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Abstract

(b) Current ToF depth (c
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Depth images captured by Time-of-Flight (ToF) sensors are
prone to noise, requiring denoising for reliable downstream n
applications. Previous works either focus on single-frame

processing, or perform multi-frame processing without con-
sidering depth variations at corresponding pixels across
frames, leading to undesirable temporal inconsistency and |

spatial ambiguity. In this paper, we propose a novel ToF
depth denoising network leveraging motion-invariant graph

(e) MTDNet

—.

fusion to simultaneously enhance temporal stability and Figure 1. lllustration of (a) GT depth, noisy ToF depth in (b) cur-

rent frame and (c) previous frame, (d) single-frame GLRUN [17]
where noise remains, (e) multi-frame MTDNet [9] fusidgpth
features (f) proposed GIGA-ToF fusingraph structures Due to

spatial sharpness. Speci cally, despite depth shifts across
frames, graph structures exhibit temporal self-similarity,

enabling cross-frame geometric attention for graph fusion. depth shifts at corresponding pixels in red rectangles, (e) loses de-

Then, by incorporating an_ image SmQOthness prior on.the tails, while (f) removes noise while preserving sharpness because
fused graph and data delity term derived from ToF noise he neighborhood correlation graphs are motion-invariant.

distribution, we formulate a maximum a posterior problem
for ToF denoising. Finally, the solution is unrolled into it- [5] as shown in Fig. 1(b), which signi cantly impedes their
erative Iters whose weights are adaptively learned from performance in advanced applications.
the graph-informed geometric attention, producing a high- ~ To enhance the quality of ToF depth images, researchers
performance yet interpretable network. Experimental re- have proposed a variety of denoising methods. Early work
sults demonstrate that the proposed scheme achieves statgrimarily focused on statistical model-based ltering tech-
of-the-art performance in terms of accuracy and consis- niques, such as bilinear [36] and non-local means [11] lter-
tency on synthetic DVToF dataset and exhibits robust gener-ing. Leveraging progress graph signal processinfGSP),
alization on the real Kinectv2 dataset. Source code is avail- ToF depth denoising is formulated asveaximum a pos-
able at https://github.com/davidweidawang/GIGA-ToF. teriori (MAP) problem using graph-based image priors to
promote depth image properties such as sparsity [16] or
smoothness [32, 41]. With the advent of deep learning,
1. Introduction methods based on deep neural networks (DNNs) achieve the
) i i ) state-of-the-art (SOTA) performance [6, 15, 30, 34]. How-
Continuous-wave Time-of-Flight (ToF) sensing [4] has eyer most existing DNN schemes focus single-frame
emerged as the mainstream 3D imaging scheme due 10 it$,cessingand ignore cross-frame correlations, resulting
real-time response speed and low power consumption, €My, yndesirabletlemporal inconsistencyFig. 1(d) exempli-
powering various applications such as robotics [22], 3D re- g the single-frame scheme GLRUN [17], where the result

construction [18], augmented reality [L@fc For brevity,  contains noticeable noise due to limited intra-frame infor-
we hereinafter refer to continuous-wave ToF sensors as TOFmation for denoising, further leading to temporal jittering.

sensors. However, depth images captured by ToF sensors

. ) : This motivates recent multi-frame processing methods
are subject to noise at distant, low-re ectance, glossy areas o

