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Abstract

Indoor localization under low-light and texture-degraded environments remains
challenging because insufficient visual information leads to unstable feature
extraction, while inertial measurements are inevitably affected by accumu-
lated drift. Previous MC4L-IMU-based studies demonstrated the effectiveness
of handcrafted texture descriptors, frequency-domain enhancement, deep visual
representation learning, and visual-inertial fusion for improving localization per-
formance in dark indoor scenarios. However, these approaches mainly rely on
manually designed frequency representations and fixed fusion strategies, lim-
iting their adaptability to dynamically changing sensor reliability. To address
these limitations, this paper proposes an Adaptive Frequency-Spatial Attention
Fusion Network with IMU Guidance (AFSAF-Net) for robust indoor localization.
The proposed framework introduces an adaptive frequency learning branch to
capture spectral information beyond handcrafted transformations, an attention-
driven frequency-spatial fusion module to dynamically integrate complementary
visual representations, and an IMU reliability gate to adjust the contribution
of inertial information according to sensor confidence. By jointly modeling fre-
quency characteristics, spatial semantics, and inertial reliability, AFSAF-Net
enables adaptive multimodal perception under challenging indoor conditions.
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Experiments conducted on the MC4L-IMU indoor localization platform demon-
strate that AFSAF-Net achieves a mean localization error of 0.85 cm and the
highest coefficient of determination (R2

= 0.9986) among the evaluated meth-
ods. Furthermore, the proposed framework maintains more stable localization
performance under low-light conditions compared with conventional visual and
visual-inertial approaches. These results indicate that adaptive spectral repre-
sentation learning and reliability-aware sensor fusion can effectively improve
localization robustness without relying on fixed feature extraction or predefined
fusion rules.

Keywords: Indoor localization, Multimodal sensor fusion, Inertial measurement unit,
Frequency-spatial representation learning, Low-light perception

1 Introduction

With the rapid development of intelligent robots, autonomous navigation systems, and
smart indoor environments, reliable indoor perception and localization have become
increasingly important for applications such as mobile robots, human–machine inter-
action, and intelligent services. Unlike outdoor positioning systems that can utilize
global navigation satellite systems (GNSS), indoor environments suffer from signal
blockage, multipath propagation, and complex spatial structures, making accurate
localization a challenging task. Therefore, various sensor-based indoor localization
approaches have been investigated, including magnetic-field-based localization, inertial
navigation, acoustic positioning, and vision-based positioning methods [1–4].

Among existing approaches, vision-based localization methods have attracted con-
siderable attention due to their rich environmental information and low deployment
cost. Camera sensors can capture spatial structures and semantic information, provid-
ing strong perception capabilities for indoor environments. However, the performance
of visual localization systems is highly dependent on image quality. In practical scenar-
ios, illumination variation, low-light conditions, insufficient textures, and appearance
changes can significantly degrade visual feature extraction and reduce localization
reliability [5, 6]. Therefore, improving the robustness of visual representations under
degraded conditions remains a critical challenge for reliable indoor localization.

Traditional visual localization methods mainly rely on handcrafted feature descrip-
tors to extract discriminative image information. Local Binary Pattern (LBP) has
been widely adopted for texture representation because of its robustness to local
illumination changes [7, 8]. However, handcrafted descriptors depend heavily on pre-
defined feature structures and lack the ability to adapt to complex environmental
variations. With the rapid development of deep learning, convolutional neural net-
works (CNNs) have demonstrated powerful representation learning capabilities and
have been widely applied in image recognition and localization tasks [9, 10]. Never-
theless, CNN-based approaches still suffer from performance degradation when visual
information is severely affected by illumination changes or texture loss.

Frequency-domain representation learning has recently been explored as an effec-
tive strategy for enhancing visual perception under challenging conditions. Fast Fourier
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Transform (FFT) converts spatial information into frequency components, allowing
models to capture global structural characteristics and complementary information
beyond spatial features [11, 12]. In our previous research, frequency-enhanced visual
representation based on LBP and FFT was investigated for indoor localization in dark
environments. The experimental results demonstrated that frequency-domain infor-
mation could effectively compensate for insufficient texture information and improve
localization robustness [13]. However, the frequency features in these approaches were
generated through predefined transformations, which limits their adaptability when
different environments exhibit diverse visual degradation patterns.

To further improve robustness, visual-inertial fusion approaches have been exten-
sively studied by integrating camera information with inertial measurement units
(IMUs). IMUs provide continuous motion information and are less sensitive to
illumination changes, making them an effective complementary sensor for visual per-
ception systems. Existing visual-inertial odometry and fusion frameworks, such as
optimization-based methods and Extended Kalman Filter (EKF)-based approaches,
have demonstrated the effectiveness of combining visual and inertial measurements
under relatively stable visual conditions [14, 15]. However, when low illumination and
texture degradation occur simultaneously, traditional fusion frameworks can expe-
rience severe performance degradation or even complete failure. This is because
EKF-based and optimization-based methods typically rely on a fixed process noise
covariance and pre-specified sensor reliability assumptions. When visual feature track-
ing collapses entirely under extreme low-light and texture-less conditions, the visual
update step becomes unreliable, yet the filter continues to trust the corrupted observa-
tions according to its predefined noise model, leading to inconsistent state estimation
and accumulated drift. In our previous study, an MC4L-IMU-based indoor localization
framework was developed by integrating CNN-based visual representation with iner-
tial sensing, achieving improved localization performance under dark indoor conditions
[13, 16]. However, these approaches mainly adopted predefined frequency enhancement
and fixed sensor fusion strategies, without explicitly modeling the dynamic reliability
variation of different sensing modalities.

Despite significant progress in visual and visual-inertial localization, existing meth-
ods still face several fundamental limitations. First, frequency-enhanced approaches
generally rely on manually designed transformations with fixed spectral band selection,
which restricts their ability to learn environment-dependent spectral representa-
tions. Unlike learnable frequency attention that can dynamically re-weight different
frequency components, traditional FFT-based enhancement treats all spectral bins
equally or applies pre-defined filters, which is suboptimal when the dominant visual
degradation shifts from low-light noise to texture sparsity across different scenes.
Second, most multimodal fusion methods assume relatively stable sensor contribu-
tions and employ fixed fusion mechanisms, while the reliability of visual and inertial
information can vary significantly under different environmental conditions. This is
particularly problematic in scenarios where low illumination and texture degradation
coexist, because neither sensor can be trusted uniformly. Third, robust localization
under simultaneous low illumination and texture degradation remains insufficiently
explored, especially when visual quality changes dynamically during perception.
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Recently, adaptive representation learning and attention mechanisms have pro-
vided new opportunities for intelligent sensing systems. Attention-based architectures
enable models to selectively emphasize informative features and suppress irrelevant
information under complex conditions [17–19]. Inspired by these developments, this
study proposes an Adaptive Frequency-Spatial Attention Fusion Network with IMU
Guidance (AFSAF-Net) for robust indoor localization under low-light and texture-
degraded environments. Different from simple combinations of frequency extraction,
attention mechanisms, and sensor fusion modules, AFSAF-Net explicitly models the
adaptive relationship among frequency information, spatial representations, and iner-
tial reliability. The proposed framework enables dynamic perception by learning
when visual, frequency, and inertial cues should contribute to the final localization
representation.

The main contributions of this study are summarized as follows:

• An adaptive frequency representation learning branch is proposed to overcome the
limitations of handcrafted frequency enhancement. Unlike fixed FFT-based transfor-
mations, the proposed branch learns discriminative frequency-aware representations
directly from degraded visual observations.

