by a decoder. [59] propose an unsupervised learn-
ing setting on stereo videos. They take the stereo image
sequences as input and exploit the temporal dynamics by
placing two separate ConvLSTMs in their network to predict
more accurate disparity maps. [57] establishes temporal
and stereo constraints on consecutive frames of the stereo
sequence to improve the joint pose and depth estimations in
their unsupervised framework. In contrast, known camera
poses, e.g. MVS, do not only enable triangulated metric mea-
surements from arbitrary set of frames, but also the transfer
of the past scene geometry encodings into the current view
geometry, which improves the accuracy in our model.

Lately, video input has been leveraged also in learning-
based MVS. GP-MVS [20] extends MVDepthNet by intro-
ducing a Gaussian Process (GP) at the bottleneck between
the cost volume encoder-decoder of MVDepthNet. The
method constructs a GP prior kernel from a similarity mea-
sure between the known camera poses. This introduces soft
constraints at the bottleneck layer and encourages the model
to produce similar latent encodings for the frames that have
similar poses. They also propose an inference scheme that
evolves the GP in state-space for online operation. In com-

15325



parison, we fuse the latent encodings through learned convo-
lution filters, after perspective correction, whereas GP-MVS
performs non-parametric fusion constrained by pose pri-
ors, without any perspective correction. Neural RGBD [32]
estimates a depth probability distribution per pixel, and prop-
agates the resulting probability volume through time. As
successive video frames are processed, the depth probability
volumes are aggregated under a Bayesian filtering frame-
work, which contributes to the confidence of a pixel’s depth
hypothesis. In contrast, we propose to do the fusion at an
earlier stage and operate on the latent encodings at the bottle-
neck, instead of explicitly working on probability volumes.

3. Method

For an online multi-view stereo system (with no temporal de-
lay) that works on posed-video input, the supervised learning
problem can be formulated as

]/jt:fé’(]:tv:[t—h e aIt—zS»Ttht—la e ;Tt—(saK)a (1)
0* = argmin,, | (f)t, Dt) . )

The task is to learn a predictor fp with a set of learnable
parameters 6 that can infer a depth map D;, which is as
close as possible to the groundtruth depth D, [27] by having
access to the camera intrinsic matrix K, images I and camera
poses T € SE(3), corresponding to the current time step
t and a number of § previous time steps t — 1,...,t — 4.
I(+,-) is the loss between the inferred and the groundtruth
depth map, which we want to minimize over a large dataset.

Our approach is discussed in two sections. Sec. 3.1 intro-
duces a cost-volume-based, stereo depth prediction network,
c.f. Fig. 2. This lightweight model serves as the backbone
structure that we build upon. Sec. 3.2 discusses our novel ap-
proach that integrates information flow between successive
frames in the latent space over time, c.f. Fig.

3.1. Pair Network

This section introduces our pair network, a modified ver-
sion of [51] that integrates additional feature extraction and
feature pyramid network (FPN) [31] modules into the archi-
tecture, c.f. Fig. 2. The model function fjy is acquired by
assigning § = 1 in Eq. 1, i.e., it takes an intrinsic matrix,
a reference image at time ¢, one measurement image from
time t—1 and their poses, and predicts a depth map for the
reference frame. The network consists of five main parts.

Feature Extraction with FPN. Our feature extraction is
based on MnasNet [49], which is chosen due to its low-
latency. To increase the receptive field and recover the spa-
tial resolution, it is extended with a feature pyramid net-
work (FPN), which is shown to be effective for object de-
tection tasks [31]. MnasNet layers spatially scale down the
feature maps until %x% and the FPN recovers the resolu-
tion up to %x% As the result of all convolution operations,

a feature at the center of the half resolution feature map has
a receptive field of 304 x304. The output channel size of the
FPN is CH =32. The cost volume is constructed using only
the feature maps at half resolution, while the lower resolution
feature maps carried to the encoder with skip connections
for additional high-level feature information.

