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Abstract

O-Haze and Dense-Haze datasets.

Deep neural networks have achieved significant success in image dehazing. However, existing backbones face an
irreconcilable trade-off between the global receptive field and computational efficiency, hindering further
applications. State space models, such as Mamba, offer a potential solution to this conflict by modeling long-range
dependencies with linear complexity. Although Mamba is well-suited for sequential tasks (e.g., natural language
processing), it still encounters challenges when applied to low-level vision tasks. In this work, we propose a large
multi-modal model (LMM) guided, Mamba-based image dehazing method (DehazeMamba). It enhances the
standard Mamba architecture by incorporating image quality priors provided by the LMM and a channel attention
mechanism. Additionally, we present a challenging image dehazing dataset and conduct new benchmark studies
based on the LMM, evaluating hazy images and dehazing results by simulating human perception. Our experimental
results demonstrate that our dataset exhibits superior haze quality, and our method outperforms current
state-of-the-art (SOTA) dehazing methods by achieving a performance improvement of more than 5% on both the
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1 Introduction

The goal of image dehazing is to restore clean images from
hazy images, which is crucial for both computational pho-
tography and various advanced applications [1-3].

In recent years, dehazing methods based on deep neu-
ral networks have shown remarkable advancements [4—6].
Typically, hazy images are generated via the atmospheric
scattering model (ASM) [7], which can be formulated as

I(x) =J(x)T(x) + Al -T(x)),

T(x)=ePW, W

where I, J, A, T, and D represent the hazy image, the
haze-free image, the global atmospheric light intensity, the
medium transmission map, and the depth map, respec-
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tively. The variable x refers to the pixel location, and 8 de-
notes the atmospheric scattering coefficient.

To some degree, the improvement in the performance
of deep neural networks for image dehazing is attributed
primarily to the expansion of the receptive field [8]. A
larger receptive field allows the network to extract infor-
mation from a broader image region, abstracting higher-
level structures and features. This enables the network to
retain the original image structure while utilizing more
pixel information to reconstruct images, leading to bet-
ter restoration results. Despite many advantages, current
image dehazing backbones face an irreconcilable trade-off
between receptive field size and computational efficiency.

Image dehazing methods based on convolutional neu-
ral networks (CNNs) [9, 10] can be deployed with rela-
tively low computational costs because of the efficiency of
convolutional parallel operations. However, their limited
receptive field size restricts performance to some extent.
In contrast, Transformer-based image dehazing methods
typically have a global receptive field, but since the atten-
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tion mechanism requires interaction between all tokens in
the sequence, directly using the standard Transformer [11]
results in quadratic computational complexity. Even when
employing efficient attention techniques (e.g., shifted win-
dow attention [12]) for image dehazing, a global effective
receptive field is often sacrificed, and a trade-off between
receptive field size and computational efficiency still exists.

State space models (SSMs), i.e,, Mamba [13], have
emerged as an efficient alternative backbone for deep net-
works [13-17]. Specifically, the state space equations in
Mamba are capable of modeling long-range dependencies
with linear complexity, offering a feasible solution to the
aforementioned trade-off. However, the standard Mamba
is designed for sequential tasks (e.g., natural language pro-
cessing [14, 16, 17]) and still faces challenges when applied
to low-level vision tasks, i.e., local pixel forgetting [18].

In recent years, pre-trained large multi-modal mod-
els (LMMs) have garnered significant attention from re-
searchers because of their powerful image perception ca-
pacity and generalizability [19-22]. However, exploration
of their application to image dehazing remains limited. In
this paper, we propose DehazeMamba, which aims to com-
bine LMM with the image dehazing task. We leverage the
LMM to obtain the quality prior of hazy images and design
adehazing network based on the Mamba architecture. Our
DehazeMamba has three key components: 1) the Mamba
group, 2) the Mamba block, and 3) the LMM guided im-
age quality priors. Specifically: 1) We replace the standard
feedforward network in Transformer with Mamba blocks,
reducing computational complexity while maintaining a
global receptive field, thereby improving the restoration
performance and adaptability to complex scenes. 2) By de-
signing Mamba blocks based on a 2D-selective scan mod-
ule (2D-SSM), we adapt Mamba to the image dehazing
task. 3) We utilize the LMM to obtain image quality pri-
ors, and then fuse the priors with the features extracted by
the Mamba blocks, which enhances the model’s ability to
perceive local details and mitigates the issue of local pixel
forgetting.

