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Abstract

One of the inherent problems with stereo disparity estimation algorithms is the lack

of reliability information for the computed disparities. As a consequence, errors from the

initial disparity maps are propagated to the following processing steps such as view ren-

dering. Nowadays, confidence measures belong to the most popular techniques because

of their capability to detect disparity outliers. Recently, convolutional neural network

based confidence measures achieved best results by directly processing initial disparity

maps. In contrast to existing convolutional neural network based methods, we propose

a novel recurrent neural network architecture to compute confidences for different stereo

matching algorithms. To maintain a low complexity the confidence for a given pixel is

purely computed from its associated matching costs without considering any additional

neighbouring pixels. As compared to the state-of-the-art confidence prediction methods

leveraging convolutional neural networks, the proposed network is simpler and smaller

in terms of size (reduction of the number of trainable parameters by almost 3-4 orders of

magnitude). Moreover, the experimental results on three well-known datasets as well as

with two popular stereo algorithms clearly highlight that the proposed approach outper-

forms state-of-the-art confidence estimation techniques.

1 Introduction

Stereo vision is an important and fundamental technique to understand the 3D structure

of real-world imagery in the field of computer vision. Typically for a synchronized pair

of images under different viewpoints of the same scene, stereo matching is used to find

accurate corresponding points for each pixel to infer depth through simple triangulation. The

distance between the corresponding points is called disparity and the set of all disparities in

the image is called the disparity map. Stereo vision, despite being one of the most researched

topics, lacks the ability to find out accurate disparities due to the ill-posed nature of the

problem. This is particularly visible when dealing with occlusions, transparent or reflecting

surfaces, and texture-less or repeated pattern regions [3]. Wrong disparity assignment limits

the adaptability of stereo disparity estimation for practical systems. Over the years, different

approaches have been proposed to address these limitations. Many of them focus primarily
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Figure 1: Qualitative result of 84th frame stereo pair from KITTI 2012 [8]. (a) reference

image, (b) disparity map obtained using MC-CNN [34], (c) confidence map estimated using

LGC-Net (LFN) [32], and (d) the proposed C-RNN method. Brighter values represents a

higher confidence.

on the robust estimation of the matching cost measures [19, 34]. However, these robust cost

measures are not able to fully solve this intrinsic problem of the stereo matching.

Nowadays, almost all stereo matching algorithms include post-processing steps for the

refinement of the disparities. The very first step in this process is to filter out wrong assign-

ments using confidence measures (CMs) aimed at providing a degree of uncertainty for each

pixel and then correct them using reliable pixels [14, 30]. Conventional confidence measures

are divided into the following three categories depending on the input data type:

• Confidence measures based on matching cost volumes : CMs in this group are

dependent on the cost volume cues such as the minimum and the second minimum

matching cost, or a combination of both. Examples of these CMs types are Native

Peak Ration (PKRN) [15], Maximum Likehood Measure (MLM)[20] and Left-Right

Difference (LRD) [15].

• Confidence measures based on initial disparity maps : Approaches relying on the

cues from initial disparity maps are included in this category. For example, Left-Right

Consistency (LRC) [6], Variance of the Disparity Value and the Median Deviation of

Disparity Values (MDD) [23, 25, 30].

• Confidence measures based on source images pairs : Magnitude of the Image Gra-

dients Measure [23, 30] and Distance to border (DB) [12, 23] are two examples for

this kind of confidence measure.

Recently, researchers demonstrated that learning-based confidence measures [7, 24, 25,

29, 32] performed much better than the conventional confidence measures [15]. According

to Poggi et al. [26], convolutional neural network (CNN) based confidence measures [24, 25,

29] which use information extracted from the disparity maps as input cue represent the state-

of-the-art algorithm in terms of detection of correct matches and capability of adapting for

different data. Early approaches as in [11], utilize conventional confidence measures within

a random forest framework. However, recent CNNs achieved better results without relying

on any hand-crafted features [26].

In this paper, we introduce a novel confidence measure which is inspired by both con-

ventional and learning-based confidence measures. Recently, Op het Veld et al. [33] have
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proposed a confidence measure utilizing cues from the cost volumes and outperformed the

state-of-the-art CNN-based confidence measure in [24]. Following the same strategy from

[33], we have trained a recurrent neural network (RNN) on cost values of each pixel yielding

better results. RNNs have internal memory, due to which they remember important things

or cues about the input cost curve they received, such as number of local minima or dis-

tance between these local minima, which enables them to be very precise in predicting the

confidence. Figure 1 shows the qualitative result of a frame from the KITTI 2012 dataset [8].

