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Abstract—Stereo matching methods consist of matching cost
computation and several post processing steps. Deep learning
methods have greatly raised the accuracy of matching cost
and achieved the lowest error rate on several public datasets.
However, their generality capabilities are not the best due to
potential overfitting, which is the common problem of supervised
learning approaches. This paper proposes a convolutional neural
network (CNN) based cost estimation method for computing the
similarity of image patches. In consideration of accuracy and generalization capability, small size convolution kernels are chosen in
the convolution layer and dropout in the decision layer is used for
preventing overfitting. After obtaining stereo matching cost from
the output of the CNN, several post-processing operations are
adopted for disparity optimization, which includes semi-global
matching in 1-D from different directions, a left-right consistency
check, and the slanted plane smoothing method. The method is
evaluated on KITTI 2012, KITTI 2015, and Middlebury stereo
datasets and the experimental results on the KITTI benchmark demonstrate the competitive accuracy performance of the
approach. Additionally, to test the generalization of the method, a
series of extended crossover experiments are conducted in which
the training samples and testing samples come from different
datasets. The results indicate superior generalization capability
of our method than other supervised learning methods.
Index Terms—Image reconstruction, stereo matching, stereo
vision.

I. I NTRODUCTION
N THE past several decades, mobile robotics, such as
unmanned aerial vehicles [1], [2], autonomous underwater vehicles [1], and autonomous driving cars [3]–[7], have
been widely studied in research. Various sensors have been
developed to assist robots in navigation, detection, and mapping.
Visual sensors have attracted much attention for providing richer
environment information. Stereo vision, as an alternative depth
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information acquisition method with lower cost than Lidar, has
great potential to be used for the robot. Stereo matching is
the critical first step of stereo vision-based technologies, such
as scene flow, object detection, semantic segmentation, 3-D
reconstruction, simultaneous localization, and mapping.
Compared with the sparse point cloud from Lidar, stereo
matching can provide more intensive, even full density depth
data with the RGBD color information data. The current
leading algorithm is a deep convolutional neural network
(CNN)-based method called MC-CNN-acrt [8] (acrt is the
abbreviation of accurate), which is the updated version of
the previous work, MC-CNN [9]. The significant contribution
lies in that a proposed CNN-based architecture computes the
stereo matching cost by calculating the similarity of the image
patches and achieves the best performance on KITTI 2015,
KITTI 2012, and Middlebury dataset. For a supervised learning method, generalization capability is an important evaluation index, which determines the practicability of one algorithm. This paper aims to design a stereo matching framework
with both excellent accuracy and generalization capability.
Scharstein and Szeliski [10] summarized the four main parts
of a stereo matching algorithm as follows: 1) matching cost
computation; 2) cost aggregation; 3) disparity optimization;
and 4) disparity refinement. For cost computation, a CNN
method with similar architecture to MC-CNN [9] is proposed
for estimating the similarity of two image patches. In consideration of generalization capability, the following two aspects
of MC-CNN were modified for preventing overfitting.
1) Inspired by visual geometry group (VGG) network [11],
several stacked convolution layers with smaller kernel
size were used to extract features instead of the 3 ∗ 3
kernel in MC-CNN.
2) Dropout [12] was used at the fully connected decision
layer of MC-CNN.
The work proposed by Li et al. [13] combined four segmentations to obtain different surface proposals. They took the
structure consistency in the coordinate scheme and derived an
Markov random field (MRF) model to give the final disparity. Luo et al. [14] proposed a deep learning method which
allows the general public utilities (GPU) to produce accurate
results less than a second. Seki and Pollefeys [15] presented
a CNN for confidence estimation between patches, which is
involved in the dense disparity computation process for promoting the results. The accuracy of theses three methods
are compared in our experiments. For post-processing treatment, the slanted-plane smoothing (SPS) algorithm [17] was
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chosen, which shows the best performance among nondeeplearning methods. The semi-global matching method [18] is
first used to construct a semi-dense depth map. A left-right
consistency check is implemented for disparity optimization.
For disparity refinement, each slanted plane can be jointly set
to recover an image segmentation, the final depth map and
boundary label assignments for each pair of adjacent segments.
Different stereo matching methods [14]–[16] are compared in
the experiment.
In summary, the contributions of this paper are as follows.
1) A novel stereo matching framework by using CNNs
is proposed for cost matching and SPS for cost
aggregation.
2) The proposed method has the best generalization
performance compared to state-of-the-art deep learning methods and has competitive accuracy performance
on KITTI 2012, KITTI 2015, and Middlebury stereo
datasets.
3) Several different CNN architectures for cost matching
were tested with different sized matching blocks.
4) A brand-new stereo dataset with on-load perspective is
gathered and introduced by us.
II. R ELATED W ORK
Hirschmüller and Scharstein [16] summarized three types
of stereo matching algorithms: 1) a local method; 2) a semiglobal method; and 3) a global method. As a local method,
block-matching (BM) stereo methods [17] are the common
approaches with fast speed but low accuracy. The choice of a
proper size of window considering the tradeoff between noise
and the fattening effect is a tough problem. The Euclidean distance between color and spatial position is taken as support
weights in [18]. Einecke and Eggert [17], [19] used a linear
warp for offset distortion and took into account different disparities at the pixel-level. They also combined multiple block
sizes to improve the matching cost performance [20]. The
method [20] achieves advanced accuracy compared to traditional stereo matching methods without deriving deep learning
approaches.
Semi-global-matching (SGM) is the most common cost
aggregation method and has been widely used in many stereo
matching solutions [21], [22]. Mutual information was utilized
for matching cost computation [21]. Spangenberg et al. [23] put
a wSGM algorithm forward based on centrosymmetric local
binary patterns with almost half of computation time of SGM.
The PatchMatch stereo method proposed by Bleyer et al. [60]
estimated individual planes to overcome the bias toward reconstructing frontoparallel surfaces. Spangenberg et al. [24] applied
census transform and Hamming distance to calculate cost,
improving efficiency due to single instruction multiple data
parallelism. Superpixel technique, such as SLIC [25], as
an SPS method, can be combined with SGM and achieves
great performance. SPS-StFl [26] is a slanted plane model
to estimate a depth map using boundary labels calculated
from SGM-stereo and SGM-flow images. This method gained
less runtime and higher accuracy than former slanted plane
approaches [27]. The cost in [29] is calculated by the basic

