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A B S T R A C T

Monitoring underwater environments is crucial for industrial applications, providing data that can be used for 
reporting against corporate sustainability and environmental goals. This study presents a novel approach to 
integrating high-resolution underwater imaging and high-tech water quality sensing with deep learning models 
to detect fish, estimate turbidity in Nephelometric Turbidity Units (NTU), and analyze their interactions. An IP- 
based underwater camera and two advanced water quality sensors were deployed at the Port of Mackay 
(northern Queensland, Australia) to collect synchronized visual and water quality data. A significant portion of 
collected images lacked valid turbidity values due to camera and sensor synchronization issues. To address this, 
we developed a custom Convolutional Neural Network (CNN) model for image-based turbidity estimation. 
Additionally, YOLOWorld-based prompt-able object detectors were used and evaluated for fish detection, with 
YOLOWorld-v1 Large emerging as the best choice, achieving 89.7 % accuracy without any training. Our pro
posed CNN water turbidity estimation model gained root mean square error of 1.6 NTU. Using these deep 
learning models, we found a non-linear correlation between fish count and water turbidity with an R2 of 0.93. 
This finding is aligned with previous research and highlights the complex interplay of environmental factors in 
marine ecosystems, while showcasing how technological advances can streamline ecological studies. Down
stream applications of this technology could include permanently installed underwater cameras in port waters 
that record real-time data. Management responses could then be automatically triggered when water quality 
parameters exceed threshold levels, providing early warnings and enabling timely actions to protect marine 
ecosystems.

1. Introduction

Coastal port developments are among the most extensive anthropo
genic modifications of marine ecosystems, fundamentally altering 
coastal environments on a global scale (Firth et al., 2024). These large- 
scale infrastructures are essential for international trade, economic 
growth, and urban expansion, but they introduce significant environ
mental challenges, particularly regarding the biodiversity and ecolog
ical function of marine communities (Verschuur et al., 2022). The 
proliferation of port and associated structures, including breakwaters, 
piers, and seawalls, has transformed natural coastlines, replacing soft- 
sediment and vegetated habitats with hard artificial substrates (Bishop 

et al., 2017; Waltham and Sheaves, 2015). As a result, marine life around 
these engineered structures is often distinct from that of adjacent natural 
habitats, exhibiting altered community compositions, species in
teractions, and ecological processes (Airoldi et al., 2021).

Assessing the biodiversity of fish and other marine organisms around 
these structures is essential for understanding both the potential con
sequences and positive benefits of port expansions. This knowledge 
enables researchers and decision-makers to recognize ecological 
changes while also identifying opportunities to support marine life and 
enhance ecosystem services associated with these developments. How
ever, quantifying fish communities in deep-water, highly engineered 
environments presents methodological challenges (Williams et al., 
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2021). Traditional survey methods employed to measure fish and 
aquatic species in coastal areas, such as netting, trapping, and diver- 
based observations (Whitfield and Elliott, 2002), are impractical due 
to depth, water clarity, and the physical/operational complexity of port 
structures (Malcolm et al., 2021).

In response to these limitations, underwater video methods have 
emerged as a non-invasive, and scalable approach, for assessing fish 
communities (Whitmarsh et al., 2017). This technique has proven 
especially valuable in marine environments where traditional sampling 
methods are constrained, offering an effective means of evaluating fish 
assemblages (Dunlop et al., 2015; Jahanbakht et al., 2023). Baited 
remote underwater video systems and remotely operated vehicles are 
increasingly being used to capture footage of fish communities, enabling 
species identification and abundance estimation (Langlois et al., 2020). 
These methods provide several advantages, including minimal distur
bance to the environment, the ability to operate in deep and structurally 
complex areas, and the capacity for long-term, repeatable observations 
(Harvey et al., 2018).

Despite these advantages, underwater video monitoring is subject to 
several limitations, particularly in turbid environments where visibility 
is reduced (Cappo et al., 2004). Many port areas can experience high 
sediment resuspension due to vessel traffic, dredging activities, and 
hydrodynamic conditions, while the design of port infrastructure (e.g., 
lower seabed areas and the construction of breakwaters) further creates 
still-water environments that promote the accumulation and subsequent 
resuspension of fine sediments, collectively leading to decreased image 
clarity and difficulty in species identification (Seiler et al., 2020). Poor 
visibility impedes manual image analysis and reduces the effectiveness 
of traditional video-based monitoring approaches (Heagney et al., 
2007). Addressing these challenges; for example, managing port related 
sediment relocation, requires developing new methods that improve the 
usefulness of underwater video in turbid coastal waters, where turbidity 
directly affects fish species by altering predator avoidance, foraging 
behavior, as well as community structure and distribution (Cyrus and 
Blaber, 1987; Lowe et al., 2015; Whitfield, 2021).

Recent advancements in artificial intelligence (AI) and computer 
vision have provided new opportunities for improving underwater video 
analysis (Saleh et al., 2024), particularly in challenging environmental 
conditions (Connolly et al., 2021; Goodwin et al., 2021). Machine 
learning algorithms have demonstrated significant potential for auto
mating species identification (Saleh et al., 2022) from video footage, 
reducing the labor-intensive nature of manual analysis and increasing 
data processing efficiency (Rodriguez et al., 2022). These AI-driven 
approaches can enhance the accuracy of fish identification even in 
low-visibility conditions by leveraging spectral, shape, and movement- 
based recognition techniques (Spampinato et al., 2010).