The contributions of this paper are as follows: We propose a novel RNN method named

Confidence-RNN (C-RNN) which utilizes cost values for each pixel as input and has a very

low complexity overall. Moreover, we extensively evaluated the performance of the pro-

posed framework on three popular datasets, KITTI 2012 [8], Middlebury v3 quarter sized

[28], and MPI Sintel [4] using two different stereo algorithms MC-CNN [34] and ADCensus

[21]. Experimental results prove the reliability and accuracy of the proposed approach in

successfully eliminating the wrong disparity values.

2 Related Work

2.1 Hand-Crafted Approaches

In literature, there are numerous methods estimating the reliability of the disparities based

on hand-crafted features [6, 22]. In [15], an exhaustive review of such confidence measures

has been conducted. According to the evaluation results, it is concluded that the confidence

measures relying on a single feature would not perform well in confidence estimation. To

alleviate the weakness of separate measures, there have been various approaches focusing on

combining several features [11, 23, 25, 30]. They extract different cues from the estimated

disparity map and cost volume, which are then used to train a simple classifier, for instance,

a random forest. In [11], confidence features such as left-right consistency, image gradient,

and disparity map variance are combined and trained within a random forest framework. A

similar kind of approach is also proposed in [30]. The method proposed in [23] further im-

proved the results by first selecting the optimal confidence features from multiple confidence

features using a regression forest and then train the classifier using the selected pool of con-

fidence features. Poggi and Mattoccia [25] utilize the confidence features extracted from the

disparity map for the training and achieved better results within time complexity of O(1).

All above explained methods are working on pixel-level, whereas, [16] incorporated spatial

context to estimate confidences at the superpixel-level.

In [33], a method for predicting pixel-wise reliability of the estimated disparity using the

cues from the cost volume is proposed. The evaluation presented in [33] demonstrates much

better results as compared to the current state-of-the-art CNN-based confidence measure

[24].

2.2 CNN-Based Approaches

Deep learning has been successfully applied in different computer vision applications [5,

10, 18, 31, 35]. Due to the success of deep learning, researchers have also explored it for

stereo disparity estimation, and in particular for confidence estimation [7, 24, 29, 32]. The

convolutional neural network proposed in [24] estimates a confidence map using the left-

to-right disparity map only. On the other hand, [29] predicts confidences on the basis of
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Figure 2: Proposed network architecture: (a) Network structure of the proposed recurrent

neural network, and (b) LSTM memory block with a single memory cell.
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Figure 3: Cost curve modification for the training. (a) Raw cost curve (b) Padded cost curve.

both left-to-right and right-to-left disparity maps and hence, improves the accuracy of the

prediction. Apart from straightforward CNN-based methods, [7] employed a multi-modal

architecture which is trained on both the disparity map and the reference image. This strategy

is then further extended by [32], exploiting more global context with local approaches and

presenting a detailed study regarding early and late fusion of the predictions in the network.

As opposed to all these methods, Kim et al. [17] proposed a convolutional neural network

which takes a cost volume as input for the simultaneous prediction of a disparity map and a

confidence map. Poggi et al. [26] extensively evaluated many of these confidence measures

in comparison with conventional confidence measures and proved the efficiency of the deep

learning-based approaches.

3 Proposed Method

In this section, the problem formation is given (in Section 3.1) before describing the proposed

recurrent neural network for the prediction of confidences. Subsequently, the strategy for

training the network is discussed (in Section 3.2).
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3.1 Problem Formulation and Architecture

Given a stereo image pair (IL, IR). The objective of a stereo matching algorithm is to find out

the correspondences between the stereo pairs and infer a disparity Di for each pixel i= [ix, iy].
These stereo algorithms however, do not provide fully reliable disparity maps because of the

ill-posed nature of the problem. Therefore, we aim to estimate confidences in a deep learning

framework for the estimated disparity map so as to improve subsequent post-processing steps

[11, 15, 22, 23, 30].

We have used existing stereo algorithms [21, 34] to obtain the matching cost volumes Ci,d

across a set of disparity candidates d = 0,1,2, ...dmax, where dmax is the maximum disparity,

and estimate its associated disparity map Di. The obtained disparity map is then compared

with the ground truth disparity map D∗ to create ground truth confidence map Q∗. If the

absolute difference between the estimated disparity Di and the ground truth disparity D∗
i is

smaller than a threshold τ then the ground truth confidence Q∗
i is set to 1 and otherwise to 0.