Cost Volume Construction. We generate a cost volume by
employing the traditional plane-sweep stereo [10, 15] with
M =64 plane hypotheses, each parameterized by its depth
dr, and uniformly sampled in inverse depth space (uniform
in pixel space) within the interval corresponding to dy,cq, =
0.25, d f4, =20 meters. The cost induced by the m!" depth
plane is calculated from the pixel-wise correlation between
the reference feature map F and the warped measurement
feature map F™. Our cost volume V is then composed as

Vijm = —(Fij. F/L)/CH, forl<m<M. (3)
Cost Volume Encoder-Decoder. The key purpose of the
encoder-decoder is to spatially regularize the raw cost vol-
ume with a U-Net [43] style architecture. The encoder ex-
tracts the high-level, global scene information and aggregates
the pixel-wise matching costs with the help of the feature
maps coming from the feature extraction step. The decoder
gradually upsamples the high-level encoding to the finer res-
olutions, using the low-resolution inverse depth maps and

the skip connections coming from the encoder as guidance.

Depth Regression and Refinement. After acquiring the
encoding Y at the output of each decoder block, we apply
one 3%3 convolution filter w and a sigmoid activation o. We
pass this tensor to the next decoder block or the refinement
block as a guidance, and also regress a depth map from it.
For a pixel location (4, j) in D, the regression is

~ 1 1 1\ !
B, = (( - dfw) o (w5 Y)i,) + dfw) @

The finest resolution that the decoder produces is %x% To
acquire Y at full resolution, we first upsample the output
encoding of the final decoder block together with the cor-
responding inverse depth map prediction and concatenate
these with the input image. Then, we pass this tensor to two
more convolutional layers.

Loss Function. For our loss function, we accumulate the
average L1 error over the inverse depth maps at each output
resolution considering only valid groundtruth values.

3.2. Spatio-temporal Fusion

We now present our framework that extends our pair net-
work to incorporate knowledge about the past into the cur-
rent prediction when processing video streams. In essence,
we include a ConvLSTM cell to our network between the
encoder and the decoder at the bottleneck to model the spatio-
temporal relations, c.f. Fig.
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Figure 2: Sketch of our pair network that consists of five main parts. First is the shared feature extraction with feature pyramid network to
acquire feature maps from input images. Second is the cost volume construction module that builds a 3D cost volume using the extracted
features. Then, an encoder-decoder network regularizes the cost volume. We allow the encoder to take cues from extracted feature maps by
placing skip connections from the feature extraction module. Finally, the model regresses depth maps at multiple resolutions including the

input image resolution after a small refinement block.

Our ConvLSTM cell logic is based on [38], a variant of
the original version [45]. Let H and C denote the hidden
state and the cell state and X denote the output of the encoder
at the bottleneck, then, the logic is written as

iy =0 (Wy x Xy +wp « Hyq)
ft = O'(Wwf * Xt + Wphr * Ht—l)

01 = 0 (Wyo % Xy + Wpo x Hy 1)

g: = ELU (layernorm(w g * X; + wpg * Hy_1))
C; = layernorm(f; ® C;_; +i; ©® )
Ht =0+ ©® ELU (Ct) 5 (5)

where * denotes convolution, ® the Hadamard product, o
the sigmoid activation and w are learned convolution filter
weights. We empirically found that ELU activation [9] leads
to better results than tanh, and Layer Normalization [4],
without learnable parameters, stabilizes the model by pre-
venting values from growing uncontrollably and enforcing
zero mean / unit variance per channel in C. We also observed
that ConvGRU [5] cell, while being a resource-wise cheaper
option, perform worse than ConvLSTM when used in our
fusion scheme. Hence we opt for the latter. For analyses
on the recurrent cell choice and the activation-normalization
options, please refer to the supplementary material.

Naive Fusion. Ensuring that H’s and X’s dimensions are
equal (so that the decoder of the pair network can be used
without any modification), and letting S denote the skip
connections from the encoder to the decoder, a simple model

for the fusion could be written as

Xt,St = encoding(It, Itfl, Tt, thla K)
Ht, Ct = CCH(Xt, Ht—l; Ct—l)

D, = decoding(H;, S;). (6)

Note that (c.f. Eq. 5), X4, the output of the encoder at the
bottleneck and the hidden state H;_; are directly interacting
with each other, while being encoded from different view-
points. Under the assumption that X and H are purpose-
wise similar latent representations, encapsulating both the
visual (image features) and the geometric (cost encoding)
information, Eq. 6 forces the ConvLSTM cell to capture
the pose-induced image motion between the two encodings,
which can be challenging due to large disparities in near
objects, occlusions, rapid rotations, efc.

