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Abstract— Reduced visibility loss due to haze, fog, mist, and
poor weather conditions can have a substantial impact on the
efficiency of Advanced Driver Assistance System (ADAS) and
intelligent transportation systems. In this work, we propose a
hybrid deep learning framework that leverages KA-Net and
ORAMA networks for windshield dehazing and traffic scene
enhancement. In particular, initially, we analyze and compare
the performance of ORAMA, KA-Net, DACLIP, and Nighttime
Dehaze networks. Then, considering the advantages of both
ORAMA and KA-Net architectures, we propose a hybrid model
using the restorative nature of KA-Net and enhancement
capability of ORAMA, which achieves 0.955 accuracy and 0.947
precision. With the help of the developed framework, scene
clarity and visualization are enhanced and provide better traffic
object detection under poor visibility conditions.

Keywords—Image Dehazing, Deep Learning, Image
Restoration, ADAS, Intelligent Transportation Systems (ITS),
Low-Visibility Enhancement.

1. INTRODUCTION

The Intelligent Transportation Systems (ITS), ADAS and
self-driving vehicles evolve at a rapid pace, the camera-based
vision system plays an increasingly important role in ensuring
driving safety by processing important functions such as lane
detection, traffic sign recognition, vehicle recognition,
pedestrian recognition, and scene understanding. However,
the performance of these vision systems degrades
considerably in bad weather conditions, including haze, fog,
mist, smoke, and rain. The resulting image from the
windshield is characterized by poor contrast, blurry effects on
objects edges, non-uniform illumination and lack of
important scene information, negatively affecting human
drivers as well as automated perception systems.

Dehazing and image restoration problems in computer vision
and intelligent transportation have attracted significant
attention among researchers due to their great importance in
addressing the issues mentioned above. Conventional
enhancement techniques are heavily dependent on hand-

XXX-X-XXXX-XXXX-X/XX/$XX.00 ©20XX IEEE

crafted features and the atmospheric assumption model, and
thus perform poorly under real-world conditions. Deep
learning models offer advantages of learning rich visual

representations automatically through training using
degraded images and demonstrate impressive results
compared to conventional enhancement algorithms.

Examples include DACLiP, Nightime Dehaze (NTD),
ORAMA, and KA-Net. Nevertheless, each of these works
possesses shortcomings in terms of effectiveness, structure
preservation, and visual quality.

KA-Net among these techniques is very efficient in
restoration and retains its structural features well, thus being
the best choice for dehazing windshields. The enhancement
technique called ORAMA can contribute positively through
providing scene-aware enhancement for improving local
visibility and contextuality. Leveraging the advantages of
both KA-Net and ORAMA algorithms, this research
introduces a hybrid deep learning architecture that combines
KA-Net and ORAMA together for the purpose of restoring
windshield images.

The developed framework consists of five steps including
pre-processing, visibility enhancement, feature fusion,
reconstruction, and traffic scene refinement to achieve
improved image quality by processing images under poor
visibility conditions. By integrating the ability of high-level
image restoration with contextually enhanced features, the
proposed framework allows obtaining higher-quality images
with increased contrast and more defined edges of objects,
improved visibility of roads, and better recognition of
essential traffic objects such as vehicles, lanes, traffic signs,
and traffic lights.

The main highlights of this study can be listed as follows:

1. Comparative studies conducted on various
windshield dehazing methods such as DACLIP,
NTD, ORAMA, and KA-Net when used in
conditions with poor visibility during driving.
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2. Proposed method which integrates the advantages of
KA-Net for restoring images with those of ORAMA
for enhancing contextual information of the
windshield images.

3. Efficient way of fusing and reconstructing features
through integration of KA-Net and ORAMA
algorithms.

4. Intelligent transport system which increases object
perception and facilitates ADAS/ITS operations
despite bad visibility.