The combination of AI with real-time image enhancement enables 
researchers to extract more accurate biological data from underwater 
footage, overcoming the challenges posed by suspended sediments and 
low-light conditions (Bryson et al., 2016). These integrated approaches 
have the potential to revolutionize the way fish communities are 
assessed around coastal port infrastructures, leading to more robust 
ecological assessments and informed conservation strategies. A potential 
downstream application involves the detection of water quality condi
tions exceeding species-specific thresholds, with this technology 
providing near real-time notifications to management to facilitate timely 
mitigation responses.

Overall, as coastal port developments continue to expand to meet 
global demand, understanding their ecological influences on marine life 
is critical for sustainable management and conservation efforts, neces
sitating the adoption of underwater video monitoring. However, the 
challenges posed by turbid water conditions require innovative solu
tions that integrate AI and advanced image processing technologies. 
This study deployed an underwater camera alongside a high frequency 
water quality turbidity logger to establish a workflow to examine fish 
communities occurring within port infrastructure and under variable 

water clarity conditions – ranging from high to low turbidity visibility 
(Cartwright et al., n.d.).

The Port of Mackay (− 21.112◦; 149.227◦), situated along the 
Queensland coast adjacent to the Great Barrier Reef World Heritage 
Area, is among several designated priority port developments in the 
region. The port's engineered seawalls and deep-water environments, 
which facilitate safe navigation, have been demonstrated to support a 
high diversity of fish species (Waltham et al., 2023; Bradley et al., 2023). 
Although the study was conducted within a port setting, our intention 
was not to assess pollution-related attributes of the Port of Mackay. 
Instead, the port provided a controlled and accessible environment in 
which to evaluate the performance of an advanced monitoring system. 
This setting allowed us to examine how turbidity influences fish 
behavior in built environments and to test the effectiveness of under
water video and high-frequency loggers in capturing these dynamics. 
The aim was to understand the relationship between water turbidity and 
fish activity through deep learning analyses. By combining these 
cutting-edge methodologies, researchers can enhance the accuracy and 
efficiency of fish community assessments in port environments, ulti
mately supporting more informed decision-making in coastal infra
structure planning and ecological management. In the below Sections, 
we describe the study development and our results.

2. Hardware description

To facilitate real-time underwater observation and to study water 
quality effects on fish species in turbid waters, an underwater camera 
system was deployed in the waters of North Queensland Bulk Ports 
Corporation Port of Mackay, alongside a water quality sensor. As shown 
in Fig. 1, the entire system is securely mounted on a metallic structure 
designed for stable underwater operation.

2.1. Underwater camera

The View into the Blue® (VITB) camera is a high-definition, IP-based, 
pan-tilt-zoom (PTZ) underwater camera, featuring CleanSweep™ tech
nology for automated lens cleaning. This camera provides live 1080p 
video streaming at up to 30 frames per second with a resolution of 1920 
× 1080 pixels. It features a 4.7–47 mm autofocus lens with an automatic 
day/night mode, offering a horizontal field of view ranging from 6.7 to 
61.8◦. The PTZ functionality allows for 360-degree pan, 90-degree tilt, 
and an 8× optical zoom.

For power and data transmission, the camera is connected via a 
single 48 V cable that delivers 13 W of power from the wharf and in
tegrates it into the local area network (LAN) using a standard TCP/IP 
protocol. The camera is rated for depths of up to 50 m, and its CleanS
weep™ system, equipped with a 9 N-m torque cleaning arm, ensures 
continuous optical clarity by preventing biofouling and sediment accu
mulation on the glass dome.

2.2. Water quality sensor

The system incorporates a high-frequency logging sensor from In-situ 
Marine Optics® (IMO): the Nephelometric Turbidity Unit (NTU) sensor. 
The sensor unit is compact, fully submersible up to 90 m, and equipped 
with an automated wiper to maintain clear measurement apertures. The 
unit features internal rechargeable lithium-ion batteries that must be 
charged before each deployment.

The NTU sensor measures particle concentration in water using an 
infrared LED emitter and a photodiode detector operating in synchro
nous scattered light detection mode. This configuration minimizes the 
interference from ambient light sources, such as sunlight. The NTU 
sensor must be deployed at a 0-degree angle, facing the horizon, with an 
integrated tilt sensor for deployment verification. The data collected 
includes LED temperature, detector temperature, NTU raw counts, and 
NTU calibrated values.
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In addition to the abovementioned sensor-specific data, the 
following data is also collected similarly by both sensors: sensor's serial 
number, date and time, wiper position, input voltage, depth, water 
temperature, and tilt degree.

2.3. Customized Y-shaped cable

To integrate both sensors with the camera system, a custom-designed 
Y-shaped cable was fabricated. This cable allows both sensors to trans
mit their data via an RS232 serial protocol to the camera, which then 
makes the information accessible over the TCP/IP network.

