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Abstract

Visual odometry (VO) plays a crucial role in au-
tonomous driving, robotic navigation, and other re-
lated tasks by estimating the position and orienta-
tion of a camera based on visual input. Signif-
icant progress has been made in data-driven VO
methods, particularly those leveraging deep learn-
ing techniques to extract image features and esti-
mate camera poses. However, these methods often
struggle in low-light conditions because of the re-
duced visibility of features and the increased diffi-
culty of matching keypoints. To address this limi-
tation, we introduce BrightVO, a novel VO model
based on Transformer architecture, which not only
performs front-end visual feature extraction, but
also incorporates a multi-modality refinement mod-
ule in the back-end that integrates Inertial Mea-
surement Unit (IMU) data. Using pose graph op-
timization, this module iteratively refines pose esti-
mates to reduce errors and improve both accuracy
and robustness. Furthermore, we create a synthetic
low-light dataset, KiC4R, which includes a variety
of lighting conditions to facilitate the training and
evaluation of VO frameworks in challenging envi-
ronments. Experimental results demonstrate that
BrightVO achieves state-of-the-art performance on
both the KiC4R dataset and the KITTI benchmarks.
Specifically, it provides an average improvement of
20% in pose estimation accuracy in normal out-
door environments and 25% in low-light condi-
tions, outperforming existing methods. This work
is open-source at https://github.com/Anastasiawd/
BrightVO.

1 Introduction

With the rapid advances in artificial intelligence technolo-
gies, the application domains of autonomous vehicles and
mobile robots [Liu er al., 2024; Filipenko and Afanasyev,
2018] have broadened, encompassing a more diverse range
of scenarios. As these systems increasingly operate in com-
plex and dynamic environments, there is a growing emphasis
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Figure 1: BrightVO estimates the motion of a camera using visual
information, while also integrating IMU measurements to achieve
more accurate pose estimation.
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on ensuring reliable localization, with a strong focus on im-
proving the accuracy of pose estimation. Visual odometry
(VO), a critical component in providing accurate and robust
localization for autonomous systems, faces even greater chal-
lenges in such environments [He et al., 2020; Gui et al., 2015;
Agel et al., 2016].

VO is the task to track a vehicle or robot’s pose, i.e., posi-
tion and orientation over time [Mohamed et al., 2019]. Tradi-
tional localization techniques, such as GPS or LIDAR-based
systems [Lin and Zhang, 2022; Cai er al., 2019], often face
limitations in urban canyons, indoor environments, or GPS-
denied areas, where signal obstruction and degradation com-
promise their accuracy and reliability. In contrast, VO of-
fers a solution to estimate the camera motion and localiza-
tion, as it relies on visual sensors which are unaffected by
such environmental constraints. However, VO methods of-
ten struggle in low-light environments [Alismail et al., 2016;
Agostinho et al., 2022]. These environments, commonly en-
countered during nighttime or in areas with limited light-
ing, present difficulties for VO algorithms. Low-light con-
ditions introduce issues such as poor feature visibility, in-
creased sensor noise, and reduced contrast, all of which sig-
nificantly affect the accuracy and robustness of traditional VO
approaches. As a result, many existing systems are unable to
maintain reliable localization or trajectory estimation when
operating under such conditions.

To address these challenges, we propose BrightVO, a novel
VO framework specifically designed to operate effectively in
low-light environments shown in Figure 1. BrightVO uses
a Transformer-based architecture [Vaswani, 2017], a cutting-
edge approach in deep learning that excels in modeling long-
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range dependencies and complex feature relationships within
images. The key advantage of Transformer models lies in
their self-attention mechanism, which allows the model to
focus selectively on the most relevant features of an image.
Additionally, we introduce a brightness estimation module,
which uses convolutional layers to extract brightness features
from the image. This allows the Transformer to focus on
the illumination information, thereby addressing the limita-
tions of traditional methods that struggle to effectively ex-
tract features due to low image quality in low-light condi-
tions. Furthermore, BrightVO’s ability to integrate multi-
modality data, such as Inertial Measurement Unit (IMU),
further enhances its robustness. IMU provides complemen-
tary information to visual features, particularly in scenar-
ios where visual input is noisy or sparse [Qin er al., 2018;
Huai and Huang, 2022]. By incorporating this measurement
into a back-end based on graph optimization, which mini-
mizes the cumulative drift and maintain consistency through
iterative corrections, the model refines its pose estimates, im-
proving accuracy over long sequences in challenging light
conditions.

