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Abstract

3D Gaussian splatting (3DGS) has emerged as a revolu-
tionary scene representation in simultaneous localization
and mapping (SLAM) research. However, existing research
on 3DGS-based SLAM fails to accurately address the ap-
pearance variations induced by camera auto-exposure in
prevalent real-world scenarios, resulting in reduced local-
ization and photorealistic mapping accuracy. To address
this issue, we propose a stereo auto-exposure-robust Gaus-
sian splatting SLAM (AERGS-SLAM), a framework robust
to such variations and enables both reliable localization
and exposure-controlled photorealistic mapping. Our key
contributions are two fold. Firstly, we propose a cam-
era exposure network to model the camera exposure pro-
cess, which we integrate with Gaussian splatting to achieve
exposure-controlled novel view synthesis. Secondly, we ex-
ploit an illumination-robust geometric feature for localiza-
tion and Gaussian map initialization, enhancing localiza-
tion accuracy under exposure-varying scenarios. Extensive
experiments on public datasets and our self-collected real-
world dataset demonstrate that AERGS-SLAM outperforms
baselines in both localization performance and photoreal-
istic mapping quality. Our code is available at: https:
//github.com/zzy-2021/AERGS-SLAM .

1. Introduction

Visual simultaneous localization and mapping (SLAM) is a
fundamental problem in 3D computer vision and robotics,
with wide practical applications in visual navigation, au-
tonomous driving and other related fields. Recently, neu-
ral radiance fields (NeRF) [27] and 3D Gaussian splatting
(3DGS) [20] have revolutionized 3D scene representation
through photorealistic view synthesis, a capability essen-
tial for high-fidelity reconstruction. Thus, NeRF and 3DGS
have been incorporated into numerous visual SLAM sys-
tems for appearance reconstruction [14, 26, 33, 37, 40, 47].
Crucially, 3DGS-based SLAM [14, 26, 37, 41, 43] and its
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Figure 1. Estimated CRF and exposure-controlled renderings. Top
row: recovered CRF curves (i.e., ours and HDR-GS [2]) and ren-
dered scene radiance map. Bottom row: novel views generated by
operating the radiance map via the camera exposure network un-
der varying exposure time ∆t.

applications [4–6, 45] have drawn substantial research in-
terest owing to superior rendering performance.

Most 3DGS-based visual SLAM methods assume that
input images strictly satisfy photometric consistency. How-
ever, to capture high-quality images, cameras automatically
regulate light input via auto-exposure (AE) algorithms,
which induces appearance variations in images and leads to
photometric inconsistency. A few SLAM methods [26, 37]
introduce per-image embeddings to address such appear-
ance variations. For instance, MonoGS [26] adjusts im-
age brightness via two exposure parameters, yet it fails to
model complex AE mechanisms. SEGS-SLAM [37] lever-
ages Photo-SLAM [14] and introduces view-dependent ap-
pearance embeddings to handle appearance variations. Nev-
ertheless, AE-induced appearance variations are inherently
view-independent, as they originate from camera’s expo-
sure control mechanisms, rendering them challenging to
mitigate via appearance embeddings. To tackle this issue,
HDR-NeRF [15] and HDR-GS [2] model the exposure pro-
cess via the camera response function (CRF), which maps
per-point or per-Gaussian radiance to scene color, and sub-
sequent rendering operation is performed to synthesize im-
ages. However, such methods suffer from a key limitation:
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scene radiance-to-color mapping inherently couples camera
exposure with the rendering process, which not only im-
pairs appearance reconstruction quality but also increases
computational overhead significantly.

Another partially unresolved challenge in 3DGS-based
visual SLAM is illumination-robust localization. Cou-
pled methods [19, 26, 39], represented by MonoGS [26],
achieve localization via a 3D Gaussian map and trainable
appearance parameters. However, such coupled methods
suffer from key limitations in localization robustness and
real-time performance. In contrast, decoupled methods
[12, 14, 29, 37, 44], represented by Photo-SLAM [14],
leverage traditional SLAM systems (i.e., ORB-SLAM3 [3])
for localization to ensure real-time localization. However,
traditional handcrafted feature-based SLAM system lacks
robustness to AE-induced illumination variations, leading
to reduced localization accuracy and degraded appearance
reconstruction quality in exposure-varying scenarios. Ad-
ditionally, these methods only adopt multi-scale frequency
representations to accelerate training, failing to account for
the temporal dynamics of consecutive frames.