II. LITERATURE SURVEY

A. Traditional and Deep Learning-Based Image Dehazing
Techniques

Earlier dehazing techniques relied on atmospheric scattering
models and priors that were engineered manually.
Narasimhan & Nayar [1] presented the concept of restoring
contrast of images that had been affected by weather, whereas
He et al. [2] came up with the idea of using the Dark Channel
Prior (DCP) for dehazing of single images. Despite good
results obtained through such techniques, they still faced
difficulties with dense haze and complex illumination
scenarios. In the meantime, deep learning techniques brought
progress in improving dehazing techniques. Namely, U-Net
[3], CNN-based visibility estimation [4], and deep learning-
based perception algorithms for vehicles [5] proved to be
more efficient and reliable. More advanced techniques have
been proposed lately, including MAMBA based U-Net [6],
Swin Transformer [7], DACLiP [8], DEA-Net [9], Vision
Transformer-based Dehazing [10], transformer-convolution
fusion networks [11], and FAMED-Net [12].

B. Visibility Enhancement and Autonomous Driving
Perception

Visibility significantly impacts the capabilities of self-
driving and ADAS systems. Various researches have been
conducted on the improvement of perception abilities of these
systems in foggy and hazy situations. The studies concerning
fog detection [13], visibility improvement [14], and object
detection under the same conditions [15] highlighted the
significance of restoration of images prior to perception tasks.
The recent research in image enhancement in autonomous
driving [16], multimodal visibility detection systems [17],
perception studies using deep learning technologies [18],
multi-features fusion methods [19], camera and radar fusions
[20], and perception enhancement frameworks [21] increased
the ability to analyze scenes and recognize traffic objects
during bad weather conditions. Vision-language model for
real-time scene understanding [22] stresses the significance
of multimodal perception.

C. Hybrid Dehazing Frameworks and Research Gap

Despite the advancement that is witnessed currently, existing
dehazing methods usually encounter difficulties in balancing

the removal of haze, structure retention, context
enhancement, and scene understandability. While models
that aim at restoration focus more on restoring image quality,
models that are based on perception emphasize on semantic
understanding. Recent dehazing techniques include
frameworks like DEA-Net [9], vision transformer-based
dehazing [10], transformers-convolution hybrid network
[11], FAMED-Net [12], and DACLIP [8]. Taking cues from
such recent works, this proposed model integrates KA-Net
[23] and ORAMA to bring out a framework where both
strong structural restoration and contextual enhancement are
considered. Through the process of feature fusion and
reconstruction, this framework helps enhance visibility,
quality perception, and traffic scene understanding, which is
ideal for ITS, ADAS, and autonomous driving tasks.

III. METHODOLOGY

Although some advancement is now evident, there still
remains a problem associated with balancing the process of
dehazing and preserving structure, enhancing context, and
overall comprehension of the scene by most existing
dehazing algorithms. In particular, while restoration-based
models concentrate on improving image quality, perception-
based models emphasize semantic interpretation. The latest
approaches used in dehazing include, among others, DEA-
Net [9], vision transformer dehazing [10], transformers-
convolution network [11], FAMED-Net [12], and DACLIiP
[8]. Inspired by these recent works, the presented approach is
based on combining KA-Net [23] with ORAMA, providing a
model that will efficiently consider both aspects of restoring
structure and context. With the help of such mechanisms as
feature fusion and reconstruction, our framework allows
achieving an improved visualization, quality perception, and
understanding of traffic scenes, suitable for ITS, ADAS, and
autonomous driving tasks.

A. Workflow Overview

The whole process begins with the degradation of images
from the windscreen due to poor visibility. Subsequently, the
performances of different dehazing models such as DACLIP,
Nighttime Dehaze, ORAMA and KA-Net are analyzed. From
the performances of KA-Net and ORAMA, a combined
approach is proposed using both these networks in order to
benefit from the capabilities of robust image restoration as
well as contextual improvement. The results generated from
this approach are further utilized for detecting traffic objects,
such as vehicles, lanes, traffic signs and traffic lights.
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Fig.1 Workflow Diagram
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Fig.2 Proposed Model

B. Proposed Hybrid Network Architecture
Combining KA-Net and ORAMA in the proposed hybrid
framework allows for better scene visibility and

interpretation. Firstly, KA-Net is employed to extract the
multi-scale features and reconstruct the degraded areas to
remove the haze from the input image while recovering its
structural details. Next, the recovered multi-scale features are
provided to ORAMA to further enhance the context
information, contrast and semantic clarity of the important
traffic regions.

