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ABSTRACT

Deep stereo networks perform effectively when both training and testing data
come from the same domain. However, their accuracy tends to drop signifi-
cantly in efficiency-focused target scenarios due to domain shifts between train-
ing and testing datasets. These shifts often arise from differences in factors
such as color, lighting, contrast, and texture. Additionally, the architecture of
deep networks generally results in processing times that are unsuitable for real-
time applications. To address these issues, this paper proposes a lightweight
and robust stereo matching approach tailored for diverse driving environments.
It leverages attention mechanisms for feature extraction and uses evolutionary
algorithms for optimizing parameters. The method outperforms existing deep
learning and traditional stereo matching techniques in terms of both processing
speed and the percentage of bad pixels, as demonstrated on three challenging
outdoor datasets: KITTI, HCI, and Driving Stereo. These results indicate that
the proposed solution is highly effective for real-world applications where both
precision and flexibility are essential.
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1. INTRODUCTION
Advanced driver-assistance systems enhance safety by reducing accident risks through critical traffic

and road data collection, such as distance, obstacle identification, traffic signs, signals, and nearby vehicles. Key
features like distance measurement and 3D obstacle detection, often achieved with stereo vision, are essential
for effective traffic scenario analysis [1, 2]. Stereo vision algorithms can be divided into two categories: non-
deep learning-based and deep learning-based methods. Non-deep learning methods, like pSGM, iSGM, and
SGM offer fast processing; however, their performance often degrades in challenging environments such as
textureless or specular regions. Since then, the field has advanced significantly, driven by new techniques and
paradigms inspired by breakthroughs in other deep learning areas. Transformer-based and iterative refinement
architectures are key examples of the field’s evolution, showcasing the potential for continued improvements in
accuracy and efficiency [2]. However, these approaches typically introduce higher computational and memory
costs, making them less practical for real-time ADAS applications.

Recent advancements in stereo matching have introduced a variety of methods to enhance disparity
estimation accuracy and computational efficiency. Li et al. [3] proposed a cascaded recurrent network that
effectively captures contextual information but increases computational complexity. Zhong et al. [4] addressed
underwater distortion through unsupervised adaptation, though performance suffers in turbid environments.
Dai et al. [5] proposed real-time disparity prediction, efficient yet less robust in complex scenes. Lai et al.
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Figure 1. Experimental results of the proposed method under the HCI dataset. (a), (b), and (c) represent the
left image, right image, and the disparity of the proposed method, respectively, under sun flare conditions. (d),
(e), and (f) represent the left image, right image, and the disparity results of the proposed method, under night

and snow conditions.

[6] improved textureless area matching using adaptive weights but with added computation. Xu et al. [7] and
Wang et al. [8] enhanced accuracy through iterative refinement and frequency selection, though both methods
are computationally intensive. Li et al. [9] employed local structure guidance, which may struggle with struc-
tural variance. Cheng et al. [10] achieved high FPS for XR but compromised on depth accuracy. Yue et al. [11]
used semi-supervised learning to manage imperfect data, with results tied to label quality. Kwon and Zell [12]
introduced image-coupled propagation improving accuracy but increasing processing load. Song et al. [13]
applied Bayesian methods for surgical imagery, effective yet computationally demanding. Quan et al. [14]
improved specular region accuracy via multi-spectral attention, though data-hungry. Zhang et al. [15] fused
temporal-spatial cues for dynamic scenes, at the cost of processing speed. Multi-scale attention and contextual
refinement by Zhang et al. [16] and Liu et al. [17] yielded precise results but demanded more resources. Wang
et al. [18] and Zhang et al. [19] demonstrated that feature fusion and attention mechanisms enhance accuracy,
though training and inference remain resource-intensive. Chen et al. [20] incorporated graph networks for
global context, facing scalability issues. Adaptive cost aggregation [21] and transformer networks [22] im-
proved matching in complex regions, yet with greater computational costs. Deng et al. [23] fused multi-scale
information to enhance matching accuracy, though at the expense of increased computational complexity. Qi et
al. [24] introduced an adaptive support window, improving accuracy in weak-textured regions but with added
computation. Zhang et al. [25] proposed LiDAR-guided stereo matching, enhancing robustness but requiring
additional sensor data. Yang et al. [26] optimized hierarchical graph structures for urban 3D reconstruction,
though scalability remains a concern. Iqbal et al. [27] guided deep learning with expert knowledge, improv-
ing depth estimation but with increased model complexity. Tosi et al. [28] provided a comprehensive survey
on deep stereo matching, offering insights into various approaches but lacking new algorithmic contributions.
Yang et al. [29] proposed a non-local cost aggregation method that improves matching accuracy but increases
computational complexity. Zhang et al. [30] introduced a guided aggregation network that enhances disparity
estimation but requires additional training data. Gu et al. [31] developed a cascade cost volume for high-
resolution stereo matching, improving accuracy but at the cost of increased processing time. Pang et al. [32]
applied residual learning for stereo matching, achieving better results but with higher computational demands.
Zhang et al. [33] utilized multi-dimensional residual dense attention networks for stereo matching, enhancing
performance but requiring more computational resources. Zhang et al. [34] employed long-range attention net-
works for multi-view stereo, improving depth estimation but with increased computational complexity. Zhou
et al. [35] introduced DeepTAM for deep tracking and mapping, achieving accurate results but with higher
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Figure 2. The workflow of the proposed system.