To address these problems, we propose a stereo de-
coupled auto-exposure-robust Gaussian splatting SLAM
(AERGS-SLAM). Firstly, we observe that the AE process
can be modeled via the CRF. While existing methods [2, 15]
leverage the CRF for per-point or per-Gaussian radiance-
to-color mapping, this introduces degraded rendering qual-
ity and significant computational overhead. Motivated by
the physical image formation process [8], we propose a
camera exposure network that models the CRF to map per-
image radiance maps to red-green-blue (RGB) images, en-
abling exposure-controlled rendering. As shown in Fig. 1,
AERGS-SLAM supports rendering RGB images and scene
radiance maps. Compared with HDR-GS [2], it recov-
ers the camera’s CRF curve more accurately for exposure-
controlled rendering. This CRF can be directly used to map
per-image radiance maps to exposure-controlled RGB im-
ages. We adopt illumination-robust geometric features from
learning-based visual SLAM [38] for localization and ge-
ometry mapping, thereby enhancing localization robustness
in decoupled 3DGS-based SLAM systems. We further in-
troduce a time-aware sliding window coarse-to-fine strategy
to incorporate temporal dynamics. To summarize, the main
contributions of this work are as follows:

• We propose a camera exposure network that recovers the
camera’s CRF to map per-image radiance maps to RGB
images, enabling efficient exposure-controlled Gaussian
splatting.

• We propose AERGS-SLAM, the first decoupled 3DGS-
based SLAM framework leveraging a learning-based
illumination-robust system to improve localization and
photorealistic mapping under exposure variations.

• We conduct comprehensive experiments on public and

self-collected real-world datasets, showing AERGS-
SLAM outperforms baselines in mapping and localization
under exposure-varying scenarios.

2. Related Work
Traditional Visual SLAM. Traditional visual SLAM falls
into two categories: direct methods and indirect methods.
Direct methods [9, 10] leverage photometric errors to opti-
mize camera poses and reconstruct sparse or semi-dense ge-
ometric maps, offering high speed but susceptibility to im-
age appearance variations. Indirect methods [3, 16, 25, 30]
rely on local features (i.e., keypoints) to construct reprojec-
tion errors and reconstruct sparse geometric maps, balanc-
ing computational efficiency and accuracy. However, hand-
crafted features [31] show limited robustness to illumina-
tion variations. Recently, several methods [11, 23, 34, 36,
38] integrate learning-based components into traditional vi-
sual SLAM to enhance performance. DROID-SLAM [34]
develops a neural network-based SLAM system to boost ro-
bustness and accuracy, yet incurs computational overhead.
AirSLAM [38] adopts learning-based features to improve
robustness under illumination variations. However, these
methods focus on geometric mapping while neglecting the
equally crucial appearance mapping.
NeRF-based SLAM. NeRF [27] implicitly encodes scene
geometry and appearance via neural networks. iMAP [33]
pioneers an MLP-only visual SLAM framework. Building
on iMAP, numerous studies [7, 13, 18, 21, 24, 32, 40, 42,
46, 47] incorporate MLPs with other scene representations
(i.e., voxel grids, triplanes, neural point clouds) to improve
efficiency. More recently, NeRF-based SLAM has been
extended to diverse applications [17, 22, 28, 35]. Despite
this progress, these methods still overlook the impact of the
exposure-induced image appearance variations on photore-
alistic mapping, a prevalent real-world challenge. Addition-
ally, the volumetric rendering incurs substantial computa-
tional overhead, limiting its real-time applicability.
3DGS-based SLAM. 3DGS [20] employs anisotropic
Gaussian ellipsoids to explicitly model scene geometry
and appearance. 3DGS-based SLAM falls into two cate-
gories: coupled and decoupled methods. Coupled meth-
ods [19, 26, 39] adopt a unified framework for camera lo-
calization and photorealistic mapping, boosting accuracy
while limiting real-time performance and robustness. In
contrast, decoupled methods [14, 29, 37, 44] handle cam-
era localization and photorealistic mapping independently,
enabling real-time operation. For instance, Photo-SLAM
[14] employs two parallel threads, i.e., one leveraging ORB-
SLAM3 [3] for localization and other adopting 3DGS for
mapping, thus ensuring real-time performance. Beyond
this, other decoupled methods [29, 37, 44] also adopt sim-
ilar frameworks to enhance performance, achieving a bal-
ance between accuracy and efficiency. However, none of
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Figure 2. Overview of the proposed AERGS-SLAM. Firstly, the localization thread performs illumination-robust localization using stereo
images, generating posed keyframes and sparse point clouds to initialize the Gaussian map. Secondly, the photorealistic mapping thread
renders the radiance map. Subsequently, this radiance map is fed into the camera exposure network to generate RGB images and compute
the loss. Finally, the resulting loss is used to optimize the Gaussian map, the camera exposure network, and the exposure time.

