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Abstract

Due to the lack of ground truth, existing methods of ac-
tive stereo matching generally employ fully self-supervised
learning to produce precise depth estimates. Although they
can achieve promising results, their performance still has a
noticeable gap compared with supervised models. To fill
this gap, we propose a novel framework that synthesizes
proxy labels to enable supervised training of deep active
stereo networks without requiring any ground-truth depth.
To expand the training data and generate disparity proxy la-
bels, we develop an active 2D Gaussian Splatting (2DGS)-
based synthesis method that explicitly models the scene ge-
ometry and the projected active pattern. Furthermore, to
balance the varying contributions of different supervisions
during training, we design a hybrid supervision regular-
ization strategy that dynamically adjusts the loss weights
to achieve stable optimization. We also contribute a real-
world dataset captured by a handheld RealSense camera,
along with our active 2DGS model, which facilitates fu-
ture research on active stereo matching. Extensive exper-
iments with multiple backbone networks demonstrate that
our method achieves state-of-the-art performance on active
stereo matching task. The code and dataset will be publicly
released.

1. Introduction

Depth acquisition is crucial for many computer vision tasks,
including embodied intelligence [37], autonomous driving
[44], 3D reconstruction [8], and mixed reality [56]. There
are various ways to obtain depth information, but active
stereo vision depth cameras (e.g., the Intel RealSense™ se-
ries) are the most widely used in practice.

Although monocular depth estimation methods [50, 51,
55] have achieved remarkable progress, these methods can
only predict relative depth rather than absolute depth. This
limitation restricts their use in real-world scenarios that re-
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Figure 1. The comparison of disparity and depth from commercial
depth sensors and our GS-ASM.

quire precise depth information. Stereo matching meth-
ods [3, 43] can estimate absolute depth by exploiting vi-
sual relationships between two color images. Yet, they of-
ten fail in scenes with low textures, repetitive patterns, or
non-Lambertian materials, which are common in the real
world. Active depth sensors, such as Light Detection and
Ranging (LiDAR), provide accurate and reliable depth mea-
surements. Nevertheless, their point cloud density is much
lower than the resolution of modern cameras, and high-
density LiDAR systems are costly [25].

Active stereo vision depth cameras project infrared (IR)
patterns onto real-world scenes using an IR pattern emit-
ter. Two IR cameras then capture the projected patterns to
perform stereo matching and estimate the depth map of the
scene. This approach combines the robustness and accu-
racy of active sensors with the low cost and high resolu-
tion of cameras. As a result, such sensors have been widely
used in both academic research and industrial applications
[18]. However, since these cameras rely on classical stereo
matching algorithms, they often suffer from issues such as
over-smoothing and edge information loss [5].

Although learning-based methods can generate more ac-
curate and complete depth maps by training on large depth
data, these approaches typically rely on a vast number of
ground-truth depth maps for supervised learning. However,
such specialized datasets are still scarce in the field of ac-
tive stereo matching. In addition, collecting active IR stereo
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matching datasets in real-world environments is extremely
costly and time-consuming, especially when dense and ac-
curate depth labels are required.

To address this challenge, some researchers have
adopted a self-supervised learning paradigm [45], where the
reprojection error between the left and right views serves as
the supervisory signal. However, due to the instability of
this loss function, the network often fails to achieve sat-
isfactory results. Compared with supervised learning, the
predictions produced by this approach usually lack clarity,
detail, and accuracy. Other researchers have used Blender
to create simulated active IR scenes and obtain ground-
truth depth maps [21, 30, 42], enabling the network to
generate clearer, more detailed, and more accurate predic-
tions. Nevertheless, the domain gap between simulated
and real-world environments remains a significant prob-
lem. ActiveZero [27] proposes a mixed-domain strategy
that combines the two paradigms above to reduce the do-
main gap. Although it performs well on synthetic data,
its performance degrades significantly in real-world sce-
narios. This limitation continues to hinder active stereo
matching in practical applications. Unlike previous meth-
ods, our method constructs proxy labels directly from real-
world scenes to enable supervised training in real environ-
ments. This greatly improves the model’s real-world perfor-
mance. As shown in Figure 1, (c) illustrates the proxy labels
synthesized by our method, while (d) and (e) show that our
results outperform those captured by the commercial active
stereo depth camera D435.

