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Abstract

Robust perception and navigation remain challenging for
visual Simultaneous Localization and Mapping (SLAM)
systems in low-light environments, where degraded illumi-
nation reduces feature quality and hinders object detec-
tion. While geometry-based SLAM under low-light condi-
tions has been explored, most existing solutions either sac-
rifice real-time performance or neglect the effect of poor
illumination on object-level perception and association. In
this paper, Illumination-Aware Object SLAM (IAO-SLAM)
is proposed, an object-assisted framework explicitly de-
signed to handle low-light scenarios. The system integrates
the Zero-DCE++ network and YOLOv12 network to pro-
vide real-time low-light image enhancement and object de-
tection. To achieve robust object association, the Adaptive
Multi-modal Similarity Fusion (AMSF) strategy combines
Wasserstein distance, Intersection over Union (IoU) over-
lap, and point-feature assistance is introduced, ensuring
statistical, geometric, and motion-level consistency. Built
upon ORB-SLAM3, our method jointly leverages point fea-
tures and object landmarks to construct consistent maps
in degraded illumination. Comprehensive experiments on
the low-light processed TUM RGB-D dataset demonstrate
that IAO-SLAM significantly improves localization accu-
racy and object reconstruction under low-light environ-
ments, while also ensuring the real-time performance of the
system.

1. Introduction

Visual Simultaneous Localization and Mapping (SLAM)
has been extensively studied as a fundamental technology
for autonomous perception and navigation in unknown en-
vironments. Traditional visual SLAM primarily relies on
point or geometric features, which provide accurate local-

Figure 1. Illustration of low-light image enhancement and object-
level mapping. Low-light inputs are first enhanced by Zero-
DCE++ network [6], enabling reliable object extraction with
YOLOv12 [19]. Enhanced detections are then properly associated
with the object map, resulting in atlas maps that jointly contain
both feature points and objects.

ization in well-lit and structured environments. However,
such purely geometric pipelines lack semantic understand-
ing of the scene and often struggle to maintain robust-
ness under extreme conditions, limiting their applicability
in practical perception and navigation tasks.

To overcome the limitations of purely feature-based
pipelines, recent researches [11, 17, 18, 21, 25] have ex-
tended SLAM with semantic awareness, where objects are
introduced as landmarks. Object-aware SLAM typically be-
gins with object detection or instance segmentation to ex-
tract semantic instances from images. These objects are
then tracked across frames to construct an object-level map,
while simultaneously providing additional constraints for
camera pose optimization. In this way, object landmarks
not only enrich the map with high-level semantics but also



serve as complementary cues to point features, thereby im-
proving robustness for navigation and localization. How-
ever, most existing object SLAM systems [21, 25] are not
designed for real-time operation. Their frame-wise object
detections are often pre-computed and stored offline, which
limits their applicability in online robotic systems.

Beyond the real-time limitations of object-based SLAM,
low-light conditions degrade feature quality and quantity in
geometry-based pipelines, leading to unstable tracking and
unreliable pose estimation. At the same time, object detec-
tors may also fail under poor illumination, leading to unre-
liable associations and incomplete semantic mapping. Sev-
eral methods [12, 14] focusing on geometry-based SLAM
have attempted to mitigate these issues by employing image
enhancement networks. While these approaches improve
tracking robustness, they remain ineffective under more ex-
treme low-light conditions and rely on models that are not
sufficiently lightweight and efficient. Besides, little atten-
tion has been paid to the effect of low-light on object ex-
traction and object-level association. This leaves an open
problem for developing lightweight illumination-aware ob-
ject SLAM frameworks that jointly address the degradation
of both point features and objects.

To address these challenges, we propose Illumination-
Aware Object SLAM (IAO-SLAM), a framework designed
to enhance perception and navigation in low-light envi-
ronments. As shown in Figure 1, the system integrates
a lightweight Zero-DCE++ network [6], deployed via the
Torch [4] C++ interface, which performs real-time image
enhancement while preserving structural details and color
fidelity. Besides, an efficient object detection network
YOLOv12 [19] is deployed. Furthermore, an Adaptive
Multi-modal Similarity Fusion (AMSF) strategy for robust
object association is introduced. By combining Wasserstein
distance, Intersection over Union (IoU) overlap, and point-
feature assistance, AMSF ensures statistical, geometric, and
feature-level consistency. Built upon ORB-SLAM3 [2],
the system jointly leverages point features and object land-
marks, resulting in consistent 3D maps that remain reliable
even in challenging low-light scenarios.

The main contributions of this work are summarized as
follows:
• A lightweight Zero-DCE++ network [6] and YOLOv12

network [19] is deployed within the SLAM pipeline, en-
abling real-time low-light enhancement and object detec-
tion.

• An Adaptive Multi-modal Similarity Fusion (AMSF)
strategy is introduced, which integrates appearance-based
Wasserstein distance, geometric IoU overlap, and point-
feature assistance to achieve robust object association un-
der degraded illumination.