these methods address exposure-induced image appearance
variations, which compromises photometric consistency es-
sential to 3DGS. To fill this gap, our proposed decoupled
AERGS-SLAM models the camera’s AE process, enabling
accurate appearance reconstruction.

3. AERGS-SLAM
The system overview of AERGS-SLAM is illustrated in
Fig. 2, including a 3DGS representation map (Section 3.1),
an illumination-robust localization module (Section 3.2), an
exposure-controlled photorealistic mapping module (Sec-
tion 3.3) and a loop closure detection module (Section 3.4).

3.1. 3DGS Representation
For the 3DGS radiance field representation, we employ
anisotropic Gaussian ellipsoids [20] to model the scene’s
geometry and appearance. A Gaussian ellipsoid is parame-
terized by its position mean P ∈ R3, covariance Σ ∈ R6,
spherical harmonics S ∈ Rk (k is the degrees of freedom)
and opacity α. Spherical harmonics S is used to recover
radiance e ∈ R3. Mathematically, a Gaussian ellipsoid fol-
lows a Gaussian distribution

G(X) = e−
1
2X

⊤Σ−1X, (1)

where G(X) denotes the density of the Gaussian ellipsoid
at position X. Following 3DGS [20], for a given view frus-
tum, 3DGS queries N Gaussians within the frustum, form-
ing a Gaussian set G = {G1, . . . , GN}. This set G is em-
ployed to synthesize photorealistic images via two steps: 1)
projecting the Gaussian set G onto the image plane to form
the corresponding 2D Gaussian set G′ = {G′

1, . . . , G
′
N}

and 2) sorting the 2D Gaussian set G′ from farthest to near-
est and applying the α-blending

I =
∑
i∈N

ei ·G′
iαi

i−1∏
j=1

(1−G′
jαj), (2)

where G′
i is the i-th sorted 2D Gaussian ellipsoid; αi(i =

1, . . . , N) is the opacity of G′
i; ei(i = 1, . . . , N) is the

radiance of G′
i; and I is the rendered image. Both equations

(1) and (2) are differentiable, allowing the Gaussians G to
be optimized via photometric loss.

3.2. Illumination-Robust Localization
The localization module utilizes a visual SLAM pipeline
[38] to efficiently estimate camera poses and generate
sparse 3D landmarks. A camera pose is represented by rota-
tion R ∈ SO(3) and translation t ∈ R3. We adopt a sliding
window-based method to jointly estimate camera poses and
landmark positions.

Given a sliding window with K keyframes, we de-
fine a keyframe set F = {F1, · · · , FK}, a rotation
set R = {R1, · · · ,RK}, and a translation set T =
{t1, · · · , tK}. For each keyframe Fk (k = 1, · · · ,K), mk

denotes the number of 2D-3D matches in Fk and X k =
{Xk1, · · · , Xkmk

} denotes the 2D-3D match set, where
Xkj is the j-th match in Fk. All 2D-3D matches in the win-
dow are X = {X 1, · · · ,XK}. Camera rotations R, trans-
lations T and 3D landmarks associated with X are solved
via local bundle adjustment (BA), given by

R, T ,X = argmin
R,T ,X

K∑
k=1

mk∑
j=1

ρ(E(k, j)), (3)

where ρ(·) is a robust kernel function; E(k, j) is the resid-
ual of the j-th match Xkj in Fk, defined as

E(k, j) = ∥pkj − π(RkPkj + tk)∥2, (4)

where pkj is the 2D pixel coordinate of Xkj in Fk; Pkj

is the corresponding 3D landmark coordinate in the world
frame; π(·) denotes the camera projection function.

