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1. Introduction

ABSTRACT

Underwater monocular visual simultaneous localization and mapping (SLAM) plays a crucial role in the navi-
gation and localization of underwater robots. Low-light and turbid underwater environments pose significant
challenges to the effectiveness and accuracy of these systems. This paper proposes a novel recognition algorithm
based on the AquaVisNet model, designed specifically for such environments. Furthermore, an image
enhancement algorithm tailored for these challenging environments is proposed that utilizes a serial-parallel
fusion processing strategy. Such enhancement improves image quality significantly. Building on these ad-
vancements, an adaptive image enhancement ORB-SLAM (AIE-ORB-SLAM) system is presented for low-light and
turbid underwater environments. The experimental results demonstrate that this system significantly out-
performs the ORB-SLAM3 system in terms of various metrics. Under low-light, turbid, and combined conditions,
the AIE-ORB-SLAM system improves the initialization time by 23.46%, 23.88%, and 81.69%, respectively; the
tracking duration by 72.63%, 235.12%, and 294.29%, respectively; the number of keyframes by 74.71%,
140.00%, and 218.48%, respectively; the number of point clouds by 119.19%, 187.92%, and 317.11%,
respectively; and the localization accuracy by 90.04%, 75.61%, and 66.81%, respectively. These results
demonstrate that the proposed method significantly enhances the robustness and localization accuracy of un-
derwater visual SLAM systems in low-light and turbid environments.

2025a). Underwater SLAM can be classified into several types based on
sensor technology, including light detection and LiDAR SLAM, sonar

With the widespread use of underwater robots in the field of
ecological detection of marine coral colonies (Zhang et al., 2022a), (Hu
et al.,, 2021), (Chen et al., 2023), the investigation of simultaneous
localization and mapping (SLAM) systems in underwater settings has
gained significant attention. Underwater SLAM, as an automated navi-
gation technique (Huang et al., 2020), does not rely on external data
sources and solely utilizes sensor data to estimate attitudes and create
environmental maps for autonomous underwater vehicles (AUVs) or
remotely operated vehicles (ROVs). Additionally, the position of un-
derwater robots can be autonomously determined based on an envi-
ronmental map (Cheng et al., 2021), (Yan et al., 2024), (Chen et al.,

SLAM, and visual SLAM (Hess et al., 2016), (Mattern et al., 2021).
Compared to other underwater SLAM sensors, underwater monocular
visual SLAM offers the advantage of providing high-resolution under-
water imagery and color information about objects in the aquatic
environment. It also has the benefits of cost-effectiveness in sensing,
simple structure, strong anti-interference ability, and low computational
resource demand (Barros et al., 2022), (Hodne et al., 2022).

Unlike controlled terrestrial or indoor settings, underwater envi-
ronments present unstructured characteristics and are susceptible to
various forms of interference and noise (Wang et al., 2023), (Chen et al.,
2024). These characteristics introduce numerous complexities and
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challenges to underwater visual SLAM. Seawater, with its complex
chemical composition and substantial presence of suspended matter and
organic compounds (Zhang et al., 2022b, (Guo et al., 2020, leads to
diminished image contrast due to light scattering and absorption.
Furthermore, the nonuniformity of seawater results in significant image
distortion (Li et al., 2020, (Xu et al., 2021, (Jang et al., 2021. Hidalgo

et al. determined experimentally that monocular ORB-SLAM performs
well in underwater settings characterized by adequate illumination,
minimal flicker, and an abundance of scene features (Hidalgo et al.,
2018. Joshi et al. conducted a comparative assessment of several visual
SLAM algorithms for underwater sequences and revealed that the effi-
cacy of visual SLAM systems is still adversely affected due to underwater
image turbidity and low contrast (Joshi et al., 2019. The aforemen-
tioned literature examines the factors contributing to the diminished
performance of monocular visual SLAM in underwater settings,
including concerns such as image blurring, and reduced contrast.
Further research and refinement are necessary to enhance the resilience
and localization precision of underwater visual SLAM systems within
underwater domains.

Xin et al. proposed an underwater monocular visual SLAM system
specialized for underwater low-light environments. The system is based
on the ORB-SLAM2 framework and incorporates underwater image
enhancement techniques (Xin et al., 2023. Zheng et al. presented an
underwater monocular visual SLAM system for underwater turbid en-
vironments, based on the ORB-SLAM3 framework. The results show that
ORB-SLAM3 outperforms both ORB-SLAM2 and Dual-SLAM in complex
underwater environments. Additionally, integrating underwater image
enhancement techniques within the ORB-SLAM3 framework enhances
the overall performance of the SLAM system (Zheng et al., 2023. Liu
et al. developed an underwater monocular visual SLAM approach based
on the Exposure Sub-Image Histogram Equalization image enhancement
method within the ORB-SLAM3 framework. This approach enhances
images thereby improving the pose estimation precision of the SLAM
technique (Liu et al., 2023. Research indicates that ORB-SLAM3 per-
forms exceptionally well in various environments and is widely adopted
by scholars as a framework for underwater monocular visual SLAM,
often combined with a single image enhancement algorithm to improve
performance in low-light or turbid conditions. However, these methods
lack an adaptive image processing strategy tailored to different under-
water environmental conditions. When underwater conditions change,
the underwater monocular visual SLAM relying solely on a single image
enhancement technique struggles with degraded images, resulting in
issues such as loss of tracking and incorrect localization. Consequently,
enhancing the performance of underwater monocular visual SLAM in
dynamically changing low-light and turbid underwater environments
remains an unresolved challenge.