census transform and Hamming distance, therefore the accuracy
is limited. Local plane sweeps using sparse feature matching
by Sinha et al. [28] can obtain an accurate result but failed
in low texture regions. To address this problem, Menze and
Geiger [29] presented a slanted-plane scene flow mode that
decreased the parameter space while gaining good effects in
textureless areas. Haeusler et al. [30] proposed a random
decision forest framework to learn and predicted confidence
measures.
The work proposed by Li et al. [13] combined four segmentations to obtain different surface proposals. They took the
structure consistency in the coordinate scheme and derived an
MRF model to give the final disparity. Graph cut [31]–[34] is
the most common algorithm of global methods. Although, it
is time-consuming, the method has higher accuracy than the
BM algorithm. The method in [35] introduced locally shared
labels and achieved higher accuracy than the BP method while
reducing runtime in a parallel way.
The cost aggregation efficiency is critical to stereo algorithms. A cross-scale cost aggregation framework based on
multiscale relationship was proposed in [36]. Yang [37] introduced a tree structure in which the matching cost is aggregated
adaptively and the pixel similarity is the shortest distance.
Schraml et al. [38] presented a cost measure using a similarity measure that relied on event distributions, which improved
the robustness in occurrence regions but failed in heavy noise
situations.
Kwon et al. [39] proposed a solution for improving
degraded RAW depth maps and RGB images based on
multiscale dictionary learning; the solution provides significant improvement over other methods. A light field stereo
matching method was presented to address occlusions using
the surface camera [40], but when the images are noisy,
the performance is not as good as the multi-view graph
cuts method [41]. Hornácek et al. [42] proposed a six DoF
scene flow estimation method by seeking correspondences of
the 3-D points described as sphere inliers in world space.
Galun et al. [43] introduced a stereo matching method to
seek the matching points with convex bounded-distortion constraints. Isack and Boykov [44] proposed a framework to
optimize the energy functional solved multimodel fitting and
feature matching issues. This model required initial matching
and could be used in many complex conditions.
Cheng et al. [45] introduced a cascade hashing method
to reduce the image matching runtime. This approach also
described a multifilter, which is robust in the noise of the
matching points and retains high accuracy. Lee et al. [46]
introduced a stereo matching algorithm combined with superpixel and random walk with restart method. The algorithm
is significant to using the visibility and fidelity terms, which
improved the accuracy, but it consumed much processing time.
Güney and Geiger [56] considered the semantic segmentation
of the image and put it into the stereo matching algorithm.
They introduced the concept of displets that covered the specific shape information coped with large distances between
the pixels, and this method achieved very good performance
in dense matching accuracy but it took more than one hour to
compute one pair.
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Deep learning, as a booming technique, has also
been recently introduced into stereo matching solutions.
Luo et al. [14] proposed a deep learning method which
allows the GPU to produce accurate results less than a
second. Seki and Pollefeys [15] presented a CNN for confidence estimation between patches, which is involved in the
dense disparity computation process for promoting the results.
Han et al. [48] proposed a deep CNN for wide-baseline patch
matching. The MatchNet [48] is divided into a feature network
and a metric network. MatchNet is divided into a feature
network and a metric network. The feature network uses a
convolutional layer and a pooling layer; the output layer is
the bottleneck layer. The metric network uses three fully
connected layers. The accuracy of MatchNet is impressive,
however, there is still room for improvements in the network
and the post-processing step. Žbontar and LeCun [9] proposed
a convolutional neural network to compute the stereo matching
cost and used semi-global matching to refine the cost. There
are eight layers in the network including one convolutional
layer and six fully connected layers with different number
of kernels. The output layer uses softmax to output two real
number of the similarity between input image patches. After
a time, they improved the previous work by designing the following two network architectures: the fast one and the accurate
one based on CNN (MC-CNN) [8]. The fast architecture is a
Siamese network in which the input image patches are shared
weight and output the cosine similarity. The accurate architecture uses a number of fully connected layers with rectified
linear unit (ReLU) instead of the cosine similarity and achieves
state-of-the-art performance. The key issue of learning-based
methods is similarity computation of two image patches. To
this end, Zagoruyko and Komodakis [49] proposed three CNN
architectures models, the Siamese model, the pseudo-Siamese
model, and the 2-channel model, to learning to compare image
patches and output a similarity.