Equations (3) and (4) show that the feature match-
ing accuracy directly determines the reliability of residu-
als E(k, j). Inaccurate matches degrade E(k, j), under-
mining BA’s pose and landmark estimation, while precise
matches ensure robust optimization. Specifically, camera
exposure variations induce image appearance changes, and
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(a) Handcrafted ORB features [31].

(b) Learning-based illumination-robust features [38].

Figure 3. Feature detection in illumination-varying scene.

handcrafted features [3] lack sufficient robustness to such
appearance variations, reducing the reliability of residual
E(k, j). As shown in Fig. 3a, handcrafted ORB [3] fea-
tures are not robust to AE-induced image appearance vari-
ations. By contrast, Fig. 3b adopts learning-based features
[38] for illumination-robust feature extraction and match-
ing. By incorporating illumination-robust features, the BA
problem can be solved more accurately under exposure-
varying scenarios. In our AERGS-SLAM system, the op-
timized keyframe set F and 3D landmark set {Pkj} serve
as training views and initial Gaussian ellipsoids for photo-
metric mapping, respectively.

3.3. Auto-Exposure-Robust Mapping
3.3.1. Camera Exposure Network
A key limitation of 3DGS is its reliance on multi-view pho-
tometric consistency, yet the camera’s AE algorithm in-
duces image appearance variation, undermining this con-
sistency. Exposure-controlled radiance fields [2, 15] have
been verified as a solution to this problem. However, as
shown in Fig. 4a, HDR-GS [2] maps per-Gaussian radiance
{ei} to color {ci}, leading to coupling between the camera
exposure and the rendering process. This coupling reduces
the appearance modeling capability and increases computa-
tional overhead. To address this, we propose a camera ex-
posure network that models the CRF to map the per-image
radiance map Ie to the RGB image Ic, enables more accu-
rate exposure-controlled rendering.

As shown in Fig. 4b, we decouple the rendering and ex-
posure process. The 3DGS map renders the radiance map
Ie and CEN maps Ie∆t to the RGB image Ic. This is math-
ematically described by

Ic = f(Ie∆t), (5)

{𝐞𝐞𝒊𝒊}
renderer

∆t {𝐜𝐜𝐢𝐢}

Ic
3D Gaussians

{𝐩𝐩𝐢𝐢, 𝚺𝚺𝐢𝐢,𝛼𝛼i}

(a) Exposure modeling in HDR-GS [2].

renderer

Ie

∆t

Ic3D Gaussian map

(b) The proposed camera exposure network.

Figure 4. Exposure modeling in HDR-GS [2] and the proposed
method. The differences between them are: 1) HDR-GS uses a
network to map per-Gaussian radiance ei to per-Gaussian color
ci, while CEN maps the radiance map Ie to color map Ic. 2)
CEN decouples the rendering and exposure processes to achieve
rendering-independent exposure estimation.

where f(·) denotes CRF. Following the CRF calibration
method by Debevec and Malik [8], we transform the radi-
ance map into the logarithmic radiance domain. Assuming
the CRF f is monotonic and invertible, so we rewrite (5) as

ln f−1(Ic) = ln(Ie) + ln(∆t). (6)

We denote the inverse function of ln f−1(·) as g(·), thus

Ic = g(ln Ie + ln∆t), (7)

where g(·) = (ln f−1(·))−1 and is estimated via a network.
In our work, we employ three independent MLPs to model
the RGB channels respectively. Combined with (2), the
exposure-controlled rendering equation is derived as

Ic = g(ln
∑
i∈N

ei ·G′
iαi

i−1∏
j=1

(1−G′
jαj) + ln∆t). (8)

Equation (8) shows that exposure control and radiance
map rendering are computed independently. Compared
with HDR-GS [2], the proposed CEN offers two key ad-
vantages: 1) We use the rendered radiance map for expo-
sure adjustment or estimation, eliminating the need to re-
compute the rendering equation; 2) The complexity of our
method depends solely on the network architecture and ren-
dered image size, rather than the number of Gaussian ellip-
soids, thus reducing algorithmic complexity. As shown in
Fig. 5, the proposed CEN reconstructs the scene appearance
more accurately than HDR-GS [2] without color distortion.