xploiting temporal correlation inherent in ToF depth video.
*indicates equal contribution. These methods typically estimate scene ow [20, 35] or
Corresponding author: Jin Zeng. inter-frame correlation [9] to establish correspondence be-
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tween pixels in different frames, based on which the fea- and 13.2% in TEPE. In addition, we show strong general-
tures of corresponding pixels are fused to reconstruct nal ization ability of GIGA-ToF to real unseen Kinectv2 data.
depth output. However, depth values of the same object
are changing in different frames due to camera motions as?, Related Works
shown in Fig. 1 by comparing (b) and (c), so depth features o
are usually inconsistent across frames. Dudetmporal 2.1. ToF Depth Denoising
variation of depthdirect fusion of depth features may result 1o depth denoising methods can be categorized into
in spatial ambiguitywhere features with shifts are fused. model-based and DNN-based approaches. Model-based
Fig. 1(e) exempli es the multi-frame processing MTDNet methods rely on mathematical models derived from sig-
[9] fusing depth features, resulting in loss of details. nal priors [13, 36]. Recently, leveraging progress in GSP
On the contrary, we fusmotion-invariant graph struc-  [7, 25], ToF depth denoising is formulated as a MAP prob-
tures simultaneously enhancing temporal stability and spa- lem using graph-based image priors [16, 32, 41]. However,
tial sharpness. As illustrated in Fig. 1(b) and (c), despite rule-based modeling can be suboptimal in practice due to
the depth value shifts, the graph structures re ecting corre- the complicated nature of real noise.
lations among neighboring pixels are similar in currentand  Recent works focus on DNN-based methods for ToF de-
previous framesi.e., representing the shape of the teapot. noising. While many approaches directly denoise gener-
This motivates us to construct intra-frame graphs to en- gted depth images [21, 37], errors accumulate during depth
code pixel correlations within depth images, then establish construction from raw ToF data, resulting in distinctive ToF
cross-frame geometric attention to fuse graphs in currentdepth noise distributions and posing dif culty on denoising
and reference frames. In this way, the temporal correlation[34], This motivates various methods to process raw ToF
is ef ciently utilized to generate smooth results with spatial gata and build end-to-end networks to produce denoised
sharpness as shown in Fig. 1(f). depth images [1, 6, 14, 33, 34]. For example, ToFNet
Apart from the spatial ambiguity issue, existing DNN [34] generated restored depth from raw ToF data with a
schemes are usually trained on synthetic data due to themulti-scale network, signi cantly improving imaging qual-
dif culty in acquiring ground truth [14, 34], resulting in  ity. Despite the advancements in both model-based and
poor generalizationo real data. Although existing schemes DNN-based approaches, most existing ToF denoising meth-
adopt domain adaptation to enhance the network robustnessds operate in a frame-by-frame manner, neglecting cross-
to real noise [1, 2], the performance still fails at high noise frame correlation. This results iremporal inconsistency
levels. In contrast, we incorporate the image smoothnessand hinder application of ToF depth in downstream tasks
prior de ned on the fused graph into the network architec- where temporal stability is essential for robust performance.
ture, restricting its solution space [24] and enhancing gen-
eralization to real data. Speci cally, leveraging the fused 2.2. Temporal ToF Depth Denoising

graph to impose image smoothness prior and incorporating, hractical applications, depth restoration is typically per-
the data delity term based on the ToF depth noise distri- tormeq on video streams rather than individual frames.
bution, we formulate the MAP problem for denoising TOF Neyertheless, there is relatively little work focusing on uti-
raw data. The solution is unrolled into iterative lters whose lizing temporal correlation and maintaining temporal sta-
v_veig_hts are dynamically learned from the geometric att_en- bility for ToF depth denoising. In model-based methods,
tion informed by cross-frame graph fusion. The resulting (o mporal correlation is utilized in signal modeling, such as
network combines high performance with graph spectral nqtion vector smoothness prior in the graph domain [38]
interpretability, facilitated by the graph-informed geomet- .4 patch similarity prior based on optical ow [23], but

ric attention (GIGA) moduland is referred to a8IGA-ToF 0 ontimization is usually computationally heavy and is in-
network. Our contributions are summarized as follows. feasible for real-time processing

We utilize cross-frame correlation by fusing motion- In DNN-based methods, while ConvLSTM [29] fused
invariant graph structures, which simultaneously en- concatenated frames without alignment, DVSR [35] and
hances temporal consistency and spatial sharpness; CODD [20] estimated scene ow for multi-frame align-

We formulate the MAP problem for ToF denoising by ment, based on which the features of corresponding pixels
leveraging the fuse graph to impose image smoothnessvere fused. MTDNet [9] leveraged both intra- and inter-
prior; the network is designed by unrolling the solu- frame correlations for multi-frame ToF denoising, guided
tion into iterative Itering to enable adaptive Iter weight by a con dence map to prioritize regions with strong ToF
learning from the graph-informed geometric attention;  noise. Nevertheless, since depth at corresponding pixels
We demonstrate the enhanced accuracy and consistencyaries across frames [2@irectly fusing cross-frame depth

of GIGA-ToF on the synthetic DVToF dataset, outper- features for depth reconstruction results in loss of details
forming competing schemes by at least 37.9% in MAE as shown in Fig.1(e). Moreover, existing temporal ToF
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denoising networks angurely data-driven and ignorant of
ToF sensing mechanism, resulting in poor generalization to
real data due to dif culty in acquiring ground truth.