The Y-shaped cable has an overall length of 6 m, with a 3-m segment 
before the split and two 3-m branches extending to each sensor. The 

cable is designed to withstand depths exceeding 50 m. Each connector is 
equipped with female locking sleeves to ensure a secure and waterproof 
connection. Fig. 2 provides a schematic view of the cable design, illus
trating the wiring diagram, connector heads, and pin configurations, 
which are numbered clockwise for male connectors and counterclock
wise for female connectors.

This integrated custom-developed hardware setup enables contin
uous underwater video monitoring while simultaneously collecting 
crucial water quality parameters, contributing to efficient environ
mental observation and research in the Mackay Port area.

Fig. 1. The underwater camera mounted on a metallic frame with NTU sensor (a) before deployment in Mackay Port in March 2023 and (b) two months later. An 
MS9 sensor was also deployed; however, the data were excluded from this study because the analysis focused exclusively on turbidity. The biofilm growth in (b) 
occurs commonly in coastal waters and includes a mixture of encrusting bivalves, macroalgae and biofilm, soft sponges and possibly soft corals. Of note is the 
CleanSweep™ system that effectively cleans the Perspex dome around the camera unit. (c) Representative sample images taken by the underwater camera are 
provided to illustrate the fish diversity in the area. The corresponding NTU value for each image is displayed at the bottom of the image.
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3. Software components

To effectively analyze underwater turbidity levels, a comprehensive 
dataset was collected using the underwater camera and water quality 
sensors. Given the inherent challenges of underwater monitoring, 
specialized data collection and processing techniques were developed to 
ensure high-quality and reliable operation. The following sections detail 
the dataset attributes, and two deep learning approaches employed to 
count fish species and to estimate turbidity levels from images, 
addressing the challenges posed by invalid or missing sensor readings.

3.1. Dataset attributes

The underwater monitoring system, consisting of the VITB camera 
and two IMO sensors, was installed at a depth of 11 m in the North 
Queensland Bulk Ports Corporation Port of Mackay (TropWATER, 
2024). Since the camera and sensors operated as independent in
struments, a custom Python-based data collection code was developed to 
ensure synchronized image acquisition and sensor measurements.

The data collection process begins with connecting to the camera 
system via its network APIs (VITB, 2025) to capture an underwater 
image and issuing a sensor data preparation command. Once the sensors 
complete their measurement process, they return the data to the code 
before the connection is terminated. Our code also verifies both camera 
and sensor data timestamps at the moment of data collection, ensuring 
their accurate timing. Due to the inherent operational delays and 
network latency, there is always a slight time difference between a 
captured image and its corresponding water quality data. To maintain 
measurement integrity, any sensor and camera data entry with a time 
difference exceeding 20 s was discarded. Additionally, the dataset was 

restricted to daytime images to enhance consistency and usability.
Between March 21, 2023, and May 23, 2023, a total of 29,349 images 

were collected. Of these, 9331 images (32 %) were associated with valid 
NTU readings, while 20,018 images (68 %) were excluded due to 
excessive time differences with their corresponding NTU measurements, 
rendering them invalid.

To evaluate the performance of our fish-counting AI models, all 
images (including those with invalid NTU offsets) were manually 
reviewed by volunteer students to identify 1519 instances of fish pres
ence. The review process was conducted on standalone images captured 
by the underwater camera; therefore, no video processing or frame 
extraction was required. Each image was binary labeled as either fish 
present or fish absent, depending on whether the human annotator 
could visually identify any part of a fish's body within the frame. To 
minimize annotation complexity, we did not consider factors such as fish 
size, species, or functional groups, primarily due to our limited access to 
volunteer annotators. Consequently, exploring the link between 
elevated turbidity and specific ecological mechanisms, rather than 
general fish count, falls beyond the scope of this study and is left for 
future research.

Additionally, images with valid NTU values were categorized into 
five turbidity levels (i.e., very low, low, medium, high, and very high) 
corresponding to those illustrated in Fig. 3. These levels represent five 
quantile ranges of turbidity, corresponding respectively to maximum 
values of 3, 6, 9, 12, and 15 NTU. The distribution of images across these 
categories is as follows: 

• Very low: 1775 images
• Low: 4785 images
• Medium: 1944 images

Fig. 2. The customized Y-shape cable to connect the two water quality sensors (NTU and MS9) into the camera, and from there to the worldwide web. Despite the 
installation of the MS9 sensor, its data were excluded from this study because the analysis focused exclusively on turbidity.
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• High: 575 images
• Very high: 252 images

A histogram of these categories is presented in Fig. 3, illustrating the 
distribution of turbidity levels within the collected dataset. This dataset 
provides valuable insights into underwater visibility conditions and 
water quality variations over the data collection period.

3.2. Deep learning models

3.2.1. Fish counting
To enable accurate fish counting in underwater environments, we 

employed two advanced deep learning models from the YOLOWorld 
framework: YOLOWorld-v1 Large and YOLOWorld-v2 XLarge. These 
models were selected after evaluating multiple versions and sizes of 
YOLOWorld for their suitability in detecting fish under varying turbidity 
conditions. Below, we detail the model structures, hyperparameters, and 
training methodologies utilized, focusing on their technical configura
tions tailored for this application.