To address the issue of diminished performance in underwater
monocular visual SLAM under dynamic low-light and turbid conditions,
this study proposes an adaptive image-enhanced underwater visual
SLAM system (AIE-ORB-SLAM)This system is specifically designed to
operate effectively in challenging underwater environments. Building
upon the ORB-SLAM3 framework, AIE-ORB-SLAM combines a recogni-
tion algorithm designed for low-light and turbid underwater conditions
using the AquaVisNet model with an image enhancement algorithm that
addresses the challenges of low-light and turbid underwater conditions
through a serial-parallel fusion processing strategy. The noteworthy
innovations in this paper include the following:

(1) The proposed underwater visual SLAM system, which features
adaptive image enhancement for low-light and turbid underwater
environments, effectively addresses the challenge of performance
degradation faced by underwater visual SLAM under such con-
ditions. This innovation enhances the robustness and accuracy of
visual SLAM in dynamic underwater environments.

(2) A recognition algorithm for underwater low-light and turbid
environments utilizing the AquaVisNet model is proposed. This

algorithm accurately identifies the prevailing conditions in low-
light and turbid underwater settings. Moreover, the algorithm
undergoes training with images from the current underwater
environment, ensuring its resilience and accuracy across diverse
underwater scenarios.

(3) An image enhancement algorithm for underwater low-light and
turbid conditions utilizing a serial-parallel fusion processing
strategy is proposed. The algorithm effectively restores dynamic
underwater images affected by low light and turbidity, improves
image contrast, reduces image haziness, enhances texture infor-
mation, and improves image feature point extraction and
matching performance.

The subsequent sections of the paper are structured as follows: Sec-
tion 2 outlines the architecture of an underwater visual SLAM system
with adaptive image enhancement. Section 3 explains the model struc-
ture of the recognition algorithm tailored for underwater low-light and
turbid environments based on the AquaVisNet model. Section 4 explores
an image enhancement algorithm designed for underwater low-light and
turbid conditions utilizing a serial-parallel fusion processing strategy.
Section 5 elaborates on the construction of the experimental site and
provides experimental verification of the robustness and localization
accuracy of the proposed underwater visual SLAM system in low-light
and turbid underwater settings. Section 6 concludes with a summary
of the research presented in this paper.

2. Underwater visual SLAM system with adaptive image
enhancement for underwater low-light and turbid environments

We present a novel monocular visual SLAM system called AIE-ORB-
SLAM, which is specifically designed for low-light and turbid under-
water environments. The overall architecture is visualized in Fig. 1.
Grounded in the ORB-SLAM3 framework, the AIE-ORB-SLAM system
consists of three concurrent threads (tracking, local underwater map-
ping, loop and underwater map merging) and incorporates a compre-
hensive underwater map management system.

2.1. Tracking thread

The tracking thread assumes the responsibility for computing the
pose of the underwater camera and determining whether to generate
new underwater keyframes. To address the challenges posed by the
underwater low-light and turbid environment, the AIE-ORB-SLAM sys-
tem proposed in this paper is designed with constraints specific to un-
derwater environment recognition and adaptive underwater image
enhancement in the visual odometry section. An underwater environ-
ment recognition algorithm based on the AquaVisNet model is designed
to handle underwater environment recognition constraints. Addition-
ally, an image enhancement algorithm for underwater low-light and
turbid conditions employing a serial-parallel fusion processing strategy
is designed to meet the adaptive underwater image enhancement con-
straints. By leveraging these two specific constraints, the AIE-ORB-SLAM
system can extract and analyze underwater image features to determine
the underwater operating environment and enhance images accord-
ingly, resulting in maximally visualized underwater recovery images.
After enhancing the original distorted underwater image, the feature
points are matched to initialize, track, or recalibrate the current camera
pose. Subsequently, the tracking thread determines whether the current
frame qualifies as an underwater keyframe based on predefined decision
criteria.

2.2. Local underwater mapping thread
The localized underwater mapping thread assumes a critical role in

constructing, updating, and upholding localized underwater maps to
ensure their consistency and real-time accessibility. This thread utilizes
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Fig. 1. Schematic of the AIE-ORB-SLAM system structure.

carefully chosen underwater keyframes to establish or refresh the un-
derwater map, which includes essential relative pose information
regarding the underwater map points and the underwater keyframes.
When identical underwater map points are detected across multiple
underwater keyframes, the thread consolidates these observations,
thereby enhancing the consistency and precision of the underwater map.
To maintain the scalability and dependability of the underwater map,
redundant underwater keyframes are systematically removed.

2.3. Loop and underwater map merging thread

The loop and underwater map merging thread plays a pivotal role in
loop detection, loop validation, closure operations, underwater map
fusion, and the execution of global optimization. Its objective is to
compare recently added underwater keyframes with all frames residing
within the U-Atlas system. If similar frames are identified across
different underwater maps, the two underwater maps are consolidated
into a new active underwater map. In the absence of such similarity, a
pose-graph optimization is executed to mitigate accumulated drift errors
within the active map.

