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Abstract

State-of-the-art stereo matching methods typically use
costly 3D convolutions to aggregate a full cost volume,
but their computational demands make mobile deployment
challenging. Directly applying 2D convolutions for cost ag-
gregation often results in edge blurring, detail loss, and
mismatches in textureless regions. Some complex opera-
tions, like deformable convolutions and iterative warping,
can partially alleviate this issue; however, they are not
mobile-friendly, limiting their deployment on mobile de-
vices. In this paper, we present a novel bilateral aggre-
gation network (BANet) for mobile stereo matching that
produces high-quality results with sharp edges and fine
details using only 2D convolutions. Specifically, we first
separate the full cost volume into detailed and smooth
volumes using a spatial attention map, then perform de-
tailed and smooth aggregations accordingly, ultimately fus-
ing both to obtain the final disparity map. Experimental
results demonstrate that our BANet-2D significantly out-
performs other mobile-friendly methods, achieving 35.3%
higher accuracy on the KITTI 2015 leaderboard than
MobileStereoNet-2D, with faster runtime on mobile devices.
Code: https://github.com/gangweix/BANet.

1. Introduction
Metric depth estimation plays a critical role in a wide
range of real-world applications, such as drone naviga-
tion, smartphone photography, and robotic surgery. It can
be broadly categorized into tasks include stereo match-
ing [57], depth completion [29, 49, 69], and monocular
depth estimation [19, 44, 61], and so on. Among them,
stereo matching focuses on finding pixel correspondences
between left and right images, enabling depth recovery
via triangulation. Currently, deep learning-based meth-
ods [8, 16, 18, 20, 46–48, 59] have dominated stereo match-
ing or depth benchmarks, consistently setting new state-
of-the-art results on public leaderboards [35, 37, 38]. De-
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Figure 1. (a): Comparison with top-performing real-time methods
(high-end GPUs) [1, 42, 50, 55, 58]. (b): Visual results and latency
on Qualcomm Snapdragon 8 Gen 3 (8G3). MobileStereoNet-
2D [39] blurs edges, loses details, and causes mismatches in
textureless regions due to pure 2D convolutions for cost aggre-
gation. In comparison, our bilateral aggregation effectively ad-
dresses these issues while remaining mobile-friendly, eliminating
the need for complex operations [42, 58]. The latency is measured
for input stereo pairs with a resolution of 512→ 512.

spite significant advancements, deep stereo matching meth-
ods still face challenges when deployed on mobile and em-
bedded devices. These challenges include: 1) computa-
tional and memory demands exceeding mobile platforms’
capabilities; 2) difficulties in deploying complex or cus-
tomized operators [42, 58]; and 3) the trade-off where sim-
pler models tend to sacrifice accuracy. In this paper, we aim
to explore a mobile-friendly stereo matching method that
achieves both real-time inference speed and high accuracy
using only mobile-friendly operations.

Recently, to improve stereo matching performance, some
works [15, 41, 51] have designed sophisticated cost vol-
ume representations, which play a crucial role in the stereo
matching pipeline. For example, GwcNet [15] designs a
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group-wise correlation volume that computes correlations
group by group and then concatenates them. ACVNet [51,
55] introduces an attention concatenation volume that trans-
forms the correlation volume into attention weights, which
are then used to filter the concatenation volume [3, 23].
PCWNet [41] proposes a pyramid combination and warp-
ing cost volume. These cost volume representations, in
conjunction with a large number of 3D convolutions, pro-
vide a notable improvement in terms of prediction accuracy.
However, the accompanying high computational and mem-
ory costs make it nearly impossible to deploy on mobile
devices.

To accelerate the runtime of stereo matching, subse-
quent works have adopted downsampled or sparse cost
volume representations [11, 24, 50, 55, 62], as well as
lightweight aggregation networks [1, 27, 54, 56]. For ex-
ample, StereoNet [24] and BGNet [50] construct a low-
resolution cost volume (1/8 of the image resolution), while
DeepPruner [11] and Fast-ACVNet [55] create sparse cost
volumes by pruning the candidate disparity range. These
methods can achieve real-time performance on high-end
GPUs; however, they still require stacked 3D convolu-
tions to regularize the cost volumes, which are not mobile-
friendly and make it difficult for these methods to meet real-
time demands on mobile devices, such as those powered by
Qualcomm Snapdragon chips.