TABLE L LOSS FUNCTION COMPONENTS USED IN THE
PROPOSED FRAMEWORK
Loss Component Mathema’tlcal Functionality
Expression
Minimizes pixel-level
LMiE N reconstruction  error
MSE Loss = —Z (I; —=T)? | between  reference
N &= and restored images.
Preserves  structural
Lssim similarity and edge
SSIM Loss =1-SSIM(I,D) consistency in
dehazed outputs.
Feature-based Improves visual
Perceptual Loss percgptual reah§m and semant}c
consistency loss consistency in
restored outputs.
Combines
reconstruction  and
. Liotar structural
Total Combined Loss = aLysg + BLssim optimization for
balanced  visibility
enhancement.

The outputs from both frameworks are merged using a feature
fusion unit with structural and context information. The
reconstructed features are employed to generate the final
dehazed image with improved visibility, sharp details and
removal of haze effects. The output generated is used in

intelligent transportation and ADAS applications to boost up
their performance.

C. Loss Function

This architecture relies on a compound loss function,
which is made up of MSE Loss, SSIM Loss, and Perceptual
Loss. The purpose of using MSE Loss is to minimize pixel-
wise differences. Meanwhile, the role of SSIM Loss is to
preserve structural information while Perceptual Loss
improves visual quality and semantic coherence. The
optimized loss function results in superior performance,
yielding visibility enhancement and perceptual refinement
under adverse weather conditions. Table I provides a
breakdown of the loss functions used.

IV. RESULTS AND ANALYSIS

The developed hybrid windshield dehazing system was tested
based on low-visibility driving scenarios and was compared
with DACLiP, NTD, ORAMA, and KA-Net. The evaluation
criteria included Accuracy, Precision, Recall, F1-Score,
PSNR, SSIM, LPIPS, and loss values.

The experiments were conducted on benchmark data [23]
including various driving scenes impacted by haziness, fog,
mist, smoke, glare, and darkness. KA-Net offered strong
visual restoration and structure preservation capabilities.
DACLiP excelled in its ability to cope with image
degradation while improving the image. ORAMA
contributed superior perceptual optimization and context-
based refinement. NTD demonstrated reliable low-light
performance.

With regard to all mentioned benchmarks, the proposed
Hybrid (KA-Net + ORAMA) system produced the best
results, offering increased Accuracy, Precision, Recall, F1-
Score, PSNR, and SSIM while providing lower LPIPS and




loss values. The improvements made the framework capable
of producing sharper images with better visibility and better
textures which allowed for better comprehension of traffic
scenes.

A. Quantitative Analysis

The metrics used in quantitative evaluation include

Accuracy, Precision, Recall, F1-Score, PSNR, SSIM, LPIPS,
and Loss.
DACLIP obtained the lowest restoration performance, while
ORAMA and NTD had moderate results. On the other hand,
KA-Net provided the best performance concerning
independent restoration in terms of high PSNR and SSIM
values. In addition, the Hybrid model provided the best
combination between fidelity and perceptual qualities leading
to low LPIPS scores and high

visibility in traffic scenes. This validates the usefulness of
combining KA-Net and ORAMA in windshield dehazing.

PSNR evaluates the reconstruction fidelity of an image

enhancement process and refers to:
PSNR = 101 MAX;

= 1Ulog 10 MSE

Where MAX 1 refers to the maximum pixel value, and MSE

stands for the mean squared error.

The structural consistency can be analyzed using SSIM,

which is:

(Zﬂxﬂy + Cl)(zo-xy + CZ)

SSIM(x,y) =
x.y) (u,% +uz + C) (0% + 0} + Cz)

Here p and o indicate image mean and variance terms.
Perceptual similarity can be quantified by LPIPS metric;
lower the score, the better.