ReLUs. The input of two subnetworks is the left and right
patches, respectively, and then gives a vector of the properties
as output. The similarity between two vectors use the cosine
similarity measure. Žbontar and LeCun [8] proposed by aims
to acquire higher accuracy. Different from the fast network,
the accurate network uses a number of fully connected layers to replace the cosine similarity measure. By transferring
the output of networks into matching cost and using stereo
matching method, the final disparity map can be obtained.
Several aspects are changed to perform better in our method.
To prevent overfitting, we utilize several stacked convolution layers with smaller kernel size to extract features, which
is inspired by the VGG network [11]. The dropout [12] is
also derived in the fully connected decision layer of MCCNN. We introduce the planarity into the post-processing step,
which promotes the stability especially dealing with structural
environment. By using superpixel segmentation, the relation
between each segments is also obtained as a byproduct of
final results.

III. N ETWORK A RCHITECTURES

where w(i) is the weight vector for the ith hidden unit, and x
is the input vector. The rectified linear activation function has
advantages to obtain sparse representations [50]. For example, in a random initialize network, approximately half of
the hidden units are activated, that is, have a nonzero output.
This sparse representation allows the network to learn more
robust features. For activated hidden units, which are just subsets of all hidden units, the output is a linear function of the
input [50]. Comparing to sigmoid and tanh function, the rectified linear function can flow gradients well to layers below
and has no vanishing gradient problem or exploit effect. The
network training time with an ReLU is several times faster
than those with other units [53].