The architecture of both YOLOWorld-v1 Large and YOLOWorld-v2 
XLarge builds upon the YOLOv8 framework, enhanced for open- 
vocabulary object detection to accommodate the diverse fish species 
encountered in the Port of Mackay. For YOLOWorld-v1 Large, the 
backbone is based on YOLOv8-L, comprising approximately 43 million 
parameters dedicated to vision processing (Cheng et al., 2024). In 
contrast, YOLOWorld-v2 XLarge employs the larger YOLOv8-X back
bone, with an estimated 68 million parameters (Cheng et al., 2024). 
Both backbones utilize a Darknet-based design, optimized for efficient 
feature extraction across complex underwater scenes. The neck of these 
models incorporates a Re-parameterizable Vision-Language Path Ag
gregation Network (RepVL-PAN), featuring Text-guided CSPLayer and 
Image-Pooling Attention modules to facilitate cross-modality fusion 
between visual and textual data (Cheng et al., 2024). This enhances the 
models' ability to associate fish detections with descriptive labels. The 
detection head, consistent with standard YOLO architecture, performs 
bounding box regression and generates object embeddings. Addition
ally, a frozen CLIP-base text encoder, with approximately 63 million 
parameters, processes textual inputs, contributing to a total parameter 
count of approximately 110 million when combined with the vision 
backbone (Cheng et al., 2024; Cheng, 2025).

The YOLOWorld models used in this study were employed in a zero- 
shot setting without any additional fine-tuning or re-training. According 
to the original YOLOWorld paper (Cheng et al., 2024), these models 
were trained, using the AdamW optimizer with an initial learning rate of 
0.002 and a weight decay of 0.05 to prevent overfitting. The models 

were trained for 100 epochs on 32 NVIDIA V100 GPUs, leveraging a 
batch size of 512 to ensure efficient parallel processing. To enhance 
robustness against underwater variability, data augmentation tech
niques were applied, including color adjustments (brightness and 
contrast), random affine transformations (scaling and rotation), random 
flips (horizontal and vertical), and mosaic augmentation combining four 
images per sample (Cheng et al., 2024). An online vocabulary of up to 80 
nouns per mosaic sample was integrated during training. This vocabu
lary was dynamically sampled during training to expose the model to 
varied object-language associations. While the training vocabulary was 
broad to support open-vocabulary generalization, for the fish counting 
task, we constrained the inference prompt to a single class: “fish”. This 
focused approach allowed the model to generalize across different spe
cies and shapes of fish without relying on species-level annotations, 
making it well-suited for detecting fish in diverse, turbid underwater 
conditions where species differentiation is less critical.

A key distinction between the models lies in their pre-training 
datasets. YOLOWorld-v1 Large was pre-trained on the Objects365 and 
Grounded Question Answering datasets, providing a robust foundation 
for general object detection (Cheng et al., 2024). YOLOWorld-v2 XLarge 
extends this pre-training by incorporating the Conceptual Captions 3 M 
dataset, which includes a large collection of image-text pairs, potentially 
enhancing its zero-shot detection capabilities across a broader range of 
underwater objects (Cheng et al., 2024). These pre-training differences, 
alongside the architectural variations, were considered during model 
selection to optimize performance for fish counting in turbid waters. The 
hyperparameters and structural configurations of YOLOWorld-v1 Large 
and YOLOWorld-v2 XLarge were meticulously designed to balance 
computational efficiency with detection accuracy, making them well- 
suited for real-time underwater monitoring.

In our work, we applied these pre-trained models as-is for inference 
on underwater datasets, constraining the inference prompt to a single 
class, “fish”, to focus on general fish detection under diverse underwater 
conditions. This prompt-driven approach simplified the detection task 
while leveraging the model's open-vocabulary capabilities, making it 
adaptable to various ecological monitoring scenarios without needing 
extensive retraining or species-specific labelling. Further details on their 
comparative performance are presented in Section 4-A, where 
YOLOWorld-v1 Large was ultimately selected due to its optimal balance 
between detection accuracy and model efficiency.

3.2.2. Turbidity estimation
As discussed in Section 3-A, a total of 20,018 images were deemed 

invalid due to excessive time delays between image capture and their 
corresponding NTU measurements. Given the significant volume of 
discarded data, a deep learning-based approach was adopted to estimate 
water turbidity directly from the images.

To achieve this, we initially experimented with existing advanced 
Deep Neural Network architectures, including small, medium, large, and 
B3 variants of EfficientNet-v2 (Tan and Le, 2021). However, these 
models fall short due to their complex structures and huge number of 
training parameters. The high parameter count led to under-training and 
-fitting issues, making them inefficient for visual image turbidity 
estimation.

To address these limitations, we designed a simplified Convolutional 
Neural Network (CNN) tailored for turbidity estimation. The structural 
hyperparameters of this model were carefully optimized to maximize 
accuracy while maintaining computational efficiency. A schematic 
representation of the model is provided in Fig. 4.