An alternative solution is to replace 3D convolutions
with 2D convolutions for cost volume aggregation; how-
ever, This can lead to edge blurring at disparity disconti-
nuities or a loss of fine details. To mitigate these issues,
AANet [58] adopts deformable convolutions [68] to per-
form adaptive cost aggregation. HITNet [42] introduces
iterative warping operations to progressively restore the
edges and fine details of the disparity map. Unfortunately,
these complex operations, such as deformable convolutions
and iterative warping, are not mobile-friendly and are quite
expensive to deploy on mobile devices. Contrary to these
methods, MobileStereoNet-2D [39] utilizes pure 2D con-
volutions for cost aggregation; however, it exhibits a se-
vere degradation in accuracy, as shown in Fig. 1. To this
end, a motivating question arises: How to design a mobile-
friendly stereo network while maintaining high prediction
accuracy?

In this paper, we propose a novel bilateral aggregation
network (BANet) that simultaneously achieves real-time
performance on mobile devices and high prediction accu-
racy. Considering that images contain both high-frequency
detailed regions and low-frequency smooth/textureless re-
gions, which are essential for achieving accurate predic-
tions, directly applying standard 2D convolutions for cost
aggregation across all regions tends to blur edges, lose
details, and produce mismatches in textureless areas. To
address this, the proposed BANet first separates the full

cost volume into a detailed and smooth cost volume,
then aggregates each individually, and finally fuses them.
Through this bilateral aggregation, comprising a detailed
aggregation branch and a smooth aggregation branch, our
method achieves state-of-the-art performance while pre-
serving clear edges and fine details in complex scenes, as
shown in Fig. 1.

Furthermore, accurately identifying high-frequency de-
tail regions and low-frequency smooth regions is also cru-
cial for final prediction accuracy. For this purpose, we pro-
pose a new scale-aware spatial attention module to differen-
tiate between high-frequency details and edges, and smooth
regions. The features of different scales have varying per-
ceptions and receptive fields. Fine-scale features can per-
ceive more high-frequency detail information, while coarse-
scale features capture more low-frequency smooth informa-
tion. Our scale-aware spatial attention takes full advantage
of features at different scales to produce an accurate spatial
attention map that effectively separates detailed and smooth
regions.

To demonstrate the effectiveness of our approach, we
conduct extensive experiments on the Scene Flow [34] and
KITTI [13, 35] datasets. Our pure 2D convolution-based
BANet-2D outperforms other lightweight methods [1, 42,
50, 55] on the KITTI 2012 and 2015 leaderboards. We ex-
amine the latency on Qualcomm Snapdragon 8 Gen 3. As
shown in Fig. 1, our BANet-2D is mobile-friendly and takes
only 45ms for input stereo pairs with a resolution of 512 →
512, delivering high-quality results that preserve edges
and details, significantly outperforming MobileStereoNet-
2D [39]. We also extend BANet to a 3D version, and the
resulting BANet-3D model achieves the highest prediction
accuracy among all real-time methods (on high-end GPUs)
on the KITTI 2012 and 2015 leaderboards.

In summary, our main contributions are as follows:
• We present a novel bilateral aggregation network for mo-

bile stereo matching that achieves high-quality results us-
ing only 2D convolutions.

• We propose a scale-aware spatial attention module that
accurately identifies high-frequency details and edges,
and low-frequency smooth regions.

• Our approach can run in real-time on mobile devices
with high prediction accuracy, significantly outperform-
ing other mobile-friendly methods.

• The extended 3D version, BANet-3D, achieves the high-
est accuracy among all real-time methods on GPUs.