• A frequency-spatial attention fusion module is introduced to dynamically integrate
complementary visual representations. Instead of simple feature concatenation,
the proposed module learns adaptive weighting between spatial and frequency
information according to environmental conditions.

• An IMU reliability gate is designed to achieve adaptive visual-inertial fusion. By
learning the contribution of inertial information under different perception con-
ditions, the proposed mechanism improves localization robustness when visual
reliability decreases.

• Comprehensive experiments are conducted on the MC4L-IMU indoor localiza-
tion platform. The evaluation includes comparisons with representative localiza-
tion methods, ablation studies, robustness analysis under low-light conditions,
localization error distribution analysis, distance-dependent error evaluation, and
computational complexity analysis.

The remainder of this paper is organized as follows. Section 2 summarizes existing
approaches related to visual localization, frequency-enhanced representation learning,
and multimodal sensor fusion. Section 3 presents the proposed AFSAF-Net framework
and describes the adaptive frequency-spatial feature learning strategy and reliability-
aware IMU fusion mechanism in detail. Section 4 provides extensive experimental
evaluations, including comparison with representative localization methods, ablation
studies, robustness analysis under low-light conditions, localization error distribution
evaluation, distance-dependent error analysis, and computational complexity analysis.
Section 5 concludes the paper and outlines future directions toward more adaptive
and scalable intelligent sensing systems.
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2 Related Work

2.1 Vision-Based Indoor Localization

Vision-based indoor localization has been extensively investigated due to the rich spa-
tial and semantic information provided by camera sensors. Compared with traditional
positioning technologies, such as magnetic-field-based positioning, acoustic localiza-
tion, and inertial navigation, visual approaches can directly capture environmental
structures and appearance information without requiring additional infrastructure
deployment. Therefore, camera-based localization methods have been widely applied
in indoor navigation, mobile robotics, and intelligent environments [1, 2, 6].

Early vision-based localization approaches mainly relied on handcrafted feature
descriptors and image matching techniques. Local feature extraction methods, such
as Scale-Invariant Feature Transform (SIFT) and Local Binary Pattern (LBP), have
demonstrated effectiveness in describing local structures and texture patterns under
certain environmental variations [7, 8, 20]. SIFT provides scale and rotation invari-
ance by detecting stable keypoints, while LBP represents local texture information
through binary encoding patterns, making it relatively robust to illumination changes.
These handcrafted descriptors have been successfully applied in image retrieval, object
recognition, and localization tasks. However, their performance is highly dependent on
manually designed feature strategies and usually decreases when encountering severe
illumination changes, texture degradation, or complex indoor environments.

With the rapid development of deep learning, convolutional neural networks
(CNNs) have significantly improved visual representation capability by automatically
learning hierarchical feature representations from raw image data. Classical CNN
architectures, such as AlexNet and ResNet, have achieved remarkable performance
in image classification and feature extraction tasks by utilizing deep convolutional
layers to capture low-level texture information and high-level semantic representa-
tions [9, 10]. Inspired by these advances, CNN-based localization methods have been
increasingly explored for indoor positioning. Compared with traditional handcrafted
descriptors, deep learning methods provide stronger feature learning capability and
better adaptability. However, CNN models generally rely on sufficient visual informa-
tion during training and inference. When images suffer from low illumination, weak
texture, motion blur, or environmental appearance changes, the extracted features
may become unreliable, resulting in localization degradation.

To improve the robustness of vision-based localization under challenging envi-
ronments, researchers have investigated different image enhancement and feature
optimization strategies. Monocular depth estimation methods have also been explored
to improve scene understanding by recovering spatial information from RGB images
[5]. Nevertheless, these approaches still face limitations in environments where visual
information is severely degraded. Therefore, developing adaptive visual representation
methods that can effectively exploit complementary information from different feature
domains remains an important research direction.
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2.2 Robust Visual Representation under Degraded

Environments

In practical indoor scenarios, visual degradation caused by low illumination, insuf-
ficient texture, and appearance variation is one of the major challenges affecting
localization performance. Unlike controlled laboratory environments, real-world indoor
scenes usually contain complex lighting conditions, reflective surfaces, and dynamic
objects, which introduce significant uncertainty into visual feature extraction.

Traditional enhancement-based approaches mainly focus on improving image
quality before feature extraction. Although these methods can enhance brightness
or contrast, they may introduce additional noise and cannot guarantee that the
enhanced images contain more discriminative localization information. Feature-based
approaches attempt to directly extract robust representations that are less sensitive
to environmental variations. Among them, texture descriptors such as LBP have been
widely adopted due to their computational efficiency and robustness against local
illumination changes [7].

However, handcrafted descriptors usually encode limited information and can-
not dynamically adapt to different degradation levels. Recently, deep learning-based
representation methods have provided a more flexible solution by automatically learn-
ing task-specific features. In our previous research, a CNN-based indoor localization
framework combining LBP and self-attention mechanisms was proposed to improve
localization performance under challenging visual conditions [16]. Furthermore, FFT-
based frequency enhancement was introduced to extract complementary frequency
information and improve localization robustness in dark environments [13]. These
studies demonstrated that frequency information can effectively supplement spatial
visual features when conventional image features become unreliable.

Nevertheless, existing approaches mainly utilize manually designed feature
enhancement operations. The frequency transformation process and feature fusion
strategies are predefined rather than learned from environmental conditions. There-
fore, although these methods improve robustness under specific scenarios, their
generalization ability remains limited when facing diverse and dynamically changing
indoor environments.

2.3 Frequency-Domain Feature Learning and Attention-Based

Representation

Frequency-domain analysis has recently attracted increasing attention in computer
vision due to its ability to provide complementary information beyond conventional
spatial representations. Images contain rich frequency components describing global
structures, local edges, and texture variations. Fast Fourier Transform (FFT) is one
of the most widely used techniques for converting spatial-domain information into
frequency-domain representations, enabling models to analyze image characteristics
from a different perspective [11, 12].

Several studies have demonstrated that frequency-domain information can improve
robustness in image recognition and feature extraction tasks. Compared with purely
spatial convolution operations, frequency representations can capture global patterns
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that are difficult to model using local receptive fields. In particular, frequency infor-
mation can be beneficial in degraded environments where texture details are weakened
or partially lost. However, conventional frequency-based approaches usually treat fre-
quency components equally or manually select specific frequency bands, limiting their
capability to adaptively exploit informative frequency characteristics.

Recently, attention mechanisms have provided an effective solution for adap-
tive feature selection. Transformer-based architectures and attention modules enable
neural networks to dynamically assign different importance weights to informative
features according to input characteristics [17]. Channel attention mechanisms, such
as Squeeze-and-Excitation Networks (SE-Net), enhance discriminative feature repre-
sentation by modeling channel-wise dependencies [19]. Similarly, Convolutional Block
Attention Modules (CBAM) combine spatial and channel attention to improve feature
extraction capability under complex visual conditions [18].

Although attention-based methods have achieved significant improvements in
visual representation learning, most existing approaches focus on spatial-domain fea-
tures. The combination of adaptive frequency learning and spatial attention remains
insufficiently explored for indoor localization applications. Therefore, developing a
frequency-spatial representation learning mechanism that can automatically identify
useful information from different domains is essential for robust indoor perception.

2.4 Visual-Inertial Multimodal Fusion

Visual information alone is often insufficient for reliable indoor localization due to
environmental uncertainty. To overcome this limitation, multimodal sensor fusion
approaches integrating visual sensors with inertial measurement units (IMUs) have
been widely studied. IMUs provide continuous measurements of acceleration and
angular velocity, which are independent of illumination conditions and can effectively
compensate for temporary visual failures.

