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Abstract. With asymmetric resolution stereo images as input, existing stereo matching 

algorithms significantly decline in prediction performance. To address this, we introduce 

SGANet (Super-resolution Guided Asymmetric Stereo Matching Network), a model that 

employs unsupervised training methods to overcome the difficulty of acquiring ground truth 

disparity. For the lower resolution side, this paper designs a stereo guided super-resolution 

module (SGSR), where the network generates a super-resolved image enriched with details 

guided by the higher resolution side. Additionally, for this module, we propose a feature 

consistency loss based on the image's feature space to measure the similarity between the real 

and super-resolved images. Experimental results on the autonomous driving dataset KITTI 

demonstrate the effectiveness of the SGSR module and the feature consistency loss in improving 

the disparity prediction performance of asymmetric resolution stereo images. 

Keywords: Stereo matching, Self-supervised, Asymmetric, Super-resolution, Autonomous 

driving. 

1.  Introduction 

Binocular stereo vision has emerged as a hot research topic within the field of computer vision and has 
been widely applied in numerous areas such as autonomous driving and intelligent robotics. Utilizing 
visual information to estimate depth for road scene reconstruction presents a promising future alternative 
to expensive radar equipment. However, the currently mature supervised methods still rely on radar to 
obtain ground truth labels, and the performance of unsupervised binocular disparity estimation models 
lags significantly behind supervised models, leaving substantial room for development. 

In various applications such as robotics, smartphones, and autonomous vehicles, multi-camera 

systems are a common configuration. These systems typically consist of camera modules with differing 
focal lengths and imaging qualities. Most stereo matching research focuses on predicting disparity from 
two consistent views. When input images are asymmetric, even if the same target object is imaged in 
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stereo views, this asymmetry makes it difficult for models to correctly match features, leading to 
significant declines in stereo matching model performance. When the inconsistency in stereo images 
reaches a higher degree, the models may even fail completely. Our experiments have confirmed this 
phenomenon and analyzed the impact of different magnifications of monocular blurring on the 

performance of stereo matching models. Long-short focal length camera modules are a common 
configuration in multi-camera systems, hence we assume different focal lengths for stereo cameras, 
meaning the same scene would be captured at different resolutions. In experiments, we downsampled 
the original images to simulate low-resolution images taken with short focal lenses, and used bilinear 
interpolation to upsample them to the same size. These asymmetric stereo images were then input into 
a stereo matching model, as shown in Figure 1, with the left side being the high-resolution left view and 
the right side being an 8x blurred right view. We tested with the advanced disparity prediction network 
CREStereo [1], and the results are shown in Figure 2, with (a) showing the symmetric original resolution 

disparity map, (b) the disparity results with a 2x blurred right view, (c) with a 4x blurred right view, and 
(d) with an 8x blurred right view. The visualized disparity results show that when monocular blurring is 
minor, it has a small impact on the performance of the stereo matching model. As the image quality gap 
between stereo views increases, the accuracy of the model significantly decreases and may even fail to 
predict. 

  

Figure 1. Asymmetric resolution stereo images 

  
(a)                       (b) 

  
(c)                        (d) 

Figure 2. Visualization results of asymmetric resolution stereo matching 

To address this challenge, we consider improving the binocular disparity estimation algorithms under 
the condition of using asymmetric resolution stereo images as input, to make them more broadly 
applicable in real-world scenarios. Furthermore, considering the difficulty and high cost of acquiring 
depth truth required by supervised models, we propose an asymmetric resolution self-supervised stereo 
matching framework to implement label-free training of the network. Specifically, for the lower 
resolution side, we employ advanced image super-resolution technology to obtain high-quality images. 
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To incorporate the rich detail information from the high-resolution side, we designed a stereo-guided 
super-resolution module (SGSR) to generate higher quality super-resolved images. Additionally, for this 
module, we did not use the common super-resolution image similarity loss, but rather proposed a feature 
consistency loss based on the feature space, to measure the similarity between the features of real and 

super-resolved images. Our method is capable of extracting rich detail information from low-resolution 
images and achieving higher consistency with features from the other view, thereby laying a solid 
foundation for subsequent prediction processes and solving the problem of disparity prediction failure 
in asymmetric stereo images. 