A. MC-CNN/MC-CNN-Acrt
The papers proposed by Žbontar and LeCun [8], [9] are
serial works which utilize CNNs to obtain the matching cost
between stereo patches. The convolutional network, named
MC-CNN/MC-CNN-acrt, mainly focus on the first stage of
stereo matching which can be also called the preprocessing
step. To generate the final disparity output on the cost map, the
method derives post-processing methods including cross-based
cost aggregation, semi-global matching, a left-right consistency check, subpixel enhancement, a median filter, and a
bilateral filter. This method achieves state-of-the-art results on
both the KITTI and Middlebury stereo datasets. To train the
developed network, this paper first constructs a binary classification dataset based on stereo pairs with ground truth disparity
maps. Note that they not only save the correct disparity, but
also a random negative example. This paper describes [8] two
network architectures for different requirements. The architecture of the fast network is a Siamese network. The fast
network contains two subnetworks separated from the head.
The subnetworks contain several convolutional layers using

B. Rectified Linear Unit
The traditional activation function for multilayer neural
networks is the logistic sigmoid function f (x) = (1/[1 + e−x ])
or hyperbolic tangent function f (x) = tanh(x). Therefore, a
single hidden activation h(i) for a unit can be described by


h(i) = tanh w(i)T x
(1)
where tanh is the hyperbolic tangent function, x is the input
vector, and w(i) is the weight vector for the ith hidden unit.
However, some research indicates that rectified nonlinearity can improve the performance of deep CNNs [50]–[52].
The rectified linear function is given by f (x) = max (0, x).
Therefore, the activation h(i) for a single hidden unit is
given by


h(i) = max 0, w(i)T x
(2)

C. Dropout
Overfitting is a common issue for large and deep architectures. Deep neural network can fit training sets relatively
perfectly with enough hidden units, though the input and output have complicated relationship. The dropout technique [12]
is used in this paper to alleviate the overfitting problem;
although, it takes more time to train the neural network.
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The likelihood L and loss  of dataset D under the model
parameterized by θ is given by
L(θ, D) =

|D |




log P Y = y(i) |x(i) , θ

(3)

i=0

(θ, D) = −L(θ, D)

(4)

where θ is the model parameter, D is the dataset, |D| represents the number of training data, x(i) is the ith training data,
and y(i) is the class label.
IV. S LANTED P LANE S MOOTHING M ETHOD
In this paper, the SGM and SPS methods are utilized to
compute the disparity image. In contrast with former cost functions, such as Census or SAD simply based on the color, the
softmax layer of CNN gives much more accurate costs. SGM
leaves a rough disparity image with many incorrect disparities. The following work named the slanted plane smoothing
method builds an SLIC-like image segmentation [25] and gives
an outlier flag for each pixel, a line label for adjacent segments
as byproducts at the same time.
A. Semi Global Matching
Fig. 1. Neural network feature extractor and decision parts with two image
patches input and two real similarity and dissimilarity number outputs.

During the training stage, the output of the hidden unit is
randomly set to zero with a probability p = 0.5 for each
example presentation. Only nonsuppression neurons weights
are trained by backpropagation, so the algorithm can prevent
complex co-adaptation on training data [54]. Not relying on
working together with the activity of other specific units, the
feature detectors tend to be more robust. The dropout technique is used in the decision layer, with hidden unit output
that is multiplied by 0.5 to approximate the geometric mean
of the predictive distribution [53].
D. Architecture
The CNN architecture is depicted in Fig. 1. The network
consists of a feature extractor and a decision layer. In the
feature extractor, the first several layers are convolutional. For
small input image patches, pooling is not applied in the convolutional layers. Two feature vectors extracted by convolutional
layer are concatenated and then passed to the decision layer.
The feature extractor weights for Il (left image patch) and
Ir (right image patch) are shared. In the decision part, each
layer with 300 neurons is fully connected. Except for the top
layer, the softmax layer, all layers follow ReLU. And dropout
is used in the fully connected layer. In summary, the input
shown in Fig. 1 is the patches from left and right images. By
deriving convolutional layers, we extract the feature of each
patches. The similarity and dissimilarity values between left
and right patches are estimated after the decision layer, which
are utilized to obtain final disparities.
The proposed network is trained in a supervised manner. Negative log-likelihood loss is used to train the model.