We conduct a comprehensive comparison with existing
state-of-the-art (SOTA) dehazing methods. In addition to
commonly used metrics, such as peak signal-to-noise ra-
tio (PSNR) and structural similarity index measure (SSIM),
we also employ an LMM-based evaluation metric to ob-
tain results that more closely align with human visual per-
ception. Furthermore, we assess the performance of SOTA
methods across various downstream tasks, highlighting
their practical applicability. Notably, our findings indicate
that the SOTA methods face challenges in achieving sat-
isfactory results on datasets with high-intensity haze con-
ditions. Therefore, we introduce a new dehazing dataset,
EDHaze, to evaluate the performance of SOTA methods
in challenging scenarios.

Our contributions can be summarized as follows:
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1) We propose DehazeMamba, an LMM guided,
Mamba-based image dehazing method. Our
extensive experiments demonstrate the competitive
performance of DehazeMamba in both qualitative
and quantitative evaluations, including high-level
vision tasks, such as segmentation, detection, and
captioning.

2) We introduce a challenging image dehazing dataset,
EDHaze, and conduct a new benchmark study on
real-world dehazing datasets based on the LMM,
evaluating hazy images and dehazing results by
simulating human perception.

2 Related work

Image dehazing Early image dehazing methods were pre-
dominantly based on prior knowledge and relied on manu-
ally designed rules, utilizing statistical differences between
hazy and haze-free images to remove haze. For example,
He et al.[23] introduced the dark channel prior (DCP), a
widely recognized method that became foundational in the
field of image dehazing. Numerous studies have refined
and extended the application of DCP, explored its limita-
tions, and enhanced its effectiveness across different sce-
narios [24—26]. Zhu et al.[27] proposed the color attenua-
tion prior (CAP), which exploited the relationship between
pixel brightness and saturation to estimate the thickness
of haze. Similarly, Berman et al.[28] proposed a non-local
prior based on their observation that colors in a haze-free
image form tight clusters in RGB space. However, their
performance tends to degrade in real-world scenarios that
deviate from their original assumptions [6, 29-37].

In recent years, models based on CNNs have achieved
significant success in low-level vision tasks [4—6, 38—44].
For example, Ren et al. [42] introduced a multi-scale deep
neural network for single image dehazing, which com-
bined a coarse-scale network for global transmission map
prediction with a fine-scale network for local refinement.
Jiang et al. [39] designed PCNet, a progressive coupled net-
work with a coupled representation module (CRM) that
enabled efficient image deraining and enhanced perfor-
mance in downstream vision tasks. Ren et al. [43] devel-
oped an efficient end-to-end neural network for image de-
hazing, leveraging a fusion-based strategy that integrated
white balance, contrast enhancing, and Gamma correc-
tion, along with a multi-scale approach to mitigate halo ar-
tifacts. Jiang et al. [44] introduced a hierarchical dense con-
nection network (HDN) for image super-resolution, incor-
porating hierarchical dense residual blocks to improve fea-
ture representation while optimizing memory usage.

With the emergence of the Transformer architecture
[11] in natural language processing, attention mechanisms
have been adapted for dehazing tasks, with promising re-
sults [45-50]. The integration of different backbones has
also become a key trend. For instance, Xiao et al. [40]
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designed the top-k token selective Transformer (TTST),
which integrated a residual token selective group (RTSG)
to filter out irrelevant tokens and a multi-scale feed-
forward layer (MFL) to enhance feature aggregation, lead-
ing to more efficient and effective image super-resolution.
Chen et al.[50] incorporated convolution operations with
attention mechanisms to address the inherent limitations
of standard CNN architectures, thereby strengthening
their ability to focus on relevant features. Deng et al.[29]
applied a multi-model fusion network that integrated mul-
tiple dehazing models, enabling better adaptation to di-
verse haze conditions. In our work, we integrate Mamba
[13] into the standard Transformer backbone, reducing
computational complexity while preserving a global recep-
tive field, which enhances the restoration performance and
adaptability to complex scenarios.

State space model The development of SSM has its ori-
gins in classical control theory [51, 52]. SSM is initially
used in engineering for tasks, such as signal processing
[53], navigation [54], and control [55-57], with the Kalman
filter [58] being one of the most notable applications. Over
time, the framework of the SSM was extended to accom-
modate more complex and nonlinear systems, i.e., the ex-
tended Kalman filter [59] and the unscented Kalman fil-
ter [60]. These advancements enabled the integration of
Kalman filters into neural networks, enhancing learning
and prediction in dynamic systems [61, 62].