The proposed CNN processes input images through a series of con
volutional (Conv2D) and max-pooling layers, refining feature extraction 
at each stage. The extracted features are then batch normalized and 
flattened into a 1D array before being passed through a sequence of 
Multilayer Perceptron (MLP) layers. The number of convolutional layers 
and their filters, as well as the number of MLP layers and their neuron 
counts were optimized. It is worth noting that the final MLP layer 

Fig. 3. The histogram of the valid/synchronous daytime image turbidities, 
categorized into five semantic groups.
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contains a single neuron representing the estimated NTU level.
Hyperparameter optimization results indicate that the optimal ar

chitecture consists of three consecutive Conv2D layers with 6, 13, and 
21 filters, each followed by max pooling. These are then connected to 
three MLP layers with 1057, 84, and 21 neurons, respectively. This 
optimized model demonstrates superior accuracy in estimating turbidity 
levels while maintaining a lightweight structure suitable for real-world 
applications.

The optimized CNN model was trained on an NVIDIA GeForce RTX 
4090 GPU using the Adam optimizer, with a batch size of 16 and an 
initial learning rate of 0.001. Training was carried out for 16 epochs, 
taking a total of 72.9 min. The model's performance was monitored on 
the validation dataset after each epoch, and the best-performing model 
was achieved during the 12th epoch. Early stopping based on validation 
performance was applied to prevent overfitting, and standard data 
augmentation and normalization techniques were used to improve 
generalization. The final selected model represents the optimal balance 
between training accuracy and validation performance.

4. Results and discussions

4.1. Fish counting performance

After evaluating various YOLOWorld-v1 and YOLOWorld-v2 model 
sizes (Small, Medium, Large, and XLarge), we identified that 
YOLOWorld-v1 Large achieved superior accuracy, whereas YOLOWorld- 
v2 XLarge demonstrated better precision. A comparative analysis of 
these two models is provided in Table 1.

YOLOWorld-v1 Large exhibited higher accuracy and recall, indi
cating its capability to correctly identify fish while minimizing False 
Negatives (FN). On the other hand, YOLOWorld-v2 XLarge had better 
precision and specificity, suggesting it excelled at reducing False Posi
tives (FP). Additionally, YOLOWorld-v1 Large showed a slight advan
tage in F1-score, demonstrating a better balance between precision and 
recall. These differences are further reflected in their confusion matrices 
in Table 1, where YOLOWorld-v1 Large achieved comparable or supe
rior True Positive (TP), True Negative (TN), and FN values. Based on 
these findings, YOLOWorld-v1 Large was selected as our deep learning 

model for fish counting throughout the study.

4.2. Turbidity estimation performance

Our optimized CNN model for turbidity estimation was bench
marked against EfficientNet-v2 Small, with results summarized in 
Table 2. To facilitate this comparison, all 9331 images with valid 
turbidity values were divided into a training set of 5598 images (60 %) 
and a validation set of 3733 images (40 %). The model was initially 

Fig. 4. The schematic view of the customized CNN model for water turbidity estimation, where the optimized variables are marked by a .

Table 1 
Comparing the performance of two YOLOWorld variants in counting fish in 
daytime turbid waters.

Metrics YOLOWorld-v1 
Large

YOLOWorld-v2 
XLarge

Accuracy 0.897 0.844
Precision 0.959 0.984
Recall 0.813 0.673
Specificity 0.970 0.990
F1-score 0.880 0.800
Confusion Matrix

TN 
52.2% 

FP 
1.6% 

FN 
8.6% 

TP 
37.6% 

 

TN

53.3%

FP

0.5%

FN

15.1%

TP

31.1%

Table 2 
Comparison of the turbidity estimation performance between our optimized 
CNN model and an existing advanced deep learning model.

Metrics EfficientNet-v2 Small Optimized CNN

RMSE 5.078 1.685
Bias − 4.299 0.079
Abs. error μ − 4.320 0.057

σ 2.710 1.680
Rel. error μ − 76.5 % 10.6 %

σ 11.1 % 31.5 %
Scatter index 0.958 0.318
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trained using only the training set, and its performance metrics were 
then evaluated on the validation set. As a deep learning regression 
model, our CNN significantly outperformed EfficientNet-v2 Small in 
terms of Root Mean Square Error (RMSE) of NTU, demonstrating a more 
precise turbidity estimation. Additionally, its bias (i.e., the average 
error) is calculated as, 

Bias =
1
N
∑

i
(T̂i − Ti),

where N is the total number of samples and Ti and T̂i are the true and 
estimated turbidity values, respectively. The calculated bias is close to 
zero NTU, indicating minimal systematic errors in the predictions. This 
low bias is also reflected in the small mean (μ) and standard deviation 
(σ) of both the absolute and relative errors.

Dispersion, a measure of variability in a dataset, was also examined. 
Specifically, the scatter index (Bhattacharya and Sinha, 2022), an 
advanced and unitless dispersion metric based on relative observation 
frequency, is calculated as, 

Scatter Index =
RMSE
1
N
∑

i
Ti
.

The calculated scatter index is noticeably lower in our optimized 
CNN model. This implies that our model achieved a more consistent and 
reliable turbidity estimation.

Using this optimized CNN model, turbidity levels were estimated for 
20,018 images that previously lacked valid NTU values. The key findings 
from this regression process are: 

• Min recorded image turbidity: 1.4
• Max recorded image turbidity: 20.0
• Min recorded turbidity in fish presence: 1.6
• Max recorded turbidity in fish presence: 14.8

This range in NTU aligns with the range experienced in the port 
waters, based on a long-term water quality monitoring program 
(Cartwright et al., 2024).