The main contributions of the paper can be summarized as
follows:

1. We propose a brightness-guided Visual Transformer
(ViT) [Dosovitskiy, 20201, which can learn the relative
camera pose from multi-modality inputs through end-to-
end training.

2. We design a back-end refinement block, using graph op-
timization with IMU inputs to iteratively improve the
pose estimation accuracy. Experiments show that we
achieve an average improvement of 20% pose estimation
accuracy in normal outdoor scenes and 25% in low-light
conditions compared to other methods.

3. We create a low-light scene dataset using the CARLA
[Dosovitskiy et al., 2017] simulator, which can be used
for training and evaluating various VO frameworks.

2 Related Work

2.1 Monocular Visual Odometry

Monocular visual odometry is a technique used to estimate
the motion trajectory of a camera in a 3D space from a se-
quence of images captured by a single camera. It relies on
computer vision algorithms to calculate the camera’s pose
by analyzing changes between consecutive image frames.
Currently, there are two main approaches to monocular vi-
sual odometry: traditional geometry-based methods and deep
learning-based methods.

Geometry-based methods such as ORB-SLAM3 [Campos
et al., 2021] extract key feature points from images and per-
form feature matching between consecutive frames, subse-
quently estimating camera motion based on geometric rela-
tionships. In contrast, methods such as DSO [Wang et al.,
2017a] and LSD-SLAM [Engel er al., 2014] do not rely on
feature points; instead, they directly utilize pixel intensity dif-
ferences to estimate camera motion. These approaches opti-
mize camera poses by minimizing the photometric error be-
tween adjacent frames. However, due to the presence of noise

and errors, the accumulated drift may increase over time, po-
tentially leading to progressively inaccurate pose estimations.

In recent years, deep learning-based methods such as
DeepVO [Wang ef al., 2017b] and TartanVO [Wang er al.,
2021] have utilized deep neural networks to extract more ro-
bust features. These methods typically employ an end-to-end
approach, training neural network models to directly estimate
the relative pose of the camera from input images or image
pairs. However they also exhibit greater adaptability to chal-
lenges such as challenging lighting conditions.

2.2 VO Under Low-Light Condition

Challenging lighting conditions present significant chal-
lenges to VO. Existing methods for these conditions adopt
image enhancement algorithms prior to improve image right-
ness and enrich image detail features, thereby enhancing the
accuracy of VO. Light-SLAM [Zhao et al., 2024] replaces
traditional handcrafted features with LightGlue [Sarlin er al.,
2020] network to improve feature extraction in dark environ-
ments [Burri et al., 2016]. [Zhang ef al., 2018] combines
VO with 3D point cloud technology to enhance scene un-
derstanding under low-light conditions. However, these ap-
proaches still rely heavily on local feature matching, which
may not fully capture long-range dependencies and complex
contextual relationships in images. Also, Light-SLAM has
not been open-sourced, limiting reproducibility and prevent-
ing us from directly evaluating its performance.

2.3 Transformers-Based VO

In recent years, Transformer models have shown exceptional
performance in both natural language processing and com-
puter vision fields. Consequently, end-to-end VO methods
can leverage the self-attention mechanism of Transformers to
effectively capture global features in images, enhancing the
temporal information processing in complex scenes. [Han et
al., 2020; Wu et al., 2020].

TSformer-VO [Frangani and Maximo, 2023] proposes an
end-to-end Transformer-based architecture for estimating 6
degrees of freedom (DoF) camera poses. Based on the
TimeSformer [Bertasius et al., 2021] model, it extracts fea-
tures from image sequences through both spatial and tem-
poral self-attention mechanisms. However, this method
achieves reduced accuracy on the KITTI [Geiger ef al., 2012]
dataset. [Memmel er al., 2023] propose a Transformer model
which is a modality-agnostic. Experimental results indicate
the model achieves robust performance in indoor navigation
tasks.