Traditional visual-inertial fusion methods mainly rely on mathematical models
and filtering techniques. Extended Kalman Filter (EKF)-based approaches have been
widely adopted due to their ability to estimate system states by combining visual
observations and inertial measurements. Visual-inertial odometry frameworks further
improve localization accuracy by jointly optimizing camera and IMU information [14,
15]. These methods achieve high accuracy under relatively stable conditions; however,
they usually require accurate sensor calibration and predefined noise models, which
may limit their adaptability in complex environments.

To improve flexibility, learning-based multimodal fusion approaches have recently
been investigated. Instead of manually designing fusion rules, deep models can
automatically learn complementary representations from heterogeneous sensors. Pre-
vious studies have demonstrated that multimodal fusion can significantly improve
autonomous navigation and localization performance by combining different sensing
modalities [21]. However, many existing fusion approaches still employ fixed fusion
strategies and do not dynamically consider the reliability variation of different sensors.

In our previous research, a visual-inertial indoor localization framework based on
the MC4L-IMU platform was developed by integrating CNN-based visual features
with inertial measurements [13, 16]. The results verified the effectiveness of combining
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visual and inertial information for improving localization robustness. Nevertheless, the
fusion mechanism mainly depended on predefined strategies, leaving the challenge of
adaptive sensor reliability estimation unresolved.

2.5 Research Gap and Motivation

Based on the above analysis, existing indoor localization methods still face two major
limitations. First, most visual representation approaches either rely on handcrafted
feature extraction methods or focus only on spatial-domain deep features, making
them less effective under complex visual degradation. Second, existing visual-inertial
fusion methods usually adopt fixed fusion mechanisms without dynamically evaluating
the reliability of different sensing modalities.

To address these challenges, this study proposes an Adaptive Frequency-Spatial
Representation Learning framework with IMU-Guided Multimodal Fusion for robust
indoor perception and localization. Different from previous methods, the pro-
posed framework jointly learns frequency-domain and spatial-domain representations
through an adaptive feature learning strategy. Furthermore, an IMU-guided fusion
mechanism is introduced to dynamically adjust the contribution of visual and inertial
information according to environmental reliability. This design provides a more flexi-
ble and robust solution for indoor localization under low-light, texture-degraded, and
dynamically changing environments.

3 Proposed AFSAF-Net

3.1 Overview

As illustrated in Figure 1, the proposed Adaptive Frequency-Spatial Attention Fusion
Network (AFSAF-Net) is designed for indoor localization under low illumination, tex-
ture degradation, and dynamic appearance variation. The network receives an RGB
image I and synchronized IMU measurements M as inputs and predicts the indoor
position and orientation. Its central design is an adaptive reliability-aware frequency-
spatial learning pipeline rather than a simple combination of FFT, attention, and IMU
fusion modules.

AFSAF-Net contains five functional components: a spatial feature branch, an adap-
tive frequency branch, an attention fusion module, an IMU reliability gate, and a
localization prediction head. The spatial branch extracts hierarchical visual cues from
the degraded RGB image, while the frequency branch learns spectral representations
that encode global structure and residual texture information. Given an input image
I, the two visual representations are defined as:

Fs = fs(I; θs), (1)

Ff = ff (FFT(I); θf ), (2)

where Fs and Ff denote spatial and frequency feature embeddings, and θs and θf
are learnable parameters. These representations are fused by an attention map:
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Fv = A⊙ Fs + (1−A)⊙ Ff , (3)

where A is learned from spatial-frequency features and ⊙ denotes element-wise
multiplication. The IMU branch then processes inertial measurements to generate a
reliability coefficient:

Fi = fi(M ; θi), (4)

G = σ(WgFi + bg), (5)

where Fi is the IMU feature embedding and G controls the contribution of inertial
features. The final multimodal representation is obtained as:

F = GFi + (1−G)Fv. (6)

In this formulation, A learns the frequency-spatial feature balance, whereas G

learns the visual-inertial reliability balance.

3.2 Spatial Feature Branch

The spatial feature branch extracts local texture, edge, and structural information
directly from the input RGB image. Given I ∈ R

H×W×3, where H and W denote
the image height and width and 3 corresponds to the RGB color channels, the spatial
branch is formulated as:

Fs = fs(I; θs), (7)

where fs(·) denotes the spatial encoder with parameters θs, and Fs ∈ R
H′

×W ′
×Cs

is the resulting spatial feature representation with height H ′, width W ′, and chan-
nel dimension Cs. The encoder consists of convolutional blocks followed by nonlinear
activation and normalization operations. After a series of strided convolutions and
downsampling, the spatial feature map has a reduced spatial resolution but an
increased number of channels, encoding both low-level edge patterns and high-level
semantic structures. This branch preserves discriminative spatial patterns when image
content remains sufficiently visible.

Because low-light conditions reduce contrast and weaken local textures, a purely
spatial CNN may assign similar responses to informative regions and noisy background
regions. Therefore, the spatial branch is used together with the frequency branch and
the attention fusion module, enabling AFSAF-Net to retain useful spatial evidence
while reducing dependence on degraded local texture.

3.3 Adaptive Frequency Branch

The adaptive frequency branch learns spectral representations from the same input
image. For an image intensity function I(x, y), the two-dimensional Fourier transform
is expressed as:
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F (u, v) = FFT(I(x, y)) =

M−1
∑

x=0

N−1
∑

y=0

I(x, y)e−j2π(ux
M

+ vy
N ) (8)

where F (u, v) denotes the frequency spectrum. Low-frequency components describe
global layout and coarse structure, whereas high-frequency components encode edges,
boundaries, and texture variations. Both types of cues can contribute to localization
under visually degraded indoor scenes.

Instead of using handcrafted frequency descriptors or treating all spectral compo-
nents equally, AFSAF-Net applies a learnable frequency encoder:

Ff = ff (F (u, v); θf ), (9)

where ff (·) is the adaptive frequency feature extractor with parameters θf , and

Ff ∈ R
H′

×W ′
×Cf is the learned frequency feature representation with the same spa-

tial dimensions H ′ ×W ′ as the spatial branch and channel dimension Cf . To ensure
that spatial and frequency features can be fused element-wise, the frequency encoder
is designed with a symmetric architecture to the spatial branch, producing features
of matching tensor dimensions. The frequency branch therefore differs from fixed
FFT enhancement used in earlier LBP-FFT-CNN models: the transformation provides
the spectral representation, but the network learns which frequency components are
informative for the current environmental condition.

Compared with the previous LBP-FFT-CNN framework, the proposed frequency
branch eliminates manually selected frequency components and enables the network
to automatically learn environment-dependent frequency characteristics.

3.4 Attention Fusion Module

The attention fusion module adaptively combines spatial and frequency representa-
tions. Since Fs and Ff have matching spatial dimensions H ′ ×W ′ (by design of the
symmetric encoder architecture), they can be directly concatenated along the channel
dimension. First, the two visual representations are concatenated and passed through
a learnable attention projection:

A = σ(Wa[Fs, Ff ] + ba), (10)

where [Fs, Ff ] ∈ R
H′

×W ′
×(Cs+Cf ) denotes channel-wise concatenation, Wa ∈

R
1×1×(Cs+Cf ) is a 1 × 1 convolutional projection layer, ba is the bias term, and σ(·)

is the sigmoid activation function. The resulting attention map A ∈ R
H′

×W ′
×1 has

a single channel and is broadcast along the channel dimension during element-wise
multiplication. The attention map A assigns larger values to spatial locations where
spatial-domain evidence is more reliable and smaller values where frequency-domain
evidence is more informative.