The photometric loss Lc is used to optimize Gaussian
parameters G, MLPs g(·) and exposure time ∆t, given by

Lc = (1− λ)|Ic − Icgt|1 + λ(1− SSIM(Ic, Icgt)), (9)
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Figure 5. Exposure-controlled RGB renderings of CEN and HDR-
GS [2] under varying exposure times ∆t.

where SSIM(Ic, Icgt) denotes structural similarity between
the two images and λ is a weight factor.

We adopt the unit exposure loss Lu = ∥g(0) − C0∥22
from [15], where C0 is set the midway of the pixel value.
This loss fixes the scale of the radiance map. The final loss
for photorealistic mapping is

L = Lc + λuLu, (10)

where λu denotes the weight of unit exposure loss.

3.3.2. Coarse-To-Fine Optimization
Coarse-to-fine optimization strategy is effective in many
SLAM methods. For example, methods [40, 47] use hierar-
chical components for multi-level details. Methods [14, 37]
adopt multi-scale frequency representations to accelerate
training. However, these methods use a fixed low-to-high
frequency progression for the entire scene and overlook the
temporal dynamics of SLAM keyframes, where new and
old keyframes inherently carry distinct temporal informa-
tion. To mitigate this limitation, we propose a time-aware
sliding window coarse-to-fine strategy. New keyframes
with incompletely reconstructed scene information super-
vise low-frequency structures, while old keyframes super-
vise high-frequency appearance details, with the optimiza-
tion proceeding dynamically within the sliding window.

To implement this, we design a novel image sampling
strategy within the sliding window. Specifically, we define a
sliding window containing L keyframes, ordered from ear-
liest to most recently observed and denoted as {Fl}(l =
1, · · · , L). Each keyframe is assigned a residence time
Nl(l = 1, · · · , L), representing its duration in the window.
We introduce a scaling function h(·) to compute the down-
sampling scale αl = h(Nl) for the l-th keyframe Fl. Older
keyframes with longer Nl are assigned smaller αl to retain
high-frequency details, while newer keyframes use larger
αl for low-frequency supervision. The optimization over
the sliding window {Fl} is formulated as

F1 : argminL(I1r, sample(I1gt, α1)),

. . .

FL : argminL(ILr , sample(ILgt, αL)),

(11)

where Ilgt is the ground truth of the l-th keyframe; Ilr is the
rendering image of the l-th keyframe; sample(·) denotes
the downsampling function with a scale factor αl; and L
corresponds to (10). Experiments validate that this slid-
ing window-based training strategy enhances photorealistic
mapping performance.

3.4. Loop Closure
Loop closure [38] detects keyframes that are temporally
separated but spatially close, and establishes new 2D-3D
constraints between these keyframes. These detected loop
keyframes and new constraints are used to formulate the BA
problem defined in equation (4) to correct camera poses and
reduce trajectory drift. With the corrected camera poses,
the photorealistic mapping module leverages these poses
to perform appearance reconstruction and exposure estima-
tion, thereby further improving the accuracy of photorealis-
tic mapping in AERGS-SLAM.

4. Experiments
In our experiments, Section 4.1 shows the implementation
details. Section 4.2 describes the experiment setup. Section
4.3 reports the experimental results and evaluation. Sec-
tion 4.4 reports ablation studies. Notably, for more com-
prehensive qualitative and quantitative results, we strongly
encourage readers to refer to the supplementary material.

4.1. Implementation Details
The proposed AERGS-SLAM is fully implemented in C++
and the LibTorch framework. The localization and pho-
torealistic mapping modules operate in parallel. The lo-
calization module generates sparse point clouds and posed
keyframes. The localization module generates sparse point
clouds and posed keyframes, which are fed to the map-
ping module to initialize Gaussian ellipsoids and train the
3D Gaussian map. These keyframes act as the training set,
with remaining frames used as the testing set. The localiza-
tion module adopts the default settings from AirSLAM [38].
The learning rate for Gaussian parameters follows Photo-
SLAM [14]. The learning rate for the MLP and exposure
time are set to 0.001 and 0.02, respectively. We set λ =
0.4, λu = 0.5. For sliding window optimization, the scaling
function is h(Nl) = −0.065Nl+8 for Nl ≤ 100, and fixed
at 1.5 when Nl > 100. The midway of the pixel value C0

is set to 0.73.