2. Related Work
2.1. Deep Stereo Methods
Recently, deep stereo methods can primarily be catego-
rized into two types: cost volume aggregation-based ap-
proaches [3, 7, 15, 31, 32, 41, 51, 63–65] and iterative
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optimization-based approaches [2, 5, 8, 9, 12, 21, 22, 25,
26, 28, 30, 45, 52, 53, 66, 67]. A representative method
within the first category is PSMNet [3]. PSMNet constructs
a 4D concatenation volume and employs a stacked hour-
glass network, composed of 3D convolutions, to aggregate
this volume. Due to the simplicity and excellent perfor-
mance of PSMNet, many subsequent works have attempted
to improve it in terms of cost volume construction and cost
aggregation. For example, GwcNet [15] proposes group-
wise correlation volume, ACVNet [51] introduces attention
concatenation volume, and PCWNet [41] presents pyramid
combination and warping volume. These stereo matching
methods enhance the representational capacity of the cost
volume, leading to improved accuracy. However, they typ-
ically come with an expensive computational cost. To im-
prove efficiency, Cascade-Stereo [14] and CFNet [40] pro-
pose cascade cost volume representations, constructing the
cost volume in a coarse-to-fine manner.

For cost aggregation, GA-Net [63] introduces two
guided aggregation layers to replace the widely used 3D
convolutional layer, while CoAtRS [6] proposes global at-
tention along the disparity dimension for more comprehen-
sive aggregation. However, these methods incur high com-
putational costs, making real-time deployment challenging
even on high-end GPUs, let alone on mobile devices.

Iterative optimization-based methods [25, 30] iteratively
update disparity using matching features retrieved from a
correlation volume, thus avoiding the computationally ex-
pensive cost aggregation operations. However, they typi-
cally require a large number of iterations to obtain an opti-
mal disparity. To improve optimization efficiency and accu-
racy, IGEV [53, 57] introduces a more comprehensive ge-
ometry encoding volume, from which matching features are
iteratively indexed to update the disparity. Despite its excel-
lent performance, it still struggles to be deployed on mobile
devices due to the iterative indexing operations.

2.2. Real-time Stereo Methods
To speed up stereo matching inference time, many meth-
ods [4, 11, 24, 43, 50] directly construct and aggregate a
deeply downsampled cost volume, such as 1/8 of the im-
age resolution. However, these downsampled cost volumes
can lead to a significant degradation in accuracy. To main-
tain comparable accuracy, CoEx [1] still constructs a high-
resolution cost volume but uses a more lightweight aggrega-
tion network. Fast-ACVNet [55], on the other hand, intro-
duces a high-resolution sparse attention module that only
computes sparse matches at a high resolution. However,
these methods achieve real-time inference only on high-end
GPUs. The extensive use of 3D convolutions makes them
challenging to deploy on mobile devices.

To replace costly 3D convolutions while maintaining
comparable accuracy, AANet [58] leverages deformable 2D

convolutions to enable adaptive cost aggregation, thereby
alleviating the well-known edge-fattening issue. Unlike
aggregation-based approaches, HITNet [42] avoids con-
structing an explicit cost volume and instead progressively
recovers a full-resolution disparity through iterative warp-
ing operations. However, complex operations such as de-
formable convolutions and iterative warping are generally
not mobile-friendly, making them challenging to deploy on
mobile devices.

MobileStereoNet-2D [39] employs 2D MobileNet
blocks [36] for cost aggregation, which are mobile-friendly.
However, images typically contain information at varying
frequencies, and objects exhibit different disparities. As a
result, 2D aggregation often leads to edge blurring, detail
loss, and mismatches in textureless regions. In contrast, our
bilateral aggregation adaptively separates the cost volume
based on the corresponding frequency information or dis-
parities, and then performs targeted aggregation for each.

3. Bilateral Aggregation Network
In this section, we introduce the detailed structure of the
proposed BANet, illustrated in Fig. 2. It consists of four
steps: feature extraction, correlation volume construction,
bilateral aggregation, and disparity prediction. Most ex-
isting methods use 3D convolutions to aggregate cost vol-
umes, which improves accuracy but is computationally ex-
pensive and unsuitable for mobile devices. In contrast, 2D
convolutions are lightweight but often cause blurring and
mismatches. Our proposed bilateral aggregation achieves
high accuracy using only efficient, mobile-friendly opera-
tions.