These models successfully integrate Transformer technol-
ogy into VO and demonstrate superior results on common
datasets compared to traditional methods. However, these
models were not specifically designed to address the chal-
lenges posed by low-light conditions. Additionally, existing
approaches cannot incorporate traditional mathematical opti-
mization methods [Martinez-Otzeta et al., 2022; Carlone et
al., 2015], potentially resulting in noticeable scale drift and a
lack of effective correction in extended sequences.
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Figure 2: The pipeline of BrightVO, which begins with the input of consecutive image frames along with other modality information. In
the VONet, images are transformed into vectors and passed into the Transformer Encoder after embedding. The global features are stored
in the c1s_token, which is then mapped to a 6-dimension vector via an MLP. This vector represents the output initial VO motion. In the
Refinement Module, IMU measurements are integrated to motions in an integrator. The VO motion, along with IMU motion, is fed into the

PGO module, where iterative optimization occurs, yielding a high-precision pose estimate.

3 Approaches

3.1 Preliminaries

The core task of visual odometry (VO) is to estimate the cam-
era’s position and pose changes. From an End-to-End (E2E)
perspective, VO is data-driven and aims to automate the en-
tire process of motion estimation from image input to output
using neural networks. The input of Visual Odometry (VO)
consists of a sequence of RGB images [; and I;; captured
by a monocular camera, along with other modality informa-
tion such as IMU sensor data and depth maps. The output is
a 6-DOF vector that includes both the translational vector t
and the rotational matrix R information. The transformation
from time ¢ to time ¢ 4+ 1 can be expressed as:

T =[Re ty], (1)

where R € R3*3 is the rotation matrix representing the rota-
tion change of the camera from time ¢ to ¢t + 1, t; € R3 is the
translation vector representing the translation change of the
camera from time ¢ to ¢t 4+ 1. Thus, the entire process can be
mathematically represented as:

f(Iy, Iiyq) = T = [Re ). 2)

The goal of our model is to extract deep features from the
input multi-modality information, solve for the camera’s mo-
tion, and achieve superior performance in pose estimation un-
der low-light conditions.

3.2 Model Architecture

Our pipeline consists of a front-end VOnet and a back-end
refinement module, as shown in the Figure 2. The front-
end VOnet is designed based on a basic Encoder-Decoder
architecture. The encoder uses an enhanced ViT model to
encode multi-modality input information and we propose a
brightness-guided strategy in this part. The decoder is rela-
tively simple, consisting of a multi-layer perceptron (MLP)
that progressively extracts features and generates the final 6-
DOF pose vector. The back-end refinement block uses Pose
Graph Optimization to iteratively refine the pose estimation
for more accurate results.

Transformer Encoder: The encoder is responsible for ex-
tracting features from the input image sequence and passing
these features to the decoder. First, the input images are re-
sized to 224 x 224 pixels, a size consistent with the pre-
trained model. Our experiments demonstrate that this resiz-
ing does not significantly impact the model’s performance.
The images are then divided into several 16 x 16 patches and
passed through a convolutional layer, which transforms them
into fixed-dimensional vectors. To preserve spatial informa-
tion, the encoder adds positional encoding to each patch.
Next, a brightness estimator is used to extract brightness
features from the image as illustrated in Figure 3, which are
then combined with the image features and input into the
Transformer model. This module is particularly effective at
handling lighting variations. A similar module is also used
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Figure 3: The overview of Brightness Estimator. The image at the
bottom is the input. After passing through a network composed of
two 1x1 convolutions and a 9x9 depth-wise convolution, we obtain
the brightness feature map shown in the top image, where different
RGB values represent different illumination intensities.

in Retinexformer [Cai et al., 2023] to recover a normally ex-
posed image from a low-exposure image using a UNet-based
architecture [Ronneberger et al., 2015]. However, we believe
that it is unnecessary to up-sample the image to a normally
exposed version in the VO task as perceived by the human
eye. Therefore, we simplify the module as follows to enhance
the performance of pose estimation.