Proposed Fusion. Hence, we find it beneficial to partially
account for the viewpoint changes while propagating the hid-
den state H;_; to the next time step. Having access to the
past and current camera poses and using the current recon-
struction as a proxy, we warp the hidden representation H;_;
to the current viewpoint to acquire ﬁt_l. Such warping can
be implemented as either forward or inverse mapping. The
former is quite involved [37] and would require non-trivial
visibility handling and differentiable rendering, with an ad-
ditional impact on processing time. Using bilinear grid sam-
pling [22], the latter is a fully differentiable and lightweight
operation, and lets us keep the overall runtime low. To com-
pute the sampling locations, we estimate a (partial) depth
map D, for the current time step before starting the forward
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Figure 3: In our fusion approach, the pair network is extended with a ConvLSTM cell placed between the encoder and the decoder. The
current frame and the previous frame(s) are used for computing a cost volume. The encoder takes the cost volume and produces a latent
encoding at the bottleneck. The current latent encoding then participates in the convolutions in the ConvLSTM cell together with the warped
hidden state coming from the previous time step forming a Markov chain. After the fusion, the new hidden state is passed through the
decoder which outputs the depth predictions in the same way as the pair network.

pass. To that end, we project (handling occlusions) a small
point cloud, which is estimated from the previous depth
prediction D;_1, onto the current camera plane. Then, we
sample the hidden representation H;_; to get ITIt,l. Here,
recall that the input resolution get spatially downscaled by
1/32, while the channel size increases significantly at the
bottleneck. This relaxes the need for perfect warpings as it
enables the receptive fields in the ConvLSTM cell to per-
ceive a considerable amount of information. Therefore, we
transform the model into

D, = projection(f)t_l, T; 1, T;, K)
H,_, = warping(H,_;, D;)
X+, S¢ = encoding(I;, I;—1, Ty, Ti—1, K)
H,,C, = cell(X,;, H;_1, C;_1)
D, = decoding(H;, S;). (7

We argue that our formulation results in an easier learning
problem for the ConvLSTM cell, since Eq. 7 alleviates the
need to capture the flow of the visual representations along
with learning to fuse the encodings. We interpret this scheme
as the ConvLSTM cell aggregating the prior geometric cost
and the current geometric cost for the overlapping regions.

To set the training in motion and stabilize the behaviour,
we use the groundtruth depth map D in place of D; in Eq. 7
and switch to the testing strategy only at a late stage, where
we solely finetune the cell. This guides the ConvLSTM first
with accurate warpings, and then allows it to adapt to the
testing configuration slowly.

4. Experiments

Our model is implemented in PyTorch and trained using
one NVIDIA GTX 1080Ti GPU, Intel i7-9700K CPU. The
fusion network is trained with a mini-batch size of 4 and a
subsequence length of 8. Input image size is 256256 for
which we crop the original image to a square, then scale.
Additional technical details and the exact training procedure
are provided in the supplementary. In summary, we first
train the pair network independently and use the weights to
partially initialize our fusion network. We start by training
the cell and the decoder, which are randomly initialized,
and then gradually unfreeze the other modules. Finally, we
finetune only the cell while warping the hidden states with
the predictions. To prevent overfitting of the regression part,
we employ a variant of geometric scale augmentation [51],
with a random geometric scale factor between 0.666 and 1.5.

4.1. Dataset

Training our spatio-temporal fusion network based on short-
term memory demands longer input sequences. Therefore,
we opt for the ScanNet [11] dataset’s official training split to
train and validate our models. For testing, we use ScanNet’s
100 sequence official test split and a diverse collection of se-
quences, without large dynamic objects, from other datasets.
We select 13 sequences from [16], 8 from [28], 13 from [47],
and 4 from [18,48] (c.f. Tab. 1). Altogether, there are around
31K images in the test set. The official distribution of [16]
does not supply aligned color and depth images, so we use
the rendered depth maps provided by [7] for evaluation.
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MVDe DPSNet Ours GPMVS Ours