3.1. Bilateral Aggregation
An image typically contains both high-frequency detailed
regions and low-frequency smooth or textureless regions.
Therefore, using only a 2D aggregation network to aggre-
gate the entire cost volume makes it difficult to manage both
detailed and smooth regions, often resulting in edge blur-
ring, detail loss, and mismatches in textureless regions (as
shown in Fig. 1). To address these issues, we propose bilat-
eral aggregation, which first separates the full cost volume
into detailed and smooth volumes. It then uses a detailed
aggregation branch for the detailed volume and a smooth
aggregation branch for the smooth volume (as shown in
Fig. 2).

Specifically, given a full correlation volume Ccor con-
structed through simple feature correlation, we separate it
into a detailed cost volume Cd and a smooth cost volume
Cs. This separation operation is based on a spatial attention
map A introduced in Sec. 3.2,

Cd = A↑Ccor,

Cs = (1↓A)↑Ccor,
(1)
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Figure 2. Overview of our proposed Bilateral Aggregation Network (BANet).To effectively handle both high-frequency detailed regions
and low-frequency smooth regions, we use detailed and smooth maps to separate the full cost volume into detailed and smooth volumes.
This enables targeted aggregation for each, with the detailed and smooth volumes processed independently. The detailed map highlights
high-frequency detailed regions, while the smooth map highlights the opposite. We also introduce a new scale-aware spatial attention to
more accurately identify detailed and smooth regions within the image.

where ↑ represents the Hadamard Product. The spatial at-
tention map A highlights the high-frequency detailed re-
gions, while the map (1↓A) highlights the low-frequency
smooth regions.

After separating into detailed and smooth cost volumes,
we accordingly employ a detailed aggregation branch Gd

to aggregate the detailed cost volume and a smooth aggre-
gation branch Gs for the smooth cost volume,

C
→

d
= Gd(Cd),

C
→

s
= Gs(Cs).

(2)

For simplicity, we adopt the same structure for both Gd

and Gs, but do not share their weights. Here, we only
detail Gd. Following previous work, the detailed aggre-
gation network Gd consists of a series of inverted resid-
ual blocks [36]: 4 blocks at 1/4 resolution, 6 blocks at 1/8
resolution, and 8 blocks at 1/16 resolution. Each inverted
residual block contains point-wise, depth-wise, and another
point-wise 2D convolution, with an expansion factor of 4.
The channel numbers for the cost features at 1/4, 1/8, and
1/16 resolutions are 32, 64, and 128, respectively.

The detail aggregation network targets high-frequency
regions, while the smooth aggregation network focuses on
low-frequency, textureless regions for disparity predictions.
Finally, we fuse the aggregated detailed cost volume and the
smooth cost volume by:

Cagg = A↑C
→

d
+ (1↓A)↑C

→

s
. (3)

Extension to 3D. Naturally, we can extend the concept
of bilateral aggregation to 3D convolutions, further boost-
ing the accuracy of our model. The 3D aggregation net-

work includes three down-sampling blocks and three up-
sampling blocks. Each down-sampling block contains two
3 → 3 → 3 kernel-sized 3D convolutions, while each up-
sampling block includes a 4→ 4→ 4 kernel-sized 3D trans-
posed convolution followed by two 3 → 3 → 3 kernel-sized
3D convolutions. Our 3D extension, BANet-3D, achieves
the highest accuracy among all published real-time meth-
ods on high-end GPUs.

3.2. Scale-aware Spatial Attention
Fine-scale image features capture more high-frequency de-
tails and edges, while coarse-scale features encompass more
low-frequency, smooth, and textureless information. There-
fore, to accurately separate detailed regions and smooth
regions, we propose a scale-aware spatial attention mod-
ule that learns the differences in multi-scale image features
to generate an attention map. This map effectively distin-
guishes detailed regions and smooth regions.