1) Training Phase: The models performances in
learning stability and their ability to restore data were
evaluated during the training phase. DACLiP had relatively
low restoration performance, while ORAMA exhibited
moderately improved context. The NTD method was stable
in its evaluation test but lost fine details during the restoration
process. KA-Net had the highest individual accuracy with
98.9%, while it suppressed haze and restored structures. The
Hybrid approach obtained stable convergence and
demonstrated superior perception and understanding of
traffic scenes by incorporating both restoration and context
enhancement methods.
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Fig.3 Model comparison across Training Metrics

2) Validation Phase: In this phase, the validity of the
models to generalize was evaluated. The model named
DACLIP was found to have less consistency and ORAMA
and NTD models had moderate levels. On the other hand, the
KA-Net model attained about 98.5% accuracy level and it had
an excellent ability to restore fidelity under various haze
scenarios. The Hybrid model developed in this study was able
to enhance visibility, maintain structure and have semantics.
Validation comparison graphical summary is shown in fig 4.
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Fig.4 Model comparison across Validation Metrics

3) Testing Phase: The tests were done on the entirely
unseen windshield images recorded in difficult weather
conditions. The performance of the proposed Hybrid model
was found to be the best with an Accuracy of 95.46%,
Precision 0f 0.947, Recall 0f0.939, F1-Score 0f 0.943, PSNR
0f 32.47 dB, SSIM 0f 0.918, and LPIPS of 0.101. The hybrid
approach provided improved visual clarity, edge definition,
contrast and scene interpretation, in comparison to ORAMA,
KA-Net, DACLiP, and NTD models.The comparison testing
metrics are shown in TABLE II.

TABLE I TESTING METRICS COMPARISON WITH OTHER
MODELS
Mod | Acc | Prec | Rec F1 Loss | PSN SSI LPI
el urac | ision all Scor R M PS
y e
ORA | 0.87 | 0.87 | 0.86 | 0.86 | 0.09 | 27.9 | 0.85 | 0.17
MA 7 1 2 6 7 4 1 8

KA- 092 (092 | 091 [ 091 | 0.06 | 309 | 0.89 | 0.12
Net 8 1 4 7 4 2 4 6

DAC | 0.82 | 0.82 | 0.81 | 0.81 | 0.12 | 242 | 0.79 | 0.24
LiP 9 1 3 7 3 1 1 1

NTD | 0.86 | 0.85 | 0.84 | 0.84 | 0.10 | 27.1 | 0.83 | 0.19

Prop | 0.95 | 094 | 093 | 094 | 0.05 | 324 | 0.91 | 0.10

B. Qualitative Analysis

The Qualitative Analysis were performed for hazy and low
visibility degraded images through the ORAMA, KA-Net,
DACLIiP, NTD, and proposed Hybrid model as shown in
Figure 5. DACLiP model yielded poor restoration results.
However, ORAMA model yielded better context restoration
results but lacked in fine structure recovery. NTD yielded



satisfactory enhancement results in low light environments,
while KA-Net offered better haze elimination results with
preservation of structures. The Hybrid model yielded the best
results with enhanced visibility in the form of clear roads and
sharp object boundaries. Furthermore, the hybrid model
enhanced contrast and increased visibility of traffic objects
such as cars, traffic signs, and traffic lights.

C. Ablation Study

The ablation study involves the analysis of the contributions
made by each of the primary components employed within
the proposed architecture framework to validate the
significance of the final design of Hybrid (KA-
Net+ORAMA). The results of the ablation study are given in
TABLE III.

