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Abstract

We propose a novel stereo-confidence that can be measured
externally to various stereo-matching networks, offering an
alternative input modality choice of the cost volume for
learning-based approaches, especially in safety-critical sys-
tems. Grounded in the foundational concepts of disparity def-
inition and the disparity plane sweep, the proposed stereo-
confidence method is built upon the idea that any shift in
a stereo-image pair should be updated in a corresponding
amount shift in the disparity map. Based on this idea, the pro-
posed stereo-confidence method can be summarized in three
folds. 1) Using the disparity plane sweep, multiple disparity
maps can be obtained and treated as a 3-D volume (predicted
disparity volume), like the cost volume is constructed. 2) One
of these disparity maps serves as an anchor, allowing us to
define a desirable (or ideal) disparity profile at every spatial
point. 3) By comparing the desirable and predicted dispar-
ity profiles, we can quantify the level of matching ambiguity
between left and right images for confidence measurement.
Extensive experimental results using various stereo-matching
networks and datasets demonstrate that the proposed stereo-
confidence method not only shows competitive performance
on its own but also consistent performance improvements
when it is used as an input modality for learning-based stereo-
confidence methods.

Introduction

Stereo-matching is a fundamental task in computer vision
that aims to estimate the depth information of a scene from
a pair of stereo images. Accurate depth estimation is essen-
tial for a wide range of applications, such as autonomous
driving, robotics, and augmented reality. Over decades, var-
ious stereo-matching methods have been proposed, ranging
from traditional methods based on hand-crafted features to
more recent learning-based methods. These methods typi-
cally generate the cost volume or feature maps to estimate
the disparity value for each pixel. Despite impressive results
achieved by recent learning-based stereo-matching methods,
they occasionally fail in ill-posed regions such as occlusion
boundaries, repeated patterns, textureless regions, and non-
Lambertian surfaces due to inherent ambiguities tied to the
correspondence problem (Zhou et al. 2020).
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To deal with such ambiguous correspondences, stereo-
confidence measurement has been utilized to identify
whether the results of stereo-matching methods are reliable
at each pixel. In the past, conventional approaches com-
monly measure confidence by analyzing the cost volume
obtained from stereo-matching methods. With the rise of
the recent deep learning paradigm, learning-based stereo-
confidence approaches have also been widely studied lever-
aging various combinations of input modalities (Poggi et al.
2021a). Especially, in the case of LAF (Kim et al. 2019), it
was the first one among learning-based approaches to lever-
age the cost volume as an input modality, achieving state-
of-the-art performance through tri-modal inputs. Both con-
ventional and learning-based approaches have demonstrated
that the cost volume is an effective input cue among input
modalities. The cost profile in the cost volume provides in-
formation about how confident the stereo-matching method
is in its predictions by matching cost (or probability) for
each disparity plane shift. The cost volume can be further
utilized for tasks such as uncertainty estimations (Wang et al.
2022) and refinement of stereo-matching networks (Zeng
et al. 2023).

However, the cost volumes (or internal features) are be-
ing encapsulated within the stereo-matching network itself
due to the recent trend of stereo-matching networks oper-
ating in an end-to-end manner. Furthermore, especially in
safety-critical systems closely tied to the stereo-matching
networks, the architecture is kept confidential, and access to
its internal information is restricted to protect the network
from potential external threats (Wang et al. 2021; Wong,
Mundhra, and Soatto 2021; Cheng, Healey, and Wu 2021).
As a result, this prompts the necessity of the exploration of
estimating confidence without accessing the cost volumes
(or internal features) and from outside the stereo-matching
network (Poggi et al. 2020).

Unfortunately, the cost volume is an effective cue in
stereo-confidence estimation. Thus, in this paper, we aim
to quantify the level of matching ambiguity from the ex-
ternal stereo-matching method and achieve effects compa-
rable to using the cost volume as an input without perfor-
mance degradation. Furthermore, we intend to introduce the
proposed confidence as an alternative input of the cost vol-
ume to learning-based stereo-confidence methods, making
it suitable for use even in safety-critical systems. It can
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be achieved by reinterpreting confidence based on the re-
lationship between the cost volume and the multiple dis-
parity maps. The proposed method is built upon two main
concepts: the definition of disparity and the disparity plane
sweep. In stereo-matching, the disparity is defined as a dis-
placement between a point in the left image and its corre-
sponding point in the right image of a stereo-image pair. The
disparity plane sweep consecutively shifts an image with re-
spect to the reference image in stereo images, which is gen-
erally used to construct the cost volume to find the corre-
spondence between a stereo-image pair in stereo-matching.
By the definition of disparity itself, any shift by the disparity
plane sweep in a stereo-image pair indicates that the dispar-
ity map should be updated in line with the corresponding
shift amount. Based on the definition of the disparity and
the disparity plane sweep, the proposed stereo-confidence
method can be condensed into three main aspects: 1) just as
the cost volume is constructed, multiple disparity maps can
be obtained from any stereo-matching network and treated
as a 3-D volume (disparity volume) using the disparity plane
sweep. 2) Using an obtained disparity map without shift as
an anchor, the desirable disparity profile can be defined and
treated as an ideal one, as the ideal cost profile is defined. 3)
By comparing the desirable and predicted disparity profiles
at every spatial point in the disparity volume, we can quan-
tify the level of matching ambiguity between left and right
images for confidence measurement.