As shown in Fig. 2, the multi-scale left image features
Fl,16, Fl,8, and Fl,4 are scaled to 1/4 resolution before be-
ing input into our spatial attention module. The scaled fea-
tures are represented as Fup

l,16, Fup

l,8, and Fl,4. First, we ap-
ply a convolutional layer to each scaled feature to obtain in-
termediate features with the same number of channels, and
then we concatenate them. Second, we use another convo-
lutional layer followed by a sigmoid activation function to
predict the spatial attention map. In this way, the attention
map A is obtained by:

S = Concat([Conv(Fup

l,16), Conv(Fup

l,8), Conv(Fl,4)]),

A = ω(Conv(S)),
(4)
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where Concat indicates the concatenation operator, Conv

represents the 2D convolutional operator, and ω denotes the
sigmoid function.

As shown in Fig. 2 and Fig. 3, the spatial attention map
A effectively highlights high-frequency details and edges,
as these regions typically exhibit high feature values and
distinct variations within the scale-aware perception. By
applying a reverse operation, we obtain an inverse spatial
attention map (1↓A) that highlights low-frequency smooth
and textureless regions.

3.3. Network Architecture
Feature Extraction. Given the left image Il ↔ R3→H→W

and the right image Ir ↔ R3→H→W , we employ a pre-
trained MobileNetV2 on ImageNet [10] as our backbone,
extracting multi-scale feature maps at 1/4, 1/8, 1/16, and
1/32 of the original resolution, respectively. Starting from
the 1/32 resolution image features, we iteratively apply up-
sampling blocks until reaching a 1/4 resolution. In more
detail, each up-sampling block employs a transpose convo-
lution with a 4 → 4 kernel and a stride of 2, followed by a
3 → 3 kernel-sized convolution. Finally, we obtain multi-
scale left image features: Fl,4 at 1/4 resolution, Fl,8 at 1/8
resolution, and Fl,16 at 1/16 resolution, which are then used
for scale-aware spatial attention generation, while Fl,4 and
Fr,4 are used for correlation volume construction, as shown
in Fig. 2.

Correlation Volume Construction. Given the left fea-
ture map Fl,4 and right feature map Fr,4, we construct the
correlation volume by,

Ccor(d, x, y) =
1

Nc

↗Fl,4(x, y),Fr,4(x↓ d, y)↘, (5)

where ↗·, ·↘ is the inner product of two feature vectors, Nc

denotes the number of channels, and d represents the dis-
parity level.

Disparity Prediction. We use the proposed bilateral ag-
gregation to aggregate the correlation/cost volume, which
is detailed in Sec. 3.1. After obtaining the aggregated cost
volume, we apply the softmax operation to it to regress the
disparity map d0:

d0 =

Dmax/4↑1∑

d=0

d→ Softmax(Cagg(d)), (6)

where Dmax denotes the predefined maximum disparity
value, and d represents the predefined disparity range from
0 to Dmax/4 ↓ 1. The disparity map d0 has a size of
H/4 → W/4. We use superpixel weights [60] around each
pixel in the left image for a weighted combination of lo-
cal neighboring points in d0, resulting in a full-resolution
disparity map d1 ↔ RH→W .
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Figure 3. Our bilateral aggregation (BA) significantly enhances
performance in both detailed and textureless regions. The Atten-
tion map highlights the high-frequency detailed regions. Signifi-
cant improvements are highlighted by white dashed boxes.

3.4. Loss Function
The entire network is trained in a supervised, end-to-end
manner, with the final loss function defined as follows:

L = ε0SmoothL1(d0 ↓ dgt) + ε1SmoothL1(d1 ↓ dgt)
(7)

where dgt denotes the ground-truth disparity map, and
SmoothL1 represents Smooth L1 loss.

4. Experiments
4.1. Datasets and Evaluation Metrics
Scene Flow [34] is a synthetic dataset, consisting of Fly-
ingthings3D, Driving, and Monkaa. The dataset provides
35,454 training pairs and 4,370 testing pairs of size 960 →
540 with dense disparity maps. The Scene Flow dataset
provides two versions: Cleanpass and Finalpass. We use
the Finalpass of Scene Flow for training and testing since
it is more like real-world images than the Cleanpass, which
contains more motion blur and defocus. The end-point er-
ror (EPE) and disparity outlier rate Bad 3.0 are used as the
evaluation metrics. Bad 3.0 is defined as the percentage of
pixels with disparity error (EPE) greater than 3 pixels.