CNN output costs play a key role in this approach. The
costs of 128 pixels are calculated using CNN on the epipolar
line with a 9*9 patch. The next step is delivering the strategy in [55] and using the following equation to calculate the
matching cost from all directions:

Lj (p, d)
(5)
L(p, d) =
j

where d denotes the corresponding disparity value.
For each invalid pixel p, the fist valid pixel pleft and pright
are found next to p and the disparity of p is set using the
left-right consistency check as
dp = min{dpl , dpr }

(6)

where dpl and dpr stand for the disparities for pixel p matched
in the left and right images, respectively.
Occluder pixels have larger disparities, which are confirmed
in the following work.
B. Global Smoothness
The slanted plane smoothing method is used with the total
energy function as
E(s, θ, f , o, I, d) = E(s, I) + E(s, θ, f , o, d)
(7)






E(s, I) =
Ecol p, Csp + λpos
Epos p, μsp


p




color data


E(s, θ, f , o, d) = λdepth



location



+ λbou

p



Ebou sp , sq

{p,q}∈N8




p

boundary



Edepth p, θsp , fp


depth data

(8)

This article has been accepted for inclusion in a future issue of this journal. Content is final as presented, with the exception of pagination.
CHEN et al.: FULL DENSITY STEREO MATCHING SYSTEM BASED ON COMBINATION OF CNNs AND SLANTED-PLANES

+ λsmo

+ λcom






Esmo θi , θj , oi,j

{i,j}∈Nseg



5



location

Eprior (oi , j)

(9)

{i,j}∈Nseg



label prior

where I denotes the image in CIELab color space, s is a segmentation, θ is a plane expression to each superpixel, f is an
outlier flag during plane fitting, o is the boundary classification between adjacent segments, and d stands for the initial
disparity map for smoothing.
For all segments, the connectivity (i.e., no hole between
neighbor segments) is confirmed.
1) E(s, I): E(s, I) in the total energy is determined before
the SGM provides the initial disparity results. The first step
is to make the input image into grids and give each pixel a
segment label, while the boundary pixels are stored in a stack.
It is simple yet effective to change the segment label of the
boundary pixel to change the segment shape. Next, the pixel
is removed from the stack while insuring that removing the
pixel would not destroy the connectivity. The boundary length
for any pixel is determined as


Ebou sp , sq =

0
1

if sp = sq
otherwise.

(10)

Then, using the RANSAC method on each segment, the
plane function can be obtained without the outlier pixels in
the form of
estimated Dp = aup + bvp + c

(11)

where a, b, and c are RANSAC outputs to a segment.
2) E(s, θ, f , o, d): The estimated disparity of every pixel
can be achieved if only the plane function is determined.
Iteration would be taken to find the minimal value of the total
energy which is an NP-hard problem. Ecol and Epos would be
changed due to the variation of the segment shape, while the
estimated disparity would be influenced by the plane function.
The plane smoothing energy promotes the segment to be
similar if they are parts of the same object. The following
formula is used:


Esmo θi , θj , oi,j
⎧


if oi,j = lo
⎪
⎪ φocc θi , θj 
⎪
⎪
⎪
φ
θ
if oi,j = ro
,
θ
occ
j
i
⎨

2

1 
=
θi ) − d̂ p, θj
if oi,j = hi
⎪
|Bi,j | p∈Bi,j d̂(p,
⎪

2
⎪


⎪

⎪
⎩ 1
if oi,j = co.
|Si ∪Sj | p∈Si ∪Sj d̂(p, θi ) − d̂ p, θj
(12)
The Esmo of an occlusion increases when the occluder is
located to the back segment, i.e., the boundary of an occlusion
is divided into the front object.
The co-planer of the adjacent segments is encouraged by
penalizing the discontinuities at the boundary to reduce the

Fig. 2. Each step of this paper. (a) Initial left image. (b) Disparity image
after SGM. (c) Boundary image. (d) Final disparity image.