To demonstrate the effectiveness of the proposed method
not only as confidence but also as an input modality, we
compare the performance of the proposed confidence to the
existing learning-based stereo-confidence methods. Further-
more, we present the experimental results when the pro-
posed method is leveraged as an additional input modality
for the existing learning-based stereo-confidence methods.
While the reinterpreted confidence might seem simple, and
its measurement is a conventional method, the experimental
results consistently demonstrate the effectiveness of the pro-
posed method across diverse datasets, regardless of the type
of the stereo-matching networks. Furthermore, the proposed
method shows potential in safety-critical systems as it suc-
cessfully works as an alternative choice of the cost volume.

Related Works

In this section, the conventional and learning-based stereo-
confidence methods are briefly introduced.

Conventional Methods

The conventional methods have been extensively studied
over the past few decades and mainly have relied on ana-
lyzing the matching cost volume. Hu and Mordohai (2012)
thoroughly investigated 17 confidence measures, focusing
on conventional methods. These methods developed algo-
rithms based on the minimum cost and local properties of
the cost profile (Egnal, Mintz, and Wildes 2004; Haeusler,
Nair, and Kondermann 2013; Haeusler and Klette 2012;
Wedel et al. 2009; Kim, Yoo, and Kim 2014; Kim, Jang,
and Kim 2016). Some conventional methods examine the
entire curve of the cost profile to extract useful informa-
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tion for measuring confidence (Haeusler, Nair, and Konder-
mann 2013; Matthies 1992; Scharstein and Szeliski 1996,
Het Veld et al. 2018). Unlike these methods that concentrate
on the cost profile inside the stereo-matching model, the pro-
posed approach examines the disparity profile outside the
stereo-matching network, making it suitable for learning-
based end-to-end stereo-matching methods.

Learning-Based Methods

Recently, learning-based methods have used various deep-
learning techniques to measure confidence. These meth-
ods extract features directly from input modalities, such
as the disparity maps, reference image, and cost volume,
and then estimate the confidence from features. Various
learning-based methods have been proposed using differ-
ent combinations of input modalities. Single-modality (dis-
parity), CCNN (Poggi and Mattoccia 2016) measured con-
fidence using a convolutional neural network for the first
time. Kim et al. (2022) proposed meta-confidence to im-
prove stereo-confidence quality by encoding the reliability
of confidence once more. Bi-modality (disparity, image),
LFN (Fu, Ardabilian, and Stern 2019) pioneered the stereo-
confidence with the bi-modal inputs and fusion strategies.
Tosi et al. (2018) proposed ConfNet to obtain global confi-
dence with large receptive fields. They also proposed LGC,
a local-global confidence framework, combining ConfNet
with local confidence network, such as CCNN and LFN.
Tri-modality (disparity, image, cost volume), LAF (Kim
et al. 2019) achieved remarkable performance with tri-modal
inputs fused by an attention mechanism.

Nevertheless, a notable limitation of these methods is
their reliance on ground truth disparity maps during the
training phase. As a result, their performance may be sub-
optimal when faced with out-of-distribution data domains.
In contrast, our proposed approach itself, like a conventional
method, is independent of training processes.

Method

In this section, first, we revisit the definition of disparity and
briefly explain the concept of the proposed method. Second,
to reinterpret confidence, a property of the disparity profile
derived from the relationship between the cost volume and
the disparity volume is presented. Third, the process to ob-
tain the disparity volume is explained. Then, the proposed
stereo-confidence method is described.