2.4. Multiple underwater map management system

U-Atlas is an underwater map management system that includes a
collection of distinct underwater maps generated by AIE-ORB-SLAM.
Within this system, the active map, utilized by the tracking thread for
frame localization, is differentiated from the nonactive underwater
maps. Additionally, the system establishes a unique DBoW2 identifica-
tion database that includes all underwater maps. This database stores
comprehensive information for identifying any underwater keyframe
within any underwater map, facilitating tasks such as relocation, loop
detection, and underwater map merging.

While ORB-SLAM3 (Campos et al., 2021) exhibits commendable
performance when employed with a monocular camera in
well-illuminated settings, its accuracy and resilience significantly
decline in low-light and turbid underwater environments. This decline is
primarily attributed to the deterioration in feature extraction and
matching capabilities when processing underwater images in such
challenging contexts. In scenarios where an insufficient number of
matching ORB feature points are derived from the underwater sur-
roundings, the pose estimation process encounters obstacles and may
even result in initialization and tracking failures. Consequently, it is
crucial to integrate a recognition algorithm customized for low-light and
turbid underwater conditions based on the AquaVisNet model. Addi-
tionally, an image enhancement algorithm tailored for these underwater
environments utilizing a serial-parallel fusion processing strategy should
be included within the tracking thread.

By integrating underwater environment recognition and image

enhancement into the image preprocessing stage, the AIE-ORB-SLAM
system can identify the current underwater conditions and apply tar-
geted enhancement techniques to restore degraded images in dynamic
environments. This underwater environment recognition capability
enables the system to adapt to dynamic changes in underwater condi-
tions, while the image enhancement techniques specifically address the
degradation of underwater image quality. This enhancement
strengthens the robustness and precision of SLAM for robots operating
under dynamic underwater conditions.

3. Recognition algorithm for underwater low-light and turbid
environments based on the AquaVisNet model

To restore degraded underwater images, a recognition algorithm
based on the AquaVisNet model designed for low-light and turbid un-
derwater environments is proposed. The algorithm enhances image re-
covery efficiency in such underwater conditions by identifying the
operational environment of the underwater robot.

3.1. AquaVisNet model structure

The classical convolutional neural network LeNet5 model has
demonstrated the efficacy of using convolutional, pooling, and fully
connected layer architectures for image classification tasks. In a similar
vein, Altwaijry et al. (Altwaijry and Al-Turaiki, 2020) successfully uti-
lized a convolutional neural network model with three convolutional
layers, three pooling layers, and four fully connected layers to classify
images into 29 categories. Inspired by these successes, a lightweight
AquaVisNet model was developed in this study. The model, as illustrated
in Fig. 2. And the configuration of each layer is shown in Table 1.

The AquaVisNet model has seven layers. Through two convolutional
layers, the model extracts features such as color, texture, contrast, and
shape from the images. Subsequently, two pooling layers are utilized to
retain salient features, followed by a flattening layer and two fully
connected layers to determine the image categories. The model also
incorporates the ReLU activation function to enhance its ability to learn
nonlinear features. It accepts underwater images of size 128 x 128
pixels with 3 channels. This particular resolution strikes a balance be-
tween reducing computational complexity while capturing crucial fea-
tures for model training, such as underwater object color and contrast.

3.2. AquaVisNet model training process and results

We maneuver the ROV in a laboratory-built pool which replicates a
marine environment to capture a dataset of images featuring underwater
coral colonies in various environments. The AquaVisNet model is
trained on a dataset comprising 8498 underwater coral images using a
supervised learning approach. After removing low-quality images, 4000
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Table 1
Configuration of AquaVisNet model layers.
Layer_name Kernel size Kernel_num Activation Stride
Convolution_1 (3,3) 32 ReLU 1
Maxpool_1 (2,2) / / 2
Convolution _2 (3,3) 64 ReLU 1
Mazxpool 2 2,2) / / 2
Flatten / / / /
Fully Connected_1 64 / ReLU /
Fully Connected_2 4 / Softmax /

random samples were extracted to serve as the training set for the
AquaVisNet model. Additionally, 1712 samples from the original dataset
were designated as the validation set. Maintaining a consistent number
of samples in each category in the training and validation sets was
crucial for enabling the model to effectively learn the distinct features
and patterns associated with each category. Exemplary images from
both the training and validation sets are shown in Fig. 3.

The experimental hardware platform used in this study was config-
ured as follows: the Win 10 operating system, Python 3.7, and an
RTX1660. The initial learning rate for the network model is established
at 0.001, and the cross-entropy loss function is applied. The training set
comprises 4000 samples, while the validation set includes 1712 samples.
To enhance the network model’s performance, training consisted of 10
epochs, with a batch size of 32. Throughout the network training pro-
cess, the accuracy and loss values for both the training and validation
sets are recorded at each epoch.

The training process and the resulting results of the model are
visualized in Fig. 4. To evaluate the model’s performance, the cross-
entropy loss function was employed, and model training utilized a sto-
chastic gradient descent optimizer. After completing the training pro-
cess, the AquaVisNet model achieved an accuracy of 97.23% for the
training set and 96.54% for the validation set. And the training set
attained a loss value of 0.15, while the validation set recorded a loss
value of 0.17. Through precise fine-tuning, the model achieved an
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environment recognition accuracy of 99.58% under underwater low-
light and turbid conditions.