The adaptive visual representation is then calculated as:

Fv = A⊙ Fs + (1−A)⊙ Ff . (11)

where ⊙ denotes element-wise multiplication supported by channel-wise broadcast-
ing: the single-channel attention map A ∈ R

H′
×W ′

×1 is automatically replicated Cs (or
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Cf ) times along the channel axis to match the dimensions of Fs and Ff , respectively.
This attention-driven formulation avoids using direct concatenation F = [Fs, Ff ] as
the final visual representation. Instead, the model learns an input-dependent weighting
strategy, allowing it to emphasize global spectral structure when texture information
is weakened and to preserve spatial details when image observations are reliable.

3.5 IMU Reliability Gate

Although visual information provides rich environmental perception, its reliability
decreases significantly under illumination changes and texture degradation. In con-
trast, IMU sensors provide continuous motion information but suffer from accumulated
drift. Therefore, adaptive estimation of sensor reliability is essential for effective
multimodal fusion.

The IMU branch first preprocesses raw measurements:

M = [ax, ay, az, ωx, ωy, ωz] (12)

where a and ω denote acceleration and angular velocity measurements.
The temporal IMU features are extracted through an inertial encoder:

Fi = fi(M ; θi), (13)

where fi(·) denotes the IMU encoder and Fi ∈ R
di is the di-dimensional inertial

feature vector obtained by temporal aggregation of the IMU sequence. Then, an IMU
reliability gate estimates the confidence score:

G = σ(WgFi + bg). (14)

where Wg ∈ R
1×di and bg ∈ R are learnable parameters, and G ∈ [0, 1] is a scalar

reliability weight obtained through the sigmoid activation.
The final multimodal representation is formulated as:

F = GFi + (1−G)Fv. (15)

where F has the same dimension as the visual feature embedding after global
pooling. Note that the visual feature Fv is spatially aggregated (via global average
pooling) to a vector of dimension dv before fusion with Fi, ensuring that both modal-
ities are represented as fixed-length vectors before the gate operation. The reliability
gate dynamically determines the contribution of inertial information during fusion.
When visual information becomes unreliable, the gate increases the contribution of
IMU features. Conversely, when visual observations are stable, the network emphasizes
visual representations. This adaptive fusion strategy enables AFSAF-Net to dynami-
cally balance sensing modalities according to environmental conditions and addresses
the limitation of fixed visual-IMU fusion weights.

3.6 Localization Prediction Head

The final fused representation is processed by fully connected layers to estimate the
target localization parameters:
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P = [x, y, z, θ] (16)

where (x, y, z) represents the spatial position and θ denotes the orientation.
The localization objective is optimized using the regression loss:

L =
1

N

N
∑

i=1

⃦

⃦

⃦
Pi − P̂i

⃦

⃦

⃦

2

2
(17)

where Pi and P̂i denote the ground-truth and predicted localization results,
respectively.

Through the joint optimization of frequency representation learning, spatial atten-
tion enhancement, and IMU-guided adaptive fusion, AFSAF-Net achieves robust
indoor localization under visually degraded environments.

4 Experiments and Performance Evaluation

4.1 Experimental Setup

To evaluate the effectiveness of the proposed Adaptive Frequency-Spatial Atten-
tion Fusion Network (AFSAF-Net), extensive experiments were conducted using the
MC4L-IMU indoor localization platform. The experimental protocol was designed
to evaluate localization accuracy, prediction stability, and robustness under low-
light and texture-degraded indoor environments. To ensure full reproducibility of
the results, the source code and dataset of AFSAF-Net are publicly available at
https://github.com/CAIST-2026/AFSAF-Net.

The MC4L-IMU platform integrates a monocular RGB camera and an inertial mea-
surement unit (IMU) to provide synchronized visual and inertial observations. During
data acquisition, RGB images were captured at a resolution of 640× 480 pixels, while
the corresponding inertial measurements were recorded synchronously. Each experi-
mental sample therefore contains one RGB observation and its corresponding IMU
measurement sequence. This multimodal data organization provides complementary
information for evaluating the proposed frequency-spatial representation learning and
reliability-aware visual-inertial fusion mechanisms.

The experiments were conducted in four representative indoor scenes with different
spatial structures and visual characteristics. A total of 48 measurement positions were
selected across the experimental environments. For each measurement position, 60
synchronized observations were collected, resulting in 2880 RGB-IMU samples. The
measurement distance ranged from 1.2 m to 3.0 m, covering the typical operating
range considered in the MC4L-IMU experimental setup. Repeated observations were
collected at each position to reduce the influence of transient sensor noise and to
provide sufficient samples for evaluating prediction stability.

The statistics of the experimental dataset are summarized in Table 1.
As shown in Table 1, the experimental dataset contains synchronized RGB and

inertial observations collected from multiple indoor scenes and measurement posi-
tions. The repeated measurement strategy provides multiple observations for the same
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Fig. 1 Overall architecture of the proposed Adaptive Frequency-Spatial Attention Fusion Network
(AFSAF-Net).

physical position, which is particularly important for evaluating not only the average
localization error but also the prediction consistency of different models.

The dataset was divided into training and testing subsets using an 80:20 parti-
tion. Accordingly, 2304 samples were used for model training, while the remaining
576 samples were reserved for independent evaluation. The testing samples were not
used for parameter optimization or model selection. All learning-based comparison
methods were evaluated using the same training and testing protocol to ensure a fair
comparison.

To minimize potential information leakage caused by repeated observations from
the same physical location, the dataset partition was performed before model training.
The same partitioning protocol was applied to all learning-based methods, including
LBP-CNN, LBP-FFT-CNN, Visual-IMU Fusion, and AFSAF-Net. Therefore, differ-
ences in localization performance can be attributed primarily to the representation
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Table 1 Statistics of the MC4L-IMU experimental dataset.

Item Value

Sensing platform MC4L-IMU
Sensor modalities RGB + IMU
Camera type Monocular RGB camera
Image resolution 640× 480 pixels
Number of indoor scenes 4
Number of measurement positions 48
Observations per position 60
Total synchronized samples 2880
RGB images 2880
IMU sequences 2880
Training samples 2304
Testing samples 576
Training/Test split 80/20
Measurement distance 1.2–3.0 m
Illumination condition Low-light
Visual condition Texture-degraded

learning and sensor fusion strategies rather than differences in the amount of training
or testing data.

The measurement distance ranged from 1.2 m to 3.0 m. This range was selected
to cover short- and medium-distance indoor localization scenarios while maintaining
a consistent experimental configuration. Measurements were performed at predefined
positions, and repeated observations were collected at each position. The ground-
truth position corresponding to each observation was determined according to the
experimental measurement protocol of the MC4L-IMU platform.

The visual conditions were intentionally selected to include low illumination and
insufficient texture information. Under such conditions, local image contrast and dis-
criminative texture structures can be significantly reduced, making conventional visual
feature extraction less reliable. These conditions therefore provide an appropriate test
environment for evaluating the proposed adaptive frequency-spatial representation
learning mechanism.

In contrast to visual information, inertial measurements are less directly affected
by illumination changes. However, IMU measurements may accumulate noise and drift
over time. Therefore, the experimental setup provides a suitable environment for inves-
tigating the complementary characteristics of visual and inertial sensing. The proposed
IMU reliability gate is designed to dynamically regulate the contribution of inertial
information according to the estimated sensor reliability.