2.  Related Work 

Current end-to-end disparity regression networks have achieved leading performance, with all steps of 
the traditional stereo matching algorithm process capable of being jointly trained within the same 
network. DispnetC [2] was the first end-to-end stereo matching network, capable of directly predicting 
disparity maps after inputting stereo images. GC-net [3] innovatively introduced the concept of a cost 
volume in the computation of matching costs, constructing a 3D cost volume by calculating the 
correlation between two pixel vectors. However, using the inner product to calculate correlation results 
in the loss of substantial spatial information, whereas PSMNet [4] does not compute but directly 

concatenates the left and right feature maps to build a 4D cost volume. 
Supervised approaches have achieved significant research outcomes, yet the difficulty of obtaining 

ground truth labels has limited the development of depth estimation techniques. In recent years, 
unsupervised methods based on spatial transformations have made significant advancements. PASMnet 
[5] proposed a general disparity attention mechanism to learn the stereo matching relationships of image 
pairs with large disparity variations in an unsupervised manner. Zhou et al. [6] used the consistency 
constraint of left-right images to iteratively update network parameters. Godard et al. [7] introduced a 
new loss function that warps the predicted left and right disparity maps, enforcing consistency between 

the disparity maps. 
Regarding the disparity estimation of asymmetric stereo images, Liu et al. [8] first considered 

unbalanced stereo matching and, to address the problem of stereo collapse caused by excessive 
differences, designed a guided view synthesis framework to restore corrupted views. Chen et al. [9] 
proposed feature metric consistency to address the situations where asymmetric self-supervised stereo 
matching would violate the photometric consistency assumption. Building on this, Song et al. [10] 
introduced spatially adaptive self-similarity, further enhancing feature consistency in loss computation. 

3.  Our Method 

This paper focuses on stereo matching research for multi-camera systems commonly comprised of long-
short focal length combinations, aiming to address the decline in prediction performance when 
asymmetric resolution stereo images are input. In this section, we detail our proposed Super-resolution 
Guided Asymmetric Stereo Matching Network (SGANet), starting with an overview of the model's 

structure, followed by descriptions of the stereo-guided super-resolution module and the super-
resolution feature consistency loss function. 

3.1.  Model Overview 
For disparity estimation of asymmetric resolution stereo images, we designed a self-supervised stereo 
matching network, SGANet, the overall structure of which is shown in Figure 3. Broadly, the model 

comprises two parts: an image quality restoration phase handled by the stereo-guided super-resolution 
module (SGSR) and a self-supervised stereo matching phase. Our approach achieves end-to-end super-
resolution and disparity prediction; it inputs a pair of asymmetric resolution stereo images and outputs 
a predicted disparity map. 

In the super-resolution component, which includes a stereo-guided super-resolution module (SGSR), 
this combines the detail information from the high-resolution side with the global structure information 
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from the low-resolution side to produce high-quality images, thus narrowing the feature space gap 
between the stereo images, detailed further in section 3.2. 

In the disparity estimation component, the high-resolution left view  𝐼𝐿
𝐻 and the super−resolved right 

view  𝐼𝑅
𝑆𝑅 are input. A shared-weight feature extractor  𝛷𝐹 extracts features 𝐹𝐿 and 𝐹𝑅

𝑆𝑅 from the left 
and right views, respectively, and then constructs a 4D cost space(H×W×C×D). After passing through 

the cost aggregation network  𝛷𝑀, a predicted disparity map  𝑑 is produced. This paper implements 
self-supervised training based on disparity reconstruction, using the disparity values to reproject each 

pixel in the super-resolved right image  𝐼𝑅
𝑆𝑅 to obtain a reconstructed left image  𝐼𝑅→𝐿

𝑆𝑅  as shown in 
Equation (1). In the ideal scenario (zero error in predicted disparity), the reconstructed image should be 
consistent with the actual left image, thus minimizing their difference can constrain the network to 
generate more precise disparities. 

 𝐼𝑅→𝐿
𝑆𝑅 = 𝑊𝑎𝑟𝑝 (𝑑, 𝐼𝑅

𝑆𝑅 )   (1) 

 

Figure 3. Overall structure of the Super-resolution Guided Asymmetric Stereo Matching Network 

(SGANet) 

3.2.  Stereo-Guided Super-Resolution 
As mentioned earlier, asymmetric inputs can lead to significant degradation or even failure of disparity 

prediction models, even if the same imaging area is involved. Discrepancies in features extracted from 
images of inconsistent quality, as well as a lack of detail in low-resolution images, are among the factors 
that contribute to blurred similarity matching during the cost aggregation phase. The most direct method 
to ensure the imaging quality consistency of both views is to enhance the image quality of the lower 
resolution side. We consider employing advanced image super-resolution technology, inputting a low-
resolution image and outputting a high-resolution image. 