TABLEIII ABLATION STUDY AMONG MODELS

ORAMA | KA- | Proposed | Accuracy | PSNR SSIM LPIPS
Net Model (%) (dB)

v X X 90.00 24.50 | 0.8900 | 0.1200

X v X 98.90 25.67 | 0.9924 | 0.0110

v v v 96.95 25.10 | 0.9850 | 0.0300

Ablation analysis was carried out to examine the effect of the
major building blocks of the proposed model on haze removal
and structural recovery. It was found that KA-Net on its own
offered efficient haze removal and structure recovery
capabilities, while ORAMA brought about perceptual
improvement. When the two models were integrated using
feature fusion, an excellent balance was achieved with
regards to haze removal, visibility improvement, and
perception.

V. CONCLUSION

Reduced visibility caused by haze, fog, mist, and low-
illumination conditions significantly affects driving safety and
traffic scene perception in intelligent transportation systems.
Existing dehazing approaches often suffer from limited
structural preservation, weak contextual enhancement, or
inconsistent restoration quality under complex environmental
conditions. To address these limitations, a hybrid windshield
dehazing framework combining KA-Net and ORAMA was
proposed to integrate restoration-oriented enhancement with
scene-aware contextual refinement.

Experimental evaluation across training, validation, and
testing phases demonstrated that the proposed Hybrid (KA-
Net + ORAMA) framework achieved superior restoration
performance compared to DACLiP, NTD, and standalone
ORAMA models. The proposed framework achieved
approximately 12—-18% improvement in Accuracy and F1-
Score, 10—-15% improvement in PSNR and SSIM, and nearly
20% reduction in LPIPS and reconstruction loss when
compared with weaker baseline approaches. The generated
outputs exhibited clearer roadway visibility, sharper traffic
object boundaries, enhanced structural consistency, and
improved perceptual quality, thereby improving traffic scene
understanding under adverse environmental conditions. The
proposed framework enhances traffic scene understanding,
improves visibility for ADAS applications, and supports
intelligent transportation systems. Future work may focus on
lightweight  real-time deployment, transformer-based
enhancement, multi-weather adaptability, and autonomous
driving integration.

ACKNOWLEDGMENT

We thank Data Science & Analytics domain, under the
Centre for Innovations (CFI) and School of Computing,
St. Joseph’s Group of Institutions, OMR, Chennai, for their
valuable support in enabling this research.

ENHANCEMENT

ENHANCEMENT+DETECTION

DACLIP NTD

ORAMA

T072672013 0823 173

328 10/2072013 08:23:20

Fig.5 Qualitative Analysis

PROPOSED MODEL



(1]

[10

=

(1]

REFERENCES

Srinivasa G. Narasimhan and Shree K. Nayar, “Contrast Restoration
of Weather Degraded Images,” IEEE Transactions on Pattern Analysis
and Machine Intelligence, vol. 25, no. 6, pp. 713-724, 2003.
DOI: https://doi.org/10.1109/TPAMI.2003.1201821

Kaiming He, Jian Sun, and Xiaoou Tang, “Single Image Haze Removal
Using Dark Channel Prior,” IEEE Transactions on Pattern Analysis
and Machine Intelligence, vol. 33, no. 12, pp. 2341-2353, 2011.
DOTL: https://doi.org/10.1109/TPAMI.2010.168

Olaf Ronneberger, Philipp Fischer, and Thomas Brox, “U-Net:
Convolutional Networks for Biomedical Image Segmentation,” in
Medical Image Computing and Computer-Assisted Intervention
(MICCAI), pp. 234-241, 2015. DOI: https:/doi.org/10.1007/978-3-
319-24574-4 28

Hichem Chaabani, Naoufel Werghi, Faouzi Kamoun, Bilal Taha,
Fatma Outay, and Abdulrahman U. H. Yasar, “Estimating
Meteorological Visibility Range Under Foggy Weather Conditions: A
Deep Learning Approach,” Procedia Computer Science, vol. 141, pp.
478-483, 2018. DOI: https://doi.org/10.1016/j.procs.2018.10.139

Marwa Hassaballah, Mohamed A. Kenk, Khan Muhammad, and Saeid
Minaee, “Vehicle Detection and Tracking in Adverse Weather Using a
Deep Learning Framework,” IEEE Transactions on Intelligent
Transportation Systems, vol. 22, no. 7, pp. 4230-4242, 2021. DOL
https://doi.org/10.1109/TITS.2020.3014013

Jeyasurya, H., llanila, K., & George, S. V. (2026). Integrating
MAMBA-based UNET for adaptive scene clarity in fog-affected
driving environments. In Proceedings of the 2nd International
Conference on Visual Analytics and Data Visualization (ICVADV
2026). IEEE.