Preliminaries and Concept

In stereo imaging, points from 3D real-world coordinates are
projected onto different pixel coordinates within the left and
right images of a stereo-image pair. In terms of pixel units,
the disparity refers to the horizontal displacement between
a pixel in the left image and a corresponding pixel in the
right image when overlaying the stereo images. Using the
left image as the reference, the stereo-matching aims to esti-
mate the disparity values within a given stereo-image pair.
Both conventional and learning-based approaches rely on
visual similarity (or difference) to find image regions iden-
tical to the reference image regions, which are determined
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Figure 1: Conceptual description of ideal and non-ideal pro-
files according to the disparity plane sweep in signal pro-
cessing perspective.

by the cost obtained by comparing the pixel intensities or
features of image patches. Through disparity plane sweep,
i.e., shifting the right image concerning the reference image
within a predefined maximum disparity range, the costs be-
tween the reference image and the shifted right image are
calculated. The accumulated costs result in the form of a 3D
cost volume. Then, the disparity plane shift with the low-
est cost is determined as the disparity value. However, as
the cost is computed within an image patch (or limited re-
ceptive field), stereo-matching frequently encounters chal-
lenges in regions where the correspondence is ambiguous,
such as occlusion boundaries, repeated patterns, textureless
regions, and non-Lambertian surfaces (Zhou et al. 2020). In
essence, ambiguous correspondences in the stereo-matching
result in the misidentification of image patches, causing un-
reliable disparity estimations. Conversely, clear correspon-
dences yield trustworthy results.

To quantify matching ambiguity, the proposed method uti-
lizes two fundamental components: a definition of the dis-
parity and the disparity plane sweep. The outline of the pro-
posed method can be summarized in three folds. 1) Like
the cost volume is constructed, multiple disparity maps in
the form of 3-D volume can be obtained using the disparity
plane sweep. 2) Using a disparity map obtained by zero shift
as an anchor, the desirable disparity profile in 3-D disparity
volume can be defined and treated as an ideal one, as an
ideal cost profile is defined. 3) Matching ambiguity can be
quantified by comparing the desirable and obtained disparity
profiles at every spatial location in the disparity volume.

Reinterpretation of Confidence

The relationship between the cost volume and dispar-
ity maps is introduced in Lee and Park (2021). In the
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light field (LF), they (Lee and Park 2018; Lee and Park
2021) showed the relationship among the cost volume-based
(Zhang et al. 2016; Sheng et al. 2018; Williem, Park, and Lee
2018; Wang, Efros, and Ramamoorthi 2016), foreground-
background separation (FBS)-based (Lee and Park 2017b,a;
Lee, Park, and Kim 2021), and depth model-based methods
(Zhou et al. 2019b,a; Shin et al. 2018) from a signal pro-
cessing perspective (See Fig. 1) according to the LF param-
eterization, which corresponds to the disparity plane sweep
in the stereo-matching. Similar to the LF, stereo can have
such a relationship among the cost volume-based (Zbontar
and LeCun 2015), FBS-based (Badki et al. 2020), and depth
model-based methods (Chang and Chen 2018; Zhang et al.
2019; Xu and Zhang 2020) according to the disparity plane
sweep. Notably, the majority of recent stereo-matching net-
works operate in an end-to-end manner, with such end-to-
end networks predominantly falling into the group of depth
model-based methods.

In the stereo-matching methods, the disparity plane sweep
is generally utilized to obtain the cost volume, which is an
internal feature in their networks. Differently, in this pa-
per, using the disparity plane sweep, multiple disparity maps
from the end-to-end stereo-matching networks are obtained
to measure the confidence of disparity maps. Recall that the
disparity is defined as the pixel-unit horizontal displacement
between corresponding pixels when overlaying the stereo-
image pair. According to the definition of disparity, when the
right image is horizontally shifted by %k pixels with respect
to the left (reference) image, the disparity map obtained by
an end-to-end stereo-matching model ®, should change by
k pixels under the identical correspondence as follows:

(1, Ir) + k= 0,11, I}), (1

where Iy, I, and I 1’3 denote the left image, the right image,
and the right image horizontally shifted by &, respectively.
Ideally, according to the disparity plane sweep, the dis-
parity profile should be shaped into a linear line, resembling
a ramp function as shown in Fig. 1. However, in real-world
scenarios, if the right image is shifted using the disparity
plane sweep, stereo-matching methods often fail to main-
tain identical correspondence due to ambiguous correspon-
dence. The ambiguous correspondence results in the distor-
tion of the disparity profile. At the bottom of Fig. 2, exam-
ples of disparity profiles are presented (See supplementary
material for more examples). While the disparity profile of
the ideal case is shaped into a linear line, that of the oc-
clusion boundary, repeated pattern, textureless region, and
non-Lambertian surface is distorted. Based on the observa-
tions of the disparity profile, we reinterpret the conventional
stereo-confidence methods. While the conventional stereo-
confidence methods analyze the cost profile with respect to
the ideal cost profile (Dirac-delta), the proposed method an-
alyzes the disparity profile with respect to the ideal disparity
profile, i.e., linear line (ramp). Using the disparity map ob-
tained without shift as an anchor, we measure whether the
disparity profile is shaped into a linear line or not. With re-
spect to the linear line anchored by the zero-shifted disparity
map, a low distortion indicates reduced ambiguity and high
confidence. Conversely, a high distortion signifies increased
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Figure 2: The entire process of the proposed method for quantifying unreliability (i.e., matching ambiguity) and measuring
confidence out of the stereo-matching network using disparity plane sweep and the observations of disparity profiles sampled

from corresponding pixels in the left image Ir..

Input Modality Type
Method Disparityp Image ngsli Volume
Ours Muliple
CCNN Single
CCNN'  Muliple
LEN Single v
ConfNet Single v
LGC Single v
LAF* Single v
LAF* Multiple v
LAF Single v v
LAF! Multiple v v

Table 1: Various combinations of input modalities accord-
ing to the stereo-confidence methods in our experiments.
The LAF* denotes LAF that uses bi-modal inputs (dispar-
ity, image) without cost volume. The superscript T denotes
the methods using the proposed method as an additional in-
put modality.

ambiguity and low confidence.

Obtaining Disparity Profiles

Fig. 2 describes an entire pipeline of the proposed method to
obtain the stereo-confidence. First, with input stereo-image
pair I, Ir € R¥>*XW and the number of disparity plane
shifts IV, we generate a set of disparity plane swept right im-
ages IS = {1 ¢ R¥>*HXW | j = 1,2 ..., N} by concate-
nating NV right images shifted by k; pixels obtained from the
disparity plane sweep in range of k; € [— K, K]. A set of ref-
erence images, Ilzps is simply generated by repeating the left
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image I, by N times. Then, I2® and Iy> € RN >*3xHxW

have the same dimensions, and they go through a pre-trained
end-to-end stereo-matching network ®. By doing so, a set
of predicted disparity maps Dgfsd can be obtained in the
form of the disparity volume as follows:

{DE e RV =1, N} = &, (12, 19FS).
()

a set of target

DPS __
Dpred -

Based on a zero-shifted disparity map Dgre &

disparity maps DYy is generated by adding k; in the form
of the disparity volume as follows:
DPPS = (D0 4+ ke REW | i=12 .. N} (@3

tgt pre
For the main experiments, N and K are set to 5 and 2, re-
spectively.

Proposed Stereo-Confidence Method

Using the sets of predicted and target disparity maps
D?fsd, D]t)gPtS € RVXHXW "\e can measure the degree of
distortion, which represents the level of ambiguity, the unre-

liability U (p) € RY>*H*W at each pixel p as follows:

1
Up) = N_1 ZHD?gPtS(P) - Dngd(P)\|1~

Using the unreliability U(p), the confidence C(p) at each
pixel p can be obtained by

4)

_o U@
C(p) = € dmazx B (5)

where a scale factor o is set to have a confidence of 0.5 when
the unreliability U(p) is 1 and d,y,q; is the maximum dispar-
ity value of ®,, respectively. GANet
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Single-Modality