MVDep (FT) P DPSNet (FT) DELTAS (Pair) NRGBD GPMVS (FT) (Fusion)
SCANNET

abs 0.1953 0.1671 0.2185 0.1607 0.1492 0.1454 0.2361 0.2027 0.1491 0.1187

abs-rel 0.0970 0.0869 0.1192 0.0828 0.0783 0.0736 0.1220 0.1088 0.0762 0.0599

abs-inv 0.0621 0.0540 0.0710 0.0530 0.0506 0.0468 0.0745 0.0669 0.0490 0.0381

6 <1.25 0.8947 0.9252 0.8682 0.9254 0.9383 0.9459 0.8501 0.8893 0.9396 0.9654
7-SCENES

abs 0.2029 0.2012 0.2486 0.1966 0.1911 0.1860 0.2143 0.1962 0.1737 0.1448

abs-rel 0.1157 0.1165 0.1486 0.1148 0.1139 0.1073 0.1312 0.1178 0.1003 0.0829

abs-inv 0.0732 0.0708 0.0847 0.0729 0.0717 0.0653 0.0756 0.0756 0.0641 0.0537

6 < 1.25 0.8687 0.8768 0.8257 0.8708 0.8821 0.8936 0.8645 0.8723 0.9034 0.9380
RGB-D V2

abs 0.1387 0.1310 0.1520 0.1320 0.1581 0.1433 0.1227 0.1576 0.1275 0.1256

abs-rel 0.0853 0.0846 0.1069 0.0835 0.1098 0.0891 0.0871 0.1029 0.0773 0.0765

abs-inv 0.0617 0.0637 0.0763 0.0623 0.0811 0.0667 0.0700 0.0761 0.0559 0.0566

6 <1.25 0.9417 0.9562 0.9057 0.9422 0.9137 0.9461 0.9373 0.9256 0.9575 0.9707
TUM RGB-D

abs 0.2902%* 0.3260 0.2958%* 0.3045 0.3525 0.3535 0.3185 0.2443* 0.2938 0.2878

abs-rel 0.1172% 0.1259 0.1335* 0.1184 0.1273 0.1247 0.1209 0.1038* 0.1103 0.0975

abs-inv 0.0643* 0.0715 0.0758* 0.0722 0.0753 0.0736 0.0681 0.0604* 0.0643 0.0551

6 <1.25 0.8597* 0.8304 0.8314* 0.8347 0.8177 0.8249 0.8402 0.8892* 0.8563 0.8845
ICL-NUIM

abs 0.1392 0.1574 0.1695 0.1491 0.1953 0.1771 0.1730 0.1667 0.1558 0.1496

abs-rel 0.0581 0.0637 0.0756 0.0612 0.0844 0.0723 0.0764 0.0709 0.0623 0.0587

abs-inv 0.0305 0.0328 0.0367 0.0359 0.0458 0.0402 0.0365 0.0356 0.0323 0.0297

§ < 1.25 0.9468 0.9477 0.9348 0.9401 0.9192 0.9331 0.9318 0.9381 0.9442 0.9571

Table 1: Performance on: i. ScanNet test set, ii. 13 sequences from 7-Scenes , iii. 8 sequences from RGB-D Scenes V2, iv. 13 sequences
from TUM RGB-D and v. 4 sequences from Augmented ICL-NUIM. Except Neural RGBD that uses 4 measurement frames, all evaluated
methods use a single measurement frame. F7T denotes finetuned on ScanNet. Bold is the best score, overline indicates the second best score.
The vertical line separates video agnostic (left) from video aware (right) methods. * the method is already trained on most of the test frames.

4.2. Frame Selection

View selection, i.e. picking the right measurement frame for
a reference frame, is an often overlooked but crucial aspect
for balancing triangulation quality, matching accuracy, and
view frustum overlap. To that end, we utilize the pose-
distance measure proposed by [20]

. 2
d’LSt [Trel] = \/||trel||2 + g tr (]I — Rrel), (8)

where T\) = Ryel | trel | denotes the relative pose between
two cameras. We empirically found that a maximum pose-
distance of 0.35 £ 0.05 and a translation of 10 cm + 5 cm
ensures sufficient baselines and image overlaps for indoor
scenes, while being realistic for potential hand-held opera-
tion cases. For training, we augment our dataset further by
sampling subsequences with thresholds from the prescribed
range, where each consecutive frame obeys a given threshold.
For testing, we simulate an online system that buffers the
last 30 keyframes and updates the buffer frequently. If the
pose-distance from the most recent keyframe is above 0.1,
we add a new one, and rank the buffered keyframes w.r.t.

2
penalty(Tre) = a||tre|| — 0.15)% + St (I-Rye)

5.0 if ||t <0.15

1.0 if [|t.eq|| > 0.15,
which prefers relative camera distances of 15 cm to select
the desired number of measurement frames.

