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lar perception of object distance. It has significant application potential in numerous fields, including intelligent manufac-
turing, autonomous driving, robotic visual navigation, aerospace, geographic remote sensing, smart healthcare, and vir-
tual/augmented reality, and is being increasingly widely adopted. In recent years, stereo matching methods based on deep
learning have leveraged the powerful learning capabilities of deep neural networks to learn implicit rules of stereo matching
from a large number of training samples. These kinds of methods integrate the entire stereo matching process, including
feature extraction, cost volume construction, cost aggregation, disparity regression, and disparity refinement, into an end-
to-end deep neural network. By leveraging the powerful learning capabilities of deep neural networks, these methods effec-
tively address challenges posed by various complex factors. Currently, the accuracy of deep learning-based stereo matching
networks has significantly surpassed that of traditional methods, leading to significant advancements and a substantial
improvement in the accuracy of stereo matching. However, as a pixel-level dense matching task, stereo matching inher-
ently involves high computational complexity. Deep learning-based stereo matching models typically require significant
computational resources to achieve good disparity accuracy. Existing state-of-the-art stereo matching networks often
demand tens to hundreds of giga multiply-accumulate operations to process a pair of stereo images with a resolution of 540 X
960. In many real-world application scenarios, owing to constraints such as hardware costs and power consumption, stereo
matching models often need to be deployed on low-power edge devices. This issue imposes stringent requirements on the
models: They must not only achieve good disparity accuracy but also exhibit extremely low computational overhead. Pres-
ent advanced stereo matching networks generally have high computational costs, making their deployment expensive and
unsuitable for such practical scenarios. To address this issue, this study proposes a lightweight binocular stereo matching
framework named LLBSM, which is designed for low-power edge computing devices. Method The construction and aggrega-
tion of cost volume are two critical steps that significantly influence the overall accuracy and efficiency of the process.
Thus, in this study, the popular architecture of “4D cost volume + 3D convolution” with high computational overhead is
abandoned. First, the 4D cost volume is directly reshaped into a 3D cost volume by fusing the channel and disparity dimen-
sions, and only 2D convolutions are used for cost aggregation. In this way, the entire cost aggregation process only requires
the use of 2D convolution, which significantly reduces computational overhead while minimizing information loss. Second,
a lightweight channel attention mechanism is introduced for cost aggregation, avoiding the stacking of many convolutional
layers and making the cost aggregation process efficient. Third, a two-stage network following the “coarse-to-fine” architec-
ture is adopted, in which a spatially adaptive disparity upsampling strategy replaces bilinear interpolation, enabling adap-
tive propagation of low-resolution disparity estimates with minimal computational cost. This upsampling strategy not only
significantly enhances the accuracy of lightweight models with minimal computational overhead but also enables us to
reduce the number of “coarse-to-fine” iterations. Finally, on the basis of the above methods, the proposed LBSM is con-
structed without any 3D convolutions. Through straightforward configurations, LBSM can yield a series of models that are
capable of achieving real-time stereo matching on low-power edge computing devices. Result Ablation and comparative
experiments on the large-scale Scene Flow dataset demonstrate that LBSM achieves high disparity accuracy with lower com-
putational overhead. Compared with existing lightweight stereo matching models and even some nonlightweight models, the
proposed network framework exhibits clear advantages in accuracy and real-time performance. On the real-world road scene
datasets KITTI 2012 and KITTI 2015, the proposed method achieves error rates as low as 2. 41% and 2. 52%, respec-
tively, significantly outperforming mainstream lightweight stereo matching models such as ADCPNet and P3SNet. Addition-
ally, deployment and testing on embedded Al hardware (i. e. , NVIDIA Jetson TX2) platforms show that LBSM achieves
much better accuracy with faster processing speed (4.59—20.29 frames per second). Conclusion Benefiting from the
aforementioned strategies, LBSM relies solely on 2D convolutional layers and exhibits very low computational overhead. It
can perform binocular stereo matching tasks in real time on low-power edge computing devices, achieving a better trade-off
between computational cost and accuracy than existing models and thus endowing it with significant application potential in
real-world scenarios with limited computational resources.
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Table 3 Experimental results on the Scene Flow dataset