• Several experiments are conducted to analyze the impact
of low-light conditions on system localization and map-

ping. The results show that our method achieves signifi-
cant improvements in localization accuracy, object recon-
struction, and real-time performance compared to state-
of-the-art baselines.

2. Related Works
2.1. Object-aware SLAM Methods
Deep learning-based detection techniques [1, 19, 20] have
enabled SLAM to evolve from traditional geometric de-
scriptions toward semantic perception. A lightweight form
is object-based SLAM, where objects serve as landmarks,
providing compact geometric and semantic information that
improves localization and mapping.

Object representations are commonly categorized into
learning-based methods, parametric models, and point
cloud clusters. By employing multi-view strategies, Cube-
SLAM [23] reconstructs cuboid boxes and refines object
poses. While point cloud clusters methods [8, 24]offer flex-
ibility, they are non-compact and less suitable for high-level
tasks.

In contrast, dual quatrics provide a compact parameter-
ization. Building on this property, recent studies [3, 11,
17, 25] have explored integrating quadrics into object-level
SLAM, allowing efficient optimization within bundle ad-
justment frameworks. Nicholson et al. [11] first recon-
structed quadrics from 2D bounding boxes, but their method
was noise-sensitive. OA-SLAM [25] addresses this with
spheres initialization in their own coordinate frames. Based
on this, VOOM [21] introduces Wasserstein distance for
more robust object association and adopts a coarse-to-fine
framework that combines object landmarks with point fea-
tures to improve odometry and mapping.

Inspired by [25] and [21], we design an Adaptive Multi-
modal Similarity Fusion (AMSF) approach for object asso-
ciation. AMSF combines multiple cues, including Wasser-
stein distance, bounding box IoU, and ellipse shape similar-
ity, into a weighted fusion scheme. This strategy improves
robustness to noise and yields more reliable associations in
complex environments.

2.2. Illumination-aware SLAM Methods
Visual SLAM methods are highly sensitive to illumina-
tion conditions. In low-light environments, insufficient
brightness often leads to poor feature extraction and unsta-
ble tracking, which directly degrades localization accuracy.
Moreover, object detection modules also rely on consistent
image quality, and their performance can drop significantly
under challenging illumination. Therefore, addressing low-
light scenarios is crucial for object-oriented SLAM.

Traditional methods, such as LMVI-SLAM [7], employ
adaptive gamma correction and contrast-limited adaptive
histogram equalization to improve feature extraction under



Figure 2. System framework of IAO-SLAM. Low-light images are first enhanced by the curve-based Zero-DCE++ module, followed by
feature-level tracking and object-level detection with AMSF-based association. Point features and object landmarks are jointly optimized
in local mapping and integrated into the ATLAS for consistent 3D reconstruction.

dim lighting, which remains limited when illumination de-
teriorates severely. SL-SLAM [22] employs SuperPoint [5]
feature extraction together with LightGlue [10] matching,
improving robustness in moderately low-light conditions.
However, these methods still do not directly enhance the in-
put images. Besides, BVT-SLAM [13] integrates a visible-
light camera with a thermal sensor to achieve robust local-
ization in low-light environments, though such sensor fu-
sion inevitably increases hardware complexity and cost.

More recently, deep learning approaches have been ex-
plored to enhance low-light images. For instance, [12] ap-
plies GAN-based image-to-image translation to mitigate ap-
pearance changes, while DarkSLAM [14] integrates En-
lightenGAN [9] into the SLAM pipeline for robust track-
ing in low-light scenes. Twilight-SLAM [15] further bench-
marks multiple enhancement models with standard SLAM
frameworks. However, most approaches often involve
heavy models or do not emphasize deployment efficiency,
which limits their applicability in real-time robotic sys-
tems. Motivated by these methods, our approach adopts
the lightweight Zero-DCE++ [6] network to achieve a better
trade-off between efficiency and effectiveness, and further
deploys it via ONNX in a C++ environment for practical
integration.

3. Methodology

3.1. System Overview
Our system builds upon ORB-SLAM3 [2] and generates a
unified map that integrates both point features and object
landmarks. As illustrated in Figure 2, the pipeline combines
illumination enhancement, feature tracking, object detec-

tion and association into a coherent framework. To improve
robustness in low-light environments, each incoming frame
is pre-processed with the Zero-DCE++ network [6] imple-
mented in Torch [4] C++ interface. Object instances are
detected online by YOLOv12 [19], deployed via ONNX
Runtime in the C++ environment to ensure real-time per-
formance. In parallel, ORB-SLAM3 extracts and tracks
feature points, providing accurate pose prediction. For ob-
ject association, an Adaptive Multi-modal Similarity Fusion
(AMSF) method is employed, where Wasserstein distance,
IoU overlap, and point-feature assistance are integrated to
ensure statistical, geometric, and feature-level consistency.
Point features and objects are jointly integrated into the lo-
cal Mapping module and the ATLAS system, enabling local
map updates and accurate camera poses estimation through
bundle adjustment, and ultimately producing a consistent
3D map with both object- and point-level landmarks.