4.2. Experiment Setup
Baselines. We compare AERGS-SLAM with seven base-
lines: 1) MonoGS [26], a state-of-the-art (SOTA) cou-
pled 3DGS-based SLAM method; 2) Photo-SLAM [14] and
SEGS-SLAM [37], representative decoupled 3DGS-based
methods; 3) Ours + HDR-GS, a variant where our CEN is
replaced with HDR-GS’s exposure modeling [2] to validate
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Method
EuRoC MAV Self-collected

MH01 MH03 V102 V103 V202 V203 S1 S2 S3 S4 S5 S6

ORB-SLAM3 [3] 0.044 X 0.088 X 0.125 1.522 0.359 0.523 0.643 2.481 3.423 1.716
DROID-SLAM [34] 0.012 0.022 0.012 0.019 0.010 0.055 - - - - - -
AirSLAM [38] 0.022 0.023 0.020 0.031 0.022 0.218 0.192 0.155 0.095 0.168 0.478 0.234

MonoGS [26] 0.089 1.821 0.042 0.745 1.592 X X 3.479 2.587 16.975 32.227 9.265
Photo-SLAM [14] 0.029 0.035 0.080 X 0.064 1.001 X 0.366 0.627 2.500 3.553 1.723
SEGS-SLAM [37] 0.037 0.052 0.161 0.288 0.062 X 0.211 0.426 0.637 2.473 3.633 1.680
Ours 0.021 0.023 0.051 0.024 0.023 0.215 0.177 0.167 0.137 0.132 0.523 0.264

Table 1. Quantitative results of localization (RMSE ↓). We color code eac column as best and second best. ’X’ denotes running failure
in our experiments. ’-’ denotes no results, as we use DROID-SLAM’s results as reference poses on the self-collected dataset.

(a) Photo-SLAM [14] (b) SEGS-SLAM [37] (c) Ours-HDRGS [2] (d) Ours (e) Ground Truth

Figure 6. Qualitative comparison of diverse systems from EuRoC MAV and our self-collected dataset.

CEN’s effectiveness; 4) ORB-SLAM3 [3], a classic hand-
crafted feature-based SLAM method; 5) DROID-SLAM
[34] and AIR-SLAM [38], learning-enhanced methods.

Hardware. We run AERGS-SLAM and all baseline meth-
ods using their official implementations on a desktop com-
puter equipped with an RTX 4090 24GB GPU, an Intel Core
i7-13900K CPU, and 32 GB of RAM.

Dataset. First of all, to our knowledge, no public SLAM
dataset explicitly evaluates AE robustness. Inspired by [38],
we process the EuRoC MAV dataset [1] by adjusting im-
age brightness to simulate AE-induced exposure variations.
Brightness adjustment is modeled as Vout = AVint, where
Vint and Vout are the input and output brightness of a pixel,
respectively, and A is the scaling factor which is randomly
sampled uniformly within [0.5, 1.5] for each image. All
baselines are evaluated in this processed dataset. Then,

we evaluate on our self-collected dataset, which consists
of six sequences captured using a ZED 2i stereo camera.
For quantitative evaluation, we adopt the trajectory from the
SOTA learning-based stereo SLAM system DROID-SLAM
[34] as the reference. Given its demonstrated superior per-
formance in handling complex real-world scenarios and
stereo setups in recent literature [14, 37], DROID-SLAM
provides a reliable benchmark for assessing our method’s
localization accuracy. Additionally, we recorded real expo-
sure times to evaluate exposure estimation performance.

Metrics. For localization, we report the root mean square
error (RMSE) of the absolute trajectory error for all frames.
For photorealistic mapping, we report the PSNR, SSIM, and
LPIPS metrics to evaluate the quality of novel view synthe-
sis. For exposure estimation, we report the estimated rela-
tive exposure time.
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Method Metric
EuRoC MAV Self-collected

MH01 MH03 V102 V103 V202 V203 S1 S2 S3 S4 S5 S6

MonoGS [26]
PSNR↑ 19.07 14.99 15.32 14.90 12.86 X X 19.28 16.81 19.48 16.99 17.70
SSIM↑ 0.757 0.587 0.750 0.730 0.634 X X 0.772 0.501 0.555 0.492 0.424
LPIPS↓ 0.255 0.475 0.472 0.569 0.632 X X 0.502 0.560 0.558 0.648 0.538