In contrast, we fuse graph structures across frames
which are motion-invariant, which resolves spatial ambigu-
ity while promoting temporal consistency. Moreover, we
incorporate the smoothness prior based on fused graph wit
the data delity term based on ToF depth noise distribution
in the network design, enhancing generalization to real data

_______

Seo

2.3. Generalizable ToF Depth Denoising

Although model-based methods [23, 38] without the notion
of training are robust to unseen real noise, but the optimiza-
tion is computationally costly. On the other hand, DNN-

based schemes achieve SOTA performance on syntheti
data but are limited in generalization to real noise. UDA
,[l] "_idOpte,d, domaln_adaptat_'on to gnhance network general pairs in framet. The graph weights are learned in graph-informed

ization ability but failed at high noise levels. GLRUN [17] geometric attention (GIGA) mechanism, which updates the adja-

utilized algorithm unrolling of graph Laplacian regulariza- cency matrix in current frame using that in reference frame.
tion [27, 40], resulting in a robust and ef cient network.

Nevertheless, these schemes focus on single-frame processr problem Formulation

ing where temporal correlations are not utilized, while we

develop an interpretable network based on temporal self-GivenT continuous frames of noisy ToF raw data y;, 2
similarity of graph structures inherent in ToF data, enhanc- RN in vectorized form, where 2 [1; T]is the frame index,

é:igure 2. lllustration of cross-frame graph fusion, where the intra-
frame graph in reference franbe 1is mapped to current frante
via inter-frame graph with 2-hop or 3-hop paths connecting pixel

ing accuracy and robustness to real unseen noise.

3. ToF Imaging Mechanism Overview

To measure the deptty of an object, the laser of the ToF
sensor emits a periodic sigrelt), which is typically mod-
ulated by a sinusoidal function with frequenfgy. The re-
ected signals; (t), captured by the sensor, exhibits a phase
shift  relative tose(t) after the signal travels a distance
of 2x4 [39]. is then measured by computing the correla-
tion betweers, (t) and a phase shifted versiong{(t) with
phase offset, resulting in raw measurements:

z

1 z
= +
T, S (t)se(t

T

Tl!rln 2f m dt (1)

FCos( + )+ | 2)
whereT is the exposure time, is the signal amplitude,
is the ambient light intensity. By measurileg for multi-
ple phase offsets, the raw ToF pairj.e., in-phasex; and
quadraturexqg components of , are computed as [33],

X X

Xj = cos()C; Xq = sin( )c ;

®)

so that is given as = arctan(xq=x;). Then depthxq
and amplitudex, are reconstructed from andxq as

q

_ € _ carctan(xq=x;) .
T 4f 4f ’
wherec is the light speed.

2.
q’

2
Xd X2 + X

(4)

a
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N is total number of pixels, we aim to recovErframes of
cleanx{;x{, 2 RN which is then converted to depth map
x4 2 RN using (4). In this section, we rst de ne intra-
frame graph modeling for each frame of ToF raw data in
Sec. 4.1, then propose the cross-frame graph fusion strat-
egy to exploit graph correlation in the reference frame for
current frame denoising in Sec. 4.2. Finally, leveraging the
fused graph to impose image smoothness prior and incor-
porating the data delity term based on the ToF depth noise
distribution, we formulate the MAP optimization problem
for denoising ToF raw data in Sec. 4.3. The solution to this
problem further guides the subsequent network design.

4.1. Intra>frame Graph Modeling

Since the raw data lie on image grids which naturally de-
nes sparse graph structures [16], we construct 8-connected
undirected graph§, G, for x{, x, in each frame, where
each pixel is connected to its 8 neighbors as shown in Fig. 2
for framet. The corresponding non-negative symmetric
graph adjacency matricé§ {; W 2 RN N represent the
pair-wise correlation between connected pixels. For exam-
ple, the(m; n)-th element ofV/ |, i.e, wi(m;n) 0O, indi-
cates the similarity between pixel andn in x!.