In recent years, SSM has gained increasing attention in
deep learning, particularly because of its ability to model
long-range dependencies in sequential data. The state
space sequence model (S4) [15, 63] pioneers improve-
ments in the efficiency and scalability of feature extraction
from sequential data. Models based on S4 have demon-
strated exceptional performance across various domains,
including natural language processing [14, 16, 17] and
computer vision [64, 65].

Further innovations have expanded the application of
SSM across multiple fields [66—70]. The Mamba model
[13] extends the capabilities of SSM by incorporating data-
dependent and selective mechanisms along with hardware
optimizations, significantly enhancing their efficiency in
processing large-scale datasets. For instance, Xiao et al.
[41] introduced the FMSR framework for remote sens-
ing image super-resolution, which integrated the vision
state space model (Mamba) to efficiently capture long-
range dependencies, using multi-level fusion and spatial-
frequency correlations for improved performance with
reduced computational complexity. These advancements
have proven transformative not only in natural language
processing [15] but also in computer vision tasks, includ-
ing image classification [71], object detection [72], and im-
age restoration [18, 73]. We replace the standard Trans-
former feedforward network with Mamba blocks, reduc-
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ing computational complexity while maintaining a global
receptive field.

Image quality assessment Image quality assessment
(IQA) focuses on how distortions in images affect human
perception. Early IQA methods typically relied on man-
ual annotations and were evaluated via statistical prior
knowledge [74, 75]. However, as image distortion types di-
versify and the complex of visual content increases, data-
driven end-to-end neural networks have become increas-
ingly prevalent in the IQA domain, exemplified by models
such as NIMA [76], DBCNN [77], and HyperIQA [78]. De-
spite their success, the performance of these methods sig-
nificantly deteriorates when the style of test images shifts,
revealing limitations in their generalizability. In contrast,
the LMM provides robust background knowledge across a
wide spectrum of visual and linguistic tasks. These mod-
els not only understand high-level visual content [79, 80]
but also effectively perceive low-level visual attributes [81]
and possessed reasoning skills enabled by their advanced
language decoders [82]. These strengths establish a solid
foundation for creating more accurate and stable visual
evaluators. We employ an LMM-based evaluation metric
to assess hazy images and dehazing results, providing an
evaluation that not only captures the semantic quality of
images but also better aligns with human visual percep-
tion.

3 Method

3.1 Pre-liminaries

Recent developments in state-space models have been sig-
nificantly influenced by continuous linear time-invariant
systems. These systems transform a one-dimensional se-
quence or function x(s) € R into an output y(s) € R via
an implicit latent state /(s) € RN, where s denotes current
time. This transformation can be formally described as a
linear ordinary differential equation:

W (s) = Ah(s) + Bx(s) ,
¥(s) = Ch(s) + Dx(s) ,

(2)

where N is the size of the states, A € RV*N B e RN*1 C e
RN and D € R, denoting the model parameter matrices.
Following this, a discretization process is generally ap-
plied to integrate Eq. (2) into deep learning networks.
Specifically, let A represent the timescale parameter used
to convert the continuous parameters A and B into discrete
counterparts A and B. A widely used approach for dis-
cretization is the zero-order hold (ZOH) rule, defined as

A=exp(AA),
] 3)
B= (AA) (exp(A)-1)- AB,
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Figure 1 Overview of our DehazeMamba framework. Given a hazy image I", we first feed the text prompt and the hazy image I into the large
multi-modal model (LMM) to query the image probability distribution P. P is subsequently projected to the image quality prior P through a
mapping network. We restore I" to the clean image I through the following steps. Starting with I, a 3x3 convolution layer is first applied to extract
the shallow feature F;. By utilizing both Fs and P multiple Mamba groups are employed to extract the refined feature Fy, F, and F,. These features
are then aligned via element-wise addition, resulting in F5. Finally, 1% is reconstructed from F, through another 3x3 convolution layer. ZOH denotes
the zero-order hold rule and A, B,A,B,C, and D denote the model parameter matrices. hx, hx_1, Xk, and yy are the discrete hidden states at time step
t=k x A, where A is timescale parameter. The images are sourced from the O-Haze [32] dataset
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where exp(-) represents the operation of exponentiating a
matrix, and / denotes identity matrix. After discretization,
Eq. (2) can be reformulated with a step size A in the fol-
lowing recurrent neural network structure:

hk :Ahk,1 +Bxk ,
(4)
Yk = Chk + ka ,

where hy, hg_1, %k, and yi are the discrete hidden states at
time step ¢ = k x A. Additionally, Eq. (4) can be mathe-
matically converted into an equivalent convolutional neu-
ral network form,

K2 (CB,CAB,...,.CA 'B), )
y = Conv(x,K) ,

where L represents the length of the input sequence, K de-
notes a structured convolutional kernel, and Conv(,") is
the convolution operation.