For each synchronized RGB-IMU observation, the RGB image was first processed
by the visual feature extraction modules, while the corresponding IMU measurements
were processed by the inertial encoder. The visual representation was subsequently
decomposed into spatial and frequency-domain features. These representations were
integrated through the proposed attention mechanism, after which the IMU reliability
gate dynamically adjusted the contribution of inertial information.

The complete experimental procedure can be summarized as follows:
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Ii,Mi →
{

F (i)
s , F

(i)
f

}

→ F (i)
v → Gi → F (i) → p̂i, (18)

where Ii denotes the i-th RGB image, Mi represents the corresponding IMU mea-

surement sequence, F
(i)
s and F

(i)
f denote the spatial and frequency-domain visual

representations, respectively, F
(i)
v represents the fused visual feature, Gi denotes the

estimated IMU reliability weight, F (i) is the final multimodal representation, and p̂i
represents the predicted localization position.

All comparison methods were evaluated under the same measurement conditions.
In particular, the same RGB resolution, measurement distance range, test positions,
and test samples were used for the learning-based approaches. This controlled experi-
mental protocol enables a direct comparison of the effects of frequency representation,
attention-based fusion, and IMU-guided reliability modeling.

The repeated measurements were also used to evaluate the statistical stability of
the localization models. In addition to the mean localization error and coefficient of
determination (R2), the Prediction Stability Index (PSI) was calculated from the local-
ization error distribution. This metric provides an additional evaluation of whether a
model can maintain consistent predictions when repeated observations are collected
at the same physical position.

Overall, the experimental setup was designed to evaluate three major aspects of the
proposed AFSAF-Net: (1) absolute localization accuracy, (2) robustness to low-light
and texture-degraded visual conditions, and (3) prediction stability under repeated
measurements. These evaluation dimensions correspond directly to the three major
design objectives of the proposed adaptive frequency-spatial and visual-inertial fusion
framework.

4.2 Implementation Details

The proposed AFSAF-Net was implemented using PyTorch. All experiments were
conducted on a workstation equipped with an Intel Core i7-12700F processor, 32 GB
of system memory, and an NVIDIA GeForce RTX 5060 GPU with 8 GB of VRAM.
The CUDA 12.8 environment was used to accelerate GPU-based model training and
inference.

The network consists of four principal components: a spatial feature branch, an
adaptive frequency feature branch, a frequency-spatial attention fusion module, and
an IMU reliability gate. The spatial branch extracts hierarchical visual representations
directly from RGB images. The frequency branch transforms the input representation
into the frequency domain and subsequently learns discriminative spectral features.
The attention module estimates the relative importance of spatial and frequency rep-
resentations, while the IMU reliability gate dynamically adjusts the contribution of
inertial information during multimodal fusion.

The input RGB images were resized or maintained at a spatial resolution of
640×480 pixels according to the original acquisition configuration. The corresponding
IMU measurements were temporally synchronized with the visual observations. Before
training, the input data were normalized using the same preprocessing protocol for all
learning-based comparison methods.
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The Adam optimizer was employed for model optimization with an initial learning
rate of 1 × 10−4. The batch size was set to 32, and the network was trained for
100 epochs. The optimization objective was based on the localization regression error
between the predicted position and the corresponding ground-truth position.

The localization prediction for the i-th observation is denoted by p̂i, while the
corresponding ground-truth position is denoted by pi. The absolute localization error
is defined as

ei = |pi − p̂i|. (19)

The mean localization error (MLE) is calculated as

MLE =
1

N

N
∑

i=1

|pi − p̂i|, (20)

where N represents the total number of observations in the test set.
The coefficient of determination (R2) was additionally employed to evaluate the

consistency between predicted and ground-truth positions. It is defined as

R2 = 1−

∑N

i=1(pi − p̂i)
2

∑N

i=1(pi − p̄)2
, (21)

where p̄ represents the mean ground-truth position. A value of R2 closer to 1
indicates stronger agreement between the predicted and actual positions.

To evaluate prediction consistency, the Prediction Stability Index (PSI) was also
calculated. PSI measures the relative dispersion of localization errors and is defined as

PSI =
σe

µe + ϵ
, (22)

where µe and σe denote the mean and standard deviation of the localization error,
respectively, and ϵ is a small positive constant introduced to avoid numerical instability
when µe approaches zero.

The mean localization error is calculated as

µe =
1

N

N
∑

i=1

ei, (23)

while its standard deviation is given by

σe =

⌜

⃓

⃓

⎷

1

N − 1

N
∑

i=1

(ei − µe)2. (24)

A lower PSI indicates a narrower localization error distribution and therefore
more stable prediction behavior. Unlike the mean localization error, which evaluates
absolute positioning accuracy, PSI characterizes the relative variability of the pre-
diction errors. Consequently, the two metrics provide complementary information for
evaluating indoor localization performance.

All comparison models were trained and evaluated under the same hardware envi-
ronment and experimental protocol whenever applicable. Inference time was measured
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using the same input resolution and GPU configuration. For each model, the reported
inference time represents the average forward-pass latency after GPU warm-up and
excludes offline dataset loading and preprocessing operations.

4.3 Comparison Methods

To verify the effectiveness of AFSAF-Net, several representative localization methods
were selected for comparison.

• LRA: A traditional localization approach based on laser ranging.
• ORB-SLAM3: A classic feature-based visual and visual-inertial SLAM framework

used as a geometric baseline [22].
• VINS-Mono: A representative state-of-the-art monocular visual-inertial odometry

framework used as a visual-inertial baseline [23].
• LBP-CNN: A CNN-based method incorporating Local Binary Pattern (LBP)

texture representation.
• LBP-FFT-CNN: A frequency-enhanced CNN model combining LBP texture

features and FFT-based frequency representations.
• Visual-IMU Fusion: A multimodal fusion approach integrating visual and inertial

information without adaptive reliability estimation.
• AFSAF-Net: The proposed adaptive frequency-spatial attention fusion framework.

4.4 Quantitative Comparison

Table 2 presents the localization performance comparison among different meth-
ods, including traditional localization approaches, feature-based visual localization
methods, visual-inertial frameworks, and the proposed AFSAF-Net.

Table 2 Localization performance comparison of
different methods.

Method Mean Error (cm) R
2

LRA 2.40 0.9867
ORB-SLAM3 1.62 0.9915
VINS-Mono 1.18 0.9939
LBP-CNN 1.27 0.9934
LBP-FFT-CNN 0.91 0.9949
Visual-IMU Fusion 0.84 0.9955
AFSAF-Net 0.85 0.9986

As shown in Table 2, deep learning-based approaches demonstrate significant
advantages over traditional localization methods.

The LRA method achieves a mean localization error of 2.40 cm because it mainly
relies on geometric measurements and lacks adaptive feature representation capability.
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ORB-SLAM3 improves localization accuracy by exploiting feature-based visual track-
ing and optimization techniques. However, its performance is affected under low-light
and texture-degraded environments due to unstable feature extraction.

VINS-Mono further improves the performance by incorporating inertial mea-
surements, achieving an error of 1.18 cm. Nevertheless, traditional visual-inertial
frameworks generally rely on handcrafted feature extraction and optimization-based
estimation, which limits their adaptability to challenging indoor environments.

The LBP-CNN method reduces the localization error to 1.27 cm through hier-
archical visual feature learning. By introducing frequency-domain representations,
LBP-FFT-CNN further decreases the error to 0.91 cm, demonstrating that frequency
information provides complementary structural features when spatial textures are
insufficient.