4. Image enhancement algorithm for underwater low-light and
turbid environments based on a serial-parallel fusion processing
strategy

Underwater images often face adverse aquatic conditions that cause
image degradation, such as blurring, reduced contrast, and color
distortion (Zhang et al., 2022c), (Chen et al., 2025b). Conventional ro-
bots use directional lighting to capture images in low-light underwater
environments, but these images may still have patches of low brightness
and areas of light and dark patches. Such low-quality images can
negatively impact the performance of the SLAM system. Hence, we
present an image enhancement algorithm designed specifically for
low-light underwater environments based on the CLAHE method.
Additionally, an image enhancement algorithm is proposed for turbid
underwater conditions based on the DCP method. To effectively utilize
the synergy of these two image enhancement algorithms, a
serial-parallel fusion strategy for image enhancement processing is
introduced.

4.1. Image enhancement algorithm for underwater low-light environments
based on CLAHE

In low-light underwater conditions, images suffer from insufficient
lighting, resulting in regions of the image appearing excessively dim,
thus affecting the performance of SLAM (Vargas et al., 2021), (Zhang
et al., 2021). Fang et al. used the histogram equalization (HE) algorithm
in the ORB-SLAM framework, which demonstrated enhanced robustness
in harsh environments. However, HE is more sensitive to background
noise (Fang et al., 2018). Yang et al. (Yang and Zhai, 2019) and Rahman
et al. (2022) both employed the CLAHE algorithm in the ORB-SLAM
framework, which effectively enhances SLAM performance in
low-light and turbid underwater environments. Therefore, we propose
an image enhancement algorithm for low-light underwater
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Fig. 3. Partial images of the training set and validation set. (a) Training set; (b) Validation set.
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environments called submerged CLAHE (SUB-CLAHE). SUB-CLAHE (1) Underwater low-light images are separated into three channels:
performs histogram equalization on all three color channels of an B, G, and R. Each channel’s image is segmented into localized
image within 20 ms and limits the extent of contrast enhancement image blocks of equal size, enabling independent processing of
during the equalization process to improve image quality and reveal each local region.
more complex details. (2) For each local image block, calculate its grayscale histogram H(i),
The SUB-CLAHE algorithm primarily consists of the following steps, where i denotes the grayscales.
as illustrated in Fig. 5. (3) The average number of pixels N, assigned to each grayscale
image is calculated as follows:
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Fig. 5. Schematic of the SUB-CLAHE algorithm workflow.
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where u, denotes the number of pixels in the horizontal direction, uy
denotes the number of pixels in the vertical direction, and L, denotes the
number of grayscales in the local image block.

(4) Histogram qualifying thresholds N, are set based on the distri-
bution of this histogram.

N. =N, + [ % (ux x tty — Ng)] (2)

where f is the underwater low-light image grayscale histogram shear
limiting factor.

(5) According to the qualifying threshold of each image block, a
portion of the grayscale histogram that exceeds the threshold is
clipped, and the clipped portion is uniformly distributed to each
grayscale. Subsequently, following one iteration of allocation, the
grayscale histogram of the local image block experiences an
increment of one unit in height, surpassing the predefined qual-
ifying threshold N, and the above operation is reiterated until the
qualifying threshold is no longer exceeded.

(6) In line with the clipped histogram, histogram equalization is
performed for each image block. This process aims to harmonize
the distribution of pixel intensities within each image block,
mitigating the adverse effects stemming from uneven illumina-
tion and enhancing the overall quality of the image.

(7) Considering the position of the image block, each pixel within the
local image block is subjected to bilinear interpolation to recon-
struct the pixel gray values. And the enhanced B, G, and R
channel images are combined to create an enhanced color image.
This step ensures seamless transitions between locally equalized
regions, rendering the enhanced image visually cohesive and
enriched with information.

4.2. Image enhancement algorithm for underwater turbid environments
based on the dark channel prior principle

Both underwater turbid images and foggy images suffer from blur-
ring due to the reflection and scattering of incident light by suspended
particles within the medium (Thomas et al., 2021), (Muniraj and
Dhandapani, 2021). Therefore, we model underwater turbid images and
propose an image enhancement algorithm for underwater turbid envi-
ronments based on the DCP, referred to as DCP underwater turbid im-
ages (DCP-UTI). The principle can be outlined as follows:

The underwater turbid image model is defined as follows:

U(x) =E(x)t(x) + B[1 — t(x)] (3)

where U(x) is the original underwater turbid image; E(x) is the enhanced
image; B is the background light component in the underwater envi-
ronment; and t(x) represents the underwater transmittance.