computational requirements. Yildirim [36] studied cybersickness during VR gaming, providing insights into
user experience but not directly related to stereo matching. Kang et al. [37] investigated the effect of outside
view on attentiveness in using see-through type augmented reality devices, offering valuable information for
AR applications but not directly applicable to stereo matching. Although the above techniques provide spe-
cific improvements, they still face a common limitation: a balance between robustness, accuracy, and real-time
speed has not yet been achieved.

Furthermore, performance degradation becomes evident when deploying deep models in diverse real-
world environments, particularly under illumination changes, weather variations, and domain shifts between
synthetic and real datasets. These challenges highlight the need for a stereo matching system that is both robust
and computationally efficient for deployment in autonomous driving.

Fig. 1 shows results from the HCI dataset [38], where the performance of existing deep learning-based
method was decreased under difficult cases in real-world conditions, while our proposed system still obtained
the stable performance. This study presents several novel contributions:

• A robust local feature extraction method using the attention mechanism for various driving conditions.

• An efficient stereo data cost function that combines the benefits of census transform cost, local attention
cost, and binary count cost.

• An effective evolutionary algorithm for optimizing the hyperparameters of the proposed methods.

• A real-time, robust stereo matching system designed for diverse road conditions, optimized for GPU
performance.

The rest of this paper is organized as follows: Section II introduces and explains the proposed algo-
rithm. Section III presents the results and discusses the findings of the proposed method. Finally, Section IV
concludes the paper.

2. THE PROPOSED METHOD
This section outlines the proposed method to enhance stereo matching performance in challenging

driving conditions. First, the local self and cross-attention feature (SACA) is introduced, followed by the pro-
posed SACA-based strategy for computing stereo data cost. The computed cost is integrated with SGM [39]
for disparity map generation. Finally, the proposed evolutionary algorithms are employed to optimize hyper-
parameters. The overall workflow is illustrated in Fig. 2. SACA is designed to integrate both self-attention
and cross-attention in local regions to effectively encode the contextual relationships within each image as well
as the correspondence between stereo pairs. Unlike global attention models that require large computational
resources, SACA focuses only on compact neighborhoods, ensuring high robustness while maintaining low
computational cost for real-time stereo matching.

The Stereo Adaptive Cost Aggregation (SACA) method adaptively aggregates matching costs by ad-
justing the support region based on local structural information. Instead of relying on a fixed or predefined cost
window, SACA dynamically modifies the aggregation scope according to texture strength and edge boundaries.
This adaptive mechanism helps preserve disparity discontinuities and improves matching robustness in weakly
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textured and occluded areas. As a result, SACA achieves more reliable cost estimation compared to traditional
local aggregation approaches that often blur object boundaries.

2.1. Self and Cross Attention Feature: SACA
Inspired by the attention mechanism in the Transformer architecture [22], self-attention links different

positions within a sequence to create its representation, and has been successful in tasks like reading compre-
hension and summarization. Cross-attention enhances information exchange between the encoder and decoder.
This research explores using a local self-cross-attention feature to improve stereo matching performance. Un-
like Transformer-based methods [22] that equire large networks and multiple GPUs for disparity generation
and refinement, our approach integrates attention into local feature computation, making it efficient and not
reliant on heavy training or powerful GPUs for inference.