The recent SSM in computer vision, i.e., Mamba [13], re-
tains the same recursive structure as Eq. (4), allowing it to
handle ultra-long sequences. Simultaneously, the parallel
scan algorithm [13] enables Mamba to leverage the parallel
processing benefits as shown in Eq. (5), thereby supporting
efficient training.

3.2 Overview

Given a hazy image I" affected by haze, the objective is used
to restore the clean image I°. As illustrated in Fig. 1, our
method restores the clean image I by leveraging an im-
age quality prior P, which is extracted from the pre-trained
LMM. To obtain P, which encodes the image quality rep-
resentation, we first design a text prompt Q. Then, both
the hazy image I" and Q are fed into the LMM to query the
image probability distribution P. This distribution P is sub-
sequently projected to the image quality prior P through a
mapping network.

We restore I" to I through the following steps. Starting
with the hazy image I", a 3x3 convolution layer is first ap-
plied to extract the shallow feature F;. By utilizing both F;
and the image quality prior P, multiple Mamba groups are
employed to extract the refined feature F,. These features
are then aligned via element-wise addition, resulting in F,.
Finally, a clean image I is reconstructed from F, through
another 3x3 convolution layer.

3.3 DehazeMamba

LMM-based image quality prior. We leverage the pow-
erful low-level visual perception capabilities of the LMM
(e.g., Q-Align [19]) by designing a prompt Q to assess
the quality of hazy images. We follow the design for low-
quality images in Q-Align [19] as Q = <Rate the quality of
the image>. To preserve the representation capabilities of
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the LMM, we use the embedding before the output layer as
P. Then we align P to the embedding space with size C by
using a linear projection network. The entire process can
be denoted as

P- Linear(M(lh , Q)) , PeRMC, (6)

where M(:,-) denotes the process of the LMM, L is the
length of all tokens in the LMM, Linear(-) is the linear per-
ception layer, and P is the outputting image quality prior.
Mamba group. The image quality prior P is then fed
to the Mamba group to align with the shallow feature Fy,
thereby achieving quality-aware image dehazing as

Fi = MB(LN(F,),P) + 6 - F, (7)

F, =Attention(Conv(LN(Fk))) +8" - Fy, (8)

where F is the feature obtained by the convolution layer
from I', Fy represents the intermediate feature, and § and
8’ are learnable scale factors. MB(-, -) denotes the process-
ing of Mamba blocks. LN(-), Conv(-), Attention(-) are Lay-
erNorm, convolution and channel attention layers, respec-
tively. After passing through H Mamba groups, we obtain
the refined feature F;.

Mamba block. Given F, we first pass them through a
LayerNorm, following Ref. [71], and resulting in the in-
termediate feature Fy,. Based on the standard Mamba [13]
mechanism, we design a Mamba-based feedforward pro-
cess to model long-range dependencies, which can be de-
noted as

X = SiLU(DConv(LN(Fyy))) )
Y =2D-SSM(LN (X)), (10)
Fy = Linear (Cat(Y,P) ® SiLU(Linear(F) ), (1)

where DConv(-), SiLU(-), and Cat(-,-) are the depthwise
convolution layer, SiLU(-) activation function and concate-
nation, respectively. 2D — SSM(-) denotes the 2D-selective
scan module. As shown in Fig. 1, the 2D-SSM first flattens
2D features into 1D sequences by scanning in four direc-
tions. The long-range dependencies in each sequence are
then captured according to Eq. (4). All the sequences are
combined through element-wise addition, followed by a
reshaping operation to restore the original 2D structure.
Finally, a clean image I’ is reconstructed from F, and F,
through another 3x3 convolution layer using Eq. (12):

I = Conv(Conv(I:'S) + Fs) . (12)
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Loss function. We adopt the Charbonnier loss [83] to op-
timize our network, which is calculated using Eq. (13):

L=v|IlE=T2 +e2,

where I° and I* denote the ground truth and clean images,
respectively. Here, ¢ is a constant that is empirically set to
1.0 x 1073

EDHaze dataset. To evaluate the performance of base-
line dehazing methods under challenging conditions, we
collect EDHaze, an additional test set of real-world high-
resolution hazy/haze-free image pairs. As shown in Fig. 2,
we set up a capture system to simulate real-world haze
scenes.