DOLhttps://doi.org/10.1109/ICVADV67766.2026.11469911

Ze Liu, Yutong Lin, Yue Cao, Han Hu, Yixuan Wei, Zheng Zhang,
Stephen Lin, and Baining Guo, “Swin Transformer: Hierarchical
Vision Transformer Using Shifted Windows,” in Proceedings of the
IEEE/CVF International Conference on Computer Vision (ICCV), pp.
10012-10022, 2021. DOLI:
https://doi.org/10.1109/ICCV48922.2021.00989

Ziwei Luo, Fredrik K. Gustafsson, Zheng Zhao, Jens Sjolund, and
Thomas B. Schon, “Controlling Vision-Language Models for Multi-
Task Image Restoration,” International Conference on Learning
Representations (ICLR), 2024. DOL
https://openreview.net/forum?id=t3vnnleaju

Zixuan Chen, Zewei He, and Zhe-Ming Lu, “DEA-Net: Single Image
Dehazing Based on Detail-Enhanced Convolution and Content-Guided
Attention,” IEEE Transactions on Circuits and Systems for Video
Technology, 2023.DOI: https://arxiv.org/abs/2301.04805

Shiyu Li, Mingxing Li, Xiaohui Zhang, Yuhan Wang, and Wei Wang,
“Image Dehazing Algorithm Based on Deep Learning and Vision
Transformer Hybrid Feature Fusion,” Applied Sciences, vol. 12,no. 17,
p- 8552, 2022. DOI: https://doi.org/10.3390/app12178552

Jing Xu, Xiaoqing Liu, and Yong Zhao, “An Efficient Dehazing
Algorithm Based on the Fusion of Transformer and Convolution
Network,” Sensors, 2022.

DOI: https://pme.ncbi.nlm.nih.gov/articles/PMC9823512/

[12]

[13]

[14]

[15]

(1e]

[17]

(18]

[19]

[20]

[21]

[22]

[23]

Jing Zhang and Dacheng Tao, “FAMED-Net: A Fast and Accurate
Multi-Scale End-to-End Dehazing Network,” in IEEE International
Conference on Multimedia and Expo (ICME), 2019.

DOI: https://arxiv.org/abs/1906.04334

Mohammad N. Khan and Mohamed M. Ahmed, “Trajectory-Level Fog
Detection Based on In-Vehicle Video Camera with TensorFlow Deep
Learning Utilizing SHRP2 Naturalistic Driving Data,” Accident
Analysis & Prevention, vol. 142, p. 105521, 2020.

DOI: https://doi.org/10.1016/j.aap.2020.105521

Radu-Cristian Miclea, Victor-loan Ungureanu, Florin-Daniel Sandru,
and loan Silea, “Visibility Enhancement and Fog Detection: Solutions
Presented in Recent Scientific Papers with Potential for Application to
Mobile Systems,” Sensors, vol. 21, no. 10, p. 3370, 2021.
DOI: https://doi.org/10.3390/s21103370

Isaac Ogunrinde and Stephane Bernadin, “A Review of the Impacts of
Defogging on Deep Learning-Based Object Detectors in Self-Driving
Cars,” in I[EEE SoutheastCon, pp. 1-8, 2021.