We first build a new large-scale active stereo match-
ing dataset using a RealSense D435 depth camera, which
contains over 100,000 images across various real-world
scenes. For each scene, we capture multi-view active IR
stereo pairs under different object arrangements and view-
points. To obtain high-quality binary IR patterns, seven
images with varying IR emission intensities are captured
at each viewpoint. We then propose an active 2D Gaus-
sian Splatting [15] (2DGS)-base synthesis method, which
reconstructs a 3D scene from multi-view images captured
in real-world environments. In the reconstructed scene,
we generate disparity proxy labels for active stereo pairs.
Moreover, its novel-view rendering capability allows us to
expand the dataset by synthesizing additional active stereo
pairs and their corresponding disparity proxy labels. Us-
ing these synthesized proxy labels, we perform supervised
training of active stereo networks in real-world settings. To
dynamically balance the contributions of supervised and
self-supervised learning during training, we design a hy-
brid supervision regularization strategy that adaptively ad-
justs the loss weights. Experimental results show that our
method outperforms state-of-the-art deep stereo matching
approaches and leading commercial depth sensors in both
quantitative metrics and qualitative comparisons. Exten-

sive ablation studies further confirm the effectiveness and
robustness of our proposed approach.
In summary, the main contributions are as follows:

1. We capture a large-scale IR stereo dataset in real-world
scenarios using a handheld RealSense camera, along
with our active 2DGS model, addressing the lack of
open-source datasets in this field.

2. We propose an active 2DGS-based synthesis framework
that renders IR images with active projection patterns
and generates high-quality disparity proxy labels, as well
as additional novel-view training data, enabling super-
vised learning for active stereo matching in real-world
scenes.

3. We propose a hybrid supervision regularization strat-
egy to balance the contributions of proxy-supervised and
self-supervised learning during training, leading to more
stable and effective optimization.

4. Our method achieve state-of-the-art performance,
demonstrating the highest accuracy on simulation data
and delivering the best visual quality on real-world data.

2. Related Work

Depth Stereo Matching. In the past, stereo matching re-
lied heavily on handcrafted algorithms [29, 31, 34, 35, 54].
However, in recent years, the development of deep learn-
ing has led to groundbreaking advancements. With the
emergence of DispNet [30], end-to-end learning quickly
surpasses previous methods, establishing new performance
benchmarks [4, 6, 16, 24, 36, 41, 49, 57, 58]. Recently,
techniques inspired by RAFT [38] or utilizing transform-
ers [13, 23] have emerged, achieving significant success on
public benchmarks. However, their performance is largely
dependent on the accuracy of data labels. In the domain of
active stereo matching, there is no large-scale and accurate
dataset available for training.

Self-Supervised Stereo. Self-supervision through left-
right consistency is a common strategy for stereo match-
ing in scenarios with uncertain ground truth depth. This
method involves reconstructing the right view from the left
view and its predicted disparity map. The reconstruction
loss then acts as the training supervision signal. Other ap-
proaches use photometric losses from a single stereo im-
age pair [12, 39, 40, 60]. While these self-supervised
methods are practical, they typically perform best within
specific domains. Despite progress in pseudo-label guided
self-supervision, they often show limited generalizability
[1, 53], leading to results that may not match the quality
achieved with labeled supervision.

Synthetic Data for Stereo. Using synthetic data in
stereo matching is promising for improving model perfor-
mance. However, the domain shift remains a challenge,
limiting model effectiveness on real-world data unseen dur-
ing training. To tackle this, recent researches introduces
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novel methods. He et al. [14] propose a semi-synthetic ap-
proach that integrates realistic textures into synthetic data,
enabling efficient dataset generation. It effectively reduces
the gap between synthetic and real data, showing enhanced
performance on limited-data benchmarks like Middlebury
[2], KITTI [10], and ETH3D [33], and outperforming tra-
ditional synthetic datasets. Meanwhile, [22, 48] develop a
Synthetic-to-Real Domain Adaptation (SDA) network. It
aims to minimize differences between synthetic and real
data by using edge cues for domain adaptation and combin-
ing features with a Spatial Feature Transform (SFT) layer.
By focusing on synthetic data training, this method outper-
forms several existing domain adaptation techniques, boost-
ing the generalization ability of stereo matching CNNss.