Bi-Modality Tri-Modality

Dataset  Stereo "5 ' "TCCNN  CONN'T  LEN  ConfNet LGC LAF LAF LAF LAF OPt
PSMNet  0.166 0275  0.31 0418 0813 0275 0214 009 0098 0.090 0011
GANet 0109 0.141 0074 0151 0535 0162 0.123 0.063 0054 0.052 0005
STTR 0204 081 0.147 0177 0664 0194 0166 0129 0118 0.117 0.056
K2012  RAFT 0473 0700 0413 1085 1333 0869 0782 0356 0387 0341 0078
LEASterco  0.189 0264 0157 0322 0833 0251 0247 0128 0.106 0.103 0.015
ACVNet 0119 0.85  0.092 0343 0748 0296 0.8 0.075 0080 0.073 0011
IGEV 0086 0133  0.059 0177 0483 0154 0146 0.055 0082 0.056 0.006
PSMNet 1292 1577  L115 1788 2622 1519 1385 1157 L148 1.075 0415
GANet 0264 0364 0180 0344 0807 0417 0313 0179 0.45 0.143 0.023
STTR 0203 0201 053 0204 0538 0231 0172 0131 0.122 0.120 0.045
K2015 RAFT 0369 0493 0311 0823 0772 0661 0407 0263 0309 0251 0.041
LEASterco 0481 0574 0396 0783 1423 0632 0531 0395 0388 0345 0.109
ACVNet 0726 0909  0.620 1.166 1653  1.124 0744 0612 0582 0557 0235
IGEV 0075 0140 0057 0124 028 0121 0108 0.050 0070 0.056 0.004
PSMNet 0949 1711 0.828 2013 3831 1416 0010 0590 0659 0.638 0.160
GANet 0716 0576 0432 0569 2152 0498 0434 0272 0376 0339 0.050
STTR 0693 0707 0585 1217 2933 0781 0965 0472 0486 0.465 0.163
VK2-S6 RAFT 0447 0657 0362 1076 1163 0699 0482 0264 0442 0311 0064
LEAStereo 0480 0459 0377 1251 2570 0615 0316 0262 0376 0292 0055
ACVNet 0635 1148 0421 3101 2643 2922 0509 0294 0477 0334 0071
IGEV 0749 0677 0347 1330 2201 0674 0481 0326 059 0343 0071
PSMNet  7.165 12430 6469 14888 16532 11962 11088 6298 6435 5.938 2481
GANet 5423 7218 4376 8820 14529 10621 6813 4361 4308 4.017 1464
STTR 5002 6248 4867 5944  13.037 6240 5863 4132 4439 4.106 2.128
M2014 RAFT 3018 5552 2792 7015 7256 6608 6078 3.038 13466 2548 0773
LEASterco 4219 5962  3.531  7.115 11110 6771 6965 3.280 3484 3.25 1.080
ACVNet 4536 8730 3921 11114 13552 11232 8601 3.829 4420 3.639 1332
IGEV 3832 5856 3253 5932 9820 5844 5767 321 4279 2812 0895

Table 2: The average AUC values for K2012, K2015, M2014, and VK-S6 datasets. The ‘Stereo’ denotes the stereo-matching
network. The ‘Opt.” denotes the AUC value of ground truth confidence map. The best and second-best results in each combina-
tion of input modalities are highlighted and underlined, respectively.

Experiments
Datasets

KITTI 2012 (K2012) (Menze and Geiger 2015a) and
KITTI 2015 (K2015) (Menze and Geiger 2015b), which
are outdoor driving scene datasets, consist of 194 and 200
stereo-image pairs and corresponding sparse ground truth
disparity maps obtained from LiDAR sensor measurements,
respectively. We split the K2012 into 20 images for train-
ing and 174 images for testing following (Poggi, Tosi, and
Mattoccia 2017). Virtual KITTI 2 (VK2) (Cabon, Mur-
ray, and Humenberger 2020), which is a photo-realistic vir-
tual driving scene dataset, contains 21,260 stereo-image
pairs of different 6 scenes with various weather and illu-
mination conditions (fog, overcast, rain, morning, and sun-
set). We only use Scene06 (VK2-S6) for testing, which is
referred to test dataset by the authors. Middlebury 2014
(M2014) (Scharstein et al. 2014) is an indoor scene dataset,
which is composed of high-resolution 15 stereo pair images
and corresponding dense ground truth disparity maps. For
the M2014, we use quarter-resolution images in all experi-
ments following Poggi, Tosi, and Mattoccia (2017). We train
all stereo-confidence networks using the K2012 training set
(20 images) and evaluate them on the K2012 test set (174
images), K2015 (200 images), VK2-S6 (270 images), and
M?2014 (15 images). Also, we experiment with challenging
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subsets of VK2-S6 with four different weather and illumina-
tion conditions (fog, rain, morning, and sunset). We exclude
pixels with disparities d > 192 in training and test in all
datasets.

Stereo-Matching Networks

To demonstrate the adaptability, end-to-end stereo-matching
networks with various architectures and state-of-the-art
performance, such as PSMNet (Chang and Chen 2018),
GANet (Zhang et al. 2019), STTR (Li et al. 2021), LEASt-
ereo (Cheng et al. 2020), RAFT-Stereo (Lipson, Teed,
and Deng 2021), ACVNet (Xu et al. 2022), and IGEV-
Stereo (Xu et al. 2023) are used to obtain predicted disparity
maps and cost volume, which are used as input modalities
of stereo-confidence estimation networks. Regardless of the
dataset and network type, we use weights fine-tuned on the
KITTI datasets provided by authors for all experiments.