complexity. Thus, Eprior is defined as following:
⎧
if oi,j = lo ∨ oi,j = ro
  ⎨ λocc
Eprior oi,j = λhinge if oi,j = hi
⎩
0
if oi,j = coc

(13)

where constants λocc and λhinge satisfy λocc > λhinge > 0.
The images of the proposed approach for each step are
displayed in Fig. 2.
V. E XPERIMENT
In this section, the proposed method is evaluated on three
famous stereo datasets; 1) KITTI 2012; 2) KITTI 2015; and
2) Middlebury 2014. Furthermore, a new stereo dataset gathered by our research group is introduced. The performance of
the proposed method on new dataset is also illustrated.
A. Dataset
The KITTI stereo dataset consists of multiple on-road image
pairs with high resolution of approximately 1240 × 375; these
images are taken by two cameras fastened on the roof of a
car. The KITTI 2012 dataset contains 194 training and 193
testing image pairs, while KITTI 2015 contains 200 image
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Examples among various patches. From left to right using matching patch size with (a) 9 × 9, (b) 16 × 16, (c) 32 × 32, and (d) 64 × 64.

pairs in both training and testing sets, respectively. The ground
truth disparity images are obtained by a Velodyne laserscanner
which is installed behind the left camera. Only in training set
KITTI provides ground truth, but the testing set ground truth
is detained for online evaluation.
The Middlebury 2014 stereo dataset is a collection of indoor
scene images for stereo. It contains 33 image pairs, where 23
pairs are afforded ground truth. Middlebury provides colored
images in higher resolution with up to 3000×2000 and higher
density disparity ground truth than KITTI. The experiment is
based on 23 pairs images.

TABLE I
C ONV N ET C ONFIGURATIONS . T HE C ONFIGURATIONS FOR D IFFERENT
I NPUT S IZE A RE S HOWN IN C OLUMNS . T HE C ONVOLUTIONAL L AYER ,
F ULLY C ONNECTED L AYER , AND M AX P OOLING L AYER PARAMETERS
A RE D ENOTED A S CONV<R ECEPTIVE F IELD S IZE>-<N UMBER OF
C HANNELS>, FC-<N UMBER OF N EURONS>, M AXPOOL<P OOLING
S IZE>, R ESPECTIVELY

B. Learning
Before training the network, image patch pairs are extracted
from images with ground truth disparity in the training set
to construct a binary classification dataset. The patch pair is
expressed as

 L
R
(14)
Pn×n (pL ), Pn×n
(pR )
L (p ) is n×n
where n×n is the size of the matching patch, Pn×n
L
R
patch from left image, and Pn×n (pR ) is from the right image.
pL is the patch center of the left image and is defined as (x, y).
The exact disparity DGT from ground truth is known for each
left location, and the right center of the training example is
defined as

pR = (x − DGT + d, y)

(15)

where d is limited in an interval [−dhigh , dhigh ] to generate
couples of examples. To generate positive examples, d has
to satisfy |d| ≤ |dpos |, while for negative example, d satisfies |dneg | ≤ |d| ≤ |dhigh |. Half of the examples are positive
examples and the rest are negative examples. We minimize the
loss using the negative log-likelihood. By training the network
with the patch from the left image and the patch from the
right image with the disparity provided by ground truths, the
network learns to define corresponding patches in stereo pairs.
Subtracting the mean pixel density value and dividing by standard deviation preprocess all images. The proposed method is
implemented in C++, CUDA with cuDNNv3 and lua with
Torch7 on a computer with NVIDIA Titan X.