Gaussian Splatting. In recent years, Neural Radiance
Fields (NeRF) [47] have emerged as a pivotal approach
for novel view synthesis through neural rendering. By
implicitly encoding scenes using multilayer perceptrons,
NeRF achieves impressive photorealism but faces chal-
lenges in computational efficiency and dynamic scene mod-
eling. This has spurred the development of 3D Gaussian
Splatting (3DGS) [17] as an efficient alternative. Represent-
ing scenes explicitly with anisotropic 3D Gaussians, 3DGS
enables both high-quality view synthesis and real-time per-
formance. The framework has since been improved and ex-
tended to dynamic scene reconstruction, material editing,
and animatable avatars, demonstrating broader applicabil-
ity beyond static view synthesis [20, 26, 28, 46, 52].

3. Method

Figure 2 illustrates the overall framework of our GS-ASM.
We first briefly introduce the background of 2DGS. Then,
we present the detailed implementation of our method, in-
cluding the active 2DGS construction, generation of depth
proxy labels, active stereo novel view synthesis, active
stereo network, and hybrid supervision regularization.

3.1. Preliminaries: Gaussian Splatting

In 3DGS, scenes are represented by a set of 3D Gaussian
primitives and rendered into images via a splatting-based
rasterization technique, each primitive is explicitly parame-
terized by a 3D covariance matrix X3 and the center posi-
tion xy, of the k-th Gaussian, with its mathematical expres-
sion presented as follows:

G = expl-5(x — ) TTghx )] (D)

Here, x denotes the current position, and the covariance
matrix >3p can be decomposed into a scaling matrix S
and a rotation matrix R, following the relationship X3p =
RSS'RT.

To render 3D Gaussians onto 2D planes, they are pro-
jected from 3D space to camera space. The projected 2D

covariance matrix Z; p 1s derived as:
Sap = JWSspW TJT 2)

where W is the world-to-camera transformation matix and
J is the Jacobian of the affine approximation of the projec-
tive transformation.

During the rendering process, all Gaussians are sorted
by their depth values from near to far. The final color c at
pixel x is computed through volumetric alpha blending in
this depth-ordered sequence:

c(x) = Z W;Ci, 3)

iEN

where w; = T;«;G;(x) denotes the weight of the i-th Gaus-
sian, T; = H;;ll(l — o;G,(x)) represents its accumulated
transmittance.

While 3DGS enables efficient rendering, its volumetric
representation often suffers from multi-view geometric in-
consistency, limiting surface reconstruction quality. To ad-
dress this, 2DGS [15] replaces 3D Gaussians with planar 2D
disks by reducing the 3D covariance matrix to its 2D form,
which involves removing the third row and column of the
matrix. Rather than splatting in image space, 2DGS com-
putes ray-disk intersections in local tangent space, avoid-
ing splat degeneration at grazing angles. The rasterization
process then sorts these 2D Gaussians by depth and blends
them front-to-back using alpha compositing.

3.2. Active Neural Rendering for Proxy Label

Due to the lack of open-source datasets in active stereo
matching, we construct training and testing data using the
D435 depth sensor. However, collecting ground truth dis-
parity for target views in real-world scenarios is challeng-
ing. To address this, we propose an active neural rendering
approach that leverages 2DGS to generate high-quality dis-
parity maps as synthetic proxy labels.

The IR imaging process in active stereo systems involves
both ambient lighting and projected patterns. The grayscale
intensity at pixel x(u, v) is modeled as:

z(u,v) = I(u,v) + a-e- Kj(u,v) +¢, e>0 (4)

where I;(u, v) represents ambient light intensity, K;(u, v)
denotes the projected binary pattern, « is the surface re-
flectance coefficient, e is the pattern emissivity, and € ac-
counts for sensor noise.

Since the projected binary patterns violate the assump-
tions of volumetric rendering, we use IR images cap-
tured with zero emitter power (¢ = 0) to train the 2DGS
model. This ensures the rendering process accurately cap-
tures scene geometry without pattern interference.