Confidence Networks

As classified in Table 1, we set CCNN (Poggi and Mattoccia
2016), LFN (Fu, Ardabilian, and Stern 2019), ConfNet (Tosi
etal. 2018), LGC (Tosi et al. 2018), LAF* (Kim et al. 2019),
and LAF (Kim et al. 2019) as comparison groups of the
proposed method considering various combinations of input
modalities. These methods still show state-of-the-art perfor-
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Figure 3: The confidence maps on K2012 (1°¢ and 2"¢ rows), K2015 (3"¢ and 4" rows), VK2-S6 (5" and 6" rows), and
M2014 (last two rows) datasets using PSMNet. (From top to bottom, left to right) left image, predicted disparity map, estimated
confidence maps by Ours, CCNN, CCNN', LFN, ConfNet, LGC, LAF*, LAF*f, LAF, and LAF'.

mance as mentioned in (Poggi et al. 2021a; Kim et al. 2022).
The LAF* denotes LAF that uses bi-modal inputs (dispar-
ity, image) without cost volume. For CCNNT, LAF*T, and
LAFT, which use the proposed method (Ours) as an addi-
tional input modality, the modifications are limited to fun-
damental aspects such as concatenating input modalities or
adding a few layers. Among the existing stereo-confidence
methods using bi-modal inputs, since LAF* generally shows
better performance than LFN, ConfNet, and LGC, we exper-
iment with LAF* to check the usefulness of Ours as an ad-
ditional input modality (LAF*"). We obtain all experimental
results using codes provided by authors without modifying
any hyperparameters. All experiments are conducted on a
machine with 8 GeForce RTX 2080 Ti GPUs.

Evaluation Metrics

As introduced in Hu and Mordohai (2012), we evaluate the
performance of each stereo-confidence method by an area
under the curve (AUC) value of the ROC curve, which repre-
sents how well the measurement identifies correct matches.
Ideally, if the measurement identifies all correct matches, the
optimal AUC value can be obtained as

[

where ¢ denotes the error rate computed over the entire dis-
parity map. As in Poggi et al. (2021b), we set the thresh-
old value 7 to 3 in obtaining ground truth confidence maps.

dxr

=e+(1—¢)ln(l—¢), (6)
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The optimal AUC values are measured by using ground truth
confidence maps. All reported AUC values in tables are mul-
tiplied by a factor of 10? to ease the readability.

Confidence Estimation Analysis

Quantitative results. In Table 2, we compare the average
AUC values of Ours and existing learning-based methods
on the K2012, K2015, VK2-S6, and M2014 datasets to val-
idate the effectiveness of Ours. Although Ours is conven-
tional and uses a single-modality input, it shows competitive
results compared to existing methods in most cases regard-
less of the datasets and stereo-matching networks.

Although internal features such as cost volume are not
feasible to be used in the stereo-confidence networks in
safety-critical systems, there are some exceptions where the
cost volume can be utilized. For such cases, we experiment
with LAF using Ours as an additional input modality. With-
out exceptions, when Ours is used as an additional input,
LAF' shows better performance than LAF.

To further check compatibility with the existing learning-
based stereo-confidence methods, we also experiment us-
ing Ours as an additional input modality to CCNN and
LAF*. CCNN' and LAF*' also show better performance
than CCNN and LAF*. It demonstrates that Ours can be
utilized as a useful input even for learning-based stereo-
confidence networks. Surprisingly, there are various cases
in which LAF* shows better performance than LAF even if
the cost volume is not utilized. It indicates that Ours prop-
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Single-Modality