While single-image super-resolution technology continues to evolve and achieve good research 

results, it cannot utilize the complementary information from different views in stereo images, which 
greatly limits the performance of super-resolution models. Therefore, for tasks predicting disparity from 
asymmetric resolution stereo images, it is more ideal to perform super-resolution based on the global 
structural information of the low-resolution image while incorporating rich detail information from the 
high-resolution image. In our research, referencing the work of [11], we designed a stereo-guided super-
resolution (SGSR) module to restore the quality and detail information of the low-resolution image. 

As shown in Figure 4, this module consists of feature extraction, cross-view block (CVB), and spatial 

perception module (SPM). Inputting the downsampled high-resolution left image 𝐼𝐿
↓ and low-resolution 

right image 𝐼𝑅
𝐿, after feature extraction through a 3×3 convolution and two residual blocks, the cross-

view block effectively learns global and local feature correlations, enhancing the representation of 

similar patterns in the image. Subsequently, the integrated features 𝐹𝐶𝑉𝐵  are further extracted by a 

cascading spatial perception module SPM to provide hierarchical feature representations 𝐹𝑆𝑃𝑀, and the 
cascaded features are finally upsampled using PixelShuffle [12] to the same size as the high-resolution 

side, resulting in the super-resolved right image 𝐼𝑅
𝑆𝑅. 
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Figure 4. Stereo Guided Super-resolution Module (SGSR) 

3.3.  Super-resolution Feature Consistency Loss 
To overcome the challenges and high costs associated with obtaining ground truth via LiDAR, we have 
constructed an unlabeled self-supervised stereo matching network, SGSRnet. Specifically, this model is 
based on the assumption of photometric consistency, where the reconstructed image and the real image 
should be consistent, typically formed by a weighted combination of L1 and SSIM distances to constitute 
the photometric loss function: 

 𝐿𝑝𝑚 = (1 − 𝛼)‖𝐼𝐿
𝐻 − 𝐼𝑅→𝐿

𝑆𝑅 ‖
1

+ 𝛼(1 − 𝑆𝑆𝐼𝑀(𝐼𝐿
𝐻, 𝐼𝑅→𝐿

𝑆𝑅 ))  (2) 

For super-resolution neural networks, the similarity between the super-resolved image and the actual 
high-resolution image is usually used as the loss function during training. In the asymmetric resolution 
disparity estimation studied in this paper, we utilize an SGSR module to restore the quality of low-

resolution images. However, even the most advanced methods cannot completely accurately restore to 
high-resolution, and some inconsistency in the feature expression space of stereo images will still exist. 
In this paper, our ultimate goal is to predict accurate disparities rather than image super-resolution, 
making the consistency of extracted image features more important than the similarity of the images 
themselves. To enable the SGSR module to generate feature-consistent super-resolved images, we do 
not use image similarity as the loss; instead, we propose a super-resolution feature loss, calculating the 
L2 loss between the features of the super-resolved image and the real high-resolution image features: 

 𝐿𝑓𝑚 = ‖𝐹𝑅
𝐻 − 𝐹𝑅

𝑆𝑅‖
2
  (3) 

Additionally, to achieve a smoother disparity, we also incorporate an edge-aware smoothness loss 
[6], which encourages local smoothness in disparity by applying an L1 penalty to the gradient of 
disparity: 

 𝐿𝑠𝑚 = |𝜕𝑥
2𝐷𝐿

∗|ⅇ−𝛾|𝜕𝑥𝐼𝐿 | + |𝜕𝑥
2𝐷𝐿

∗|ⅇ−𝛾|𝜕𝑥𝐼𝐿 |  (4) 

Finally, our method's total loss is: 

 𝐿𝑓𝑖𝑛𝑎𝑙 = 𝜆𝑝𝑚𝐿𝑝𝑚 + 𝜆𝑓𝑚𝐿𝑓𝑚 + 𝜆𝑠𝑚𝐿𝑠𝑚     (5) 

4.  Experiments and Analysis 

This section conducts experiments on the proposed method and provides comparative and analytical 

results. It details the datasets used, the methods for dataset generation, experimental setups, model 
parameter configurations, and includes a performance comparison and ablation study of the network. 

4.1.  Experimental Setup 
Dataset: In this study, we used publicly available autonomous driving stereo image datasets, KITTI 
2012 [13] and KITTI 2015 [14]. Each contains 198 and 200 pairs of training images with sparse disparity 

ground truth labels obtained from LiDAR, as well as 198 and 200 pairs of unlabeled test images, 
respectively. We follow the scheme from [9] and use the test dataset for network training and the train 
dataset for model performance evaluation. To simulate asymmetric resolution stereo image pairs, we 
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replaced the right images in the original stereo pairs with images downsampled by a factor of four, 
forming our training and test sets. 