The architecture of the proposed network is rather shallow. The proposed network is

a three layer Long Short-Term Memory (LSTM) [13] recurrent neural network consisting

of one input layer, one output layer, and a hidden layer known as LSTM memory block as

shown in Figure 2. The input of the network is a cost vector for a given pixel (storing all

costs for all possible disparity values). The idea behind this architecture is derived from

[33], i.e., if the matching cost vector of the pixel have multiple minima then it is highly

probable that the disparity value of the pixel is not reliable. Therefore, we chose an LSTM

RNN rather than using a CNN, because of its advantage and success for sequential data [9].

The LSTM memory block consists of a single memory cell and three multiplicative units

(input, output, and forget gates) providing read, write, and reset operations for the cell. The

number of hidden units – the size of the hidden state of the network – hd is 5. In Figure 2,

an LSTM memory block with a single LSTM cell is depicted. Each memory block has a

recurrently self-connected linear unit, a constant error carousel (CEC), and the activation of

the CEC indicates the cell state. The memory cell also mitigates the problem of exploding

and vanishing gradients by allowing the state to remain unchanged from one time step to

another for any outside interference. The functionality of the forget gate is to learn when to

reset memory block (in case of an outdated state); this helps in preventing the cell state from

growing without bounds. Likewise, the input gate is responsible for the modification of the

cell state in response to the incoming signals, whereas the output gate decides whether the

cell state should affect the other neurons or not.

Let xd be the input which corresponds to the cost value at a particular disparity d and y as

the final output of the network, i.e., estimated confidence value Q for that pixel. The forward

pass of the network is defined as

fd = σ(Wf xd +U f hd−1 + b f ) (1)

id = σ(Wixd +Uihd−1 + bi) (2)

od = σ(Woxd +Uohd−1 + bo) (3)

Equations 1-3 represent forget gate, input gate and output gate of the LSTM block, denoted

by fd , id , and od , respectively. W and U correspond to the weight matrices and b is the bias

vector. Moreover, σ denotes the sigmoid activation function. The functionality of the input

gate is to control the addition of new information into the cell, the forget gate is responsible

for removing information from the cell state and the output gate selects the information from
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(a) (b)

Figure 4: (a) AUC values computed for all the confidence measures on Middlebury v3 [28]

sorted in the ascending order of optimal values, and (b) Comparison of the sparsification

plots of the "Cave2" from MPI Sintel dataset [4].

CMs CCNN [24] EFN [7] LFN [7] ConfNet [32]
LGC-Net

(CCNN) [32]

LGC-Net

(LFN) [32]

Proposed

C-RNN

# Trainable

Parameters
128125 129853 247101 7855937 8347835 8466811 146

Table 1: Number of trainable parameters for different network architectures used for the con-

fidence prediction of stereo pairs. The proposed C-RNN requires only a negligible amount

of parameters compared to the state-of-the-art.

the current cell state to compute the output activation of the LSTM unit.

zd = tanh(Wzxd +Uzhd−1 + bz) (4)

Cd = fd ⊙Cd−1 + it ⊙ zd (5)

hd = od ⊙ tanh(Cd) (6)

y =Wyhdmax
+ by (7)

zd is the block input (4) which is a tanh layer and with the input gate, the two decide

on the new information that should be stored in the cell state; whereas Cd and hd denote the

cell state and hidden state (or block output), (5) and (6) respectively. The symbol used for

element-wise multiplication is ⊙.

3.2 Training Procedure

The proposed network is implemented using the TensorFlow framework [2]. The network is

trained on cost values obtained using different stereo algorithms. For each pixel, cost values

over a disparity range is used as input; to estimate confidence as an output of that particular

pixel. The disparity search range for each image is different, therefore we have to modify the

length of the cost curve for each pixel. The length of the input sequence should be constant

during training. For this reason, we have padded the cost curves with its maximum value

as shown in Figure 3. The maximum sequence length (the disparity range) we used in our

experiments is 255. Moreover, from the initial experiment, we noticed that if the minimum

value of the cost curve is 0 then the training is faster and more stable. Therefore, we have
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subtracted the minimum value of the cost curve from each element. Besides that, a batch

size of 1000 and a learning rate of 0.001 are used. We trained our network using RMSprop

optimizer 1 with Binary Cross Entropy (BCE) between the estimated confidence Qi and the

ground truth confidence Q∗
i on each sample of the batch. During the training process, we

noticed that the estimated confidence map usually shows errors in the region where the true

confidence value is 0. This is because the overall data distribution is not uniform. There are

more pixels with a confidence value of 1 as compared to pixels having a confidence value of