Bi-Modality Tri-Modality

Daaset - Stereo "5 " CCNN CCNN' LN ConfNet LGC LAF° LAF LAF LAFl P
PSMNet 1571 3927  1.567 4267 4399  1.849 2023 1.255 1.394 1.129 0310
GANet 0.765 1991  0.501 3.060 4.144  3.159 0.856 0.324 0.638 0.478 0.084
STTR 1.195  1.291 1.010 3937 3990 1348 1372 1149 0.887 0.861 0.274
VK2-S86  RAFT 0.757 1756 0536 4.694  1.198 1252 1467 0487 0.735 0.528 0.092
-fog LEAStereo  0.529 1.530 0403  2.175 2967 3207 0873 0293 0.483 0.332 0.070
ACVNet 1010 2523 0718 7496 4399 5553 1917 0485 0.823 0.611 0.113
IGEV 0.639 0866 0298 1235 2987 0610 1.030 0.281 1.133 0.322 0.066
PSMNet .10l 1998 0989 3215 5371 1792 1121 0.666 0.787 0.728 0.199
GANet 0792 0.845  0.588 0990 3.019 0564 0.556 0.460 0429 0.411 0.068
STTR 0874 0.803  0.746 1373 3264 0840 1373 0.581 0.583 0.565 0.189
VK2-S6  RAFT 0.552 0.749 0455 1372 1606 0.836 1.075 0345 0949 0489 0.078
smorning 1 pAStereo 0.602  0.552 0496 1.657 2570 0.898 0.495 0356 0.491 0.366 0.069
ACVNet 0742 1487 0561 3.848 4612 3523 1400 0.380 0.636 0.402 0.092
IGEV 0785 0713 0367 1.892 3.677 0.690 1.151 0409 0815 0.359 0.080
PSMNet 2500 6298 2355 0455 8.454 4538 5300 1.769 1.851 1.673 0.711
GANet 1.523 2619  1.058 3.627 6.115 2883 2452 0.813 0964 0906 0.229
STTR 2.644 2880 2272 4440 10365 3.196 3.727 2.003 2.144 1.990 0.848
VK2-86  RAFT 2239 4865 2061 8.637 10781 6.833 4.852 1.874 2767 1927 0.633
-rain LEAStereo  1.364  2.146 1176  5.331 8.216 3811 2509 1.016 1369 1.081 0.336
ACVNet 1.907 4913 1572 7877 9425 6051 3.721 1244 1661 1.530 0.488
IGEV 1.836 2455 1126 3912 6870 2499 3659 1104 2596 1162 0377
PSMNet 1231 1976  1.076 3447 5267 1821 1425 0.772 0809 0.772 0.200
GANet 0877 0.810  0.562 0990 3.034 0609 0.521 0.348 0452 0.420 0.066
STTR 0985 0.872  0.797 1268 4347 0932 0988 0.692 0.652 0.608 0.195
VK2-S6  RAFT 0574 0759 0460 0945 1336 0.794 0858 0375 1111 0.581 0.079
-sunset  ypaStereo  0.610  0.541 0479 1.045 3417 0764 0369 0319 0491 0395 0.066
ACVNet 0.839 1361  0.600 3.013 4.198 3.163 0.818 0419 0.620 0.487 0.092
IGEV 0787 0769  0.358 1219 3287 0.714 0.805 0.356 0.674 0.363 0.082

Table 3: The average AUC values for VK2-S6 dataset with 4 different weather conditions (fog, morning, rain, and sunset). The
‘Stereo’ denotes the stereo-matching network. The ‘Opt.” denotes the AUC value of ground truth confidence map. The best and
second-best results in each combination of input modalities are highlighted and underlined, respectively.

Latency (s)
Method # Params. AUC | TGPU N GPUs
Ours
(N=2, k1=1) - 0.792 0.649 0.643
Ours
(N=3, K=1) - 0.546 0.930 0.744
Ours
(N=5, K=2) - 0.473 1.511 0.855
Ours
(N=7, K=3) - 0.438 2.074 0.996
LAF* 0.57M 0.782 0.655 -
LAF*T (N=5) 0.69M 0.356 1.645 0.959
LAF 0.69M 0.386 0.733 -
LAFT (N=5) 0.80M 0.341  1.701 1.192

Table 4: Further study for the average AUC value and the la-
tency according to the number of disparity plane shifts N on
K2012 using RAFT. The best and second-best results in each
experiment are highlighted and underlined, respectively.

erly reinterprets the conventional stereo-confidence methods
to be suitable for end-to-end stereo-matching networks by
analyzing the disparity profile out of the network. We be-
lieve Ours can serve as an alternative to the cost volume as
an input modality in the existing and future learning-based
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stereo-confidence networks.

Qualitative results. In Fig. 3, we visualize the qualitative
results of Ours and the existing methods on the K2012,
K2015, VK2-S6, and M2014. Although the existing meth-
ods generally show strong capabilities in detecting occlu-
sion boundaries, they struggle to identify other remaining
ill-posed regions like repeated patterns, textureless regions,
and non-Lambertian surfaces. Ours effectively identifies not
only inaccurate but also ill-posed regions such as occlusion
boundaries, repeated patterns, textureless regions, and non-
Lambertian surfaces. See supplementary material for more
results.