We refer toG , G, asintra-frame graphsvhich are con-
structed independently from other frames. Nevertheless, the
noise corruption in captured ToF raw data may lead to sub-
optimal graph construction, which motivates us to exploit
graph structures in neighboring frames as auxiliary features
to re ne graph construction in the current frame.



4.2. Cross>frame Graph Fusion

4.3. MAP Formulation via Graph Fusion

Due to camera motion and object movement/deformation in To denoisex|; x;, with the captured noisy|;yg, we for-

the dynamic scene, the graph correlati&m$ Y W}]I Lin

mulate a MAP problem using ToF depth noise distribution

the reference frame need to be mapped to the correspondingp compute likelihood term and image smoothness on fused

pixel pairs before fused withV |; W {, in the current frame.

graph for prior term.

To do so, we implement the cross-frame graph mapping asDepth Noise Distribution Induced Likelihood First, we

the composition ointra-frame graphin framet 1 and
inter-frame graptbetween framéandt 1, resulting in the
mapped graplof framet 1. Similar to [9], we take only
the previous frame instead of all tAeframes for reference
so that multi-frame information is propagated in a forward-
only manner. In the following, we illustrate the mapped
graph ConstructiorWit ! for x! and hereinafter eliminate
the notationd andq since the same procedure applies to
the two components.

Inter-frame Graph For each edgém;n) in framet, the
graph mapping aims to utilizé/t * for recomputing the
edge weightd' (m; n), which is given as the sum of weights
of all the possible paths between pixal and n in the
mapped graph. We rst construct inter-frame graptt *
where each pixain in framet is connected to pixels frame

t 1 within the neighborhoodN}, 1. We setN}, ! as a

compute the distribution of depth noisé resulting from
noise iny};y}q. As commonly assumed; andxq are cor-
rupted by additive white Gaussian noise (AWGN) [12, 13],
and the pixels iry}; y, are independent and identically dis-
tributed with multivariate Gaussian distribution. Based on
the depth noise distribution derived in [13, 17], we derive
the log of likelihood ofn; given as a function ok{; x§:
nPMY kXY M vl x vk )
whereX! = diag(x}) is the amplitude, is Hadamard
product. Detailed proof of (7) is provided in Sec.8 in the
supplementary material.
Graph Smoothness PriorDue to the ill-posedness of the
problem, extra prior knowledge describing the character-
istics of x}; x{ is required to facilitate the reconstruction.

g gspatial neighborhood centered at the same coordinateHere, we adopt the widely used graph Laplacian regulariza-

m, which is highlighted in green in frante 1in Fig. 2.

tion (GLR) prior [26] to impose image smoothness on the

Mapped Graph We construct the mapped graph as the cross-frame fused graph given as:

composition ofWt 1 andW?! . To connectm and

n, there are two types of paths, one is the 2-hop path

marked with green dotted lines in Fig.2, whare and
n are connected via the same pixel2 N' 1\N ! 1

and the corresponding graph weights are computed as

Wt L(wtst 1> The other type is the 3-hop path
marked with blue dotted lines in Fig.2, whene and n
are connected via the connected pixel p@irl) where
kil 2N *\N ! 1 and the corresponding graph weights
are computed ag/ *t Twt (wtt 1)>,
In sum, the mapped graph weights are given as:

Wt 1_ W’[;t 1(W tit l)> + W’[;t lwt l(Wt;’[ 1)>

- W’[;t 1(Wt l+ I)(wl;’[ 1)>; (5)
wherel 2 RN N s the identity matrix. Note thatw/ tt *
is shared for componenisanddg.
Cross-frame Fused GraphThen the cross-frame graph fu-
sion is a weighted average of mapped grdph * and orig-
inal intra-frame graphV !, resulting in thefused graptiv t:

Wt(xt;xl 1): Gt Lyt Lywt: (6)

where t depends on framest andx! !, and the non-
negative diagonal matrix ** 1 2 RN N represents the

(x1)” BLoxkixd
2

[ i )
L
(XE)> Efq(xt ;XE Hxt

exp( 2 4 ®)

P (x};x5) = exp(

where | adjusts the sensitivity to variations on graphs, and
the fused graph Laplacian mat® (x!;x! ) is given as:
B xf D= Biedixt D) Widixt D ()
Bi(xi;x{ ) =diag(W{(x\;x{ H1); (10)
wherel 2 RN is an all-one vectorB{(x§; x, 1) is com-
puted with the same procedure.