HAY EPEAMRZ SHEIM MACs/G B} [ /ms GPU
ADCPNet-SN7(Dai 45 ,2022) 2.89 0.05 - - -
ADCPNet-MN7(Dai 4% ,2022) 1.79 0.4 - - -
ADCPNet-LN9(Dai %,2022) 1.43 3.6 - - -
CDANet(Liang % ,2023b) 1.42 - - 10 RTX 2080 Ti
FBPGNet(Wen45,2022) 1.20 1.3 - 44 RTX 3090
2D-MSNet (Shamsafar %5 ,2022) 1.14 22 136.89 103* RTX 3090
BGNet(Xu%§,2021) 1.17 3.0 57.46 25 RTX 2080 Ti
StereoNet(Khamis % ,2018) 1.10 0.6 65.21% 15 Titan X
DeepPruner-Fast(Duggal 45 ,2019) 0.97 7.5 219.13 48% RTX 3090
CKDNet(Pan % ,2024) 0.87 2.2 - 96 Titan Xp
AANet(Xu Fl Zhang, 2020) 0.87 3.9 180.01 65% RTX 3090
GFANet(Zhang il Zhang,2023) 0.82 - - 63 RTX 3090
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LBSM-M (743) 1.20 0.72 10.71 12.9 RTX 3090
LBSM-L(A3C) 0.95 1.91 39.38 16.8 RTX 3090
LBSM-L-Refine (74 3) 0.86 2.09 60.69 28.1 RTX 3090
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Fig. 9  Accuracy and computational cost of different models on

the Scene Flow dataset
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R4 FEKITTI 2012 F1KITTI 2015 $#E 5 FHIKTRER
Table 4 Experimental results on the KITTI 2012 and KITTI 2015 datasets

KITTI 2012 KITTI 2015
FeAl LT B[] /ms
3-px-Noc/% 3-px-All/% DI1-Noc/%  DI1-All/%

2D-MSNet (Shamsafar 45,2022 ) - - 2.54 2.83 97
MFPSNet(Pan 45 ,2021) - - 2.98 3.27 87
AANet(Xu Fl Zhang,2020) 191 2.42 2.32 2.55 57+

AR YA Y
FADNet(Wang 245 ,2020) 2.04 2.46 2.39 2.60 50
DeepPruner-Fast(Duggal %5 ,2019) 2.26 2.73 2.35 2.59 40%
FBPGNet(Wen %5,2022) - - 4.04 4.30 40
ADCPNet-L-Refine ( Dai %5 ,2022) 2.20 2.66 2.52 2.71 27
RST-Stereo( Ye 55 ,2022) - - - 2.84 22
ADCPNet-LN9(Dai %,2022) 2.44 3.04 2.84 3.09 21
RTS2Net( Dovesi %5 ,2020) - - 3.22 3.56 20
MADNet(Tonioni %5 ,2019) 5.34 6.39 4.27 4.66 20
RTSNet(Lee #1 Shin,2019) 2.43 2.90 - 3.41 20
RCVNet(Ye%%,2024) 2.41 2.88 - 2.98 16
StereoNet(Khamis % ,2018) - - - 4.83 15
P3SNet+(Emlek Fl Peker,2023) 3.55 4.42 432 472 15

BRI
RTSMNet(Xie %5,2021) - - 3.57 3.88 14
AnyNet_C32(Wang%,2019) 3.60 4.33 4.63 4.95 13
P3SNet(Emlek Fll Peker,2023) 3.65 4.46 4.65 5.05 12
AnyNet_C1(Wang%§,2019) 5.53 6.42 6.66 7.10 8
CMNet(Liu%§,2023) - 3.41 - 3.84 8
ADCPNet-MN7(Dai % ,2022) 3.14 3.84 3.69 3.98 7
HRSNet(Huang %:,2023) - - - 4.28 7
GWDRNet-S(Liang % ,2023a) 2.65 3.17 3.37 3.64 6
ADCPNet-SN3(Dai 45, 2022) 4.86 5.70 5.33 5.70 6
LBSM-S(A30) 3.07 3.70 3.48 3.77 11
LBSM-M(A30) 2.52 3.12 2.88 3.20 12
LBSM-L(A30) 221 2.77 2.58 2.81 14
LBSM-L-Refine(4<3) 1.90 2.41 2.32 2.52 23

A R RIS BB R A5 SN e R 25 5 o BT R AR e i B [ B 3 8] = 3R TR SR 3 A A AT A DG 8 A A I
i, 7 FoR i T E O HEAES AL A SCRE 175 (RTX 3090 GPU ) S iy i BHLAS 1]