Once the 2DGS training is finished, the depth map is
generated. The depth z(x) at each pixel x = (u,v) is
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Figure 2. The pipeline of GS-ASM. The 2DGS model renders IR images in no-projection mode to generate disparity proxy labels from
depth maps for proxy-supervision. Its rendered novel views (with depth maps) undergo the Pinhole Camera Model for data augmentation.
The active stereo matching network utilizes IR images and binary projection patterns for reprojection, employing joint training through

disparity supervision and reprojection loss.

computed as the weighted sum of the depths of all overlap-
ping 2D Gaussians, using the same alpha-blending weights
w; as in color rendering. Afterward, 2DGS utilizes TSDF
fusion[7] for mesh extraction with depth, the disparity d(x)
can be extracted from the rendered depth, which corre-
sponds to the depth of the rendered image:

_ 2wz _bf
Ei Wi 2(x)

where f represents the focal length estimated by COLMAP
[32], and b is the baseline of the depth camera. As shown
in Figure 3, after converting to disparity, the disparity val-
ues align closely with the results from the RealSense D435
sensor, with an error margin within 1 pixel.

This active 2DGS pipeline enables the generation of
accurate disparity proxy labels from multi-view IR im-
ages, providing essential supervision for training our stereo
matching network.

z(x) d(x) 4)

3.3. Active Stereo Novel View Synthesis

2DGS introduces precise geometric constraints by confin-
ing Gaussian primitives to 2D planes, thereby preserving
local geometric consistency. Building on this advantage,
our work explores 2DGS for data augmentation in binocular
vision tasks, leveraging its novel view synthesis capability
defined in Equation 3 and Equation 5.

(a) Proxy label (b) Disp error
Figure 3. Comparison of proxy label with D435 sensor parallax,

error range within 1 pixel.

To maintain rendering quality while increasing view-
point diversity, we apply a constrained perturbation strategy
to the COLMAP-estimated camera poses. This generates
novel views with limited deviation from original perspec-
tives, enhancing detail coverage while preserving fidelity.
For stereo pairs, the baseline b is derived from relative poses
in the COLMAP coordinate system, ensuring geometric and
metric consistency with the original reconstruction.

For active IR pattern synthesis, we project spot tem-
plate onto novel views using the pinhole camera model with
COLMAP-derived intrinsics and 2DGS-generated depth
maps. The 3D coordinate Pcam = (X,Y,Z)" for pixel
x = (u,v) is back-projected as:

Pem = 2(x) - K71 - [u,v,1]" (6)

The spot template is then scaled according to depth values
z(x) and blended with the synthesized views. This integra-
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tion ensures geometric consistency between active illumi-
nation and novel viewpoints, completing our data augmen-
tation pipeline.

The entire process yields geometrically consistent stereo
image pairs with corresponding active IR patterns and, im-
portantly, accurate proxy labels derived from 2DGS render-
ing, providing rich training data with reliable ground truth
annotations.

3.4. Active Stereo Network

Traditional stereo matching relies on self-supervised repro-
jection between stereo pairs, leveraging geometric consis-
tency [11, 59] but often failing in textureless regions due to
limitations of photometric consistency.

In contrast, active stereo networks utilize active light
sources (e.g., IR projectors) to project specific patterns onto
the scene, providing additional features in textureless re-
gions. This enables the model to learn not only geometric
consistency but also to optimize reprojection loss by learn-
ing the shape and distribution of projected patterns, thereby
improving matching accuracy.

Reprojection loss based on projection pattern. To
extract patterns from the temporal image sequence,
the method first compares the original IR images
2@ 2 2" with the estimated images obtained
through linear regression #(9), (1) ... #(")  The differ-
ences between these images are then subjected to local win-
dow normalization to enhance key features, followed by bi-
narization using the following formula [27].

K(u,v) 1 va(") (u,v) — A (u,v)|| > o(u,v) + ¢
U, v) = ’
0 otherwise

5,0) = — SIWE,w,0) = WED, )| ()

where W (z,u,v) represents a local window centered at
pixel (u,v) within image x, with window size w. The pa-
rameter c is a threshold for suppressing noise and small re-
gions. In real data, n ranges from 0 to 6, while in synthetic
data, n takes values of 0 and 1.

We construct the reprojection loss on the extracted bi-
nary IR patterns K, K, :

~ N 2
Eself(KlaKmIgl) = HKl(u;mvp) - Kr(upavp)H (®)

As shown in Figure 4, the binary IR pattern eliminates
the influence of object textures and ambient lighting, pre-
serving only the projected pattern for robust stereo match-
ing.