(Ibrv Fbr) = E(Ia Lp)a (3)

where £ denotes the brightness estimator and I represents
the resized images. &£ takes I and its brightness prior map
L, € RT*W asinputs. L,, = mean,(I), mean, indicates the
operation that calculates the mean values for each pixel along
the channel dimension. & outputs the brightness-enhanced
image Iy, and the brightness feature Fy,, € R *WxC

The encoder consists of several Transformer layers, as
shown in the Figure 4, each containing a self-attention mech-
anism and a feed-forward network to capture complex fea-
tures in the image. The final output of the encoder is a hidden
state that contains both image and brightness features, which
is used for subsequent pose estimation.

We also reshape Fy, into V € RHEWXC and then the self-
attention is formulated as:

Atten(Q, K, V,V) = (V O V) softmax( ), @

KTQ
o
where o € R! is a learnable parameter that adaptively scales
the matrix multiplication. Atten represents the self-attention

mechanism.

As value (V) contains the actual feature information and
represents the real content or information of each position in
the feature space, this self-attention mechanism allows the
model to weigh the importance of different parts of the in-
put sequence, effectively capturing the relationships between
patches and encoding complex image features.

Transformer Decoder: The decoder is designed to process
the features extracted by the encoder and produce the final
pose estimation. It follows a simple structure leveraging a
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Figure 4: The overview pf Transformer Layer in the VO Encoder.
After patch embedding, image features are used to generate Q
(queries), K (keys), and V (values). These, combined with bright-
ness information, are employed to compute attention scores. The
self-attention mechanism is then applied, and the resulting hidden
states are passed through a feed-forward network to produce the fi-
nal output features.

multi-layer perceptron (MLP) and normalization techniques
to refine the feature representation. The mathematical formu-
lation of the decoder can be summarized as follows:

a2’ = DropPath(M LP(Layer Norm(z))), ®)
T = Wout - g + bout, (6)

where W,,; € R7%8%6 is the weight matrix of the output
layer, which transforms the feature vector 2’ into the final
output pose vector. by, € RS is the bias vector of the output
layer, added after the matrix multiplication to provide addi-
tional flexibility. T € RS is the final output, which is a 6-
DOF pose vector including rotational and translational com-
ponents.

Back-end refinement module: The refinement module in
our approach is based on Pose Graph Optimization (PGO)
[Fu et al., 2024], where the goal is to optimize the trajectory
estimates by minimizing errors across multiple sensor modal-
ities. This back-end module enables two modalities with dif-
ferent error characteristics VO and IMU to mutually verify
and correct each other through graph constraints, leading to a
more precise and robust trajectory estimation.

In our approach, we reshape the pose estimated by VOnet
into the SE(3) form to adapt to the optimization mechanism
of PGO. The motion of the IMU is integrated from raw sen-
sor data using an IMU integrator. Specifically, the IMU’s
motion is calculated by integrating the acceleration measure-
ments, as well as by considering the positional estimates from
Global Navigation Satellite System (GNSS) when available.
The equations governing the motion of the IMU are as fol-
lows:

ARixpy1 = ARy, exp(wiAt), )
Avip1 = Avy + ARyrap At, 3

1
Apik+1 = Apix + Avi At + §ARikakAt27 )
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where AR is the pre-integrated rotation between the i-th
and k-th time steps. Avyy is the pre-integrated velocity be-
tween the i-th and k-th time steps. Ap;y, is the pre-integrated
position between the i-th and k-th time steps. ay, is the linear
acceleration at the k-th time step. wy is the angular velocity
at the k-th time step. At is the time interval between the k-th
and (k + 1)-th time steps.

The last term, we also use GNSS data at each time step as
correction. This correction ensures the position stays globally
aligned with the real-world coordinates. Therefore, the final
error of the VO motions T;; and IMU poses prar can be
defined as the weighted summation of the two constraints:

2 2
L= > lpi—Tyl%, +X > ey —pruvli,, . (10)
(i) €€ (i) €E

where £ represents all image frames and p;; is the relative
pose between frames ¢ and j, which is defined as a parameter
and iteratively optimized during the PGO.