MAP Formulation The MAP problem is formulated based
on (7) and (8) and is given as:

. 1
min SK(Xa) Hxg vl X yg)ks

. 1 t t t.yt 1 t
N (x})” E}(xz},xit )X} + (xq)” Eq(xz’xq )Xq
L L

; (11)

so that ToF raw data in frantes denoised towardg&mpo-
ral consistencypetween framéandt 1 by utilizing cross-

mapping con dence, so as to avoid the effect of inaccurate frame graph fusion(11) is then approximately solved with

graph mappinge.g, in case of occlusion where the map-

ping is invalid. Note that the graph edge weightéfNri are
end-to-end trained as described in Sec. 5.
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alternating optimization. In each iteration, wex>kI and op-
timizex!, then x x! and optimizex!,, and repeat until con-
vergence. For example, in iteratiopwe setx}, = x& 1,
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Figure 3. Framework of GIGA-ToF network which is composed of (1) the feature extraction network in blue to extract geometric features
from ToF raw data and estimate initial prior weights and intra-graph adjacency matrices, (2) Graph-Induced Geometric Attention (GIGA)
module in yellow to learn graph edges from the geometric features informed by graph structures as shown at the right side, and (3) Unrolled
GLR module in green to denoise ToF data. Output dimensions are shown on top of each layer.

then x x§, =y, = x§" ' and optimizex} as the following solution procedure,
U TO S B C U G R I S S i (A1 C et S L (14)
Xi ' I+ 7 'B(xt;xt 1) ’
+2 (x})” Bi(xfix) xi; (12) olop diagx Yy XY 2. (15)
where = (= )% x{"*;x{° are initialized withy[:y§  where " 1is a diagonal matrix and can be considered as

in the rstiteration. The remaining questions are 1) how t0 he pixel-wise weighting factor for the GLR prior. In (14),
ef ciently solve (12) and 2) how to learn fused graph from e (p + 1) -th iteration output is computed via a convolu-
data, which are addressed as follows. tional transform ofp-th iteration resultx"" with kernel

_ W t(xt;xt 1), followed by a fusion with inpux™* * with

5. Network Architecture weight i“ L By recurrently repeating the above proce-
The graph-based solution to (12) is unrolled into iterative dure, we obtain the solution to (14), which is summarized
convolutional Itering with kernels learned from graph- N Algorithm 1in Sec. 10 in the supplementary material.
informed geometric attention in Sec. 5.1, which induces the Graph-Informed Geometric Attention Next, we discuss
interpretable network design in Sec. 5.2, enhancing networkgraph leaming to compute edge weightd\tf andi §,. In
robustness to cross-dataset generalization. the following, we illustrate the estimation &f  for x! and
hereinafter eliminate the notationsand g since the same

5.1. Algorithm Unrolling and Graph Learning procedure applies to the two components.

By differentiating (12) with respect tof and setting the re- First, for intra-frame graph learning, we use the geomet-
sult equal to 0, we get the solution by solving the following ric features from ToF raw data in frameandt  1,i.e, Ft
linear system, andF! ! to estimatew ! andW' ! with a single convo-
lution layer. Then, to compute inter-frame graphtt 1,
(X5 1 xE )2 (xboxfth we adopt a variant of the basic self-attention operation for

+2 Blxtx! Hxl=0: (13) graph computation following [8], where attention weight is
' computed as,

Unrolled GLR For accurate estimation of parameteisnd _ooexple) s C 1w

Bl (x!;x! 1), we follow [17] and unroll the solution of (13) & = exp(a.)’eﬁ =(QF ()" (KF* *()); (16)

into iterative Itering based on gradient descent, so that the '

parameters are fully trainable with DNN. Speci cally, start- whereQ;K 2 R® © are the query and key matrices,

ing with x" © = x" !, the solution is given by running respectively, ancC is the feature dimension. Then the
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mapped and fused graphs are computed using (5) and (6). 6. Experimental Results
is learned as a linear transformationwftt * followed by i )
a sigmoid function. The above procedure for graph learn- W& st generate syntheic DVTOF data with temporal ToF

ing is named Graph-Induced Geometric Attention (GIGA) data and depth, which is used for training. Then we evalu-
module to learn graph edges from the geometric features in-2t€ the network performance with DVTOF testing data, and
formed by graph structures as illustrated at the right side of lUrther show generalization to real Kinectv2 depth images.