C. Comparison of Various Patch Sizes
Various networks are defined with different patch sizes to
evaluate their performances. The networks used to measure the
similarity of two image patches are shown in Table I. The left
and right input image patch features are concatenated in concatenate layer. For small image patches, we use small kernel
size (e.g., 2 × 2 or 3 × 3) is used because a small kernel can
capture more detail and a stack of several small kernel size
convolutional layer(without spatial pooling) also has a large
receptive field [11]. For 32 × 32 and 64 × 64 image patches,
3 × 3 and 5 × 5 kernel sizes are used, which can enlarge
receptive filed and reduce network depth. A 2 × 2 max pooling layer is applied, because it can reduce feature dimension
and computation to shorten training time.
We use KITTI 2012 as training data and evaluate on KITTI
2015 training set. Table II shows the results among different patch sizes, and Fig. 2 shows an example with the same
criteria. Table II shows that the smaller matching patch size
has less error rate, because the big patch size may omit
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Fig. 4. Examples of results from our method on KITTI 2015 train set. In each subfigure from top to bottom is output disparity image, ground truth,
corresponding error map, and input left image. (a) Error rate: 1.73%. (b) Error rate: 1.75%. (c) Error rate: 2.04%. (d) Error rate: 2.22%. (e) Error rate: 5.73%.
(f) Error rate: 14.60%.
TABLE II
AVERAGE E RROR R ATE OF VARIOUS M ATCHING
PATCH S IZES ON KITTI 2015

image details that are important in stereo matching. In the
following experiments, only the 9 × 9 image patch network is
applied.

D. Comparison to State-of-the-Art
In this section, the proposed method is compared against the
current state-of-the-art methods. The results are submitted to
the KITTI 2012 and KITTI 2015 stereo benchmarks. For the
KITTI 2012 testing set, the CNN model trained by the KITTI
2012 training set is used, while the CNN model trained by
KITTI 2015 for KITTI 2015 testing set. Tables III and IV
show the results on KITTI 2012 and KITTI 2015 leaderboard, respectively. The proposed method achieves comparable
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Fig. 5. Examples of results from our method on KITTI 2012 train set. In each subfigure from top to bottom is output disparity image, ground truth,
corresponding error map, and input left image. (a) Error rate: 1.11%. (b) Error rate: 1.39%. (c) Error rate: 2.68%. (d) Error rate: 3.75%. (e) Error rate: 4.03%.
(f) Error rate: 12.94%.

results on the KITTI benchmark which takes the fourth place
on the 2015 leaderboard among methods with published papers
for reference.
The computation time for each disparity image is approximately 80 s while MC-CNN-acrt is 67 s. The CNN computation time is similar to MC-CNN but the extract time is cost
in SPS computation, which is more complex than cross-based
aggregation in MC-CNN.

E. Unassociated Train-Test Dataset Experiment
To analyze the robustness of the proposed method, various
CNN models trained by different datasets are applied to perform on one dataset that is not associated with the training set,
such as KITTI 2012 as the training set and Middlebury as the
testing set. The testing set ground truth and the restriction of
online benchmark submission are withheld, so the methods on
training set of KITTI 2012, KITTI 2015, and Middlebury are
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TABLE III
H IGHEST L EADING S UBMISSION ON THE KITTI 2012 L EADERBOARD ON
AUGUST 2017. I N Setting C OLUMN , “F L” M EANS THAT M ETHOD U SES
O PTICAL F LOW, “M V ” I NDICATES THE M ETHOD U SES M ORE T HAN 2
T EMPORALLY A DJACENT I MAGES , AND “M S ” I MPLIES THE M ETHOD
U SES E PIPOLAR G EOMETRY FOR O PTICAL F LOW C OMPUTATION

TABLE IV
H IGHEST L EADING S UBMISSION ON THE KITTI 2015 L EADERBOARD ON
AUGUST 2017. I N Setting C OLUMN “F L” M EANS THE M ETHOD U SES
O PTICAL F LOW, “M V ” I NDICATES THE M ETHOD U SE M ORE
T HAN 2 T EMPORALLY A DJACENT I MAGES