The Visual-IMU Fusion method achieves an error of 0.84 cm by integrating visual
and inertial information. However, it adopts a fixed fusion strategy and does not
consider dynamic sensor reliability.

The proposed AFSAF-Net achieves a competitive localization error of 0.85 cm
and obtains the highest coefficient of determination (R2 = 0.9986) among all com-
pared approaches. The high R2 value indicates that the predicted positions maintain
strong consistency with the ground-truth locations, demonstrating the stability of the
proposed adaptive fusion framework.

4.5 Ablation Study

To analyze the contribution of each component in AFSAF-Net, ablation experiments
were conducted.

Table 3 Ablation study of different AFSAF-Net components.

Model Variant Mean Error (cm) Improvement

Baseline-CNN 1.34 –
Baseline + Frequency Branch 1.02 23.9%
Baseline + Frequency + Attention 0.88 34.3%
Full AFSAF-Net 0.85 36.6%

The ablation results demonstrate the effectiveness of each proposed component.
The frequency branch provides additional spectral information and improves feature
robustness under degraded illumination.

The attention module further enhances feature discrimination by adaptively
emphasizing informative regions. Finally, the IMU reliability gate improves multi-
modal fusion by dynamically adjusting sensor contributions according to environmen-
tal reliability.

Figure 2 visualizes the progressive error reduction obtained by adding the frequency
branch, attention module, and IMU reliability gate.
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Fig. 2 Ablation study of AFSAF-Net components. The bar chart reports the mean localization error
of the baseline CNN and progressively enhanced model variants.

4.6 Robustness Analysis under Low-Light Conditions

Since the proposed method targets indoor localization under visually degraded
environments, robustness experiments were conducted under different illumination
conditions. To quantify the influence of illumination changes, the low-light degradation
rate is defined as:

D =
Edark − Enormal

Enormal

, (25)

where Enormal and Edark denote the mean localization errors under normal-
light and dark conditions, respectively. A smaller D indicates stronger robustness to
illumination degradation.

Table 4 Localization robustness comparison under low-light environments.

Method Normal Light (cm) Low Light (cm) Degradation

LBP-CNN 1.27 1.68 32.3%
LBP-FFT-CNN 0.91 1.21 33.0%
Visual-IMU Fusion 0.84 1.05 25.0%
AFSAF-Net 0.85 1.02 20.0%

As shown in Table 4, all visual-based approaches experience performance degrada-
tion under low-light conditions. However, AFSAF-Net exhibits the lowest illumination
degradation rate among the evaluated methods.
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This improvement is mainly attributed to two factors. First, the frequency branch
preserves global structural information when texture details become unreliable. Sec-
ond, the IMU reliability gate provides additional motion constraints to compensate
for visual uncertainty.

4.7 Prediction Stability Analysis

To further evaluate the prediction consistency of the localization models, the Predic-
tion Stability Index (PSI) was introduced as an auxiliary metric. Unlike the mean
localization error, which measures the average deviation between the predicted and
ground-truth positions, PSI evaluates the relative variation of localization errors across
repeated measurements and different environmental conditions. Therefore, a lower
PSI indicates that the model produces more consistent predictions with smaller error
fluctuations.

The PSI is defined as the normalized standard deviation of the localization error:

PSI =
σe

µe + ϵ
, (26)

where σe denotes the standard deviation of the localization error, µe represents
the mean localization error, and ϵ is a small positive constant introduced to avoid
numerical instability when the mean error approaches zero. The localization error for
the i-th observation is defined as

ei = |pi − p̂i|, (27)

where pi and p̂i denote the ground-truth and predicted positions, respectively. The
mean error and its standard deviation are calculated as

µe =
1

N

N
∑

i=1

ei, (28)

σe =

⌜

⃓

⃓

⎷

1

N − 1

N
∑

i=1

(ei − µe)2. (29)

A smaller PSI value indicates a narrower relative error distribution and therefore
more stable localization behavior. In this study, a PSI value below 0.02 is regarded as
an indication of highly stable prediction behavior under the evaluated experimental
conditions. This threshold is used as an empirical stability criterion rather than as
a universal theoretical boundary. Table 5 presents the PSI comparison among the
evaluated localization methods.

As shown in Table 5, the LRA method obtains the highest PSI value of 0.052,
indicating the largest relative fluctuation of localization errors among the evaluated
approaches. This result is consistent with the characteristics of conventional geomet-
ric ranging methods, which can be sensitive to measurement noise and environmental
variations. Although LRA provides direct distance measurements, it does not incor-
porate adaptive visual or multimodal feature representation, resulting in relatively
unstable predictions under degraded indoor conditions.
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Table 5 Prediction stability
comparison of different
localization methods.

Method PSI ↓

LRA 0.052
LBP-CNN 0.034
LBP-FFT-CNN 0.027
Visual-IMU Fusion 0.022
AFSAF-Net 0.018

The LBP-CNN method reduces the PSI to 0.034, demonstrating that hierarchical
CNN-based feature learning improves prediction consistency compared with the tradi-
tional LRA method. However, the remaining fluctuation indicates that spatial visual
representations alone are still vulnerable to low illumination and insufficient texture.
When the available visual information becomes unreliable, the learned spatial features
may exhibit considerable variation between observations.

By incorporating frequency-domain information, LBP-FFT-CNN further reduces
the PSI to 0.027. This improvement suggests that frequency-aware representations pro-
vide complementary structural information when conventional spatial texture features
are degraded. Nevertheless, the frequency representation is generated using predefined
transformations, which limits its ability to adapt to different types and degrees of
visual degradation.

The Visual-IMU Fusion method achieves a PSI of 0.022, representing a further
improvement in prediction stability. The reduction in PSI demonstrates the benefit of
incorporating inertial information as a complementary sensing modality. Since IMU
measurements are less sensitive to illumination changes, they can partially compensate
for unstable visual observations. However, the PSI remains slightly above the empirical
stability threshold of 0.02, suggesting that direct or fixed multimodal fusion may not
sufficiently account for dynamic changes in sensor reliability.

In comparison, AFSAF-Net achieves the lowest PSI of 0.018, which is below
the empirical stability threshold. Compared with Visual-IMU Fusion, the proposed
method reduces the PSI by approximately 18.2%, calculated as

∆PSI =
PSIVIF − PSIAFSAF

PSIVIF
× 100% ≈ 18.2%. (30)

This result indicates that the proposed framework substantially reduces the relative
fluctuation of localization errors. The improvement can be attributed to the coupled
design of the adaptive frequency representation branch, frequency-spatial attention
fusion module, and IMU reliability gate. The adaptive frequency branch provides com-
plementary spectral representations when texture information becomes insufficient,
while the attention mechanism dynamically emphasizes informative spatial and fre-
quency features. More importantly, the IMU reliability gate enables the contribution
of inertial information to be adaptively adjusted rather than relying on fixed fusion
weights.
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The PSI results also provide an important complement to the mean localization
error and R2 metrics. The mean localization error reflects the absolute positioning
accuracy, whereas R2 evaluates the overall consistency between predicted and ground-
truth positions. In contrast, PSI focuses on the relative dispersion of localization errors
and is therefore particularly useful for evaluating prediction stability across repeated
measurements and changing environmental conditions. The combination of these three
metrics provides a more comprehensive evaluation of localization performance from
the perspectives of accuracy, regression consistency, and prediction stability.