Evaluation Metrics: To quantitatively measure stereo matching performance, we referred to work 
in the field of asymmetric stereo matching [10], using End-point Error (EPE) and Three-pixel Error 

(3PE) as model evaluation metrics, as shown in Equations (6) and (7). 

Given the total number of pixels N in the test set, the estimated disparity 𝑑̂𝑖   and the ground truth 

disparity 𝑑𝑖 for pixel i. EPE calculates the average Euclidean distance between the predicted disparity 
values and the true disparity values for all pixels, with smaller errors indicating higher matching 
accuracy. 3PE refers to the proportion of pixels whose absolute difference between the predicted 
disparity and the true disparity exceeds three pixels, with a higher proportion indicating more 

mismatched points and lower matching accuracy. 

 𝐸𝑃𝐸 =
1

𝑁
∑ √(𝑑̂𝑖 − 𝑑𝑖)

2𝑁
𝑖=1    (6) 

 3𝑃𝐸 =  
1

𝑁
∑ 𝛷(|𝑑̂𝑖 − 𝑑𝑖|, 3)𝑁

𝑖=1 ,   𝛷(𝑝, 𝑞) = {
1, 𝑝 > 𝑞
0, 𝑝 ≤ 𝑞

  (7) 

Implementation Details: The research was conducted using the deep learning framework Pytorch 
on a Windows 11 operating system. The CPU used was a 12th Gen Intel(R) Core(TM) i9-12900K 3.20 
GHz, with 32GB RAM, and a GPU model GeForce RTX 3090 with 24G of VRAM. During training, 
we used the Adam gradient optimization algorithm with β1 = 0.9 and β2 = 0.999, and an initial learning 
rate of 0.0001. To accelerate model convergence, we adopted a phased training strategy; the initial SGSR 
module was pre-trained using an image L1 loss, with a batch size of 16 for 20 epochs, reducing the 
learning rate to 0.5 of its original at the 8th, 12th, 15th, and 17th epochs. For the disparity prediction 

part, we used bilinear interpolation to upsample the low-resolution side to the same dimensions as the 
network input, with a batch size of 8 for 20 epochs, reducing the learning rate at the same epochs as 
above. Finally, we refined the overall model training with a batch size of 4 for 20 epochs, again reducing 

the learning rate at the 8th, 12th, 15th, and 17th epochs. The parameter values in the model were: α =
0.85, 𝛾 = 10, 𝜆𝑝𝑚 = 1.0, 𝜆𝑓𝑚 = 0.5, 𝜆𝑠𝑚 = 0.5. 

4.2.  Model Analysis 

To validate the effectiveness of the proposed SGSR module in restoring image quality, we conducted 
tests on the KITTI 2015 dataset. Figure 5 presents two sets of visual comparison results: the first row 
shows the low-resolution RGB images, the second row displays the results of image quality restoration 
using the SGSR module, the third row presents the results of directly inputting the first row images into 
our self-supervised stereo matching network, and the fourth row shows the disparity maps predicted by 
the super-resolution guided asymmetric stereo matching network. By comparing the disparity maps in 

rows three and four, it is evident that our stereo-guided super-resolution module significantly improves 
the performance of the stereo matching model for asymmetric resolution stereo images. Comparing the 
RGB images in rows one and two demonstrates that our method effectively enhances image quality. 
Since we did not perform image supervision on the output of the SGSR module, some noise pixels 
appear in low-texture, high-exposure areas of the image. However, the primary objective of this paper 
is not to obtain precise super-resolved images but to focus on improving disparity prediction accuracy. 
The experimental results fully demonstrate that the method proposed in this paper effectively resolves 

the performance degradation caused by asymmetric inputs. 
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Figure 5. Visualization of Image Quality Restoration and Predicted Disparity Results 

Regarding the selection of a super-resolution feature consistency loss function, we experimented 
with different computational methods. To analyze the impact of different loss functions on the 
performance of the stereo matching model, we selected several classic loss functions, namely L1, SSIM 
[42], and L2, and used them as the super-resolution feature consistency loss function to retrain our model. 
Additionally, we provided the results of models trained using image photometric loss (PM_img) as a 
control. As shown in Table 1, compared to PM_img, all three feature loss models yielded superior results, 

demonstrating that for stereo matching models using asymmetric images as inputs, super-resolution 
feature consistency constraints are more conducive to predicting accurate disparities. Among the three 
different feature loss functions, L2 demonstrated better prediction accuracy. To ensure optimal model 
performance, we selected L2 as the super-resolution feature consistency loss function for this paper. 