Fig. 6. Examples of results from our method on Middleburry training set.
In each subfigure from top to bottom is output disparity image, ground truth,
corresponding error map, and input left image. (a) Error rate: 4.76%. (b) Error
rate: 5.47%. (c) Error rate: 9.25%.
TABLE V
L EFT AND R IGHT I NPUT I MAGE PATCH F EATURES A RE
C ONCATENATED IN C ONCATENATE L AYER

evaluated. For example, the KITTI 2012 training set is used
as training input, and the Middlebury training set is used to
evaluate the method. This experiment will evaluate the ability
of one method to avoid dataset overfitting. Figs. 4–6 show the
results and corresponding error images for the KITTI 2015,
KITTI 2012, and Middlebury training sets, respectively.
Examples with different patches are shown in Fig. 3.
Table V shows the average error rates among various training
sets, testing sets, and methods. The CNN models are trained
by the dateset mentioned in the second column of Table V.
MC-CNN-acrt and MC-CNN-fast are the CNN approaches
provided by Žbontar and LeCun [8]. SPS [26] does not need to
be trained by data, so its result is independent of the training
set. The evaluation threshold is 3 pixels and only nonoccluded
regions are computed for error rates.
In this experiment, the method is better than MC-CNN by
approximately 0.1%–0.8% point lower in error rate and has an
improvement over SPS, as well. However, MC-CNN performs
worse than SPS. The CNN approach may cause more overfitting in the dataset and only has good results in the testing set
that is associated with the data it used to train, unlike nonlearning approaches, such as SPS which independent to training.
The results tested on Middlebury are worse than usual because
the methods are tested on full resolution images (3000 × 2000)

while other methods are typically evaluated on half resolution
(1500 × 1000).
F. Experiment on Our Stereo Dataset
The proposed method is applied on a new stereo dataset that
is gathered and calibrated by the present group. The images of
the stereo dataset are recorded by cameras fastened on a car
that is driven around a city road in the daytime. The dateset
contains four thousands pairs of left and right colored images
with a resolution of 1298 × 375.
To further analyze the generalization of proposed method,
the results are compared with MC-CNN and SPS methods.
Fig. 7 illustrates the comparison method results. The first row
is the left image from the camera, and from second row to the
bottom are the disparity images of the SPS, MC-CNN-fast,
MC-CNN-acrt and the proposed methods. This method obtains
more smooth disparities than MC-CNN, e.g., on the road in
Fig. 7(a). The superpixel technique and cost optimization algorithm in the proposed method eliminate some noise caused by
previous patch mapping. For example, high disparities appear
in the sky of the MC-CNN method in Fig. 7(b), but the
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Fig. 7. Examples of results on our dataset. In each subfigure from top to bottom are RGB image, disparity images of SPS, MC-CNN-fast, MC-CNN-acrt,
and our method.

proposed method reduce these types of errors. Furthermore,
this method performs better in matching than SPS. For example, for the road of Fig. 7(a), the SPS result contains several
low disparity small blocks that are caused by the matching
algorithm.
G. Discussion
Using CNN in stereo can improve the results, but CNN is
more specified according to its training data. When applying the CNN model from another dataset, CNN does not
present the expected results. If using different types of training datasets, the stereo dataset result will worse. The proposed
method is a combination of CNN and SPS, which is a nonlearnable method. The experimental result shows that this
method is more generative than CNN, and it can avoid the
overfitting problem on different training/testing datasets.
There is no doubt that CNN is a wonderful approach in
computer vision also in stereo vision. As a data-driven method,
the performance of CNN is related to the amount of training
data. However, the experimental results of CNN in this paper
were trained by the small dataset. The KITTI dataset only
contains 200 images pairs in the training set. Although 200
images can be employed to generate a large amount of patch
pairs, KITTI only contains on-road scenes with patch pairs
are in same patterns. A dataset containing a larger number of
images as well as more diverse scenes is necessary for the
future to improve CNN results in stereo vision.
VI. C ONCLUSION
A novel stereo matching framework is proposed with CNNbased cost computation and SPS-based disparity optimization.
The accuracy and generalization of our approach in KITTI,
Middlebury and our own dataset, showing state-of-the-art

result. This approach reveals the greater generalization power
compared to other supervised learning methods. Furthermore,
a new interesting stereo dataset is introduced that contains real
driving scenes. Currently, the boundary error problem is a challenge to solve in the superpixel strategy of the slanted-plane
algorithm for possible improvement. A stereo vision-based
perception system for autonomous vehicles is certainly a very
interesting concept of future work.
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