KITTI 2012 [13] and KITTI 2015 [35] are datasets for
real-world driving scenes. KITTI 2012 contains 194 train-
ing pairs and 195 testing pairs, and KITTI 2015 contains
200 training pairs and 200 testing pairs. Both datasets pro-
vide sparse ground-truth disparities obtained with LiDAR.
We submit our predicted disparity maps to the KITTI web-
site to obtain quantitative evaluation results. For KITTI
2012, we report the percentage of pixels with errors larger
than x disparities in both non-occluded (x-noc) and all
regions (x-all), as well as the overall EPE in both non-
occluded (EPE-noc) and all the pixels (EPE-all). For KITTI
2015, we report the percentage of pixels with EPE larger
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Agg. Type Model Bilateral
Aggregation

Scale-aware
Spatial Attn EPE (px) Bad 3.0 (%) MACs (G)

2D Conv
Baseline ✁ ✁ 0.63 2.75 29
BA ✂ ✁ 0.59 2.57 38
BA+SSA (BANet-2D) ✂ ✂ 0.57 2.49 39

3D Conv
Baseline ✁ ✁ 0.56 2.43 57
BA ✂ ✁ 0.53 2.27 80
BA+SSA (BANet-3D) ✂ ✂ 0.51 2.21 85

Table 1. Ablation study on the Scene Flow test set. We integrate bilateral aggregation into two types of aggregation networks: 2D
aggregation networks and 3D aggregation networks. Results demonstrate that our bilateral aggregation can significantly improve the
accuracy of existing aggregation networks.

Method KITTI 2012 KITTI 2015
3-noc 3-all D1-bg D1-fg D1-all

w/o BA 1.77 2.21 1.85 3.67 2.15
BANet-2D 1.38 1.79 1.59 3.03 (17%≃) 1.83
w/o BA 1.54 2.01 1.66 3.87 2.03
BANet-3D 1.27 1.72 1.52 3.02 (22%≃) 1.77

Table 2. Ablation study on the test sets of KITTI 2012 and 2015.
Our bilateral aggregation (BA) effectively enhances the prediction
accuracy for both background (D1-bg) and foreground (D1-fg)
regions, particularly in the foreground, which typically contains
more high-frequency details and edges.

Method EPE (px) MACs (G)

DeepPruner-Fast [11] 0.97 219
StereoNet [24] 1.10 104
BGNet+ [50] 1.14 86
MobileStereoNet-2D [39] 1.11 136
MobileStereoNet-3D [39] 0.80 615
CoEx [1] 0.67 53
LightStereo-L [17] 0.59 92
Fast-ACVNet [55] 0.64 79
Fast-ACVNet+ [55] 0.59 93

BANet-2D (Ours) 0.57 39
BANet-3D (Ours) 0.51 85

Table 3. Quantitative evaluation on the Scene Flow test set. The
MACs are measured for an input size of 960→ 540.

than max(3px, 0.05dgt) in background regions (D1-bg),
foreground regions (D1-fg), and all (D1-all).

4.2. Implemention Details
We implement our approaches with PyTorch and perform
our experiments using NVIDIA RTX 3090 GPUs. We first
train our approaches on the Scene Flow dataset for 200k
steps with a batch size of 16, and then fine-tune the pre-

trained Scene Flow model on a mixed dataset of KITTI
2012 and 2015 training sets for 50k steps. During training,
images are randomly cropped to a size of 256→512. For all
experiments, we use the AdamW [33] optimizer with a one-
cycle learning rate schedule, where the maximum learning
rate is set to 8e-4. In our experiments, we set ε0 and ε1 to
0.3 and 1.0, respectively. Dmax is set to 192.

4.3. Ablation Study
We conduct extensive ablation studies on the Scene
Flow [34] and KITTI [13, 35] datasets to validate the effec-
tiveness of the proposed approaches. The proposed bilateral
aggregation is versatile and applicable to various aggrega-
tion networks. As shown in Tab. 1, we apply it to 2D aggre-
gation networks composed of 2D convolutions (BANet-2D)
and 3D aggregation networks composed of 3D convolutions
(BANet-3D), respectively. Compared to a single-branch
aggregation network (Baseline), our bilateral aggregation
(BA) can adaptively divide the image into high-frequency
detail regions and low-frequency smooth regions, and then
aggregate them accordingly. Without SSA, the attention
map A is generated from the 1/4 scale feature Fl,4. As a
result, BA provides significant improvements with minimal
computational cost.