In the imaging model, normalization is achieved by dividing both
sides by the background light value to the underwater environment for
each channel, which can be obtained:

Ut (x) Ef(x)
B Be

—~t(x)

+1—t(x) @

Assuming that the underwater transmittance is a constant, we define
it as t(x) and minimize the operation twice for both sides of the above
equation, which can be obtained:

min {minL(y)} =t(x) min {minEc (y)} +1 —t(x) (5)

yeQx)| ¢ BC yeQx)| ¢ B

For an underwater clear image E(x), the underwater dark channel

tends to 0, i.e., E¥* -0 has:

E%™*(x) = min {minEC (y)} =0 (6)
yeQx)| ¢
Launch:
min {minEc(‘Y) ] =0 (7)
yeQx)| ¢ B¢
Substituting back into the original equation gives:
~ - . U(y)
=1-
t(x) yrgg(r;) {mcln B } 8

To prevent the underwater image clarity from being too thorough,
the turbidity limiting parameter @ = 0.95 is introduced for water going
down, which can be obtained:

t(x)=1 — @min {minUc (y)} )

yeQx)| ¢ Be

The aforementioned derivation process presumes the availability of
known background light values for underwater environments B. In
practice, these values can be derived from the original underwater
turbid image using the underwater dark channel map. The procedure
unfolds as follows: Initially, the underwater dark channel map is
computed, and the top 0.1% of pixels with the highest brightness are
identified. Then, verify the chromatic consistency of these pixels. Sub-
sequently, within the original underwater turbid image U(x), the value
corresponding to the position with the highest brightness point is
extracted and employed as the background light value for underwater
environments B.

Considering that a very small underwater transmittance t will lead to
a large E-value, a threshold ¢t is set. Finally, the restoration formula for
an underwater turbid image is organized as follows:

U(x) — B

= max(t(o, ] D (10)

E(x)

4.3. Experimental results and analysis of image enhancement algorithms

One randomly selected image from the dataset was processed using
both the CLAHE and SUB-CLAHE image enhancement algorithms. The
results are depicted in Fig. 6. Table 2 provides a quantitative comparison
of the three images. Underwater color image quality evaluation (UCIQE)
(Yang and Sowmya, 2015) and underwater image quality measure
(UIQM) (Panetta et al., 2015) are metrics specifically designed for
evaluating underwater image quality, effectively assessing features such
as contrast, color saturation, and sharpness of underwater images. The
experimental results reveal a significant decrease in the UCIQE and
UIQM metrics of the image when the CLAHE image enhancement al-
gorithm is applied due to the loss of color information. Specifically,
compared with that of the original image, the UCIQE of the underwater
image enhanced using the SUB-CLAHE algorithm improved by 28.48%,
while the UIQM index increased by 28.93%. These improvements indi-
cate enhanced image contrast and clearer texture details.

One image randomly selected from the dataset was processed using
both the DCP image enhancement algorithm and the DCP-UTI image
enhancement algorithm. The results are depicted in Fig. 7. Table 3
presents a quantitative comparison of the three images. Specifically, the
UCIQE of the underwater image enhanced using the DCP-UTI algorithm
improved by 31.68%, and the UIQM index increased by 32.56%
compared to the original image. The UCIQE of the underwater image
enhanced using the DCP-UTI algorithm improved by 14.93%, and the
UIQM index increased by 22.43% compared to that of the underwater
image enhanced using the DCP algorithm. These enhancements indicate
a reduction in image turbidity, improved contrast, clearer texture
details.
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Fig. 6. Image enhancement results in low-light environments. (a) Original image; (b) Image enhanced by the CLAHE algorithm; (c) Image enhanced by the SUB-

CLAHE algorithm.

Table 2
Comparison of reference-free quality evaluations of underwater low-light
images.

Method UCIQE UIQM

Original underwater low-light image 0.4221 1.7651
CLAHE 0.2447 0.1764
SUB-CLAHE (ours) 0.5423 2.2758

4.4. Image enhancement processing strategy based on serial-parallel

fusion

The underwater environment experiences real-time variations
influenced by factors such as time, location, and depth. To enhance the
robustness performance of underwater image visualization restoration,
we propose an image enhancement processing strategy based on serial-
parallel fusion, and the workflow is depicted in Fig. 8.

The ROV captures images of the current underwater environment
and transmits them to the system. The system first performs environ-
mental recognition to identify the characteristics of the current under-
water environment. After recognition, the system uses average
brightness and blur index as evaluation metrics for image brightness and
turbidity. Among these, the average brightness metric is defined as the
mean brightness value of all pixels in the image, incorporating a
brightness scaling factor to measure the overall brightness level of the
image; the blur index is determined using the underwater image
sharpness measure (UISM) (Panetta et al., 2015).

The system relies on optical property sensing and underwater image
quality assessment to select suitable image enhancement parameters
and processing methods. When the system detects a low-light under-
water environment, it calculates the average brightness metric of the
image and adjusts the parameters of the SUB-CLAHE algorithm
accordingly to optimize enhancement, improving image visibility and
detail preservation. For low-light images with low average brightness,
the system appropriately increases the qualifying thresholds of the three
channels in the SUB-CLAHE algorithm to enhance more details and
contrasts. The system can also increase the division of the image grid to
handle local areas more finely. On the other hand, for low-light images
with high average brightness, the qualifying thresholds of the three
channels are appropriately reduced to balance detail enhancement and
noise control. The system selects image grid divisions ranging from 8 x 8
to 16 x 16 to ensure balanced local and overall contrast. When the
system detects a turbid underwater environment, it calculates the UISM
metric of the image and adjusts the parameters of the DCP-UTI

—!
enlargement

algorithm accordingly to optimize enhancement, improving image vis-
ibility and detail preservation. For turbid images with low UISM values,
the system appropriately reduces the de-turbidity limiting parameter
and increases the clarity parameter in the DCP-UTI algorithm to remove
more turbidity and improve clarity. For turbid images with high UISM
values, the system appropriately increases the de-turbidity limiting
parameter and reduces the clarity parameter in the DCP-UTI algorithm
to retain more image information and avoid excessive removal of
turbidity. When the system detects a low-light and turbid underwater
environment, it calculates the average brightness and UISM metrics of
the image, then adjusts the parameters of the SUB-CLAHE and DCP-UTI
algorithms accordingly to optimize enhancement, improving image
visibility and detail preservation.