0 during training. Thus, the network is more inclined towards highly confident pixels. We

address this problem by weighting the loss on the basis of the ground truth confidence value

Q∗
i . The modified loss is defined as

Loss =−
1

n
∑

i

Wi ·BCEi (8)

with the weight vector W and BCE being defined as

Wi =

{

1, if Q∗
i = 0

0.1, otherwise
(9)

BCE(Qi,Q
∗
i ) = (Q∗

i log(Qi))+ (1−Q∗
i )(log(1−Qi)) (10)

As shown in (9), if the ground truth confidence value of the pixel is 1 then the loss is

scaled by 0.1, whereas the loss for the pixel with ground truth confidence value of 0 remains

unchanged. In this way, we dealt with the uneven distribution of training data without re-

ducing the number of samples and giving more weight to wrong disparity assignments for

training. Hence, weighting of the loss function improves the overall accuracy of the network.

4 Experimental Results

To evaluate the performance of the proposed method, we have compared it with seven state-

of-the-art methods, including the hand-crafted confidence measure proposed by Op het Veld

et al. [33] and learning-based confidence measures such as CCNN [24], multi-modal net-

works (LFN and EFN) [7], and local-global confidence network (LGC-Net) [32]. We used

three completely different datasets (KITTI 2012 [8], Middlebury v3[28], and MPI Sintel [4])

with two state-of-the-art stereo algorithms (MC-CNN and ADCensus) to assess the general-

ization or adaptability of our proposed network.

The evaluation strategy is explained in Section 4.1. In Sections 4.2 and 4.3, we have

presented the quantitative and qualitative results for all three datasets, respectively, justifying

the better accuracy achieved by the proposed neural network. In Table 1, the number of

trainable parameters for each network is listed. It is evident that the proposed method only

requires very few trainable parameters; 3-4 orders of magnitude less compared against state-

of-the-art, with a clear increase in accuracy.

4.1 Evaluation Methodology

The sparsification curve and its area under the curve (AUC) is a well-known evaluation

strategy used to benchmark the performance of the different confidence measures [15, 26].

1This is a part of TensorFlow framework [2].



8 GUL ET AL.: PIXEL-WISE CONFIDENCES FOR STEREO DISPARITIES

Dataset KITTI 2012 [8] Middlebury v3 [28]

Raw cost MC-CNN [34] ADCensus [21] MC-CNN [34] ADCensus [21]

Op het Veld et al. [33] 0.0091 0.0976 0.0801 0.1610

CCNN [24] 0.0074 0.0912 0.0764 0.1558

EFN [7] 0.0080 0.0904 0.0913 0.1700

LFN [7] 0.0077 0.0850 0.0791 0.1547

ConfNet [32] 0.0064 0.0912 0.0814 0.1620

LGC-Net (CCNN) [32] 0.0072 0.0845 0.0767 0.1592

LGC-Net (LFN) [32] 0.0065 0.0847 0.0792 0.1595

Proposed C-RNN 0.0061 0.0839 0.0677 0.1537

Optimal 0.0031 0.0531 0.0435 0.1101

Table 2: Experimental results on KITTI 2012 and Middlebury v3 datasets. For each row, av-

erage AUC achieved on the entire dataset (i.e., 161 out of 194 stereo pairs for KITTI2012 and

15 stereo pairs of Middlebury v3) is listed for different confidence measures. The measures

are evaluated for both MC-CNN and ADCensus.

The area under the curve quantifies the accuracy of the method to successfully detect wrong

disparity values while discarding only as few correct disparity values as possible, i.e., the

lower the AUC the better. AUC is obtained by plotting the bad pixel rate (i.e., |Di−D∗
i |> τ)

as a function of pixel density p sampled from the disparity map and sorted in descending

order of the confidence as shown in Figure 4 (b). The optimal condition is achieved when

all the pixels with incorrect disparity assignment are removed before rejecting correct ones.

The optimal AUC (the theoretically best achievable value) is calculated using the following

formula, where ε represents the bad pixel rate [15].