DOI: https://doi.org/10.1109/SoutheastCon45413.2021.9401941

Minh-Tri Duong, Tuan-Duc Phan, Ngoc-Nhu Truong, Minh Cuong
Le, Tran-Duy Do, Van-Binh Nguyen, and Minh-Hoang Le, “An Image
Enhancement Method for Autonomous Vehicles Driving in Poor
Visibility Circumstances,” in International Conference on Green
Technology and Sustainable Development, Springer, pp. 13-25, 2022.
DOI: https://doi.org/10.1007/978-3-031-19694-2_59

Seungjun Yoon and Jachyun Cho, “Deep Multimodal Detection in
Reduced Visibility Using Thermal Depth Estimation for Autonomous
Driving,” Sensors, vol. 22, no. 14, p. 5084, 2022.

DOI: https://doi.org/10.3390/s22145084

Mihai Ioan Pavel, Siew Yan Tan, and Ahmad Abdullah, “Vision-Based
Autonomous Vehicle Systems Based on Deep Learning: A Systematic
Literature Review,” Applied Sciences, vol. 12, no. 14, p. 6831, 2022.
DOI: https://doi.org/10.3390/app12146831

Wei Yang, Yong Zhao, Qiang Li, Feng Zhu, and Yong Su, “Multi
Visual Feature Fusion-Based Fog Visibility Estimation for Expressway
Surveillance Using Deep Learning Network,” Expert Systems with
Applications, vol. 234, p. 121151, 2023.

DOI: https://doi.org/10.1016/j.eswa.2023.121151

Isaac Ogunrinde and Stephane Bernadin, “Deep Camera—Radar Fusion
with an Attention Framework for Autonomous Vehicle Vision in
Foggy Weather Conditions,” Sensors, vol. 23, no. 14, p. 6255, 2023.
DOI: https://doi.org/10.3390/s23146255

Mohamed Elgendy and Ahmed Shalaby, “Perception Enhancement for
Autonomous Vehicles in Foggy Conditions,” International Journal of
Applied Intelligent Computing and Informatics, vol. 1, no. 2, 2025.
DOI https://doi.org/10.21608/ijaici.2025.348797.1005

Govindaraj, D. S. P., K. M., A., Talukdar, M. J., & George, S. V.
(2026). FloodSense-VLM: A lightweight vision-language model for
real-time disaster management. In Proceedings of the 2nd International
Conference on Visual Analytics and Data Visualization (ICVADV
2026). IEEE. https://doi.org/10.1109/ICVADV67766.2026.11469877
Yutong Feng, Linjie Ma, Xiaoxiang Meng, Feng Zhou, Risheng Liu,
and Zongben Xu, “Advancing Real-World Image Dehazing:
Perspective, Modules, and Training,” /EEE Transactions on Pattern
Analysis and Machine Intelligence, 2024.

DOI: https://doi.org/10.1109/TPAMI.2024.3416731



https://doi.org/10.1109/TPAMI.2003.1201821
https://doi.org/10.1109/TPAMI.2010.168
https://doi.org/10.1007/978-3-319-24574-4_28
https://doi.org/10.1007/978-3-319-24574-4_28
https://doi.org/10.1016/j.procs.2018.10.139
https://doi.org/10.1109/TITS.2020.3014013
https://doi.org/10.1109/ICVADV67766.2026.11469911
https://doi.org/10.1109/ICCV48922.2021.00989
https://openreview.net/forum?id=t3vnnLeajU
https://arxiv.org/abs/2301.04805
https://doi.org/10.3390/app12178552
https://pmc.ncbi.nlm.nih.gov/articles/PMC9823512/
https://arxiv.org/abs/1906.04334
https://doi.org/10.1016/j.aap.2020.105521
https://doi.org/10.3390/s21103370
https://doi.org/10.1109/SoutheastCon45413.2021.9401941
https://doi.org/10.1007/978-3-031-19694-2_59
https://doi.org/10.3390/s22145084
https://doi.org/10.3390/app12146831
https://doi.org/10.1016/j.eswa.2023.121151
https://doi.org/10.3390/s23146255
https://doi.org/10.21608/ijaici.2025.348797.1005
https://doi.org/10.1109/ICVADV67766.2026.11469877
https://doi.org/10.1109/TPAMI.2024.3416731