2.1.1. Local Attention Feature-LAF
From the perspective of stereo matching, we can consider local attention as a mechanism to identify

and extract stable features from local image regions that are not significantly affected by noise. This idea builds
on previous research on extracting stable features from regions of interest (ROI) [40]. Among the existing
approaches, we found that the Census transform is a dominant solution due to its computational simplicity and
robustness to illumination changes, as it focuses on the relative ordering of pixels rather than their intensity
values. Therefore, in this research, we use the Census transform [40] as a method to extract local attention
features LAF, as follows:

LAF (Zc) =
⊗N

n=1 χ (Zc, Zn, ψ)

χ (Zc, Zn, ψ) =

{
1 ifZc − Zc > ψ
0 ifZc − Zc ⩽ ψ

(1)

where Zc and Zn are the location of center pixel c and the neighbor pixels n, respectively. However, the
original Census transform is not sufficient under extremely noisy conditions. Therefore, we investigate a max-
imum density approach in equation (1) to improve the performance of the Census transform by introducing a
parameter ψ based on previous research [41] as follows:

ψ = I (Zω∗)

Zω∗ = argmaxZi,i∈N

[∑N
n=1 1I(Zi)=I(Zn)

] (2)

where I(Zn) is the pixel intensity value at the local Zn of the left (or right) image. Thus, our proposed LAF
can be considered a local attention approach because it encodes the relationship between the center pixel and
its neighboring pixels, as well as the pixel value with the maximum density in the local region.

2.1.2. Local Cross Attention Feature
Most existing local pattern methods for stereo matching, such as Census, Local Ternary Census, Gen-

eralized Census Transform, and local density encoding [20], were designed to handle information only from
the local left or right image regions. They do not consider the relationship between the left and corresponding
right image regions for encoding the features simultaneously. Therefore, this research aims to introduce an
efficient method to encode the features of the local regions by considering information from both the left and
right image regions simultaneously. This research introduces a method to compute the local features for both
the left LCAFLeft and right image regions LCAFRight by considering their relationships as follows:

LCAFLeft (Zc) =
⊗N

n=1 χ (Zc, Zn, λRight)

LCAFRight (Zc) =
⊗N

n=1 χ (Zc, Zn, λLeft)
(3)

where the λLeft and λRight are parameters to present how much information are exchange to right local pattern
computation and left pattern computation, respectively, as follows:

λLeft = IRight

(
ZωLeft

)
ZωLeft

= argmaxZi,i∈N

[∑N
n=1 1IRight(Zi)=IRight(Zn)

]
λRight = ILeft

(
ZωRight

)
ZωRight

= argmaxZi,i∈N

[∑N
n=1 1ILeft(Zi)=ILeft(Zn)

] (4)
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where ILeft(Zn) and IRight(Zn) are the pixel intensity value at the local Zn of the left and right images,
respectively.

Figure 3. The proposed local cross-attention for computing the stereo data cost.

2.2. Stereo Matching Data Cost Based on SACA
This section describes how we leverage the benefits of SACA (Fig. 3) to develop a robust stereo

matching cost. The proposed matching cost includes the data cost from the local attention feature (LAF) and
the data cost from the local cross attention feature (LCAF). Therefore, this research introduces an efficient
approach to combine the benefits of these two matching costs as follows:

DSACA (p, fp) =
α× dH [LAFleft (x, y) , LAFright (x− fp, y)] +
β × dH [LCAFleft (x, y) , LCAFright (x− fp, y)]

dH [q, k] =
∑N−1

i=1 1{qi ̸=ki}

(5)

where p = (x, y) represents the location of pixel p in the image, dH is the Hamming distance, α is a parameter
designed to determine how much the LAF feature contributes to the final cost value, and β is a parameter
designed to determine how much the LCAF feature contributes to the final cost value. To further enhance the
effectiveness of the proposed matching cost under difficult conditions, this research continues to integrate the
binary count feature, which can detect relative pixel differences, helping to maintain accurate matching even in
difficult areas, such as low contrast or homogeneous textures, into the proposed system as follows:

Dfinal (p, fp) = DSACA (p, fp) + δ ×Dbinary count (p, fp)
Dbinary count(x, y) =[∑N

i=1 LAFleft(i) +
∑N

i=1 LCAFleft(i)
]
−[∑N

i=1 LAFRight(i) +
∑N

i=1 LCAFRight(i)
] (6)

where binary count information was calculated by considering the local and cross attention mechanism between
left and right image paths. Thus, the energy function, Fu (p, fp), that assigns disparity, fp, to pixel p along
direction u, as defined in [40], is as follows:

Fu(p, fp) = Dfinal(p, fp) + min


Fu(p− u, fp),
Fu(p− u, fp − 1) + C1,
Fu(p− u, fp + 1) + C1,
miniEu(p− u, i) + C2


−min

k
Fu(p− u, k)

(7)

where the penalties C1 and C2 are designed to estimate disparity changes and disparity discontinuities, re-
spectively, and are pre-defined during the operation of the SGM. However, accurately estimating these two
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Figure 4. The experimental results on the DrivingStereo dataset are presented. The first, second, and third
rows show the results of the SGM and the proposed method under cloudy, foggy, and sunny conditions,

respectively.

penalties is challenging. Therefore, this research proposes a method to dynamically estimate C1 and C2 using
the proposed Genetic Algorithm, which is introduced in the following sections.

2.3. The proposed GA
It is challenging to estimate the optimal thresholds for α, β, δ, C1, and C2. Therefore, this research

introduces a method to find the best values for these hyperparameters using a genetic algorithm (GA). Initially,
a chromosome structure was defined to represent the possible values of α, β, δ, C1, and C2. Next, a fitness
function was developed to evaluate the fitness of each chromosome. Tournament selection and crossover were
applied to select and generate stronger chromosomes for subsequent generations. Finally, after meeting the
termination criteria, the strongest surviving chromosomes were identified as the final optimal parameters.

2.3.1. Chromosome Structure
Choosing a suitable genotype representation is crucial for minimizing the processing time in genetic

algorithms. In genetic algorithms (GAs) and genetic programming, three commonly used genotype represen-
tations are string, matrix, and tree structures [42]. This paper introduces a chromosome structure using string
representation due to its flexibility and ease of extending the chromosome size. Each chromosome is organized
into five genes: G(n)

α , G(n)
β , G(n)

δ , G(n)
C1

, and G(n)
C2

, which represent the possible values of α, β, δ, C1, and C2,
respectively.

2.3.2. Initial Population:
The population of chromosomes, representing the potential values of each gene, is initialized randomly

according to the following constraints. G(n)
α , G(n)

β , G(n)
δ , and Gδ are randomly generated within the range [0,

1], while C1, and C2 are randomly generated within the range [0, 1000].

2.3.3. Fitness function
The fitness function fitnessα,β,δ,C1,C2

dis was designed to evaluate the accuracy of the disparity results
after using the given chromosome parameters including G(n)

α , G(n)
β , G(n)

δ , G(n)
C1

and G(n)
C2

as follows:

fitnessα,β,δ,C1,C2

dis =
√

(argmin
fp

Fα,β,δ,C1,C2
u (p, fp)−GT )2 (8)

Where GT represents the disparity ground truth. Once the fitness value for each chromosome is calculated,
a pairwise tournament selection is performed to determine the top chromosomes for reproduction in the next
generation. After the selection, linear crossover and mutation are applied to generate new offspring for the
following generation.
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Figure 5. The experimental results of the SGM-based method and the proposed method using 500 stereo
image under cloudy from DrivingStereo dataset.

Figure 6. The experimental results of the SGM-based method and the proposed method using 500 stereo
image under Foggy conditions from DrivingStereo dataset.