Photo-SLAM [14]
PSNR↑ 12.02 11.62 11.34 X 11.06 10.17 X 18.47 17.09 19.97 16.04 20.03
SSIM↑ 0.341 0.386 0.577 X 0.541 0.547 X 0.744 0.489 0.551 0.486 0.481
LPIPS↓ 0.465 0.542 0.588 X 0.560 0.592 X 0.429 0.575 0.496 0.601 0.449

SEGS-SLAM [37]
PSNR↑ 15.99 16.34 14.98 15.51 14.14 X 16.57 21.37 18.83 19.74 19.75 19.34
SSIM↑ 0.621 0.654 0.730 0.748 0.716 X 0.743 0.810 0.580 0.642 0.628 0.568
LPIPS↓ 0.324 0.274 0.327 0.332 0.272 X 0.379 0.294 0.388 0.446 0.415 0.442

Ours + HDR-GS [2]
PSNR↑ 18.99 18.82 20.31 18.03 20.66 16.47 17.91 21.93 20.71 20.49 20.73 19.29
SSIM↑ 0.647 0.648 0.787 0.767 0.786 0.733 0.769 0.815 0.642 0.655 0.639 0.543
LPIPS↓ 0.348 0.371 0.317 0.386 0.279 0.382 0.324 0.344 0.314 0.389 0.393 0.406

Ours
PSNR↑ 19.92 19.59 23.55 22.93 22.37 20.68 18.23 21.60 20.44 20.49 19.61 19.97
SSIM↑ 0.654 0.651 0.832 0.840 0.791 0.743 0.771 0.814 0.643 0.651 0.600 0.548
LPIPS↓ 0.318 0.317 0.204 0.231 0.250 0.352 0.323 0.337 0.292 0.373 0.440 0.377

Table 2. Quantitative results of Photorealistic mapping results. We color code each column as best and second best. ’X’ denotes running
failure in our experiments.
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Figure 7. Camera exposure time estimation for scenes ’S1’, ’S2’, and ’S3’.

4.3. Results and Evaluation

Localization Accuracy. Firstly, the quantitative results
are reported in Table 1. On the processed EuRoC dataset
[1], AERGS-SLAM achieves the best localization perfor-
mance against 3DGS-based baselines. Specifically, com-
pared with Photo-SLAM [14] and SEGS-SLAM [37] us-
ing a handcrafted feature (i.e., ORB-SLAM3 [3]), AERGS-
SLAM runs successfully on all sequences, validating the
robustness of the learning-based features [38] employed in
our work. Additionally, compared with MonoGS [26], all
decoupled pipelines achieve superior accuracy, highlighting
the robustness of the decoupled framework. Secondly, on
the self-collected dataset, AERGS-SLAM achieves signifi-
cantly higher localization accuracy than all baselines, con-
firming its generalization to real-world scenarios. Overall,
these comprehensive evaluation results validate the effec-
tiveness of our illumination-robust localization pipeline.

Novel View Synthesis. Firstly, the quantitative results of
photorealistic mapping are reported in Table 2. For the Eu-
RoC dataset [1], AERGS-SLAM outperforms Photo-SLAM
[14] without using any exposure mechanism, SEGS-SLAM

utilizing appearance embedding, and MonoGS utilizing
learnable exposure parameters. This demonstrates CEN’s
ability to address AE-induced appearance variations. More-
over, compared with HDR-GS [2] mapping per-Gaussian
radiance to color, our CEN mapping per-image radiance
maps to RGB images, is more effective in handling camera
exposure variations. Then, for our self-collected dataset,
we obtain equally high-quality photorealistic mapping re-
sults in evaluations. These results further demonstrate the
generalization capability of the CEN in real-world scenar-
ios. Secondly, the qualitative results are shown in Fig. 6.
We observe that AERGS-SLAM reconstructs the most re-
alistic appearance, while other methods fail to capture fine
details or adapt to exposure variations.

Exposure Estimation. Since the EuRoC MAV dataset [1]
lacks ground truth exposure times, we evaluate on our self-
collected dataset, where we report the estimated exposure
times (in milliseconds). As shown in Fig. 7, as frame
indices change, the real camera exposure time adjusts au-
tomatically, and AERGS-SLAM can synchronously esti-
mate the camera’s exposure time. Moreover, compared with
HDR-GS [2], AERGS-SLAM performs better, as its esti-
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Datasets EuRoC Self-Collected
Method PSNR ↑ RMSE ↓ PSNR ↑ RMSE ↓
(1) w/o CTFO, CEN, IRL 11.76 0.164 18.32 1.754
(2) w/o CTFO, CEN 14.76 0.072 19.59 0.199
(3) w/o CEN 15.10 0.051 19.69 0.214
(4) w/o CTFO 20.48 0.077 20.05 0.199
(5) Ours 21.11 0.049 20.06 0.233

Table 3. Ablation Study on the key components (1) - (5), including
CTFO, CEN, and IRL. The best results are highlighted.