AUCopt =

∫ 1

1−ε

p− (1− ε)

p
d p = ε +(1− ε) ln(1− ε) (11)

4.2 Evaluation on KITTI 2012 and Middlebury v3

For the validation of the proposed method, we trained and tested the network on two different

datasets. From KITTI 2012 [8], we used the first 25 stereo pairs as well as the stereo pairs

43, 71, 82, 87, 95, 120, 122, and 180 following the conventional methods [11, 23, 29, 30]

for training. The latter eight pairs have relatively more incorrect correspondences compared

to the others. The remaining 161 (out of 194) stereo pairs are then used for quantitative

evaluation. Similarly, we also trained and tested our neural network on the Middlebury

dataset. For training, we used the datasets Middlebury 2005 [27] and 2006 [27] and tested it

using Middlebury v3 [28].

In Table 2, average AUC values for both KITTI 2012 and Middlebury v3 test datasets us-

ing either MC-CNN or ADCensus for stereo estimation are reported. Our proposed method

C-RNN yields the best results, while requiring the training of only few parameters. Figure 4

(a) illustrates the AUC values for Middlebury v3 dataset which are sorted with respect to as-

cending order of optimal AUC values. Moreover, it is also evident from the qualitative result

shown in Figures 1 and 5 that our proposed network is more accurate in detecting outliers,

especially in the sky region in Figure 1 as compared to the LGC-Net (LFN) [32].
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Dataset MPI Sintel [4]

Raw cost MC-CNN [34] ADCensus [21]

Op het Veld et al. [33] 0.0701 0.1339

CCNN [24] 0.0757 0.1546

EFN [7] 0.0854 0.1537

LFN [7] 0.0755 0.1446

ConfNet [32] 0.0706 0.1546

LGC-Net (CCNN) [32] 0.0759 0.1475

LGC-Net (LFN) [32] 0.0734 0.1446

Proposed C-RNN 0.0660 0.1372

Optimal 0.0467 0.1223

Table 3: Cross validation results on MPI Sintel dataset. Average AUC obtained on 23 frames

of MPI Sintel dataset evaluated for raw cost calculated using MC-CNN and ADCensus al-

gorithm.

4.3 Cross-validation on MPI Sintel

In this section, we have cross-validated our network on the artificial dataset MPI Sintel [4] in

order to further demonstrate the ability to generalize the performance on a completely differ-

ent dataset. This dataset is created using Blender [1]. We obtained confidence maps for the

23 frames in MPI Sintel dataset using our network trained on the Middlebury dataset. The

Middlebury dataset consists of indoor scenes which is very different from the scene created

using Blender [1] in MPI Sintel. Table 3 reports the average AUC values for all the con-

sidered confidence measures including the proposed method. The accuracy of the proposed

network outperforms all other learning-based approaches. However, the performance of the

hand-crafted method by Op het Veld et al. is slightly better for ADCensus. The qualitative

result for frame cave2 is shown in Figure 6 and its sparsification curves for all the CMs are

shown in 4 (b). In Table 3, we can see the benefits of a hand-crafted method, as it generalizes

more easily, while a learning-based method achieves better results, but must be retrained for

every data set.

5 Conclusions

In this paper, we have introduced a novel algorithm for estimating confidence values for

stereo disparity estimation. We have developed an LSTM recurrent neural network named

C-RNN utilizing the cues from the cost curve for the elimination of the wrong disparity

values. The proposed network requires very few trainable parameters as compared to state-

of-the-art methods, consisting of a single memory block with a single LSTM cell. The

matching cost curve is constructed by a disparity estimation method that already takes into

account various priors such as spatial aggregation; the match cost curve resembles the distri-

bution of disparity values for a particular pixel, thus, the distribution is very indicative of the

confidence of the most probable disparity value. Moreover, the experimental results on three

completely different datasets with two different stereo algorithms clearly show the efficiency

and adaptability of the proposed method. In future, we would like to integrate our proposed

confidence measure for multi-view-stereo disparity fusion.
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(a) Reference image (b) Disparity map (c) Op het Veld et al. [33]

(d) LGC-Net (LFN) [32] (e) Proposed C-RNN (f) Ground-truth

Figure 5: Visual comparison for "Teddy" from Middlebury v3 [28]. The disparity map is

obtained using ADCensus [21]. Brighter values represent a higher confidence.

(a) Reference image (b) Disparity map (c) Op het Veld et al. [33]

(d) LGC-Net (LFN) [32] (e) Proposed C-RNN (f) Ground-truth

Figure 6: Visual comparison for "Cave2" from MPI Sintel dataset [4]. The disparity map is

obtained using MC-CNN [34]. Brighter values represent a higher confidence.
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