Fig. 3.

5.2. GIGAToF Network Architecture Datasets We adopted the dataset generation protocol in
Leveraging the GIGA module in Sec.5.1, we propose the [34] while the camera paths were randomly generated to
GIGA-ToF network for ToF depth denoising which is com- augment the cross-frame ows. We have 5 static scenes,
posed of three parts as shown in Fig. 3. The rst part is the each with 10 paths of 250-frame length, generating k2.5
feature extraction network that adopts an encoder-decodemeasurements of raw ToF correlation-depth pairs in total
structure with skip-connections [31] to estimate multi-scale with resolution320 240 The resulting dataset is named
features of scales 2 f 1=8; 1=4; 1=2g, where the feature = DVToF which stands fodepth video of ToF dataln ad-
dimensions are shown in Fig. ! at scalel=2 is used to dition, we generated random noise using Kinectv2 noise
estimate initial prior weights {'®; §° via a 1-layer con-  statistics provided in [14]. We used 9375 pairs for train-
volution. We apply sigmoid function on }?0; 30 to get ing and 3125 pairs with unseen scene-path con gurations
positive weights, then scale W0 to ensure suf cient de-  for testing. More importantly, to evaluate with real data,
noising strength. All the convolutional layers ad@t 3 we captured real ToF data with Kinectv2 camera and ap-
kernel size with LeakyReLU activation. plied the pre-trained model on DVToF dataset to evaluate
The second part is the GIGA module. The features the cross-dataset generalization ability.
Ft 1:F! at scalel=8 are fed into the GIGA module to  Training details We used Adam optimizer with initial
computeW ! 1, Wt 1and % ! for computational ef- learning ratele 3 and decay at epodii5; 30; 45] with de-
ciency, which generate$Vt ! at 1=8 scale. The neigh- cay rate0:7. The model was trained from scratch for 60

6.1. Experimental Settings

borhood size for inter-frame graph is seteps 7. For de- epochs. We employed the PyTorch framework [28] on a
tail re nement,F! at scalel=2 is used for computingV *, single GeForce RTX 3090 GPU. We set= 3 andR = 2
which is fused with bilinear upsamplafi t 1. for the Unrolled GLR module.

The third part is the unrolled GLR module adopted from Metrics Following [35], we used per-frame mean absolute
[17]. The nal outputx}; andxg are converted to depth  error (MAE), Absolute Relative Error (AbsRel), and ac-
x% via the raw2d module based on (4). In the case of multi- curacy to evaluate per-frame depth estimation accuracy; and
frequency inputs, raw data of differefn, are denoised sep-  témporal end-point error (TEPE) to measure temporal con-
arately with shared network parameters. Depth maps withSistency. For complexity comparison, we tested the average
erate the nal depth. single 3090 GPU and Intel i9-14900K CPU. We did not re-
Graph Spectral Filtering Interpretability Since the graph ~ Port memory costs for methods running only on CPU.
Laplacian matrix in (12) is symmetric and positive semi-
de nite (PSD) with positive edge weight, its solution is a
low-pass graph spectral ltering. Therefore, together with We compared with the following competing schemes.
the graph spectral Itering interpretability and the incorpo-  Model-based methods: single-frame libfreenect2 [36]
ration of ToF imaging mechanism in the network design,  and multi-frame weighted mode Iter (WMF) [23];
the proposed GIGA-ToF is fully interpretable which effec-  single-frame based DNNs: DeepToF [21], ToFNet [34],
tively enhances its robustness to cross-dataset generaliza- UpA [1], RADU [33], GLRUN [17];
tion as validated in Sec. 6.3. Multi-frame DNNs: ConvLSTM [29], DVSR [35], MTD-
5.3. Loss Function Net [9]. _ _ _

) ) ) ) To ensure a fair comparison, all competing methods were

We train our network witlhy loss function supervised by the  rerained and tested on the DVToF dataset. In addition, fol-