Disparity loss. For stereo image pairs of real and syn-
thetic data (y;, ¥, yq), we follow [4] and employ a smooth
L loss between the ground truth disparity y4 and the pre-
dicted disparity:

Edisp = Llsmoolh(F(yla yr)a yd) (9)

H
Increase |
P
Emission}
o
Intensity }
H

H

Binary IR pattern

Figure 4. The illustration of Binary IR pattern extraction.

where F'(-) represents stereo matching network.

3.5. Hybrid Supervision Regularization

To mitigate loss oscillations arising from noisy proxy super-
vision in real-world data, we propose an adaptive dynamic
weighting mechanism for mixed-domain training. This
method balances the proxy-supervised and self-supervised
losses to enable stable and efficient convergence.

Our mixed-domain loss function integrates proxy-
supervised and self-supervised terms from both real-world
and synthetic data, with adaptive weights that evolve during
training:

E(xl, Ty, yd) = N(t) : [ﬁreal—disp + Esim—disp}
+ A(t) . [Ereal—self + Lsim-self] (10)

where Lgir (Equation 8) and Lg;sp (Equation 9) denote self-
supervised and proxy-supervised losses, with subscripts in-
dicating real/simulated domains. The weights u(t) and \(t)
are adjusted based on the optimization progress of their cor-
responding loss terms, prioritizing those with rising losses
and de-emphasizing those that are converging. Here, ¢ rep-
resents the iteration step during model training.

Disparity loss. We initialize 11(0) = 0.01 and A(0) = 2
for balanced optimization across loss terms.

Normalization. = To prevent numerical instability,
weights are normalized to maintain meaningful proportions,
w(t) and A\(t) are normalized using softmax to preserve rel-
ative proportions.

Adaptive Adjustment. The weights are dynamically
adjusted in inverse proportion to their loss changes between
iterations to balance the optimization. Formally:

At +1) = a(t) - {1+a-(&'“5"‘“m‘1(t)1)—1>}

Edisp»total (t -

3 N Es lf—total(t)
At4+1) = At -[1+a- (e—1
( ) ( ) ACself»total(t - 1)
Here, « = 0.1 is the update rate hyperparameter,
»Cdisp—total = »Creal—disp + »Csim-disp and ['self—tolal = ['real—self +
Lgim-seif denote total proxy-supervised and self-supervised

(1)
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losses, respectively. To avoid extreme values, raw weights
are clamped: 1, A € [1073,10].

4. Experiments

4.1. Dataset

We collect data in indoor environments using the D435
depth camera, with a captured image resolution of
848x480. For each scene, the collected data include color
images, depth images, and six corresponding left and right
IR views at different intensity levels per frame. We use
COLMAP [32] to estimate the intrinsic and extrinsic pa-
rameters of the camera for each scene. Additionally, we
construct active 2DGS to render more novel-view stereo
IR images for data augmentation. Meanwhile, we gener-
ate proxy labels for each pair of stereo IR images to enable
supervised learning. Furthermore, following the DREDS
framework [9], we render 20,000 synthetic training images
and 3,000 synthetic test images using Blender, including IR
images with and without light patterns, as well as depth
maps. By aligning the intrinsic and extrinsic parameters
of the RealSense camera, we construct a synthetic dataset
that allows us to quantitatively compare our method with
the depth camera on the same test set. The training and test
sets are split at the scene level.

4.2. Implementation Details

Deep stereo training. We use the PSMNet [4], RAFT [38],
and StereoNet [19] models as evaluation subjects. To en-
sure a fair comparison, our method applies the same data
augmentation operations as the baseline method. Specif-
ically, the brightness and contrast of the images are uni-
formly scaled within the ranges of 0.4 to 1.4 and 0.8 to 1.2,
respectively. Gaussian blur is added, with a Gaussian kernel
size of 9x9 and standard deviation uniformly selected be-
tween 0.1 and 2. During the experiments, we set the batch
size to 4 and apply random cropping of images to a size of
256x512. All models are trained on both real and synthetic
data simultaneously.