(a) HDR-GS [2] with rendering speed of 416 FPS.

(b) Ours with rendering speed of 3700 FPS.

Figure 8. Exposure-controlled rendering. From left to right, we
set exposure time ∆t to 0.5, 1.0 and 1.5.

mates are closer to the ground truth. Then, we present qual-
itative results of exposure-controlled rendering in Fig. 8.
We observe that, compared with HDR-GS, the proposed
CEN can achieve higher-quality exposure-controlled ren-
derings. Moreover, we render nearly 10 times faster than
HDR-GS. These results strongly validate CEN’s effective-
ness for camera exposure estimation.

4.4. Ablation Studies
Our ablation experiments validate three core modules:
illumination-robust localization (IRL), coarse-to-fine opti-
mization (CTFO), and camera exposure network (CEN).
The ablation results are reported in Table 3 within Row (1)
(i.e., without CTFO, CEN and IRL) corresponds to the orig-
inal Photo-SLAM [14]. Experiments are conducted on the
processed EuRoC and self-collected datasets. We report the
average RMSE and average PSNR metrics to evaluate lo-
calization and photorealistic mapping performance.
Illumination-robust localization. As shown in the rows
(1) and (2) of Table 3, when IRL is applied (i.e., the row

(2) of Table 3), the RMSE metric is significantly reduced
on both the EuRoC dataset and our self-collected dataset.
These results strongly demonstrate the effectiveness of the
learning-based features in our work. Moreover, with the
improvement of localization accuracy, the PSNR metric is
further enhanced. This is because higher localization accu-
racy can provide the mapping module with more accurate
Gaussian ellipsoids and camera poses, thereby improving
the accuracy of photorealistic mapping.

Coarse-to-fine Optimization. First of all, as shown in the
rows (4) and (5) of Table 3, our full method (i.e., row (5))
achieves the best PSNR metric for photorealistic mapping
against the method using CTFO (i.e., row (4)). Notably, the
CTFO module only contributes to the photorealistic map-
ping module and not to the localization module. Therefore,
the RMSE metrics in the rows (4) and (5) do not reflect the
contribution of the CTFO module. Then, the contribution
of the CTFO module can also be reflected by the change in
PSNR metrics between the methods in the rows (2) and (3).
These ablation results consistently demonstrate that the pro-
posed time-aware coarse-to-fine optimization strategy can
effectively improve the quality of photorealistic mapping.

Camera exposure network. Firstly, as shown in the rows
(3) and (5) of Table 3, the employment of the CEN mod-
ule significantly enhances the quality of photometric map-
ping and improves the PSNR metrics on both the EuRoC
dataset and our self-collected dataset. Similarly, the CEN
module only contributes to the photorealistic mapping mod-
ule. Therefore, the slight changes in RMSE metrics do not
reflect the contribution of the CEN module. Moreover, as
shown in the rows (2) and (4) of Table 3, applying the CEN
module increases the PSNR metric by more than 5 dB on
the EuRoC dataset. Overall, these ablation results fully val-
idate that the proposed CEN module is effective in boosting
the quality of photorealistic mapping, especially in enhanc-
ing photometric consistency under varying exposure.

5. Conclusion

In this paper, we propose a 3DGS-based SLAM framework
called AERGS-SLAM. It adopts a decoupled pipeline en-
abling illumination-robust localization and auto-exposure-
robust photorealistic mapping. To this end, we propose a
learning-based feature for IRL. Extensive experiments show
the IRL module significantly improves localization accu-
racy and robustness. Furthermore, proposed CTFO and
CEN modules effectively enhance photorealistic mapping
quality under camera exposure variations. Comprehensive
real-world experiments show the CEN module not only
synthesizes high-fidelity novel views but also recovers per-
image exposure times, enabling exposure-controlled Gaus-
sian splatting.
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