We then employ a Levenberg-Marquardt (LM) algorithm
in PyPose [Wang et al., 2023] to solve the PGO process,
which leads to more accurate and consistent trajectory esti-
mation and ensures robustness across a variety of scenarios,
especially when GNSS data is available to correct for long-
term drift.

4 Experiments

4.1 Datasets Preparation

KiC4R: To validate the performance of our proposed
model under low-light conditions, we need a sufficiently large
dataset that includes various lighting conditions for training
and testing. However, to date, we have not been able to find a
suitable dataset that meets these criteria. The low-light scenes
in the TUM dataset [Keimel ef al., 2012] are limited to in-
door environments, and TartanAir [Wang ez al., 2020] only
provides the "abandonedfactory_night” sequence as
a low-light sequence, which is insufficient for training pur-
poses. Many previous works [Rashed et al., 2019] have ad-
dressed the lack of such datasets by simulating nighttime
scenes using networks or capturing real-world data. How-
ever, we believe these methods are not the most efficient or
comprehensive ways to obtain the necessary data.

To address this issue, we created a dataset called KiC4R
using the CARLA simulator. The KiC4R dataset includes
seven sequences i.e., 00-06 and features four types of low-
light conditions: dusk, night, midnight, and extreme weather
shown in Figure 5. We model the passage of time by adjust-
ing the sun’s direct angle in the simulator. When the angle
is negative, the scene transitions to nighttime, with the time
progressively changing, eventually reaching midnight. Ad-
ditionally, vehicle headlights and streetlights are activated to
simulate realistic nighttime street scenes. To emulate low-
light conditions induced by extreme weather, we generated
two sequences i.e., 00 and 03 by manipulating the cumu-
lus cloud cover, precipitation, and road water accumulation,
thereby simulating low-light scenarios under heavy rainfall.

SHIFT [Sun et al., 2022] also provides a large-scale, multi-
scenario, and multi-task dataset using CARLA . However,
due to differences in data annotation formats, this dataset

() (d)

Figure 5: The overview of 4 light conditions in KiC4R. (a) Dusk.
(b) Nighttime. (c) Mid-night. (d) Extreme weather.

cannot be directly used for VO task training and evaluation,
which posed some challenges for experimentation. For ease
of comparison with other prominent works, KiC4R consists
of both RGB and IMU sensor data and adopts the same anno-
tation format as KITTL

We ran the CARLA simulator on a Windows PC equipped
with an NVIDIA RTX 4090 GPU. Sensor data was collected
using CarlaScenes and the official CARLA Python API. To
generate sensor data from the simulator, we selected maps 01-
07 and 10 for urban scenes similar to those found in datasets
such as Virtual KITTI [Cabon et al., 2020].

We ultimately collected over 37,000 RGB images with a
resolution of 512 x 1392 using the approaches described
above. The corresponding maps, lighting conditions, and se-
quence lengths for these sequences are shown in the table 1.

Sequence Map Light Condition Lengths
00 Town_01 E 5000
01 Town_01 D 3200
02 Town_02 M 4000
03 Town_03 E 8000
04 Town_06 D 7446
05 Town_07 N 8000
06 Town_10 N 2000

Table 1: Details of KiC4R sequences, where D, N, M, E represents
of dusk, nighttime, mid-night and extreme weather and Lengths rep-
resent how many frames in the sequence.

4.2 Experiment Setup

To evaluate the effectiveness of our proposed method, we
conducted experiments on the KITTI and KiC4R datasets.
We compared our approach with several state-of-the-art
frameworks, including ORB-SLAM?2 [Mur-Artal and Tardds,
2017], ORB-SLAM3, DeepVO , TartanVO, DPVO [Teed et
al., 2024], and DPV-SLAM [Lipson ef al., 2025]. In our ex-
periments, only the front-end VONet was trained. Specifi-
cally, we used sequences 01, 03, 07, and 08 from the KITTI
dataset and sequences 04-06 from the KiC4R dataset as the
training set. The inputs contain N monocular image pairs
with resolution 512x1392. The outputs are N poses in SE(3).
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Sequence | 00 01 02 04 05 06 07 08 09 10 Avg
ORB-SLAM2 1.3 10.4 5.7 0.2 0.8 0.8 0.5 3.6 32 1.0 2.75
ORB-SLAM3 | 6.77 - 3050 093 554 1661 970 6069 790  8.65 -