3.2. Curve-Based Low-Light Image Enhancement
To address the problem of low-light images, the Zero-
Reference Deep Curve Estimation++ (Zero-DCE++) frame-
work is integrated into the system. Zero-DCE++ formulates
enhancement as an image-specific curve estimation without
requiring paired or unpaired training data. The method re-
lies on the Light-Enhancement (LE) curve. For a normal-
ized input pixel intensity I(x) 2 [0; 1], the quadratic map-
ping is:

LE(I(x);�) = I(x) + �I(x)(1� I(x)); (1)

where � 2 [�1; 1] controls the exposure level. The iterative
application of the LE curve provides more flexible adjust-



ment in complex illumination scenarios:

LE n (x) = LE n�1 (x) + � n � LE n�1 (x)(1 � LE n�1 (x));
(2)

where n denotes the iteration index, and it is further ex-
tended to pixel-wise parameter maps An (x):

LE n (x) = LE n�1 (x)+A n (x)�LE n�1 (x)(1�LE n�1 (x)):
(3)

The parameter maps are predicted by DCE-Net, a
lightweight CNN with seven convolutional layers and sym-
metric skip concatenations. By avoiding down-sampling,
the network preserves spatial structures and outputs 24 pa-
rameter maps. With approximately 79k trainable parame-
ters and 5.21G FLOPs for an input of size 256 � 256 � 3,
DCE-Net can operate in real time on standard hardware.

Training is guided by four non-reference loss functions.
The spatial consistency loss preserves local contrast:

L spa =
1
K

KX

i=1

X

j2
(i)

(jYi � Y j j � jI i � I j j)2 ; (4)

where Y and I are local averages. The exposure control
loss ensures proper brightness:

L exp =
1

M

MX

k=1

jYk � Ej ; (5)

where Yk is the mean intensity of the k-th region and E =
0:6. The color constancy loss enforces channel balance:

L col =
X

8(p;q)2f(R;G);(R;B);(G;B)g

(Jp � J q)2 ; (6)

where J denotes the average intensity values of a chan-
nel. The illumination smoothness loss regularizes param-
eter maps:

L tvA =
1
N

NX

n=1

X

c2fR;G;Bg

(jr x Ac
n j + jr y Ac

n j)2 : (7)

The total loss is de�ned as:

L total = L spa + L exp + W col L col + W tvA L tvA : (8)

Zero-DCE++ is deployed within our SLAM framework
via the Torch [4] C++ interface, and cross-product opera-
tions have been adaptively optimized, enabling lightweight
and real-time operation. The curve-based formulation ro-
bustly enhances low-light images by correcting exposure
while preserving details and color �delity. These proper-
ties make it particularly suitable for supporting downstream
robotic vision tasks under challenging illumination.

Figure 3. The pipeline of AMSF object association method.

3.3. Adaptive Multi­modal Similarity Fusion
(AMSF)

In low-light environments, reliable object tracking becomes
particularly challenging, as degraded illumination signi�-
cantly affects the quality of object detection. To better han-
dle low-light scenarios, an adaptive multi-modal similarity
fusion (AMSF) is proposed, as shown in Figure 3, which
checks statistical consistency, geometric consistency, and
Spatial consistency.

Each object is modeled as a 3D ellipsoid, represented by
a symmetric dual matrix Q� 2 R4�4 as follows:

Q� =
�

A b
b> c

�
; (9)

where A 2 R3�3 encodes the orientation and scale, b 2
R3�1 encodes the translation, and c is a scalar term. Given
the camera projection matrix Pf = K f

�
Rf j t f

�
, where

K f is the intrinsic calibration and (Rf ; t f ) are extrinsics,
the ellipsoid is projected onto the image plane as a dual
conic C�

f :

C �
f = P f Q� PT

f 2 R3�3 : (10)

This projection corresponds to an ellipse, which is com-
pared against the detected object appearance in the image.
For robustness under low-light conditions, the observation
ellipse is interpreted as a Gaussian distribution N (�; �). To
robustly compare an observation ellipse Eobs

f with a projec-
tion Eest

f , we employ the 2-Wasserstein distance between
two Gaussian distributions:

W 2
2 (N 1; N2) = k� 1 � � 2k2

2 +



 � 1=2

1 � � 1=2
2




 2

F ; (11)

where � is the ellipse center, � encodes its axes and orien-
tation, and k�kF denotes the Frobenius norm. Since the raw
Wasserstein distance is sensitive to object scale, we further


	Introduction
	Related Works
	Object-aware SLAM Methods
	Illumination-aware SLAM Methods

	Methodology
	System Overview
	Curve-Based Low-Light Image Enhancement
	Adaptive Multi-modal Similarity Fusion (AMSF)

	EXPERIMENT
	Experiments on Low-light Conditions
	Ablation Study
	Object-Related Improvement
	Real-time Performance

	CONCLUSIONS