Fig. 5 presents a scatter plot comparing CNN-based regression 

estimates with true turbidity values. The 70 % prediction interval is 
measured by 

RegrLine±(1 − 0.7)×RegrLine,

where RegrLine is the fitted linear regression line to the predicted values. 
Of the 9331 valid NTU samples, 8013 (~86 %) of the predicted values 
fall within the 70 % prediction interval, demonstrating the reliability of 
the model's predictions. This figure also contains the 70 % Confidence 
Interval (CI), calculated by 

T̂ ± t0.85 ×RMSE×

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅

(T − T)2

∑

i
(Ti − T)2

√
√
√
√
√ ,

where t0.85 ≈ 1.04 is the critical value from the t-distribution corre
sponding to a 70 % CI and T is the average of the true NTU readings. The 
narrow width of the confidence interval (particularly in areas with a 
higher density of NTU measurements) indicates that the CNN model's 
turbidity predictions show a strong linear relationship and a good 
overall fit to the observed measurements.

4.3. Correlating fish count and turbidity

To analyze the relationship between fish count and water turbidity, 
we examined the correlation between the fish count in our dataset and 
the corresponding turbidity levels. This correlation is based on: 

• 29,349 images (including 9331 valid and 20,018 estimated NTU 
samples) when using estimated turbidity values, and

• 9331 images (i.e., valid NTU samples) when using true turbidity 
values.

The results in Fig. 6 demonstrate a non-linear relationship. Fish 
count initially decreased as turbidity rose from very low to medium but 
then increased as turbidity reached very high levels. To further inves
tigate this relationship, a detailed analysis is presented in Table 3. We 
began by calculating the Pearson and Poisson R2 scores to assess the 
coefficients of determination for the linear and logarithmic regression 
models, respectively. In simple terms, the R2 score quantifies how much 
of the variance in fish count (the dependent variable) can be explained 
by turbidity (the independent variable). The low R2 values obtained for 
both Pearson and Poisson regressions indicate poor model fits, which 
was expected. Consequently, we explored polynomial regressions, 
where the cubic model achieved an R2 score of 0.97, indicating an 
excellent fit.

It is important to note that this score was derived using estimated 
turbidity values, representing our engineered imputation approach to 
address missing data. To further evaluate the model's robustness, we also 
computed its R2 score using true turbidity values, which yielded a value 
of 0.82 (see Table 3). This result suggests that 82 % of the variation in 
fish count can be explained by turbidity via the cubic model, high
lighting a nonlinear relationship between turbidity and fish presence. 
The cubic regression fit, along with its 95 % confidence interval, is 
visualized in Fig. 6, as well.

4.4. Discussions and directions for future research

This study demonstrates the effectiveness of integrating underwater 
video imaging with deep learning models and high-frequency turbidity 
sensing to monitor fish communities in port environments. Traditional 
fish survey methods such as diver-based transects, nets, and traps are 
often impractical in ports due to restricted access, poor visibility, and 
physical hazards (Whitfield and Elliott, 2002; Malcolm et al., 2021). Our 
approach successfully addressed these limitations by using an IP-based 
underwater camera system combined with automated fish detection 

Fig. 5. Scatter plot of the optimized CNN model's output (i.e., the estimated 
turbidity on the y-axis) versus the true turbidity measured by NTU sensors. The 
plot includes the fitted linear regression, along with its 70 % prediction interval 
and 70 % confidence interval (CI).
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algorithms (YOLOWorld-v1 Large) and a custom CNN for turbidity 
estimation. The capacity to recover and utilize large volumes of image 
data, even where direct turbidity measurements were missing, marked a 
major strength of the approach. This advancement is consistent with 
global trends towards AI-enhanced marine monitoring (Marini et al., 
2018; Monkman et al., 2022).

Nonetheless, the limitations of our approach warrant careful 
consideration. A significant challenge was the synchronization delay 
between video capture and sensor logging, which initially led to the loss 
of 68 % of image-turbidity pairs. Despite addressing this issue with a 
custom-build CNN model, future reliable systems must address it 
through improved network integration (Bouma et al., 2019). Addition
ally, although YOLOWorld-based models achieved high detection ac
curacy, visual fish detection accuracy for both human and machines 
inherently suffers from high turbidity conditions, where image degra
dation limits the ability to identify smaller or more cryptic species 
(Hannam et al., 2022; Ditria et al., 2020). Similar limitations have been 
reported in studies using baited remote underwater video systems, 
where visibility strongly affects detection rates (Harvey et al., 2012; 
Stobart et al., 2007). A solution is to focus the sampling approach to 
clear water periods (Schmid et al., 2017). Furthermore, our study 
focused only on daytime observations, thus missing nocturnal fish ac
tivity, which can be substantial in port ecosystems (Becker et al., 2018).