DeepVO 9592  68.26 150.56 5.65 5486 8847 796 68.19 30.70 22776 59.33

DPVO 111.97 12.69 12340 0.68 5896 54.78 19.26 11590 75.10 13.63 58.64
DPV-SLAM 8.30 11.86  39.64 0.78 574 11.6 152 1109 767 137 28.09
TSFormer-VO | 46.52 160.55 5524 3.06 6138 8831 3149 2646 2368 2270 51.93
Ours 2.12 2.36 252 044 231 2.7 2.04 2.92 226 211 218

Table 2: Absolute Trajectory Error (ATE) on 10 sequences on KITTI dataset, given in meters. Due to the absence of raw IMU data in sequence
3, we had to discard this sequence. ORB-SLAM 2, 3 are feature-based methods; DeepVO, TartanVO, DPVO and DPV-SLAM are traditional
learning-based methods; TSFormer-VO and ours are transformer-based methods.

Sequence 06 07 09 10 Avg
t'r‘el Trel trel Trel trel Trel trel Trel trel Trel
TartanVO 472 295 432 341 600 3.11 6.89 273 548 3.05
DPV-SLAM | 495 0.16 129 024 17.69 023 632 023 756 0.22
Ours 1.35 098 1.00 122 131 076 127 099 123 0.99

Table 3: Sence TartanVO only reports results for sequences 06,07,09,10 in relative pose error (RPE), here we compared our method with two

advanced approaches using the t,;/ry.; metrics.

Sequence 00 01 02 03 Avg
‘ trel Trel trel Trel trel Trel trel Trel trel Trel
ORB-SLAM3 | 1.11 1.15 1.08 0.99 131 121 144 120 124 1.14
TartanVO 5.62 244 532 321 433 372 378 1.88 476 2.81
DPVO 1.29 097 132 098 128 0.89 1.31 0.75 130 0.90
Ours 074 093 0.62 085 013 0.13 093 094 061 0.71

Table 4: RPE on 4 sequences on KiC4R. Here we compared our method with ORB-SLAM3, TartanVO and DPVO using the t,¢;/7¢; metrics.

For evaluation, we adpoted two widely used metrics: Abso-
lute Trajectory Error (ATE) and Relative Pose Error (RPE)
[Prokhorov et al., 2019]. Shown as follows:

ATE = 11

1 N
=1

RPE =

N—
Z (T " Tiga) — (T " Tag) |12,
(12)

where p is the camera pose of each frame, ¢ is the number
of frame, T and T represent the estimated and ground-truth
translation vector.

To deal with the large data requirements of ViTs, we use
the pre-trained model "vit-base-patchl6-224" made
publicly available by [Dosovitskiy, 2020]. We then trained
and finetuned our model for 250 epochs on a single NVIDIA
RTX 4090 GPU with a batch size of 12. The weights of the
model are updated using AdamW optimizor with a learning
rate of 1 % 1074

4.3 Experiment Results

We first conducted experiments on the KITTTI dataset to vali-
date the performance of our VO network under normal light-
ing conditions. The model was trained for 40 hours using
sequences 01, 03, 07, and 08. Following this, we evalu-
ated the model across all sequences, utilizing the evo tool to
align the results, recover the scale, and compute the ATE and
RPE. These results were then compared against several state-
of-the-art methods, including ORB-SLAM2, ORB-SLAM3,
TartanVO, DPVO, DPV-SLAM, and TSFormer-VO. Notably,
DPVO represents an improvement over DROID-SLAM [Teed
and Deng, 2021], which is widely recognized as a state-of-
the-art method. The results are presented in Table 2 and 3.
The experiment results demonstrate that while ORB-
SLAM?2 achieves minimal ATE in certain sequences (e.g.,
04-07), BrightVO consistently outperforms it, achieving a
20% improvement in average ATE over all 10 sequences.
In comparison to methods lacking backend optimization,
such as TartanVO, DeepVO, and TSFormer-VO, BrightVO
demonstrates a substantial reduction in error nearly 96%.
Furthermore, in comparison to DPV-SLAM, which also in-
cludes mapping process, BrightVO achieves superior perfor-
mance, benefiting from its multi-modalaity refinement ap-
proach. These results collectively underscore that our model
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Figure 6: The overview of trajectory plots with/without IMU measurements. (a)-(c) represent sequence 02, 05, 07 on KITTI dataset. (d)-(f)