3. RESULTS AND DISCUSSION
3.1. Dataset, Compared Methods, and Parameter Settings

To evaluate the performance of the proposed algorithm, three popular stereo datasets were used: KITTI
2012 and 2015 [43], HCI [38], and DrivingStereo [44]. The KITTI dataset provides stereo images with avail-
able ground-truth disparity in urban, rural, and highway environments, featuring dynamic objects and challeng-
ing lighting conditions (e.g., reflective regions). The HCI dataset includes stereo images without ground-truth
information, captured under more challenging driving conditions, such as blinking arrows, car-truck interac-
tions, crossing cars, flying snow, night driving, snow, rain blur, rain flares, reflecting cars, shadows on trucks,
sunflare, and wet autobahn scenarios. DrivingStereo is a large-scale stereo vision dataset with available dis-
parity ground truth, specifically designed for autonomous driving research. It contains over 180,000 stereo
image pairs captured in diverse real-world driving scenarios, including varying weather, lighting, and seasonal
conditions, such as rain, fog, snow, and nighttime driving. The proposed method was not designed based on
deep learning architecture. However, in order to provide a comprehensive evaluation of the performance of the
proposed method in comparison with other methods, two groups of stereo methods are set up for comparison
as follows. Non-deep learning based methods: the proposed-based SACA, SGM (2022) [39], m-SGM (2023)
[45], and s-SGM (2024) [46]. Deep learning based methods: FEDL [47] (2021), permutation (2022) [48],
and CRD-Fusion (2022) [49], and RAPIDFlow (2024) [50]. The proposed method differs significantly from
[47]. In our approach, an attention-based mechanism is introduced to extract more robust and discriminative
features, whereas [47] relies on traditional local feature descriptors such as Census. Moreover, we incorporate
a Genetic Algorithm (GA) to adaptively optimize the SGM parameters, while [47] adopts fixed and constant
SGM settings by designing a predefined function to estimate.
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Figure 7. The experimental results of the SGM-based method and the proposed method using 500 stereo
image under Sunny from DrivingStereo dataset.

3.2. Evaluation Metrics
To evaluate the performance of the proposed method, the Average Percentage of Bad Pixels (APBP)

is defined as follows:

APBP =
1

N

∑
p∈P

I (|Dpred(p)−Dgt(p) > T |)× 100 (9)

where Dpred(p) and Dgt(p) are the estimated disparity and the ground-truth disparity at pixel p ∈ P , respec-
tively. T is the error tolerance threshold. P is the total number of valid pixel in the disparity map.

3.3. Performance Evaluation on DrivingStereo Dataset
The DrivingStereo dataset was used to verify the effectiveness of the proposed SACA method in

comparison to the SGM. Fig. 4 shows the APBP of the proposed SACA and SGM under various difficult
driving conditions on a pair of stereo images. For the case of cloudy conditions, the proposed SACA and SGM
achieve an APBP of 3.6% and 12.77%, respectively. For the case of foggy conditions, the proposed SACA and
SGM achieve an APBP of 5.01% and 46.65%, respectively. For the case of sunny conditions, the proposed
SACA and SGM achieve an APBP of 11.16% and 25.76%, respectively. The results show that the proposed
SACA achieved much better performance than SGM due to the benefits of local cross-attention features. Figs.
5, 6, and 7 show the performance of the proposed SACA and SGM on a total of 500 images from the cloudy
conditions, 500 images from the foggy conditions, and 447 images from the sunny conditions. For the cloudy
case, the proposed SACA reduced the average percentage of bad pixels of the SGM by 2.93 times (from 14.28%
to 4.87%). For the foggy case, the proposed SACA reduced the average percentage of bad pixels of the SGM
by 2.7 times (from 20.55% to 7.5%). For the sunny case, the proposed SACA reduced the average percentage
of bad pixels of the SGM by 2.8 times (from 13.62% to 4.97%). Thus, comprehensive experiments show that
our proposed SACA method yields stable and better performance than SGM under various testing conditions
using the DrivingStereo dataset.

3.4. Performance Evaluation on HCI Stereo Dataset
To evaluate the performance of the proposed system under more challenging driving conditions, we

assess the performance of the proposed method and the original SGM under 4 conditions (Fig. 8): reflecting
car, sun-flare, rain flare, and night and snow. The visualization of disparity results confirms that the proposed
SACA method still produces better results than the SGM under these challenging test cases. In particular, the
performance of the proposed SACA significantly outperforms the performance of SGM under the night and
snow conditions.

3.5. Performance Evaluation on KITTI Stereo Dataset
To further evaluate the performance of the proposed system, we conducted more experiments on 194

stereo images from the KITTI training 2012 (Fig. 9) and 200 stereo images from the KITTI training 2015 (Fig.
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Figure 8. Experimental results under the HCI stereo dataset are presented. The first, second, third and fourth
rows show the results of the SGM and the proposed method under reflecting car, sunflare, rain flare and night

and snow conditions, respectively.