Both these limitations; namely, the constraints in technology to 
consider nocturnal activities and the reduction in visual fish detection in 
high turbidity environments, will reduce the ability to accurately assess 
fish communities and biodiversity. This may lead to the 

underrepresentation of species adapted to turbid habitats and have 
implications on the effectiveness of ecosystem monitoring and man
agement decisions. Also, while the water turbidity estimation CNN 
model performed well overall, any estimation approach introduces some 
uncertainty compared to direct instrument measurements. These issues 
highlight the need for continued methodological refinement, including 
improved sensor synchronization, night-vision capable cameras, and 
multi-modal sensor integration.

Comparison with previous studies highlights both consistency and 
advances. Underwater video studies in coastal and estuarine areas have 
shown declines in fish detection rates as turbidity increases (Whitmarsh 
et al., 2017; Cappo et al., 2003), and our results showing a non-linear 
fish-turbidity relationship are consistent with findings where fish use 
turbidity for predator avoidance (Lehtiniemi, 2005; Wenger et al., 
2013). However, unlike previous studies, we successfully estimated 
turbidity directly from underwater images using deep learning, building 
on initial approaches explored by Spampinato et al. (Spampinato et al., 
2010) and refined in more recent AI-aided ecological monitoring work 
(Ditria et al., 2020). The quadratic pattern we observed, where fish 
abundance initially decreased but increased again at very high turbidity, 
supports theories of trade-offs between foraging efficiency and preda
tion risk under variable visibility (Abrahams and Kattenfeld, 1997). This 
insight suggests that management actions aimed at minimizing turbidity 
may not straightforwardly benefit all fish species but may shift com
munity composition towards different functional groups depending on 
turbidity regimes.

An important ecological insight from this work is the complex, 
species-specific influence of turbidity on fish assemblages. While high 
turbidity often negatively affects visual predators and planktivores, it 
can simultaneously benefit species adapted to low-visibility environ
ments (Wenger et al., 2013; Gray et al., 2012). The observed non-linear 
relationship, with fish abundance rising at very high turbidity levels, 
suggests that some species may actively exploit turbid conditions for 
refuge from predators or as improved foraging conditions (Lehtiniemi, 
2005; Blaber and Blaber, 1980). Such findings are consistent with 
functional group shifts reported in estuarine and mangrove systems 
under changing turbidity (Breitburg, 1999). This nuance is critical for 
environmental management planning in coastal development, as the 

Fig. 6. Histogram of average fish counts across five turbidity levels, along with a cubic polynomial fit and its corresponding 95 % confidence interval (CI).

Table 3 
Comparing multiple regression model performances (R2 scores) when predicting 
estimated or ground-truth turbidity values.

Regression model Estimated and true 
turbidities

True, turbidity values 
only

Linear – Pearson 0.41 0.05
Logarithmic – Poisson 0.29 0.03
Polynomial – 

Quadratic
0.93 0.19

Polynomial – Cubic 0.97 0.82
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observed non-linear relationship between fish abundance and turbidity 
highlights the importance of management strategies that recognize the 
ecological complexity of these environments. Rather than simply aiming 
to minimize turbidity in all situations, it is essential to support diverse 
functional groups and preserve ecosystem services within port and 
coastal systems.

Future research would benefit from trait-based analyses (e.g., 
feeding mode, sensory adaptations) which could be applied to a much 
larger dataset collected over a longer duration to include more fish with 
a wide range of traits. This more comprehensive data set could be used 
to improve predictions of fish assemblage responses to varying turbidity 
levels in coastal environments, including port facilities. Such informa
tion would enhance understanding of habitat selection patterns (such as 
the use of artificial infrastructure compared with natural vegetated 
habitats like mangroves or seagrass) and provide insights into food web 
dynamics and foraging strategies under different turbidity regimes. 
Additionally, it could inform new hypotheses regarding species-specific 
adaptations, including sensory compensation mechanisms employed by 
predators or prey to cope with varying turbidity conditions. Several 
studies have investigated fish responses and behavioral patterns under 
varying turbidity conditions using traditional sampling methods such as 
netting, visual surveys, and controlled tank experiments. In contrast, 
this study introduces an innovative approach that enables longer-term, 
minimally invasive deployments, reducing potential behavioral distur
bance and experimental bias. This method provides enhanced insights 
for marine managers to support more effective management of coastal 
ecosystems.

Additionally, the current study was limited in its ability to resolve 
species-specific responses due to the constraints of automated fish 
detection models and the general challenge of species identification 
under poor visibility. Thus, developing AI models that better incorporate 
behavioral and morphological cues could significantly advance forward 
underwater ecological monitoring.

Considering these limitations, this study does ultimately demon
strate a scalable proof-of-concept for automated ecological monitoring 
in industrial port environments. Integrating underwater video, AI-based 
fish detection, and high-frequency water quality logging allows for near 
real-time assessment of environmental conditions and biological re
sponses, supporting adaptive management approaches (Monkman et al., 
2022; Hernandez et al., 2020).

A potential application of this study is the use of underwater cameras 
in port waters that record real-time data, not only on water quality 
parameters but also on fish assemblage behaviors as detected through 
advanced analytics. By integrating real-time monitoring of both envi
ronmental conditions and fish community responses, management sys
tems could be programmed to automatically trigger responses when 
water quality parameters meet certain metrics. This offers the oppor
tunity for these management responses and triggers to be calibrated 
based on real-time behavioral insights, ensuring that interventions are 
informed by the positive ecological roles observed at threshold turbidity 
levels, not just by environmental metrics alone. This could allow man
agers to proactively consider the broader ecological context and op
portunities for ecosystem enhancement. By integrating sensor data with 
deep learning-based behavioral analysis, this adaptive framework sup
ports more nuanced, ecosystem-based management strategies that can 
dynamically adjust to changing conditions, ultimately promoting the 
health and resilience of marine communities in areas adjacent to ports.