6.2. Comparison with Existing Schemes

tot tat .
ground truthx; ™, x4~ as follows: lowing [3], we augmented the DVToF dataset with simu-
1 X X t t gt lated edge noise. Note that the same model was used for
L= — xt (v) x"%v); (17) o : , - .
iVj ' testing in both noise settings to test generalization ability to

vav 2figg unseen noise. As shown in Table. 1, GIGA-ToF achieves

wherev, V andjVj denote the pixel index, set of valid pixels the best accuracy performance in both noise settings, out-
in GT, and the number of valid pixels, respectively. performing other methods by at le&t.9% in MAE and
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Table 1. Comparison of denoising accuracy on synthetic DVTOF testing dataset and augmented dataset

Methods Runtime Memory DVToF Dataset DVToF Dataset with augmented noise
(s) (MB) MAE(m)# AbsRe# 1" TEPE(m§ MAE(m)# AbsRe# 1" TEPE(m}#
Single-frame
libfreenect2 [36] 0.003 - 0.1044 0.0283 0.9746 0.1023 0.1230 0.0386  0.9645 0.1234
DeepToF [21] 0.006 738 0.2172 0.1071  0.8951 0.2003 0.2830 0.1409 0.8534 0.2705
ToFNet [34] 0.008 1468 0.1290 0.0652 0.9586 0.1221 0.1334 0.0677 0.9564 0.1275
UDA [2] 0.006 900 0.0564 0.0152  0.9880 0.0884 0.1153 0.0570 0.9451 0.1274
RADU [33] 83.7 11115 0.1350 0.0697  0.9497 0.1290 0.1264 0.0610 0.9623 0.1202
GLRUN [17] 0.016 766 0.0357 0.0107  0.9929 0.0734 0.0550 0.0244  0.9896 0.1221
Multi-frame
WMF [23] 24.3 - 0.0311 0.0116  0.9955 0.0751 0.0495 0.0209  0.989®.0950
ConvLSTM [29] 0.019 1362 0.1314 0.0337 0.9624 0.1143 0.1257 0.0406 0.9736 0.1411
DVSR [35] 0.632 1308 0.0718 0.0844  0.9777 0.1176 0.0791 0.0425 0.9736 0.1271
MTDNet [9] 0.584 317 0.0566 0.0642 0.9816 0.1046 0.0625 0.0316 0.9778 0.1129

GIGA-ToF (Ours)  0.027 824 0.0193 0.0060 0.9974 0.0637 0.0487 0.0205 0.99030.1102

Figure 4. Depth results and error maps of ToF depth denoised on DvToF dataset: (a) GT, results of (b) WMF [23], (c) DVSR [35], (d)

MTDNet [9] and (e) proposed GIGA-ToF. Corresponding error maps are in the second row.

13.2%in TEPE in normal noise setting. Also, the complex- [19] and conduct qualitative comparison shown in Fig. 7.
ity of GIGA-ToF is moderate among SOTA methods, while While DNN-based MTDNet fails to generalize to real data,
the competing WMF is computationally costly and hinders model-based WMF shows stable but blurry results. While
its application in real-time usage. GLRUN shows robustness to real data, multi-frame pro-

For visual evaluation, we present qualitative compari- cessing GIGA-ToF further enhances the detail preservation,
son of multi-frame methods in Fig. 4. GIGA-ToF gener- which validates the necessity of utilizing temporal correla-
ates smooth results while preserving ne details, as high- tion. In sum, GIGA-ToF, despite being trained on synthetic
lighted in the zoomed-in region, further con rming GIGA- data, shows strong generalization to real-world data.

ToF’s ability to maintain spatial sharpness while effectively .

removing noise due to motion-invariant graph structure fu- 6.4. Ablation Study
sion. Note that WMF generates better TEPE in the barronTo investigate the effectiveness of each component in
noise setting, showing competing temporal consistency, butGIGA-ToF, we test on DVToF dataset with different vari-
suffers from quantization error as shown in Fig. 4(b). In ad- ants of GIGA-ToF. Quantitative results in Table 2 and qual-
dition, DNN-based DVSR and MTDNet show blurry details itative results in Fig.5 validate the effectiveness of each
due to the fusion of temporally varying depth features. component for denoising accuracy and stability.

To visualize temporal consistency, we plot the x-t slices Unrolled GLR In single-frame processing settings, we
of the estimated depth images of multi-frame methods in compare variants with and without Unrolled GLR module.
Fig. 6. While MTDNet and WMF remain noisy with notice-  First, single-frame variants are much more noisy than multi-
able temporal jittering, GIGA-ToF exhibits clean x-t slices, frame variants, validating the necessity of temporal process-
demonstrating its high temporal consistency. Please refer tang. In addition, by removing Unrolled GLR module, the
the supplementary video for better temporal visualizations. results become much more blurry, validating the effect of
graph structure in detail preservation.