Further Studies

Different weather conditions. In Table 3, we also evalu-
ate Ours and existing methods on VK2-S6 of four different
weather conditions (fog, morning, rain, sunset) for further
studies on various driving environments. The performances
of VK-S6-fog and VK-S6-rain are generally worse than
those of VK-S6-morning and VK-S6-sunset because VK-
S6-fog and VK-S6-rain cannot be observed in the K2012
dataset, which is a training dataset. Similar to Table 2, the
methods with the proposed method, which are denoted to su-
perscript T, generally show better performance than the other
methods, even in different weather conditions, especially in
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Method
Ours (N=3)

K=1 K=2
0.546  0.602

K=4
0.616

K=8
0.698

Table 5: Ablation study for the shifting step size on K2012
using RAFT. The best and second-best results are high-
lighted and underlined, respectively.

Ours
1.301

ConfNet'
0.958

ConfNet OTB OTB-online
1.742  1.741 1.463

Opt.
0.065

Table 6: Comparison to self-adaptation method on Driving-
Stereo using GANet. The ‘Opt.” denotes the AUC value of
ground truth confidence map. The best and second-best re-
sults are highlighted and underlined, respectively.

VK-S6-fog and VK-S6-rain. See supplementary material for
more qualitative results.

The trade-off between AUC value and latency. In Table 4,
we examine the influence of varying the number of disparity
plane shifts NV on the average AUC value and latency using
the input samples from the K2012 dataset with full resolu-
tion (H x W = 384 x 1248) and the RAFT stereo-matching
network. Since the latency of Ours depends on N, the la-
tency shown in Table 4 is composed of the processing time
of RAFT and that of the stereo-confidence methods.

Ours requires a minimum of two disparity maps to work.
With the minimum requirement setting N = 2, it exhibits
marginally reduced performance but boasts faster latency on
both single and multiple GPUs compared to LAF*. As N
increases, the average AUC value of Ours consistently im-
proves, but at the cost of increased latency. By adjusting the
batch size to NV during inference, /N disparity maps can be
obtained by a single forward from RAFT. A clear limitation
of Ours is the slower latency under resource-constrained en-
vironments, like using a single GPU. Yet, this can be miti-
gated by scaling the number of GPUs in tandem with V. To
break it down: LAF* has a latency comprised of 0.5817 sec-
onds for RAFT processing and 0.0735 seconds for LAF* it-
self. In contrast, Ours (/N = 2) with a single GPU consists of
0.6490 seconds for RAFT and a negligible time from 10~°
to 10~% seconds for our own processing time. The latency is
averaged over K2012 test set (174 images).

Varing shifting step size K. As shown in Table 5, we fur-
ther examine the performance according to the shifting step
size K. With N = 3, the performance is typically decreased
as the shifting step size K is increased. Thus, we fix the
shifting step size K at the minimum pixel unit of 1.

Comparison to self-adaptation method Self-adapting con-
fidence (Poggi et al. 2020) is close to Ours. While the self-
adapting confidence is rooted in a conventional approach, it
is built upon the learning-based framework without using in-
ternal information from stereo-matching methods. The self-
adapting confidence is achieved by integrating three stereo-
confidence cues: image reprojection error, agreement among
neighboring matches, and a uniqueness constraint. Table 6
presents a comparison between Ours and self-adapt confi-
dence, which denoted OTB and OTB-online. The experi-
ments utilize GANet on 6905 samples of the DrivingStereo
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dataset (Yang et al. 2019) provided by authors, as following
the procedures laid out in the self-adapt confidence method
(Poggi et al. 2020). Both OTB and OTB-online are trained
in a self-supervised manner and OTB-online is OTB with
online adaptation. Since OTB and OTB-online are imple-
mented on ConfNet, the performance of ConfNet is also pre-
sented as a baseline for the supervised method. While both
OTB and OTB-online outperform ConfNet, our method sur-
passes the results of both. ConfNet! stands out with the best
performance, but it is trained under supervision, making di-
rect comparisons inequitable.

Conclusion

We present a stereo-confidence measurement that operates
outside end-to-end stereo-matching networks, which is a re-
cent paradigm of the learning-based stereo-matching meth-
ods. The key idea of the proposed method is to reinterpret the
conventional stereo-confidence method analyzing the cost
profile to be suitable for end-to-end stereo-matching net-
works by analyzing disparity profiles. To measure the con-
fidence, using a predicted disparity map without the dispar-
ity plane sweep as an anchor, the desirable disparity pro-
file shaped into a linear line is generated and compared to
the disparity maps obtained using the disparity plane sweep.
We also investigate compatibility with the learning-based
stereo-confidence networks using the proposed method as
an additional input modality. Our extensive experimental re-
sults demonstrate that the proposed method not only shows
competitive confidence performance but also significantly
enhances the performance of learning-based methods as an
additional input modality. In future research, we plan to uti-
lize the proposed method in the disparity refinement frame-
work working in a self-supervised manner.
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