The entire setup consists of a digital single-lens reflex
(DSLR) camera, a stable tripod, a wireless shutter, and
a professional haze generator, which can swiftly forces
smoke oil through a heated tube at high temperatures,
resulting in a fine white gaseous mist. We collect multi-
ple indoor and outdoor scenes. After the haze generator
is activated, fans are used to evenly distribute the haze
throughout the space. To create more challenging condi-
tions, we generate denser haze to simulate thick hazy con-
ditions. The entire capture process is conducted in a wind-
less, static environment to alleviate motion blur. Finally, we
collect EDHaze, an extensive test set containing 200 chal-
lenging real-world hazy images.

Quality assessment score metric. Based on the premise
that the LMM can perceive hazy in images and obtain
image quality priors, we also design an evaluation met-
ric based on the LMM, called the quality assessment score
(QAS), to provide a more comprehensive and perceptually
relevant evaluation of dehazed image quality.

Following Ref. [19], we link the embedding P with rat-
ing levels. First, we construct a candidate set of rating lev-
els, denoted as G. This set includes the standard ratings
{bad, poor, fair, good, and excellent}, as defined by the In-
ternational Telecommunication Union (ITU). In addition,
to better align with the dehazing task, we incorporate extra
reference ratings that reflect haze intensities, such as {clear,
fog, and mist}. The resulting level set G consists of N dis-
tinct rating levels. Next, we define a mapping function G(-)
that maps the text-defined rating levels to the correspond-
ing probability indices, i.e., G : G; — j, where i € [1, N] and
j €[1,L]. A closed-set softmax operation is then applied to
P to obtain the degradation prior using Eq. (14):

(13)

P(i) = Softmax(P(G(gi))) , (14)
where P(i) is the probability of the i-th rating level.
The QAS is denoted as
N L
QAS=) Pg x G(G)=) Pixj, (15)

i=1 j=1
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Figure 2 Capture system for obtaining paired hazy/haze-free images, including a photography tripod, a camera, and a professional haze generator.
The camera’s shutter is remotely controlled via a smartphone. The images are sourced from the Dense-Haze [34] dataset

Hazy image

where Pg, and ﬁ'j refer to the value at the corresponding
indices G; and j, respectively. The QAS metric ranges from
1 to 5, with higher values indicating better image quality.

Compared with traditional IQA metrics, such as unsu-
pervised image quality estimation (UNIQUE) and
learning-based image quality estimation (LIQE), QAS
has significant advantages in evaluating image quality. It
can automatically learn complex image features, offering
stronger generalization capabilities. QAS is able to adapt
to various image styles and degradations without relying
on manual feature design, and is capable of handling more
complex image degradations.

4 Experiments and analysis

4.1 Experiments settings

Implementation details. DehazeMamba adopts a four-
stage encoder-decoder architecture, where the Mamba
groups are distributed across the four stages as {4,6,6,8}.
DehazeMamba is trained with a batch size of 2 for 150,000
iterations, utilizing the AdamW optimizer. The learning
rate follows a cosine annealing schedule, starts at 2.0 x 10™*
and gradually decreases to 1.0 x 107>, For training, the im-
ages are randomly cropped to size 256 x 256, whereas no
cropping is applied during the testing phase. The LMM
of our model utilizes Q-Align [19], which is further fine-
tuned based on mPLUG-OwI2 [80]. We will release our
dataset and code online to facilitate future research and
comparisons.

Datasets. We evaluate three datasets, i.e., the O-Haze
[32], Dense-Haze [34], and our EDHaze datasets. As out-
lined in Table 1, the O-Haze dataset consists of 45 pairs of
hazy/haze-free images, where 40 pairs are used for training
and 5 pairs are used for testing. Dense-Haze comprises 55
hazy/haze-free image pairs which include 50 training pairs
and 5 testing pairs. The EDHaze dataset is our collected
evaluation set for challenging scenarios only. Statistical in-
formation about the dataset can be found in Table 1.

Evaluation metrics. For evaluation, we utilize the peak
signal-to-noise ratio (PSNR), structural similarity index

Table 1 Dataset statistics. “I&0" denotes datasets that include
both indoor scenes and outdoor scenes. “GT" refers to datasets
that include ground truth information for each scene

Dataset Scale Resolution 1&O GT
O-Haze [32] 45 2000 ~ 4000 0 v
Dense-Haze [34] 55 2000 ~ 4000 1&O v
EDHaze 200 5472 x 3648 1&O X

measure (SSIM) and learned perceptual image patch sim-
ilarity (LPIPS) as our primary metrics. In addition, we as-
sess the dehazed images with the LMM and the incorpo-
rate outputting QAS as supplementary evaluation criteria,
following Ref. [19].