Evaluation metrics. Our evaluation protocol involves
calculating both the End-point-error (EPE), defined as the
mean absolute disparity error, and the proportion of pixels
for which the disparity error does not exceed the thresholds
of 1, 3, and 5 pixels compared to the actual depth values.
These criteria serve as robust measures of our model’s pre-
cision and the effectiveness of our disparity estimation tech-
niques under diverse experimental settings. All experiments
are conducted on one 4090 NVIDIA GPU.

4.3. Comparison with other Methods

To comprehensively evaluate our method, we compare it
with other learning-based approaches and a well-regarded
commercial depth sensor, the RealSense D435. We conduct

Model  Method EPE(px)) 1px?T 3pxfT Spxt

D435  0.5488 0.9032 0.9811 0.9911
PSMNet Baseline 0.4300 0.9446 0.9829 0.9910
Ours  0.2613 0.9597 0.9897 0.9955

D435  0.5428 0.9513 0.9820 0.9889
RAFT Baseline 0.4715 0.9306 0.9719 0.9856

Ours  0.1279 0.9744 0.9925 0.9955

D435  0.7190 0.8340 0.9752 0.9890
StereoNet Baseline 0.5551 0.9206 0.9691 0.9826
Ours  0.4124 0.9223 0.9839 0.9936

Table 1. Quantitative Evaluation of disparity estimation on simu-
lated test datasets.

both quantitative and qualitative evaluations on the Blender
synthetic dataset, and qualitative comparisons on our cap-
tured real-world scenes. The results show that our method
consistently outperforms all other approaches in both syn-
thetic and real-world scenarios.

Comparison with Learning-based Methods. We adopt
ActiveZero [27] as our baseline framework, which em-
ploys a hybrid-domain training strategy—self-supervised
learning in real-world domains and supervised learning on
the Blender synthetic dataset. For a fair comparison, our
method and the baseline are trained with identical hybrid-
domain inputs. To further compare our method with a com-
mercial sensor—based learning method, we use the depth
maps captured by the RealSense D435 as supervision and
train the model under a combined supervised and self-
supervised setting. We evaluate different stereo learning
models, including PSMNet [4], StereoNet [19], and RAFT
[38], to validate the generality of our framework.

Quantitative results on the synthetic test set are presented
in Table 1. Regardless of the underlying network archi-
tecture, our method consistently outperforms existing ap-
proaches across all evaluation metrics. Figure 5 provides
qualitative comparisons of depth estimation in synthetic
scenes. While ActiveZero produces generally plausible pre-
dictions, it exhibits noticeable artifacts near the left image
boundaries. In contrast, our method preserves fine-grained
geometric details, especially for distant objects where con-
ventional methods typically suffer performance degrada-
tion. This demonstrates the strong capability of our model
in handling complex synthetic scenarios. Figure 7 visual-
izes the pixel-wise disparity errors between the estimated
maps and ground truth, where our method achieves the low-
est error rates among all evaluated approaches.

Figure 6 shows the depth estimation results of differ-
ent active stereo methods on real-world scenes using RAFT
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Figure 5. Depth estimation comparison on simulated test datasets.

(b) D435 disparity
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Figure 6. Depth estimation comparison on real test datasets.

QOurs Error

ActiveZero Error D435 Error

Figure 7. Pixel-wise disparity error comparison of our method,
ActiveZero, and D435 on three backbone models.

as the backbone. Although ActiveZero performs well in
synthetic environments (as shown in Figure 5), it general-
izes poorly to real-world data—producing even worse re-
sults than those captured by the commercial D435 sensor.
In particular, as highlighted by the red circles, ActiveZero
exhibits severe depth estimation failures in many regions.
In contrast, our method significantly improves real-world
depth estimation and remains robust even in challenging
regions where the generated proxy labels (Figure 6d) may
contain inaccuracies, as shown in Figure 6e. These results
demonstrate the strong practical potential and robustness of
our method for real-world active stereo applications.
Comparison with Intel RealSense D435. Although
commercial depth sensors such as the RealSense D435 are
widely used in both industrial and academic fields, they of-
ten suffer from severe measurement noise and significant
depth loss around object boundaries. We conduct qualita-

© ' @

Figure 8. (a) and (b) show the rendering results at intensity levels 0
and 6, respectively. (c) and (d) present the binary extraction results
of the corresponding IR images.