It is noteworthy that AFSAF-Net achieves a mean localization error of 0.85 cm
while obtaining the lowest PSI of 0.018. Therefore, the primary advantage of the
proposed framework should not be interpreted solely as minimizing the average posi-
tioning error. Instead, the results indicate that AFSAF-Net can maintain competitive
localization accuracy while substantially suppressing prediction fluctuations. This
characteristic is particularly important for practical indoor localization systems, where
temporary visual degradation may otherwise produce abrupt localization deviations
and unstable trajectories.

Overall, the PSI comparison supports the effectiveness of reliability-aware mul-
timodal fusion under degraded visual conditions. The progressive reduction in PSI
from LRA to LBP-CNN, LBP-FFT-CNN, Visual-IMU Fusion, and finally AFSAF-Net
demonstrates that the combination of adaptive spectral representation, spatial-
frequency attention, and IMU reliability modeling contributes to progressively more
stable localization predictions.

4.8 IMU Reliability Gate Analysis

To further investigate the adaptive behavior of the proposed IMU reliability gate, an
additional analysis was conducted based on the learned gate weights under different
visual conditions. As described in Section 3, the IMU reliability gate is defined as

G = σ (WgFi + bg) , (31)

where Fi denotes the encoded IMU representation, Wg and bg are learnable
parameters, and σ(·) represents the sigmoid activation function. The resulting gate
value G ∈ [0, 1] determines the relative contribution of inertial information during
multimodal feature fusion.

The final multimodal representation is calculated as

F = G⊙ Fi + (1−G)⊙ Fv, (32)

where Fv denotes the fused visual representation and ⊙ represents element-wise
multiplication. Therefore, a larger value of G corresponds to a relatively larger contri-
bution from inertial information, whereas a smaller value indicates a relatively greater
contribution from visual information.

To evaluate whether the gate can respond to changes in visual reliability, the test
samples were grouped into three representative visual conditions: normal illumination,
moderate low-light, and severe low-light. For each condition, the mean gate value
and its standard deviation were calculated over the corresponding test samples. The
resulting statistics are presented in Figure 3.
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Fig. 3 Mean IMU reliability gate weights under different visual conditions. Error bars represent the
standard deviation across the corresponding test samples.

As shown in Figure 3, the learned IMU reliability weight exhibits an increasing
trend as the visual environment becomes progressively degraded. Under normal illumi-
nation, the mean gate value is approximately 0.36± 0.07, indicating that the network
can maintain a relatively stronger reliance on visual information when sufficient spatial
and texture cues are available.

When the visual quality decreases to a moderate low-light condition, the mean gate
value increases to approximately 0.49±0.09. Under severe low-light conditions, the gate
value further increases to approximately 0.63±0.11. This progressive increase suggests
that the proposed fusion mechanism does not rely on a fixed coefficient for combin-
ing visual and inertial representations. Instead, the relative contribution of inertial
information changes according to the learned representation of the input conditions.

The observed trend is consistent with the complementary characteristics of visual
and inertial sensing. Visual representations are more sensitive to illumination degrada-
tion and texture loss, whereas inertial measurements are less directly affected by image
brightness. When the visual representation becomes less reliable, increasing the con-
tribution of inertial information can provide complementary motion cues and reduce
the influence of degraded visual features.

It should be emphasized that the gate values are not manually assigned accord-
ing to the illumination conditions. The reliability gate is learned jointly with the
localization network during training. Therefore, the variation observed in Figure 3
provides empirical evidence that the proposed AFSAF-Net can learn environment-
dependent multimodal weighting rather than relying on a predefined visual-inertial
fusion coefficient.

The standard deviations shown in Figure 3 also indicate that the learned gate
values exhibit sample-level variation within each visual condition. This variation is

23



desirable because images collected under the same nominal illumination condition
may still contain different levels of texture, contrast, and local visual degradation.
Consequently, the gate is not simply acting as a categorical illumination switch, but can
provide continuous weighting of inertial information across individual observations.

Overall, the reliability gate analysis supports the adaptive fusion mechanism pro-
posed in this study. Combined with the ablation results in Section 4.5, the results
indicate that the contribution of the IMU modality is not merely obtained by directly
concatenating inertial features with visual features. Instead, AFSAF-Net learns to reg-
ulate the relative contributions of the two sensing modalities according to the available
information quality, which contributes to the robustness of indoor localization under
visually degraded conditions.

4.9 Localization Error Distribution Analysis

In addition to average localization accuracy, the error distribution was analyzed to
evaluate prediction stability.

Figure 4 illustrates the localization error distributions of different approaches.

Fig. 4 Localization error distribution comparison among different localization methods.

As shown in Figure 4, traditional methods exhibit larger error variations compared
with deep learning-based approaches.

The LRA method presents the widest error distribution because it lacks adaptive
feature extraction capability. LBP-CNN improves stability by learning hierarchical
visual representations, while its performance is still affected by insufficient texture
information.

The LBP-FFT-CNN approach achieves a narrower error distribution by incor-
porating frequency-domain features. Compared with these approaches, AFSAF-Net
obtains more compact error distribution with reduced variance.
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The improvement mainly comes from three aspects:
(1) the frequency branch extracts complementary spectral information;
(2) the attention module enhances important spatial features;
(3) the IMU reliability gate dynamically adjusts multimodal contributions.

4.10 Localization Error versus Distance Analysis

To further investigate the robustness of different approaches under varying spatial
scales, the relationship between localization error and measurement distance was
analyzed.

Figure 5 presents the localization error variation with different measurement dis-
tances. The error bars represent mean values and standard deviations obtained from
repeated measurements.

Fig. 5 Localization error variation with measurement distance. Error bars represent mean values
and standard deviations.

As shown in Figure 5, the localization error gradually increases as the measurement
distance becomes larger.

The degradation is mainly caused by reduced visual feature resolution and accu-
mulated sensing uncertainty. LRA suffers from the largest error increase due to its
limited representation capability.

LBP-CNN achieves improved distance robustness through deep feature extrac-
tion. LBP-FFT-CNN further reduces error growth by introducing frequency-domain
information.

Compared with existing approaches, AFSAF-Net maintains a lower error increase
rate as the distance increases. The adaptive frequency-spatial attention mechanism
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preserves informative features, while the IMU reliability gate provides additional
constraints when visual observations become unreliable.

4.11 Complexity Analysis

Computational complexity was further analyzed to evaluate whether the robustness
improvement introduced by AFSAF-Net results in excessive computational overhead.
The number of trainable parameters, floating-point operations (FLOPs), and average
inference latency were measured under the same hardware and software configuration.

All experiments were conducted on a workstation equipped with an Intel Core i7-
12700F CPU, 32 GB RAM, and an NVIDIA GeForce RTX 5060 GPU with 8 GB
memory. The deep learning models were implemented using PyTorch with CUDA
12.8 acceleration. During inference evaluation, all methods were tested using the same
input resolution and batch size to ensure a fair comparison.

Table 6 presents the computational complexity comparison among different
learning-based localization approaches.

Table 6 Computational complexity comparison of different learning-based
methods.

Method Params (M) FLOPs (G) Inference Time (ms)

LBP-CNN 1.82 1.35 18.6
LBP-FFT-CNN 2.14 1.72 23.4
Visual-IMU Fusion 2.56 2.05 27.8
AFSAF-Net 3.08 2.41 31.6

As shown in Table 6, AFSAF-Net introduces additional computational costs com-
pared with previous learning-based approaches due to the adaptive frequency branch,
attention fusion module, and IMU reliability gate.

Compared with LBP-CNN, AFSAF-Net increases the number of parameters from
1.82M to 3.08M and the computational complexity from 1.35 GFLOPs to 2.41
GFLOPs. This additional cost mainly comes from the frequency-domain feature
extraction and multimodal feature interaction operations.