represent sequence 00-02 on KiC4R dataset.

not only functions effectively under normal lighting condi-
tions but also delivers state-of-the-art pose estimation accu-
racy.

We then conduct experiments on the KiC4R dataset to as-
sess whether our method enhances VO performance in low-
light scenarios. The test set comprises four sequences i.e.,
00-03 from the KiC4R dataset, containing a total of 20,200
images after excluding frames affected by camera shake.
For evaluation, we computed the RPE on every 100 meters
for each sequence and compared our results with TartanVO,
ORB-SLAM3, and DPVO. Our experimental results demon-
strate that BrightVO consistently achieves smaller relative
errors across all four sequences, outperforming existing ap-
proaches as shown in Table 4. Our method decreases the
average relative error by approximately 50% compared with
state-of-the-art methods. We attribute this significant im-
provement to the use of longer sequences and more extreme
lighting conditions, where BrightVO benefits from the robust
feature extraction capabilities of the Brightness-Guided ViT
for long sequences, coupled with back-end optimization that
minimizes drift during extended operations.

4.4 Ablation Study

Modality independent: In real-world conditions, IMU and
GNSS measurments may fail when GNSS signals are ob-
structed or completely lost, which prevents GNSS from pro-
viding accurate positional corrections. Similarly, IMU data
can be compromised due to factors like high vibrations, rapid
accelerations, or sensor malfunctions, leading to inaccuracies
or even complete data loss. Since the KiC4R dataset does
not include GNSS data for correction, the experiments con-
ducted in the previous section have already demonstrated that
BrightVO can still achieve robust estimation accuracy in the
absence of GNSS corrections. To further assess BrightVO’s
performance without IMU data, we removed the refinement
module while keeping all other settings unchanged, and con-
ducted experiments on the KITTI and KiC4R datasets. The
results in Figure 6 show that, in the absence of the back-end
refinement module, BrightVO experienced significant drift in
both normal and low-light conditions. This highlights the
critical role of the refinement module in ensuring the sta-
bility and accuracy of BrightVO. In addition, as shown in
Figure 7, in shorter sequences, such as 03, 04, and 07, even
when the back-end refinement module is removed, BrightVO
demonstrates minimal estimation errors. This suggests that
our model is capable of maintaining reliable estimation accu-
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Figure 7: The illustration of ATE on KITTI sequences with/without
IMU measurements. Due to the absence of IMU raw data on se-
quence 03, the figure only contains result without IMU inputs.

racy, even in short-term absence of IMU measurements.

5 Conclusion

In this paper, we propose BrightVO, a model designed to
enhance accuracy in VO under low-light conditions. Our
model consists of a ViT-based VO network and an optimiza-
tion module that integrates multi-modality information. By
combining visual information with IMU data, BrightVO sig-
nificantly improves pose estimation accuracy under extreme
lighting conditions.

We conducted extensive experiments on the KiC4R and
KITTTI datasets and the experimental results demonstrate that
BrightVO outperforms existing VO methods, achieving state-
of-the-art performance in various environments. We also
designed several ablation experiments which confirmed that
BrightVO still maintain good estimation accuracy even with
short-term IMU data loss.

Ultimately, BrightVO not only excels in low-light sce-
narios but also operates stably under normal environmen-
tal conditions, demonstrating broad application potential.
Our research provides a new perspective for data-driven VO
tasks and offers strong support for future applications in au-
tonomous driving, robotics, and other fields.
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