IR PSNRT SSIMTt LPIPS)

I° 3323
It 3273
I? 3242
I? 3220
I* 31.99
I° 31.86
I° 31.75

0.9683 0.0762
0.8959 0.1655
0.8522 0.2454
0.8222 0.3001
0.7958 0.3442
0.7706 0.3749
0.7533 0.3936

Table 2. The reconstruction effect of 2DGS under different IR
intensities.

tive comparisons with the D435 sensor, as shown in Fig-
ure 6. Our method achieves a substantial improvement in
both accuracy and visual quality—it not only suppresses
noise effectively but also recovers fine-grained disparity de-
tails, particularly along object edges.
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Method Proxy Labels Novel Viewpoints Regularization ‘ EPE(px)| 1px?T 3px?T Spx?T
Baseline - - - ‘ 0.4715 0.9306 0.9719 0.9856
v - - 0.3482 0.9526 0.9880 0.9942

Ours v v - 0.2736 0.9647 0.9885 0.9945
v v v 0.1279 0.9744 0.9925 0.9955

Table 3. Ablation Study on RAFT Stereo Matching Network: Effects of key components on disparity estimation performance

(a) Baseline

(b) Baseline w/ Proxy Labels

Figure 9. Ablation Study: Depth estimation details of Baseline vs.
Baseline with Proxy Labels in simulated domains.

4.4. Ablation Study

In this section, we validate the effectiveness of each design
selection through ablation experiments.

Construction of Active 2DGS. 2DGS rendering was ap-
plied to all IR intensity levels, with reconstruction outcomes
compared in Table 2. A consistent decline in quality was ob-
served as IR intensity increased. Binary extraction was per-
formed on all rendered IR images, showing that intensity
level O produced the best results, with its pattern success-
fully capturing detailed textures. However, as IR intensity
increased, the clarity and detail in binary IR images dimin-
ished, as shown in the Figure 8.

Component Effectiveness. We conduct ablation studies
to evaluate three key components: proxy labels, novel view-
point data augmentation, and hybrid supervision regulariza-
tion. As evidenced in Table 3, each component contributes
to progressive performance gains.

As shown in Figure 9, compared with the baseline
method, incorporating the proxy labels generated by our
active 2DGS for supervised training significantly improves
disparity estimation in real-world scenes, especially around
object boundaries. This demonstrates that the proxy la-
bels generated from real-world active scenes effectively en-
hance the generalization ability of ActiveZero in real envi-
ronments. Furthermore, Figure 10 shows that our proposed
hybrid supervision regularization further improves disparity
estimation for fine geometric details in real-world scenes. It
also enhances the accuracy of distant object reconstruction
in synthetic environments, validating the effectiveness of
our hybrid training strategy. The complete framework, inte-
grating all three components, achieves optimal performance
across all evaluation metrics. The adaptive weighting strat-
egy successfully balances multiple supervision sources, re-

(b) Ours

(a) Ours w/o Regularization

Figure 10. Ablation Study: Depth estimation details of Our
method without Regularization vs. Complete our method in simu-
lated and real domains.

sulting in more accurate and robust disparity estimation.

5. Conclusion

We present a large-scale active stereo dataset to address
the lack of public resources in this field. Leveraging real-
world active stereo images, we construct an active 2DGS
model to generate disparity proxy labels for supervised
training, without relying on any ground-truth input. The ac-
tive 2DGS also enables novel-view data augmentation, ex-
panding the diversity of training samples. Furthermore, we
introduce a hybrid supervision regularization strategy to dy-
namically balance the self-supervised and proxy-supervised
losses during training, enhancing fine details and distant
object accuracy. Through a mixed-domain training frame-
work, our method surpasses state-of-the-art stereo matching
networks and commercial depth sensors in both quantitative
and qualitative evaluations.

Limitations. Active stereo networks face challenges due
to reliance on active light sources, which are vulnerable to
interference from ambient light, causing noise and data ac-
quisition failures in outdoor scenes. Their dependence on
specific hardware and controlled environments also limits
generalization across diverse scenarios.

Future Directions. Future research can integrate comple-
mentary technologies like LiDAR or ToF. Multimodal data
fusion offers potential to enhance generalization and robust-
ness under complex lighting conditions.
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