5. Experimental results and analysis
5.1. Experimental site construction

We have established an experimental system in a pool to replicate
marine conditions, enabling the assessment of the algorithm proposed in
this paper. Fig. 9 depicts the configuration of the experimental site,
which consists of a pool, a Blue ROV2, and artificial coral colonies. The
pool is 3.0 m long, 2.0 m wide, and 1.5 m high. The experimental scene
for data collection with the ROV is shown in Fig. 10. During the
experimental phase, the robot’s movement is primarily recorded using a
camera fixed on the top of the pool. This camera captures the robot’s
motion process in the X-Y plane, capturing its left-right and forward-
backward motions. The resulting motion image sequence is then pro-
cessed to obtain the ground truth by converting the trajectory in the
pixel coordinate system to a real trajectory in the world coordinate
system using the camera’s intrinsic and extrinsic parameters and the
scale factor. To simulate the conditions of marine coral colonies in a
water-filled pool, various species of artificial corals are randomly ar-
ranged to create artificial coral colonies that closely resemble the
operational environment of the ROV in the ocean. This experimental
system can simulate key challenges encountered in marine

Table 3

Comparison of reference-free quality evaluations of underwater turbid images.
Method UCIQE UIQM
Original underwater turbid image 0.4384 1.9321

DCP 0.5023
DCP-UTI (ours) 0.5773

2.0919
2.5612

nlargement

Fig. 7. Image enhancement results in turbid environments. (a) Original image; (b) Image enhanced by the DCP algorithm; (c) Image enhanced by the DCP-

UTI algorithm.
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Fig. 10. Experimental scene for data collection with the ROV.

environments, such as decreasing environmental brightness and changes
in water turbidity. By gradually adjusting variables such as underwater
light intensity and turbidity in this controlled environment, we can
effectively assess the performance of the underwater visual SLAM

system in different conditions.

5.2. Camera calibration

A Blue ROV2 is used to conduct camera calibration experiments in a
pool simulating a marine environment. The camera internal parameters
K and the distortion correction coefficients k;, ko2, p1, p2, and k3 were
obtained as follows:

fi 0 ¢ 615.370616  0.000000 317.848201
K=|{0 f, ¢, |=| 0.000000 614.814093 239.591827 an
0 0 1 0.000000 0.000000 1.000000
[k1,k2,p1,P2,ks] =
—0.286117,0.179157, — 0.001363,0.001407,0.000000] (12)

where f; and f, denote the focal length in the horizontal and vertical
directions, respectively; ¢, and ¢, denote the coordinate positions of the
camera’s optical center in the image coordinate system; ki, ko, and ks
are the radial distortion parameters; p; and p, are the tangential
distortion parameters.

5.3. Underwater visual SLAM system effectiveness evaluation

To evaluate the effectiveness of the AIE-ORB-SLAM system, the ROV
captures offline datasets of the underwater environment in the simu-
lated marine environment pool under four conditions: normal, low light,
turbidity, and both low light and turbidity, as shown in Fig. 11. Two
distinct motion trajectories (I and II) are employed for data collection.
We chose ORB-SLAM3, an open-source system that performs well in
underwater environments, as a comparison benchmark for experimental
evaluation. The same offline dataset is then fed into both the AIE-ORB-
SLAM system and the ORB-SLAM3 system on an external computer to
enable a comparative evaluation of the two SLAM systems in terms of
robustness and localization accuracy. All the evaluations are based on
the same offline dataset. To ensure the reliability of the experimental
data, the reported results are the median values obtained from each
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Fig. 11. Partial images of the dataset obtained from the experiment. (a) Normal environment; (b) Low-light environment; (c) Turbid environment; (d) Low-light and
turbid environment.
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Fig. 12. SLAM operation result data for trajectory I. (a) Normal environment; (b) Low-light environment A; (c) Low-light environment B; (d) Low-light environment
C; (e) Turbid environment; (f) Low-light and turbid environment.



SLAM system after running the identical dataset a total of 10 times.

5.3.1. Robustness evaluation

During the operation of the underwater visual SLAM system, various
key parameters, such as initialization, tracking duration, keyframes, and
point cloud data, were rigorously recorded. Specifically, initialization
time refers to the duration required for the underwater visual SLAM
system to complete initial map construction and camera pose estimation
from startup, while tracking duration indicates the length of time the
system can maintain stable tracking. Please refer to Figs. 12 and 13 for a
detailed depiction of these parameters.