Table 1. Impact of Different Loss Functions on Model Performance 

 KITTI15 KITTI12 

Loss EPE 3PE EPE 3PE 

𝑃𝑀_𝑖𝑚𝑔 2.613 16.391 3.100 16.772 

𝐿1_𝑓ⅇa 2.397 14.372 2.916 16.290 

SSIM_fea 2.413 14.139 2.911 15.897 

L2_fea 2.387 12.324 2.697 11.927 

4.3.  Ablation Study 

To verify the effectiveness of our method for disparity prediction tasks on asymmetric resolution stereo 
images, we conducted ablation studies on the proposed SGSR module and the super-resolution feature 
consistency loss. (1) Baseline: Replacing the SGSR module with bilinear interpolation upsampling. (2) 
+SGSR: Adding the SGSR and using super-resolution image photometric loss. (3) +L_fm: Replacing 
the super-resolution image photometric loss with the super-resolution feature consistency loss proposed 
in this paper. The results of the ablation experiments are shown in Table 2. By comparing results (1) and 
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(2), the +SGSR model performed better on both datasets than the Baseline, thus demonstrating that the 
stereo-guided super-resolution module proposed in this paper can effectively restore image quality and 
significantly enhance stereo matching performance. Comparing (2) and (3), replacing the SGSR's super-
resolution image photometric loss with super-resolution feature consistency loss allows the SGSR 

module to better learn how to restore images to achieve feature consistency, which is beneficial for cost 
aggregation in asymmetric stereo images, thus better predicting the disparity of each pixel in the image. 

Table 2. Ablation Experiment Results Comparison 

 KITTI15 KITTI12 

Method EPE 3PE EPE 3PE 

Baseline 2.919 20.889 3.426 20.631 

+SGSR 2.613 16.391 3.100 16.772 

+𝐿𝑓𝑚  2.387 12.324 2.697 11.927 

4.4.  Comparison with Other Methods 

Due to the scarcity of related research and the lack of open-source projects, we conducted the following 
comparative experiments: (1) CVCnet+Baseline_sym: Feeding CVCnet super-resolution results into a 
symmetric dataset trained version of the Baseline network; (2) Directly upsampling low-resolution 
images and using a self-supervised photometric loss trained stereo matching model; (3) DAUS: 
According to the original paper, retraining the model by replacing the photometric loss in the Baseline 
with feature metric consistency loss; (3) Ours: Our method. As shown in Table 3, our method achieved 
the best quantitative metrics for asymmetric resolution stereo disparity estimation. 

Table 3. Comparison with Other Methods 

 KITTI15 KITTI12 

Method EPE 3PE EPE 3PE 

CVCnet[11]+ 

Baseline_sym 
3.090 19.048 3.519 18.738 

Baseline 2.919 20.889 3.426 20.631 

DAUS [9] 2.702 19.973 2.904 18.671 

Ours 2.387 12.324 2.697 11.927 

 

Additionally, we also present a visual comparison of disparity prediction results with other methods. 
As shown in Figure 6, two sets of results are provided, from top to bottom representing: RGB images, 
and disparity maps predicted using Ours, DAUS [9], and CVCnet [11] +Baseline_sym methods, 
respectively. Through the comparison of the visualization results, it can be more intuitively shown that 
for asymmetric resolution stereo matching, our proposed method provides significant improvements in 

model prediction performance. 
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Figure 6. Comparison of Disparity Maps Predicted by Different Methods 

5.  Conclusion 

This paper investigates stereo matching for asymmetric resolution stereo images. We proposed a stereo-
guided super-resolution (SGSR) module and a super-resolution feature consistency loss to narrow the 
quality disparity between stereo image pairs and have empirically proven the effectiveness of both the 
module and the loss function. However, there are still shortcomings in this work. This paper only focuses 
on inconsistent image resolutions, while in reality, stereo image pairs may also exhibit inconsistencies 
in noise, color, and other aspects. In the future, we will consider a more diverse range of asymmetric 
conditions to make the model applicable to a broader array of scenarios. Moreover, although our model 

can achieve self-supervised training during the stereo matching phase, the SGSR module still requires 
supervision from original high-resolution images. Image degradation due to inconsistencies can 
adversely affect model accuracy, which is detrimental for practical applications. We will further improve 
the model structure and supervision methods to enhance its generalizability. 
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