To more accurately identify high-frequency and low-
frequency regions in the image, we propose a scale-aware
spatial attention module that learns the differences in multi-
scale image features to generate a spatial attention map for
effectively separating high-frequency details and edges, and
low-frequency smooth regions. Tab. 1 shows that scale-
aware spatial attention can further boost performance.

We also present the ablation results on the test sets of
KITTI 2012 [13] and 2015 [35], as shown in Tab. 2. Com-
pared to the improvements on the synthetic Scene Flow
test set, our bilateral aggregation achieves more significant
gains on the challenging real-world test sets of KITTI 2012
and 2015. We highlight the improvements in the foreground
regions (D1-fg) on KITTI test sets, as these regions usu-
ally contain more high-frequency details and edges. Specif-
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Method
KITTI 2012 [13] KITTI 2015 [35]

MACs (G)3-noc 3-all 4-noc 4-all EPE
noc

EPE
all D1-bg D1-fg D1-all

DispNetC [34] 4.11 4.65 2.77 3.20 0.9 1.0 4.32 4.41 4.34 -
AANet+ [58] 1.55 2.04 1.20 1.58 0.4 0.5 1.65 3.96 2.03 -
DecNet [62] - - - - - - 2.07 3.87 2.37 -
BGNet+ [50] 1.62 2.03 1.16 1.48 0.5 0.6 1.81 4.09 2.19 76
CoEx [1] 1.55 1.93 1.15 1.42 0.5 0.5 1.79 3.82 2.13 49
DeepPruner-Fast[11] - - - - - - 2.32 3.91 2.59 194
HITNet [42] 1.41 1.89 1.14 1.53 0.4 0.5 1.74 3.20 1.98 47
Fast-ACVNet+ [55] 1.45 1.85 1.06 1.36 0.5 0.5 1.70 3.53 2.01 85
Fast-ACVNet [55] 1.68 2.13 1.23 1.56 0.5 0.6 1.82 3.93 2.17 72
MobileStereoNet-2D [39] - - - - - - 2.49 4.53 2.83 127
MobileStereoNet-3D [39] - - - - - - 2.75 3.87 2.10 564

BANet-2D (Ours) 1.38 1.79 1.01 1.32 0.5 0.5 1.59 3.03 1.83 36
BANet-3D (Ours) 1.27 1.72 0.95 1.27 0.5 0.5 1.52 3.02 1.77 78

Table 4. Quantitative evaluation on the test sets of KITTI 2012 [13] and KITTI 2015 [35]. Previous methods reported their runtime on their
own GPUs; however, the runtime can vary across different GPU models. For a fair comparison, we measure MACs, which are consistent
across GPU models. The MACs are measured for an input size of 1242→ 375. Bold: Best, Underline: Second best.

Method EPE (px) Bad 3.0 (%)

PSMNet [3] 1.09 4.68
BA+PSMNet 0.77 3.28
GwcNet [15] 0.76 3.30
BA+GwcNet 0.67 2.89
Fast-ACVNet+ [55] 0.59 2.70
BA+Fast-ACVNet+ 0.53 2.25

Table 5. Performance of Bilateral Aggregation (BA). Our BA can
be seamlessly integrated into cost-volume aggregation methods,
significantly enhancing their performance.

ically, for the D1-fg metric, our bilateral aggregation im-
proves accuracy by 17% for 2D convolution-based aggre-
gation and 22% for 3D convolution-based aggregation.

Qualitative results are shown in Fig. 3. The attention
map distinguishes high-frequency details and edges, and
our bilateral aggregation preserves fine structures while en-
suring accurate matching in textureless regions.