Fusion MechanismFor multi-frame processing setting, we
To assess generalization ability of GIGA-ToF on real- investigate the two fusion mechanisms,, depth features
world data, we capture ToF data with Kinect v2 camera and graph structures. For depth feature fusion, the current

6.3. Generalization to Real Data
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(a) GT (b) Without Unroll (c) Unroll GLR (d) Feature Fusion (e) Feature Fusion + Attn  (f) Graph Fusion (g) Graph Fusion + Attn 0.10
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Figure 5. Comparison of denoising results under different GIGA-ToF variants. (a) GT, results (b) without and (c) with unrolled GLR in
single-frame processing, feature fusion (d) without and (e) with attention; graph structure fusion (f) without and (g) with attention.

ror (m)

GT WMF MTDNet GIGA-ToF Table 2. Comparison of quantitative evaluation on DvToF testing
1.4 dataset with GIGA-ToF variants
Modules MAE AbsRel 1 TEPE
1.2 GLR Fusion  Attn| (m)# # " (m)#
. - - - 0.0409 0.0174 0.9909 0.0793
£ Unroll - - 0.0357 0.0107 0.9929 0.0734
095 Unroll  Feature - | 0.0238 0.0078 0.9965 0.0718
§ Unroll  Feature X | 0.0214 0.0069 0.9969 0.0713
Unroll  Graph - | 00219 0.0078 0.9970 0.0702
0.7 Unroll  Graph X | 0.0193 0.0060 0.9974 0.0637
0.5 attention in mapping geometric features with accurate cor-

Figure 6. x-t slices (along red line in Fig. 4(a)) for temporal stabil- respondence.

ity visualization, where GIGA-ToF exhibits clear details and less S

n)(;ise than competing multi-frame schemes. 6.5. Limitation and Future Work
In the current setting, we only consider the previous frame
for reference, while the features in more previous frames
are not fully utilized. Although involving two frames for
multi-frame processing already boosts the depth accuracy
and produces temporally consistent results, extending to
more frames has not yet been explored. Therefore, for fu-
ture study, the investigation will be devoted to a more gen-
eral processing pipeline for varying input sequence length
with recurrent network design.

7. Conclusion

Figure 7. Visual results of ToF depth denoising on real data cap- |, this paper, we propose GIGA-ToF network for ToF depth
tured by Kinect v2 sensor: (a) RGB and (b) noisy depth captured g qising  simultaneously enhancing temporal consistenc
by Kinectv2 camera, and results of () GLRUN, (d) WMF, (€) and s afci]éll sharpness utyilizin the rgnotior?-invariant ra hy
MTDNet and (f) GIGA-ToF, where GIGA-ToF shows robustness P B % h 9 f h fusi 9 p
to real noise and recovers accurate details. structl_Jres. ased on the cross- ra_lme_ graph fusion, we im-
pose image smoothness as a prior in the MAP formula-
. tion, which is ef ciently optimized via algorithm unrolling
?“‘1 referchet_frame tfeatllj(res r?t S th are flrj]sed mt thet_ to produce high-performance yet interpretable network de-
calure extraction network, where the graph construction signs. The resulting network shows enhanced denoising ac-

is based on the fused features. Graph-based fusion OUtE:uracy on synthetic DVToF dataset and higher robustness to

performs thoge basgd on depth feature fus'of‘ aqd ex.h'bltsreal noise over competing schemes due to the graph spectral
sharper details, validating the effect of motion-invariant lter interpretation

graph fusion in resolving spatial ambiguity.

Inter-frame Attention In addition, we investigate the ef-
fect of inter-frame attention in fusing cross-frame features. Acknowledgements. This work was supported in part
Without using attention for fusion, the features in reference by the National Natural Science Foundation of China un-
are fused into current frame indifferently, resulting in no- der Grant 62201389, and in part by the Fundamental
ticeable noise in the results due to inaccurate fusion cor-Research Funds for the Central Universities under Grant
respondence between frames. This validates the effect 022120230311.
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