Baseline methods. We compare our method with 9
SOTA dehazing methods, including DCP [23], DehazeNet
[4], GridDehazeNet [38], FFANet [5], DehazeFormer [49],
SLP [33], DEANet [50], MambalR [18], and the all-in-one
method LDR [45]. With the exception of DCP and SLP,
all other deep learning models have been retrained on the
O-Haze dataset and Dense-Haze dataset, respectively.

4.2 Experimental results

Comparison with SOTA methods. We compare our
method with 9 SOTA image dehazing methods on the O-
Haze [32] and Dense-Haze [34] datasets in Table 2. On the
O-Haze dataset, our method outperforms the second-best
method, LDR [45], with an increase of 3.8% in PSNR and
1.3% in SSIM. Compared with the SOTA Mamba archi-
tecture method MambalR [18], we achieve improvements
of 5.0%/10.5% in PSNR and SSIM. For the Dense-Haze
dataset, we outperform the second-best method, FFANet
[5], with gains of 2.2% in PSNR and 5.6% in SSIM. Com-
pared with the SOTA Mamba architecture method Mam-
balR [18], we achieve improvements of 5.9%/28% in PSNR
and SSIM. These results highlight the advantages of our
method. Additionally, we achieve the highest score in the
LMM-based QAS evaluation metric, indicating that the
images dehazed by our method have superior visual qual-

ity.
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Table 2 Comparisons of state-of-the-art dehazing methods on the O-Haze and Dense-Haze datasets. The peak signal-to-noise ratio
(PSNR), structural similarity index measure (SSIM), quality assessment score (QAS), and learned perceptual image patch similarity (LPIPS)
are evaluation metrics, where 4 denotes that higher values indicate better quality, and | denotes that lower values are preferred. The

best performance is highlighted in bold

O-Haze Dense-Haze

Method Venue PSNR 4 SSIM 4 QAS ¢t LPIPS | PSNR 4 SSIM 4 QAS ¢ LPIPS |
DCP [23] TPAMI'T0 16.78 0.653 2619 0312 12.72 0442 2.547 0.632
DehazeNet [4] TIP"16 17.57 0.770 2631 0.251 13.84 0430 2539 0.521
GridDehazeNet [38] ICCV'19 18.92 0.672 2682 0.228 14.62 0443 2.693 0.517
FFANet [5] AAAI20 2212 0.770 2.854 0.196 15.70 0.549 2.712 0.558
DehazeFormer [49] TIP'23 20.53 0.676 2.838 0.135 1545 0.509 2.744 0448
SLP [33] TIP'23 15.54 0.630 2673 0.303 1092 0.399 2.548 0.640
DEANet [50] TIP'24 20.05 0.768 2933 0.137 14.80 0430 2.794 0472
LDR [45] CVPR24 24.45 0.772 2.990 0.122 15.39 0.448 2.936 0427
MambalR [18] ECCV'24 24.18 0.708 2924 0.128 15.14 0452 2.973 0429
Ours - 2538 0.782 3.158 0.111 16.04 0.580 3014 0420

(a) Hazy (b) Haze-free

color details. Best viewed in color on the screen

(c) DehazeFormer [49] ‘

Figure 3 Example results on the Dense-Haze dataset. (a) and (b) are the hazy image and corresponding haze-free image. (c)-(e) show the dehazing
results of different state-of-the-art (SOTA) dehazing models. Our model achieves the best dehazing performance while restoring the most accurate

(d) MambalR [18] (e) Ours

The qualitative results are given in Figs. 3-5. Our method
achieves superior dehazing performance while preserving
the most accurate color details.

Quality of the EDHaze dataset. To evaluate the quality of
the dehazing datasets in terms of haze quality and degra-
dation level while avoiding the introduction of subjective
factors, we employ a pretrained LMM to assess the hazy
images. We design two prompts: Ty, = <rate the realism of
the haze in this image> and Tq = <rate the quality of this
image>. We choose the SOTA image quality assessment
model Q-Align [19] to assess each hazy image from exist-
ing real-world dehazing datasets using the two prompts,
obtaining QAS;, and QAS,, respectively. The results are
shown in Figs. 6 and 7. The images in our EDHaze dataset
have the best haze quality and most severe image degrada-
tion.

4.3 Ablation studies and discussions
Model architecture. We study the effectiveness of using the
Mamba architecture and image quality priors in our De-

hazeMamba. As shown in Table 3, the best performance is
achieved when all the modules are used.