In the normal environment trajectory I dataset, both ORB-SLAM3
and AIE-ORB-SLAM achieved similar performances in terms of

initialization, tracking loss, keyframes, and point clouds. However, in
the low-light environment C trajectory I dataset, the AIE-ORB-SLAM
system exhibited notable improvements. Compared to the ORB-SLAM3
system, the AIE-ORB-SLAM system achieved an 11.32% decrease in
initialization time, a 23.57% increase in tracking duration, a 59.56%
increase in the number of keyframes, and a 46.34% increase in the
number of point clouds. When considering the turbid environment tra-
jectory I dataset, the AIE-ORB-SLAM system demonstrated more im-
provements. Compared to the ORB-SLAM3 system, the AIE-ORB-SLAM
system achieved a 6.56% decrease in initialization time, a 116.69%
increase in tracking duration, a 123.53% increase in the number of
keyframes, and a 219.29% increase in the number of point clouds.
Finally, in the low-light and turbid environment trajectory I dataset, the
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Fig. 13. SLAM operation result data for trajectory II. (a) Normal environment; (b) Low-light environment; (c) Turbid environment A; (d) Turbid environment B; (e)

Turbid environment C; (f) Low-light and turbid environment.



AIE-ORB-SLAM system showed remarkable enhancements. Compared to
the ORB-SLAM3 system, the AIE-ORB-SLAM system achieved a 12.89%
decrease in initialization time, a 145.94% increase in tracking duration,
a161.25% increase in the number of keyframes, and a 227.20% increase
in the number of point clouds.

Using the low-light environment trajectory I dataset, we examine
three datasets with varying light intensities and quantitatively assessed
their light intensities using the average brightness metric. In the low-
light environment A trajectory I dataset, which has an average bright-
ness of 1.1119, the AIE-ORB-SLAM system presented notable improve-
ments over the ORB-SLAM3 system. Specifically, the AIE-ORB-SLAM
system achieved a 64.15% decrease in initialization time, a 5.89% in-
crease in tracking duration, a 5.79% increase in the number of key-
frames, and a 16.18% increase in the number of point clouds. Similarly,
in the low-light B trajectory I dataset, with an average brightness of
0.4077, the AIE-ORB-SLAM system exhibited substantial improvements
over the ORB-SLAM3 system. The improvements included a 55.56%
decrease in initialization time, a 15.99% increase in tracking duration, a
59.69% increase in the number of keyframes, and a 23.46% increase in
the number of point clouds. Finally, in the low-light environment C
trajectory I dataset, which has an average brightness of 0.1966, the AIE-
ORB-SLAM system demonstrated enhancements over the ORB-SLAM3
system. Specifically, the AIE-ORB-SLAM system achieved an 11.32%
decrease in initialization time, a 23.57% increase in tracking duration, a
59.56% increase in the number of keyframes, and a 46.34% increase in
the number of point clouds.

In the normal environment trajectory II dataset, both ORB-SLAM3
and AIE-ORB-SLAM demonstrated similar performances in terms of
initialization, tracking loss, keyframes, and point clouds. However, in
the low-light environment trajectory II dataset, the AIE-ORB-SLAM
system showed enhancements of 23.46% in initialization time,
72.63% in tracking duration, 74.71% in the number of keyframes, and
119.19% in the number of point clouds compared to the ORB-SLAM3
system. Similarly, in the turbid environment C trajectory II dataset,
the AIE-ORB-SLAM system presented improvements of 23.88% in
initialization time, 235.12% in tracking duration, 140.00% in the
number of keyframes, and 187.92% in the number of point clouds
compared to the ORB-SLAM3 system. Finally, in the low-light and turbid
environment trajectory II dataset, the AIE-ORB-SLAM system exhibited
substantial improvements—81.69% in initialization time, 294.29% in
tracking duration, 218.48% in the number of keyframes, and 317.11% in
the number of point clouds—when compared to the ORB-SLAMS3 system.

Moreover, for the turbid environment trajectory II dataset, we
compare three datasets with different turbidity levels and quantitatively
assessed their turbidity using the UISM metric. In the turbid environ-
ment A trajectory II dataset with a UISM of 0.7620, the AIE-ORB-SLAM
system yielded improvements of 80.26% in initialization time, 3.88% in
tracking duration, 27.98% in the number of keyframes, and 23.60% in
the number of point clouds relative to the ORB-SLAM3 system. Simi-
larly, in the turbid environment B trajectory II dataset with a UISM of
0.6052, the AIE-ORB-SLAM system exhibited substantial
improvements—70.16% in initialization time, 5.49% in tracking dura-
tion, 28.72% in the number of keyframes, and 45.35% in the number of
point clouds—when compared to the ORB-SLAM3 system. In the turbid
environment trajectory C Il dataset with a UISM of 0.4910, the AIE-ORB-
SLAM system presented enhancements of 23.88% in initialization time,
235.12% in tracking duration, 140.00% in the number of keyframes, and
187.92% in the number of point clouds compared to the ORB-SLAM3
system.

In the underwater visual SLAM system, faster initialization, longer
tracking duration, and higher numbers of keyframes and point clouds
indicate that the system can operate stably for longer periods, more
comprehensively extract and represent underwater environmental in-
formation, generate more detailed and higher-quality maps, and ulti-
mately improve the system’s robustness. Therefore, based on the
experimental findings, it can be inferred that the AIE-ORB-SLAM system
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outperforms the ORB-SLAM3 system in underwater low-light and turbid
environments, demonstrating its superior robustness.