4.4. Comparisons with State-of-the-Art Methods
Quantitative Comparisons. Tab. 3 and Tab. 4 present
quantitative comparison results on the Scene Flow, KITTI
2012, and KITTI 2015 test sets. Our BANet-3D achieves
the highest accuracy among the published real-time meth-
ods [1, 39, 42, 50, 55] on high-end GPUs for almost all met-
rics. However, due to the use of 3D convolutions, BANet-
3D is challenging to deploy on mobile devices. With-
out the use of 3D convolutions, our BANet-2D is more

mobile-friendly and easy to deploy on mobile platforms.
Although it is slightly inferior to BANet-3D, it surpasses all
other lightweight methods. Specifically, on the KITTI 2015
test set, BANet-2D surpasses MobileStereoNet-2D [39] by
35.3%, and BANet-3D outperforms FastACVNet+ [55] by
11.9% for the D1-all metric.

Previous methods [1, 42, 50, 55, 58] reported their run-
time on their respective GPUs; however, the runtime can
vary across different GPUs. To ensure a fair comparison
of the computational complexity across methods, we uni-
formly measure MACs (Multiply-Accumulate Operations),
which remain consistent regardless of GPU model. Our
BANet-2D achieves the lowest MACs among all methods.

Qualitative Comparisons. We compared the visual results
of our methods with the mobile-friendly 2D convolution-
based MobileStereoNet-2D [39] and the state-of-the-art 3D
convolution-based Fast-ACVNet+ [55]. As shown in Fig. 4,
a single-branch aggregation network often struggles to ef-
fectively handle both high-frequency edges and details, as
well as large textureless regions, resulting in edge blur-
ring, detail loss, and mismatches in textureless regions. In
contrast, by employing this divide-and-conquer idea, our
proposed bilateral aggregation produces clear edges and
preserves intricate detail structures, resulting in accurate
matching in large areas of textureless regions. In particu-
lar, our performance gains are more pronounced when inte-
grated into simpler 2D convolution-based methods.

Latency on Mobile Device. We compare the latency
with the latest mobile-friendly method, MobileStereoNet-
2D [39], on the Qualcomm Snapdragon 8 Gen 3, as shown
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Figure 4. Qualitative comparisons on the test sets of KITTI 2012 [13] and 2015 [35]. By employing this divide-and-conquer approach, our
bilateral aggregation produces clear edges and preserves intricate details, enabling accurate matching even in large textureless regions.

in Fig. 1. Benefiting from the proposed bilateral aggre-
gation, our BANet-2D achieves sharp edges and accurate
matching in textureless regions, while requiring only 45ms,
which is less than one-third of MobileStereoNet-2D’s la-
tency. Furthermore, we present a detailed breakdown of the
latency: 16ms for feature extraction, 6.5ms for correlation
volume construction, and 22.5ms for bilateral aggregation.

4.5. Universality and Superiority of BA
To demonstrate the universality and superiority of the pro-
posed bilateral aggregation, we integrate it into three repre-
sentative methods, namely PSMNet [3], GwcNet [15], and
Fast-ACVNet+ [55], and compare the performance of the
original methods with their counterparts enhanced by bi-
lateral aggregation. The comparison results are presented
in Tab. 5. Our bilateral aggregation significantly enhances
those cost-volume aggregation-based methods, such as im-
proving Fast-ACVNet+ by 10.2% in the EPE metric.

5. Conclusion
This paper presents a novel bilateral aggregation network
for mobile stereo matching that achieves high-quality re-

sults using only 2D convolutions. To effectively handle both
detailed and smooth regions, we propose bilateral aggre-
gation, which separates the full cost volume into detailed
and smooth cost volumes, and then performs detailed and
smooth aggregations accordingly. To more accurately dis-
tinguish between detailed and smooth regions, we propose
a new scale-aware spatial attention module. Experimental
results demonstrate that our method can run in real-time on
mobile devices with high prediction accuracy, significantly
outperforming existing methods.

An exciting future direction could involve extending our
approach to other aggregation-based tasks, e.g. multi-view
stereo and optical flow estimation. Additionally, we believe
that our mobile-friendly design could offer significant ad-
vantages for practical applications, such as drone navigation
and intelligent photography.
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