This study supports the recommendation that any development or 
review of threshold or region-specific water quality values should be 
directly informed by key ecological findings, particularly the non-linear 
responses of fish communities to turbidity. Fish in estuaries must adapt 
to highly variable turbidity by adjusting their foraging strategies, sen
sory reliance, and movement behavior. Some species shift from visual 
feeding to relying on lateral line or olfactory cues, while others modify 
swimming speeds or seek clearer microhabitats. Elevated or prolonged 
turbidity, however, can reduce feeding efficiency, impair predator 

avoidance, disrupt migration cues, and smother critical habitats such as 
seagrass. As turbidity increases due to climate and catchment pressures, 
these effects may ultimately reduce growth, survival, and overall pop
ulation resilience (Cyrus and Blaber, 1987; Lunt and Smee, 2020; 
Johnston et al., 2007).

Management guidelines should acknowledge that some species may 
benefit from higher turbidity while others may be adversely affected. 
This would allow threshold values to better capture the unique char
acteristics of inshore environments and the diverse ways fish species 
respond to both natural and human-driven turbidity changes. During 
periods of human-induced turbidity, early detection of threshold 
breaches (e.g., those outlined in the Great Barrier Reef Water-Quality 
Guidelines (Environmental Protection (Water and Wetland Biodiver
sity) Policy, 2023)) using the system presented here are possible, helping 
to limit broader coastal ecosystem impacts.

Future research should include extended deployment of the camera 
rig over longer periods (6–12 months), providing not only a more 
comprehensive assessment of turbidity but also insights into seasonal 
patterns in fish community responses to changing turbidity conditions. 
Fully operationalizing this continuous logging at scale will require ad
vancements such as improved biofouling mitigation, integration with 
acoustic monitoring for non-visual species detection (Williams, 2014), 
and extension into nocturnal monitoring. From a management 
perspective, the ability to detect biologically relevant turbidity thresh
olds and community shifts in near real-time could help port and coastal 
infrastructure managers to better align operations with environmental 
sustainability goals.

Future research should focus on extending this integrated monitoring 
framework across multiple sites, seasons, and habitat types to validate 
its broader applicability. Another extension to this application is to 
examine and establish effective detection distances under different 
turbidity conditions. This could be achieved by including similar design 
additions such as checkerboard visuals inside the field of view. Overall, 
this study advances the technical and conceptual foundations for 
smarter, more responsive marine biodiversity monitoring in heavily 
modified coastal systems.

5. Conclusion

This study successfully integrates deep learning models with un
derwater imaging and sensor data to achieve two core objectives: (1) 
detecting fish presence and (2) estimating water turbidity (in NTU). Key 
results demonstrate that: 

• YOLOWorld-v1 Large delivers the optimal balance of accuracy (89.7 
%) and recall for fish detection in turbid port waters, operating 
effectively in a zero-shot setting without additional fine-tuning.

• The optimized custom CNN model enables reliable image-based 
turbidity estimation, with a root mean square error (RMSE) of 1.6 
NTU; outperforming benchmark models like EfficientNet-v2 Small.

• A strong nonlinear correlation (R2 = 0.93 using estimated turbidity; 
R2 = 0.82 using true turbidity) exists between fish count and 
turbidity, underscoring the complex interplay of environmental 
conditions and marine biotic responses.

Notwithstanding these contributions, the study faces two notable 
limitations: (1) synchronization delays between the underwater camera 
and NTU sensor resulted in 68 % of image-turbidity pairs being dis
carded (addressed via CNN imputation but requiring technical refine
ment); (2) the exclusion of nighttime data and reliance on daytime 
observations may underrepresent nocturnal fish activity.

To advance this work, future research should prioritize three 
actionable steps: 
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1. Implement network-synchronized timestamp protocols (e.g., Preci
sion Time Protocol, PTP) to eliminate camera-sensor synchronization 
delays and reduce reliance on imputation.

2. Deploy low-light or infrared cameras, paired with deep learning 
models trained on augmented nighttime datasets, to capture 
nocturnal fish behavior and expand monitoring coverage.

3. Conduct extended deployments (6–12 months) to assess seasonal 
variability in turbidity and fish community responses, while inte
grating acoustic monitoring to detect non-visual species and improve 
biodiversity assessments.

Ultimately, this study provides a scalable proof-of-concept for AI- 
enhanced marine monitoring in industrial ports, and with continued 
refinement of the technical framework and resolution of current limi
tations, the approach can be operationalized to support real-time, 
ecosystem-based management. By enabling rapid detection of 
turbidity fluctuations and associated changes in fish presence, the sys
tem can serve as an early-warning tool for sediment resuspension, 
pollution events, and other anthropogenic disturbances, thereby facili
tating automated conservation responses when water-quality parame
ters exceed ecologically relevant thresholds.
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