4.3. Comparison with Existing Methods

We compare our method with five state-of-the-art, learning-
based MVS approaches: MVDepthNet [51], GP-MVS [20]
(in online mode of operation), DPSNet [21], Neural
RGBD [32], and DELTAS [46]. Recall that MVDepthNet,
DPSNet, DELTAS and our pair network do not exploit the
sequential structure of the video input and only consider a
given amount of frames at a time. In contrast, GP-MVS, Neu-
ral RGBD, and our proposed fusion approach are tailored
for operating on video streams. We finetune MVDepthNet,
GP-MVS and DPSNet on the ScanNet training set for up to
200K iterations and use the model with the best validation
loss. We evaluate these both before and after finetuning.

Quantitative Evaluation. We use the following standard
metrics [12,46] to acquire quantitative results: mean absolute
depth error (abs), mean absolute relative depth error (abs-
rel), mean absolute inverse depth error (abs-inv), and inlier
ratio with threshold 1.25 (6 < 1.25). Since most of our
competitors are limited to a minimum depth of 0.5 meters,
we do not consider the groundtruth measurements below this
threshold for evaluation. For a fair comparison on full field
of views, we run the inference for our models at 320 x 256
resolution without cropping. We acquire the predictions of
each method at their native input resolutions by following
their suggested scaling, then upsample the predictions with
nearest neighbour interpolation to the original size (640x480)
before calculating the metrics.
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2500

. [
1 Measurement Frame 2 Measurement Frames 3 Measurement Frames g 2000
abs abs-rel abs-inv abs abs-rel abs-inv abs abs-rel abs-inv z
£ 15001 2
MVDepthNet | 0.1770  0.0892  0.0548 0.1757  0.0877  0.0542 0.1739  0.0872  0.0544 %
GPMVS | 0.1589  0.0786  0.0498 0.1588  0.0779  0.0496 0.1609  0.0800  0.0513 5 10004 o MVDepth-FT
DELTAS | 0.1659  0.0837  0.0533 0.1600  0.0798  0.0505 0.1562  0.0776  0.0492 o B @ GPMVS-FT
Ours (Pair) | 0.1614  0.0783  0.0492 | 0.1587  0.0757  0.0475 0.1537  0.0729  0.0457 500 DPSNet-FT
Ours (Fusion) | 0.1318  0.0634  0.0397 | 0.1320 0.0619  0.0387 | 0.1298  0.0609  0.0381 — 40+ {3 NS IIEE:iD
@ @ DELTAS
Table 2: Effect of using multiple measurement frames. Our view selection heuristic is used. ot + 5 CEs @)
= 304 Y& Ours (Fusion)
=}
Our Keyframe Buffer Every 10" Frame Every 20" Frame é 204 o
abs abs-rel  abs-inv abs abs-rel  abs-inv abs abs-rel abs-inv E
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DELTAS | 0.1600  0.0798  0.0505 0.1694  0.0858  0.0555 0.1712  0.0885  0.0574 10 12 14 16 18 20 22 24 26
Ours (Pair) | 0.1587  0.0757  0.0475 0.1686  0.0814  0.0530 | 0.1583  0.0770  0.0500 Absolute Error (cm)
Ours (Fusion) | 0.1320  0.0619  0.0387 | 0.1398  0.0663  0.0426 | 0.1376  0.0663  0.0429

Figure 4: Speed and memory con-

Table 3: Effect of applying our view selection heuristic. Two measurement frames are used.

Tab. | summarizes our results. Our pair network per-
forms on par with state-of-the-art competitors. With spatio-
temporal fusion, we outperform the existing methods in 70%
of all the metrics. Notably, our spatio-temporal fusion ap-
proach steadily improves the performance of the backbone
across all test sets. For instance, when averaged over all test
sets, we get 19.3% improvement in absolute inverse depth
error, c.f. Tab. 2. In comparison, the finetuned GP-MVS im-
proves over its MVDepthNet backbone by only 9.1%. Note
that, both fusion strategies can extend many other existing
approaches to leverage the past information. Being trained
on ScanNet’s official training split, DELTAS performs well
on the ScanNet test sequences, but their performance drops
below many of the other methods on the rest of the test sets.
In contrast, our fusion approach generalizes well and delivers
across the board. Even on TUM RGB-D, it is competitive
against methods that are already trained on most of the fest
frames. Overall, our fusion model outperforms the best com-
petitor, finetuned GP-MVS by a large margin, e.g. by 20.3%
in absolute inverse depth error (c.f. Tab. 2).