5.3.2. Precision evaluation

We utilize the absolute trajectory error (ATE) metric to evaluate the
accuracy of underwater visual SLAM systems (Zhang and Scaramuzza,
2018). Figs. 14 and 15 display the trajectories estimated by ORB-SLAM3,
AIE-ORB-SLAM, and the ground truth trajectories. To enhance clarity,
time frames for the beginning and end of the trajectories have been
added to the figures. Notably, in underwater low-light and turbid en-
vironments, the estimated trajectories produced by the ORB-SLAM3
system tend to interrupt. Conversely, the estimated trajectories of the
AIE-ORB-SLAM system remain stable and maintain close proximity to
the actual trajectories.

To further evaluate the accuracy of the AIE-ORB-SLAM model, we
compared the ATEs of the estimated trajectories and the actual trajec-
tories for both the ORB-SLAM3 and AIE-ORB-SLAM systems. The results
can be found in Tables 4 and 5. In the trajectory I dataset, the AIE-ORB-
SLAM system demonstrates significant improvements in localization
accuracy compared to the ORB-SLAM3 system. Specifically, there are
enhancements of 50.17% in normal environments, 54.13% in low-light
environments A, 77.43% in low-light environments B, 84.34% in low-
light environments C, 20.29% in turbid environments, and 35.83% in
low-light and turbid environments. For the trajectory II dataset, the AIE-
ORB-SLAM system also outperforms the ORB-SLAM3 system, with im-
provements of 26.58% in normal environments, 90.04% in low-light
environments, 64.64% in turbid environments A, 67.07% in turbid en-
vironments B, 75.61% in turbid environments C, and 66.81% in low-
light and turbid environments. These results demonstrate the consis-
tent superiority of the AIE-ORB-SLAM system in terms of localization
accuracy, particularly in low-light and turbid underwater environments,
compared to the ORB-SLAMS3.

The experimental results indicate that the AIE-ORB-SLAM system, as
proposed in this paper, exhibits remarkable robustness and achieves
higher localization accuracy in underwater low-light and turbid envi-
ronments than does the ORB-SLAM3 system. Furthermore, this approach
enables precise underwater robot localization and map construction,
even under these challenging underwater conditions.

6. Conclusion

This paper effectively addresses the issue of performance degrada-
tion in underwater visual SLAM when operating in low-light and turbid
underwater environments. We present a two-pronged solution: first, a
recognition algorithm based on the AquaVisNet model is proposed,
facilitating real-time recognition of the underwater environment. Sec-
ond, an image enhancement algorithm employing a serial-parallel fusion
processing strategy is introduced to adaptively restore degraded un-
derwater images, optimizing visibility and quality.

The culmination of these innovations is the AIE-ORB-SLAM system,
an integration of recognition and image enhancement algorithms. An
experimental evaluation was conducted on various underwater envi-
ronment datasets to demonstrate the superiority of the AIE-ORB-SLAM
system over the ORB-SLAM3 system. The evaluation showed the sys-
tem’s advantages, such as shorter initialization time, extended tracking
duration, enhanced mapping capabilities, and superior localization ac-
curacy, even under low-light and turbid underwater conditions. The
AIE-ORB-SLAM system excels at accurately identifying the current un-
derwater environment and performing adaptive image enhancement,
enabling precise and reliable SLAM for underwater robots, even in dy-
namic underwater environments.

Future research endeavors will refine the underwater environment
recognition model and expand the image enhancement algorithm.
Additionally, a high-performance real-time motion capture device will
be deployed on the robot to investigate the performance of the AIE-ORB-
SLAM system in three-dimensional motion trajectories. Efforts will also
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Table 4
Mean ATE and RMS ATE from the operation of the underwater visual SLAM
system on trajectory dataset I.

Type ORB-SLAM3 AIE-ORB-SLAM
(ours)
Mean RMS Mean RMS
ATE ATE ATE ATE
Normal Environment 0.2097 0.2176 0.1045 0.1055
(Average Brightness:
2.0026)
Low-light Environment A 0.5095 0.5473 0.2337 0.2426
(Average Brightness:
1.1119)
Low-light Environment B 0.9906 1.0721 0.2236 0.2620
(Average Brightness:
0.4077)
Low-light Environment C 1.4205 1.5887 0.2224 0.2413
(Average Brightness:
0.1966)
Turbid Environment 1.2199 1.3048 0.9724 0.9985
Low-light and Turbid 1.2188 1.3421 0.7821 0.8051
Environment
Table 5

Mean ATE and RMS ATE from the operation of the underwater visual SLAM
system on trajectory dataset II.

Type ORB-SLAM3 AIE-ORB-SLAM
(ours)
Mean RMS Mean RMS
ATE ATE ATE ATE
Normal Environment 0.4071 0.4246 0.2989 0.3115
(UISM: 0.9667)
Low-light Environment 2.3116 2.8897 0.2302 0.2378
Turbid Environment A 0.9344 1.0716 0.3304 0.3464
(UISM: 0.7620)
Turbid Environment B 0.9339 0.9794 0.3075 0.3275
(UISM: 0.6052)
Turbid Environment C 2.9058 3.0879 0.7087 0.7467
(UISM: 0.4910)
Low-light and Turbid 1.6836 1.7230 0.5588 0.5890
Environment

be directed toward improving the computational efficiency and overall
performance of the AIE-ORB-SLAM system. Validation of its reliability
and robustness in authentic marine environments will be carried out
through the application of the system to the ecological detection of coral
colonies in marine environments.
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