10) stereo datasets. The proposed SACA method and the SGM achieved average percentages of bad pixels of
4.98% and 12.37%, respectively, under the KITTI 2012 dataset. The proposed SACA method and the SGM
achieved average percentages of bad pixels of 5.78% and 12.05%, respectively, under the KITTI 2015 dataset.
To verify the performance of the proposed method against other state-of-the-art methods, we conducted more
experiments on the KITTI 2012 testing dataset, as shown in Fig. 11. The APBP of the proposed method, SGM,
and permutation are 5.50%, 7.68%, and 8.04%, respectively. The experimental results prove that the proposed
SACA still achieves comparable performance in comparison to the state-of-the-art non-deep learning and deep
learning methods.

To continue evaluating the performance of the proposed method under the most challenging conditions
in the KITTI 2012 dataset, we conducted experiments on the reflective regions of 194 testing stereo images.
The proposed method, which achieves the lowest Average Pixel-wise Boundary Position (APBP) error of 12.01,
outperforming all other compared methods: SGM (12.48), CRD-Fusion (12.87), and Permutation (18.78). The
superior accuracy of the proposed method is primarily due to its integration of an attention mechanism for fea-
ture extraction, which allows the model to selectively focus on the most informative features, improving spatial
detail and boundary delineation. Additionally, the use of evolutionary algorithms for parameter estimation en-
sures a more adaptive and optimized configuration, enhancing performance across varied input conditions. In
contrast, methods like SGM and CRD-Fusion lack this adaptive capability, which limits their precision. Over-
all, the results highlight the advantage of combining advanced attention-based architectures with intelligent
parameter optimization.

3.6. Performance Evaluation to Other Deep Learning Models
To continue evaluating the performance of the proposed method with existing deep-learning based

method, we conduce the experiment on the Driving Stereo dataset, under the Foggy conditions. Fig. 12 shows
the result of various method. The results presented in the experiment clearly highlight the superiority of the pro-
posed method over all competing approaches across multiple benchmark images. The quantitative evaluation
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Figure 9. The experimental results of the SGM-based method and the proposed method with 194 training
stereo images using the KITTI 2012 dataset.

Figure 10. The experimental results of the SGM-based method and the proposed method with 200 training
stereo images using the KITTI 2015 dataset.

based on APBP clearly demonstrates the effectiveness of the proposed method compared with both classical
stereo approaches and state-of-the-art learning-based techniques. the proposed method achieves the lowest
APBP value of 4.65, outperforming traditional SGM-based methods such as SGM (20.86), permutation-based
SGM (10.60), m-SGM (13.44), and s-SGM (23.55) by a substantial margin. This confirms that conventional
handcrafted cost functions remain highly sensitive to noise and low-texture regions. Additionally, although
advanced learning-based approaches such as CRD-Fusion (6.31), FEDL (7.93), and RAPIDFlow (6.97) show
improved accuracy, they still perform worse than the proposed method.

The superiority of the proposed method is attributed to two key innovations: (1) the self- and cross-
attention mechanism that enhances robustness by capturing reliable contextual relationships between stereo
image pairs, and (2) the adaptive optimization of SGM penalties through Genetic Algorithms, ensuring stable
performance under diverse environmental variations.

4. RUNNING TIME AND LIMITATIONS

To verify the processing time of the proposed method, the experiment was performed on a computer
equipped with a Titan X 12 GB GPU, 8 Intel Xeon 3.5 GHz CPUs, and 8 GB RAM. Our proposed SACA
method achieved 0.02s/frame. The proposed SACA does not achieve good results under extremely difficult
conditions in the DrivingStereo dataset. The proposed method fails to generate disparity results under heavy
rain and low light in tunnels, with the reflecting effects from sun flare.
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Figure 11. (a), (b) and (c) are the APBP results of SGM (7.68%), the proposed method (5.50%), and
permutation (8.04%), respectively, on the KITTI 2012 testing dataset.

Figure 12. Experimental results of the proposed method and other non-deep learning and deep learning model
under Foggy conditions on the Driving Stereo dataset.

5. CONCLUSION
This research introduces an efficient method for a real-time and robust stereo matching system under

various and complex driving conditions. The proposed method was designed based on local and cross-attention
features, along with an evolutionary algorithm for parameter estimation. Experimental results show that the
proposed method achieves stable and robust performance under various testing datasets, including KITTI, HCI,
and DrivingStereo. In the future, we aim to investigate the benefits of both deep learning and non-deep learning
models to address the current limitations of the proposed method.
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