Qualitative Evaluation. Fig. 5 compares the methods qual-
itatively. Reconstructions of Neural RGBD appear noisy
and blurry. MVDepthNet and DPSNet suffer from prevalent
gridding artifacts, visible in (b), (c) and (g). Being based
on MVDepthNet, GP-MVS cannot completely eliminate the
artifact, e.g. visible in (c). The depth maps of DELTAS are
visually pleasant but blurry around edges at depth disconti-
nuities. Overall, our fusion approach appears to be the one
that is closest to the groundtruth and visibly improves upon
our pair network. For instance, the corner of the kitchen
in (a), the shelves in (c¢), arm of the sofa in (e), or the far wall
in (g) are assigned more coherent depth values.

Fig. 6 shows TSDF reconstructions, acquired using the
toolbox from [56], from ScanNet and 7-Scenes. The in-
creased consistency among the depth predictions of our fu-

sumption in relation to depth predic-
tion performance on ScanNet.

‘ abs ‘ abs-rel ‘ abs-inv

Pair Network 0.1614 0.0783 0.0492

Fusion without warping (Eq. 6) 0.1495 0.0697 0.0436
Fusion with warping (Eq. 7) 0.1318 0.0634 0.0397

Table 4: Effect of the proposed hidden state propagation scheme.

sion network result in less noisy reconstructions, the walls
appear flat and geometry of the scene is preserved the best.
For instance, only our method allows to identify the armchair
in the bottom row.

Runtime and Memory. Fig. 4 relates the absolute error to
the memory consumption and average runtime of a single
forward pass, measured on NVIDIA GTX 1080Ti. Exact
numbers are provided in the supplementary. Our methods are
the fastest and most accurate, especially our fusion approach
delivers unmatched prediction quality at a high frame rate.

4.4. Ablation Studies

For our ablation studies, we average the performance over all
test sequences. We present only the most important results
here and more studies can be found in the supplementary.

Propagating the Hidden State by Warping. Tab. 4 shows
that already the naive fusion scheme achieves on average
about 10% improvement over the pair network, while the
proposed propagation scheme delivers a similar gain on top.

Number of Measurement Frames. MVS methods typi-
cally use several measurement frames to gain robustness and
coverage at the expense of time and memory. Our fusion
approach is orthogonal to this idea, and one can similarly
construct and average multiple cost volumes. As Tab.
shows, additional views tend to improve the performance,
but it can stagnate after a number of measurement frames.
While DELTAS and our models steadily benefit from more
measurements, the abs-inv error of MVDepthNet and GP-
MVS, for instance, increases at three views.
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Figure 5: Example depth predictions from all test sets. Examples (a), (b) and (c) are taken from ScanNet, (d) from 7-Scenes, (e) from
RGB-D Scenes V2, (f) from TUM RGB-D SLAM, and (g) from Augmented ICL-NUIM.
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Figure 6: TSDF reconstructions from ScanNet (top) and 7-Scenes (bottom). Our fusion approach produces less noisy and geometrically
more consistent depth predictions that result in accurate 3D reconstructions, e.g. straight walls, perpendicular corners, armchair, sofa.

Frame Selection. Tab. 3 shows that even a simple view
selection heuristic enables consistently better predictions,
compared to the common sampling rates (about 10% on
average). Note that, our frame selection heuristic affects
all methods in a similar manner. Still, all evaluated MVS
methods, including ours, are robust enough to also work
under naive sampling of every 10" or 20" frame in a video.

5. Conclusion

In this work, we tackle the problem of predicting depth maps
from posed-video streams. Our approach exploits the tem-
porally structured input and can be operated as an online

multi-view stereo system, while estimating very accurate
depth maps in real-time. Starting from a lightweight stereo
backbone, we integrate a memory cell that acts as a fusion
module and agglomerates the information obtained within
the bottleneck encodings of our backbone over time. To
remedy the viewpoint dependence of the fused encodings,
we explicitly transform the hidden state of the ConvLSTM
cell, while propagating it through time. Our proposed ap-
proach outperforms the existing state-of-the-art methods in
most of the evaluation metrics and generalizes well to all
considered test sets. We also achieve a significantly faster
inference time than all competitors, while keeping a low
memory consumption.
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