Downstream validation. One key objective of image de-
hazing s to increase the performance of downstream high-
level vision tasks. As a result, it is crucial to assess the per-
formance of dehazing methods in these applications. For
this purpose, we select three representative tasks, and use
SOTA methods as baselines. Specifically, object detection
with DEQDet [84], image segmentation with segment any-
thing model (SAM) [85], and image captioning with LLaVA
[20].

Figure 8 presents example results for the detection task.
We observe that even the SOTA detection model [84] ex-
periences significant performance deterioration under the
image degradation caused by haze, manifesting as an in-
crease in false detection and missed detection as well as
lower detection confidence. In contrast, images dehazed
by our DehazeMamba show substantial improvements
in accuracy and detection confidence. Figure 9 shows
example results for the segmentation task, utilizing the
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accurate color details. Best viewed in color on the screen

Figure 4 Example results on the O-Haze dataset. (a) and (b) are the hazy image and corresponding haze-free image. GT refers to ground truth. (c)-(e)
show the dehazing results of different SOTA dehazing models. Our model achieves the best dehazing performance while restoring the most

(d) MambalR

~M5/

(b) DCP [23]

(c¢) DehazeFormer

Figure 5 Example dehazing results on our EDHaze test set. (a) is the hazy image. (b)-(e) show the dehazing results of different SOTA dehazing
methods. Our method achieves the best dehazing performance while restoring the most accurate color details. Best viewed in color on the screen

(d) LDR (e) Ours

SOTA SAM for image segmentation. Our DehazeMamba
achieves significantly higher segmentation accuracy on de-
hazed images than on the original hazy images, indicating
that DehazeMamba, as a preprocessing step, effectively en-
hances the performance of the downstream segmentation
task. Finally, Fig. 10 shows the image captions generated
via the LLaVa model [20]. The results demonstrate that

the LLaVa model generates more detailed and accurate de-
scriptions of our dehazed images, further validating the
effectiveness of DehazeMamba.

Furthermore, we conduct a quantitative comparison on
3 downstream tasks, with the results shown in Table 4. Our

method demonstrates the most significant performance
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4.3 Haze quality Degradation 3.2
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(a) (b) (©) () Ours

Figure 6 Mean quality assessment score (QAS) values on different
real-world dehazing datasets. From (a) to (d) are Dense-Haze [34],
I-Haze [36], NH-Haze [35], and O-Haze [32], respectively. The left
vertical axis represents the mean haze quality (QASy) under prompt
Th, where a higher value indicates hazy images that are closer to real
haze. The right vertical axis represents the mean degradation degree
(QASq) under prompt Ty, where a lower value indicates more severe
image degradation. The images in our EDHaze dataset have the best
haze quality and the most severe image degradation

1.4 UNIQUE

1.2
1.0
0.8
0.6
0.4
0.2

007" (a) (b) (©) (d)

Ours

Figure 7 Mean unsupervised image quality estimation (UNIQUE) and
learning-based image quality estimation (LIQE) values on different
real-world dehazing datasets. From (a) to (d) are Dense-Haze, I-Haze,
NH-Haze, and O-Haze. The blue and red bars represent the LIQE and
UNIQUE scores, respectively, with lower values indicating more severe
image degradation. Our EDHaze dataset exhibits the most severe
degradation

Table 3 Ablation of the effectiveness of our model components
on the O-Haze dataset. The Mamba architecture follows Ref. [18],
and LMM denotes the large multi-modal model

Case Baseline Mamba LMM PSNR4 SSIM4
1 v X X 22.32 0.674
2 v v X 2418 0.708
Ours v v v 25.38 0.782

improvement across all downstream tasks compared with
the other SOTA methods.

Page 9 of 13

Table 4 Quantitative comparisons of 3 downstream task
evaluations. The metrics used include cosine similarity (Sim),
mean intersection over union (mloU), and mean average
precision (MAP), with higher values indicating better
performance

Method Sim ¢ mloU 4 mAP 4
Hazy 0.8534 0.0091 21.32
LDR 0.9724 0.6185 55.76
MambalR 0.9694 0.6376 55.18
Ours 0.9928 0.7371 59.14
Table 5 Ablation study of Mamba blocks and layernorm
configurations on the O-Haze dataset

Blocks Layernorm PSNR 4 SSIM 4
2334 X 17.10 0.602
46,68 X 20.84 0.694
4,6,6,8 v 2538 0.782

Table 6 Cross-dataset comparison. Each method is trained on
the O-Haze dataset and directly evaluated on the Dense-Haze
dataset

Method PSNR 1 SSIM 4
DEANet 1129 0417
MambalR 1351 0455
Ours 1546 0.566

Additionally, we conduct additional ablation experi-
ments to explore the impact of the number of Mamba
blocks and the use of layer normalization. Results are dis-
played in Table 5. The experimental results validate that
the settings we have adopted are optimized for dehazing.