FE MR A A SR AT & L Sentizf 7, Rk, BURGAHSEGE T AR B 2 R PR BE 27 > 4 ik T
FE % FH B A AT 4745 NVIDIA Jetson TX2 | HALNVIDIA TensorRT(TRT) i — 442 TH5 R ) 4 B
T B RN G T 4 ) LBSM I 4%, JF S5 LM e ik AR SRR AR SOl Tz s T RAD G TR AR R () SR
AP TIEREXT L. Rl R O ARIE IR ERRCR . R R TR A ZhEE AR T 2R
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Fig. 10 The disparity maps predicted by different models and corresponding error maps on KITTI 2012 dataset
((a) left images; (b) RTSNet; (¢) P3SNet; (d) LBSM-L-Refine (ours))
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Fig. 11

The disparity maps predicted by different models and corresponding error maps on KITTI 2015 dataset

((a) left images; (b) P3SNet; (¢) 2D-MSNet; (d) LBSM-L-Refine (ours))
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x5 REHBEETHIDHBE FHIHLER
Table 5 Experimental results of fast models on ETH3D dataset
Y EPEAMZE A95 RMSE A A]/ms

AnyNet_C1 0.68 2.38 1.20 14
MADNet 0.62 1.80 111 63
ADCPNet-SN3 0.62 2.35 1.14 8

AnyNet_(C32 0.55 2.14 1.08 16%
ADCPNet-MN7 0.53 2.11 1.06 17
ADCPNet-LN9 0.50 1.82 1.07 65
DeepPruner-Fast 0.46 1.68 0.92 46%
ADCPNet-L-Refine 0.41 1.50 0.88 76
LBSM-S(43¢) 0.52 2.00 0.99 19
LBSM-M(A30) 0.50 1.84 0.92 23
LBSM-L(ZA30) 0.40 142 0.81 24
LBSM-L-Refine (A< 30) 0.35 1.18 0.76 39

T L R RIZ PR BRSNS SR . B AL EPE PP HEd] o 3R (IS SO IR I A 1 el

() 21

BE - 5 CKITTT 2015 $ds 8 b 00 B 15 5 R0 4 2 gk
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K5I TensorRT fill 34 i), A< SCAR TR X6 7 119 44 4 ot
(FNTE EBR ) B2 X S I SE 3 A bR R A7 T
FE5] A TensorRT JITH 2 J5 , A SO TR () 4 B 33 7

ERE = 0.92

(b) AnyNet_C32

(d) ADCPNet-LN9 (e) LBSM-L-Refine (37)
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Fig. 12 The disparity maps predicted by different models on the ETH3D dataset
((a) left images; (b) AnyNet_C32; (¢c) MADNet; (d) ADCPNet-LN9 ; (e) LBSM-L-Refine (ours))
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Table 6 Test results on the Jetson TX2 hardware platform

KITTI 2012

KITTI 2015

s T /(i /5)
3-px-All/% D1-All/%
StereoNet( Khamis %5 ,2018) - 4.83 1.78
DeepPruner-Fast( Duggal %,2019) 2.73 2.59 0.68
MADNet(Tonioni %,2019) - 4.66 3.85
AnyNet_C1(Wang%,2019) 6.42 7.10 10.40
AnyNet_C32(Wang %,2019) 433 4.95 3.50
RTS2Net(Dovesi &¢,2020) - 3.56 2.30
RTSMNet+TRT(Xie %,2021) - 3.88 3.50
ADCPNet-SN3(Dai %5,2022) 5.70 5.70 22.32
ADCPNet-MN7(Dai %:,2022) 3.84 3.98 8.93
ADCPNet-LN9(Dai %,2022) 3.04 3.09 2.49
ADCPNet-L-Refine(Dai %,2022) 2.66 2.71 1.89
LBSM-S(A3¢) 3.70 3.77 10.78
LBSM-M (A4<32) 3.12 3.20 8.07
LBSM-L(A3C) 2.77 2.81 4.45
LBSM-L-Refine(A<3C) 2.41 2.52 2.26
LBSM-S+TRT (4 3) 3.70 3.77 20.29
LBSM-M+TRT (A ) 3.12 3.20 13.69
LBSM-LA+TRT (4 3) 2.77 2.81 7.62
LBSM-L-Refine+TRT (A 30) 2.41 2.52 4.59
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Fig. 13 Comparison of error rate and frame rate for lightweight

models on the Jetson TX2 using the KITTI 2015 dataset
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