Compared with the Visual-IMU Fusion baseline, AFSAF-Net introduces approxi-
mately 20.3% more parameters and 17.6% additional FLOPs. However, the inference
latency only increases from 27.8 ms to 31.6 ms, demonstrating that the proposed
adaptive fusion strategy introduces limited computational overhead.

Although AFSAF-Net requires slightly higher computational resources than con-
ventional fusion methods, the additional cost provides improved prediction stability
and robustness under low-light and texture-degraded environments. The inference
time of 31.6 ms enables near real-time localization, making the proposed framework
suitable for practical indoor sensing applications.

Overall, AFSAF-Net achieves a favorable trade-off between localization robustness
and computational efficiency, demonstrating the feasibility of deployment on GPU-
enabled embedded intelligent sensing platforms.
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4.12 Discussion

The experimental results demonstrate a progressive improvement from traditional
localization methods to adaptive multimodal learning frameworks.

The LRA method provides basic localization capability but lacks feature rep-
resentation. LBP-CNN improves performance through deep visual learning, while
LBP-FFT-CNN further enhances robustness by introducing frequency-domain infor-
mation.

Building upon these studies, AFSAF-Net introduces adaptive frequency-spatial
attention learning and reliability-aware IMU fusion. Unlike fixed feature extraction
or static sensor fusion strategies, the proposed framework dynamically integrates
heterogeneous information according to environmental conditions.

The results from quantitative comparison, ablation experiments, robustness eval-
uation, error distribution analysis, and distance-based evaluation consistently demon-
strate that AFSAF-Net provides an effective solution for robust indoor localization
under low-light and texture-degraded environments.

4.13 Limitations and Future Work

Despite the promising results, the current study has several limitations that should be
acknowledged. First, the experiments were conducted in relatively controlled indoor
environments with static backgrounds and pre-defined measurement positions. Real-
world indoor scenes often involve more complex and dynamic conditions that may
challenge the proposed framework.

In the presence of severe motion blur caused by rapid camera movement, the visual
feature extraction process is expected to degrade because both spatial edge details
and high-frequency texture components become smeared across the image. Under such
conditions, the frequency branch may observe a flattened spectral distribution with
reduced high-frequency energy, while the spatial branch may produce spatially diffused
feature maps. As both visual branches weaken simultaneously, the IMU reliability gate
G is expected to increase adaptively, shifting the fusion balance toward inertial mea-
surements. However, if the motion blur persists for an extended period, the IMU itself
may accumulate drift over time, potentially leading to gradual localization inaccuracy.
Therefore, the effectiveness of the reliability gate is bounded by the quality of both
sensing modalities, and the current framework does not include an explicit mechanism
to detect or compensate for IMU drift under prolonged visual failure.

Another important limitation concerns dynamic occlusion caused by moving
crowds or objects. When a significant portion of the visual field is temporarily occluded
by pedestrians or obstacles, the remaining visible image regions may not provide suffi-
cient structural information for reliable localization. In such cases, the attention fusion
module may redistribute its spatial weights toward the remaining visible regions, while
the IMU gate G is expected to increase to compensate for the reduced visual relia-
bility. However, if the occlusion covers distinctive structural cues that are critical for
localization (such as unique wall patterns or landmarks), even the visible portions may
not be sufficiently discriminative. Under severe and sustained occlusion, AFSAF-Net

27



may still experience performance degradation, although the adaptive gate mechanism
should mitigate the severity of the failure compared with fixed-fusion approaches.

Third, the current evaluation is limited to a specific range of measurement distances
(1.2–3.0 m) and indoor scenes with similar structural characteristics. The general-
ization of the proposed method to large-scale environments, cross-building scenarios,
and outdoor-indoor transition zones remains to be investigated. Fourth, the model
currently requires a fixed-size input and does not explicitly handle variable-length
IMU sequences, which may limit its flexibility for real-world deployment with different
sensor sampling rates.

Future work will address these limitations from several directions. First, we plan
to incorporate an explicit IMU drift detection mechanism that can further regulate
the gate weight when prolonged inertial-only estimation is detected. Second, we will
explore self-supervised adaptation strategies to improve cross-environment general-
ization without requiring extensive labeled data in new scenes. Third, lightweight
network architectures and edge deployment optimization will be investigated to enable
real-time operation on resource-constrained embedded platforms. Finally, large-scale
experiments with dynamic crowds, moving obstacles, and diverse indoor scene types
will be conducted to evaluate the framework under more realistic and challenging
conditions.

5 Conclusions

In this paper, we proposed an Adaptive Frequency-Spatial Attention Fusion Net-
work (AFSAF-Net) for robust indoor localization under low-light and texture-
degraded environments. Motivated by the limitations of conventional visual localiza-
tion approaches in challenging indoor scenarios, the proposed framework integrates
adaptive frequency representation learning, spatial attention enhancement, and IMU-
guided reliability-aware fusion to improve localization accuracy and robustness.

The proposed AFSAF-Net establishes a multimodal perception framework that
effectively exploits complementary information from visual and inertial sensors. Specif-
ically, the frequency branch introduces frequency-domain representations to preserve
global structural information when spatial textures become insufficient. The spatial
branch extracts hierarchical visual features, while the attention fusion module adap-
tively emphasizes informative regions and suppresses irrelevant visual disturbances.
Furthermore, the IMU reliability gate dynamically adjusts the contribution of inertial
information according to sensor confidence, enabling more robust localization under
unstable visual conditions.

Extensive experiments conducted on the MC4L-IMU indoor localization platform
demonstrate the effectiveness of the proposed approach. Compared with tradi-
tional ranging methods and existing CNN-based localization approaches, AFSAF-Net
achieves improved localization accuracy and stability. The experimental results show
that the proposed framework maintains lower positioning errors under low-light envi-
ronments and exhibits stronger robustness against distance variations and visual
degradation. The ablation study further verifies the contribution of each component,
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confirming that frequency representation learning, attention-based feature fusion, and
IMU reliability modeling jointly improve localization performance.

Although AFSAF-Net achieves promising results, several limitations remain and
have been discussed in detail in the Limitations and Future Work subsection. These
include the need for evaluation under more dynamic and large-scale environments, the
challenge of prolonged IMU drift under extended visual failure, and the generalization
to unseen scene types. Future work will focus on developing lightweight and self-
adaptive localization models, incorporating IMU drift detection mechanisms, exploring
self-supervised cross-environment adaptation, and conducting large-scale experiments
with dynamic obstacles and diverse indoor conditions.

Overall, the proposed AFSAF-Net provides an effective solution for robust indoor
localization by combining frequency-domain perception, spatial attention learning, and
adaptive visual-inertial fusion. The proposed framework demonstrates strong potential
for practical applications such as indoor navigation, mobile robotics, and intelligent
sensing systems operating under challenging environmental conditions.
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Abbreviations

AFSAF-Net Adaptive Frequency-Spatial Attention Fusion Network
CNN Convolutional Neural Network
FFT Fast Fourier Transform
IMU Inertial Measurement Unit
LBP Local Binary Pattern
LRA Laser Ranging Approach
MC4L-IMU Multi-sensor Camera and Laser with IMU
MLE Mean Localization Error
PSI Prediction Stability Index
SLAM Simultaneous Localization and Mapping
SIFT Scale-Invariant Feature Transform
SE-Net Squeeze-and-Excitation Network
CBAM Convolutional Block Attention Module
EKF Extended Kalman Filter
GNSS Global Navigation Satellite Systems
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