Cross-dataset comparison. We also conduct an addi-
tional experiment in which the model is trained on the
O-Haze dataset and directly evaluated on the Dense-Haze
dataset to assess the generalization performance of both
the baseline methods and our proposed DehazeMamba.
The results are presented in Table 6. Our DehazeMamba
outperforms the baseline methods, demonstrating better
generalization capabilities in cross-dataset evaluation.

Computational costs. Our DehazeMamba is trained on
a single NVIDIA RTX 3090 GPU, with 13 million train-
able parameters and 349.197 GFLOPs. For an image with a
resolution of 1200x 800, the average inference time of our
model is 1.07 s.

Real-world results. To provide more comprehensive
evaluation, we also conduct an experiment on a real-world
dehazing test set without ground truth [86]. The results are
demonstrated in Fig. 11. Our DehazeMamba removes the
majority of the haze while preserving accurate color infor-
mation, even on real-world hazy images.
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Person x 27.9%
——
Person x 26.0%
——
Person X 26.1% Cake x 25.3%
—— —
Car X 33.4%
——
Car X 30.4%
—
Bench v 77.0%
0,
Chair v 36.5% Bench v/ 26.1%
—
Bench v/ 25.5%
—
Potted plant v 39.3%
—

Figure 8 Example results on the detection task for the O-Haze and Dense-Haze datasets. The top images are the original hazy images, whereas the
bottom images are the images dehazed by DehazeMamba. v indicates a correct prediction, while X indicates an incorrect prediction. The results
demonstrate that DehazeMamba, as a preprocessing step, effectively enhances the performance of the downstream detection task. Best viewed in
color on the screen

Figure 9 Example results on the segmentation task for the O-Haze and Dense-Haze datasets. The top images are the original hazy images, whereas
the bottom images are the images dehazed by DehazeMamba. The results demonstrate that DehazeMamba significantly improves the
segmentation accuracy. Best viewed in color on the screen

A table with a plate of food on it.
The table is surrounded by two
black chairs. The food on the
plate consists of a sandwich and
a bowl of fruit. The table is set in
a foggy room, giving the scene a
mysterious atmosphere.

A foggy day at a skate park with
a tree in the background. The park
has a skateboard ramp and a small
pool. The fog makes it difficult to
see the details of the park clearly.

A white dining table with a bowl
of fruit on it, including bananas,
apples, and oranges. The table is
surrounded by four chairs, two on
each side. A vase is also present
on the table, adding a decorative
touch to the scene.

A miniature golf course with a
green and yellow track. The green
track is on the left side of the
course, while the yellow track is
on the right side. The course is
surrounded by trees and grass.

Figure 10 Example results on the captioning task for the O-Haze and Dense-Haze datasets. The top images are the original hazy images, whereas
the bottom images are the images dehazed by DehazeMamba. The green and red colors highlight correct and incorrect descriptions, respectively.
Images dehazed by DehazeMamba obtain more detailed and accurate captions. Best viewed in color on the screen
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viewed in color on the screen

Figure 11 Example results on the real-world dehazing test set [86]. The top images are the unannotated hazy images, whereas the bottom images
are the images dehazed by DehazeMamba. DehazeMamba removes the majority of the haze while preserving accurate color information. Best

5 Conclusion and limitation

In this work, we propose an LMM guided image dehaz-
ing method, DehazeMamba, which is based on Mamba.
By leveraging the image quality priors provided by the
LMM and incorporating a channel attention mechanism,
we improve the standard Mamba architecture. Addition-
ally, we introduce a new evaluation metric based on the
LMM, which simulates human perception to assess hazy
images and dehazing results. To evaluate the dehazing per-
formance of SOTA methods in challenging scenarios, we
also propose a new image dehazing dataset, EDHaze. Ex-
periments demonstrate that our dataset exhibits superior
haze quality, and our method delivers better results than
SOTA methods do.

Limitation. Despite the improvements achieved by our
method, we observed that small objects, which are often
obscured by haze, can still be lost during the image restora-
tion process. This issue remains challenging in the image
dehazing task, and current baseline methods fail to address
this problem effectively. While our DehazeMamba, guided
by the LMM, provides some mitigation, it is not a complete
solution. Future work will focus on further exploring and
refining techniques to better recover small details and im-
prove the accuracy of haze removal in such cases.
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