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Abstract - Environmental distortions and dataset-induced bias are challenges for underwater object detection due to the impact 

on model generalization. This research paper focuses on bias in the RUOD dataset and compares the performance of YOLOv5s, 

YOLOv8s, and YOLOv11s with 9,800 training images. Precision, Recall, and mean Average Precision (mAP) were used to 

perform a comprehensive analysis. The comparative results demonstrate that YOLOv11s has the highest performance when 

evaluated by mAP@0.5 (0.8721), followed by YOLOv8s and YOLOv5s, with slight differences among the models. The bias 

analysis of the training and validation sets showed a significant class imbalance, with the dominant classes being fish (17.5%) 

and echinus (15.15%), and the underrepresented classes being turtle (5.44%) and jellyfish (3.62%). Class-wise evaluation, 

however, suggests that the accuracy of detecting classes does not directly relate to the frequency of the classes, as there are 

several classes with low representation that are detected with high accuracy. The results show that there is a complex interplay 

between the bias in the datasets and the performance of the models, and that architectural improvements are not enough to 

entirely compensate for the bias effects. This research work gives insights into bias-aware evaluation to enhance underwater 

object detection systems. 

 

Keywords - Underwater object detection, YOLO, Deep learning, Object detection, Dataset imbalance, Performance evaluation, 

Computer vision.   

 

1. Introduction 
During the last twenty years, object detection has 

demonstrated remarkable advancements [1-4]. The major 

drawback of object detectors is that they are vulnerable to the 

problem of spatial bias, and specifically, they work poorly 

when it comes to detecting objects towards the edges of the 

image. Spatial bias has long been missing suitable methods of 

measurement and identification, and little is known of its 

origins and the extent to which it is present [5]. Regrettably, 

the detectors in reality cannot work equally well throughout 

the spatial zones, but they often exhibit a clear performance 

degradation along the image edge. Such constraints are made 

even worse in domain-specific problems like underwater 

object detection, whereby additional biases are brought about 

by the environmental conditions. 

 

It is a phenomenon is known as spatial bias, but it is 

expected in object detection and somehow has long been 

overlooked by the detection community. Leaving the issue 

aside could lead to severe safety risks and the probability of 

huge losses (property damage). As an illustration, a fire 

detector can be effective in identifying fire in the central 

region and become ineffective in identifying fire in the 

extreme regions of the image. This type of fire alarm system 

is not reliable because the central zone of the lens will only 

take a small percentage of the image. The spatial robustness 

of Convolutional Neural Networks (CNNs) [6-10] has 

recently arrived, due to the understanding of how small image 

changes (e.g., color jitter or translation) affect the accuracy of 

image classification in the direction of that much desired 

translation invariance. The classifier has it been found that the 

classifier can make completely different predictions when the 

same object is presented at a different spatial position [9, 10]. 

  
Figure 1 shows a series of concepts of spatial bias in 

object detection organized around a core concept, which 

breaks down into its definition, affected image regions, CNN-

based empirical evidence, domain-specific amplification, and 

the existing measurement gap - all of which explain why 

spatial bias is an important yet historically underaddressed 

challenge in the detection literature. 

 

http://creativecommons.org/licenses/by-nc-nd/4.0/
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Fig. 1 Conceptual overview of spatial bias in object detection 

 

Nevertheless, the problem of insufficient methods for 

measuring and detecting spatial bias has been an open issue 

over the years. The conventional assessment, i.e., the AP 

metric, quantifies the overall image zone detection 

performance, and it offers no information to guide the spatial 

strength of detectors; one can barely know where and by how 

much the performance is compromised. Thus, an evaluation 

protocol is especially critical since it will have a chance to 

increase a deeper insight into the spatial bias and provide a 

means to develop the methodology. Although there have been 

considerable advances in reducing inaccuracy and improving 

the performance of object detection machine learning models, 

other types of bias, including those related to the presence of 

data imbalance, environmental conditions, and machine 

design, have not been extensively studied. This is of special 

concern to the underwater object detection problem, in which 

phenomena like light attenuation, color distortion, and limited 

annotated data impose other biases on models and thus 

influence their performance. Previous studies have indicated 

that biases, class imbalances, and disparities exist in computer 

vision datasets, especially in areas like autonomous driving, 

where they can cause unfair object classification as well as 

wrong predictions of Vulnerable Road Users (VRUs) [11], 

[12]. The presented findings point to the larger role of dataset-

driven biases, which will tend to be even more severe in more 

demanding conditions like underwater object detection. 

 

In most object detection datasets, classes are highly 

imbalanced; that is, some classes have many more instances 

than others [13-16]. The result of this imbalance is that it may 

give rise to models that lead to a biased identification of 

dominant classes and the inability to identify less frequent but 

critical classes [17-19]. These biases may often be passed on 

to the training data, resulting in skewed class detection 

performance [20, 21]. In the underwater object detection task, 

the problem is even more prominent in the context of 

insufficiently annotated data and asymmetric distribution of 

categories.  

The implications of dataset bias and class imbalance 

cannot be ignored, as they may have a severe impact on the 

reliability and safety of perception systems utilized in the real 

world. In adverse scenarios, such as underwater situations, it 

is particularly important to ensure robustness and fairness, and 

a failure to detect can lead to significant operational risk. 

 

Figure 2 demonstrates that bias in detecting ML objects 

has three sources of origin: data imbalance, environmental 

conditions, and model design. These converge in the context 

of underwater detection, where the attenuation of light, 

distortion of color, and limited annotated data contribute to the 

further amplification of each source. This compounded effect 

has two crucial consequences, namely, class imbalance effects 

(when rare classes are missed and bias is inherited from the 

training data) and operational risks (such as unreliable 

detection and safety failures). Both results justify the fact that 

just models are required, which can be robust enough to work 

in adverse conditions of the real world. 
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Fig. 2 Sources and consequences of bias in underwater ML object detection 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Fig. 3 Object detection landscape - architectures, bias, and domain challenges 
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1.1. Bias in Object Detection: Recent Advances and 

Challenges 

Object detection is an essential computer vision problem 

that has made great steps with the help of deep learning 

systems such as YOLO, Faster R-CNN, and DETR, and now 

finds use in many areas. Although these have been made, 

object detection systems tend to be biased, as they are 

characterized by systematic performance differences across 

object categories, spatial locations, and environmental 

conditions. These biases are normally due to unbalanced 

datasets and natural properties of models. Recent studies have 

only started to discuss robustness and generalization, but bias 

is an area that has not been studied well, especially in domain-

specific problem solutions like underwater object detection, 

where environmental distortions and limited data indeed make 

the task even more difficult [22-24]. 

 

Figure 3 illustrates how three large deep learning 

architectures (YOLO, Faster R-CNN, DETR) regulate object 

detection in various fields such as autonomous vehicles and 

robotics, but systematically cause biases based on skewed 

datasets and architecture. These biases are presented as 

category, spatial, and environmental performance gaps. The 

most important open challenge is underwater object detection, 

in which all bias types are combined, and where the distortion 

of the environment and low-frequency data increase the bias. 

 

1.2. Primary Sources of Bias in Underwater Object 

Detection 

There are various sources of bias in underwater object 

detection algorithms, which have a great impact on the 

detection performance. Such biases are caused by 

environmental factors, the methodology of data collection, 

and the limitations of the algorithms, which result in 

discrepancies in the outcomes of the various underwater 

conditions. 

 

The environmental factors are also important since light 

scattering and absorption cause optical distortions, whereas 

unequal lighting conditions deteriorate the quality of the 

image and enhance noise, complicating the process of object 

recognition [25, 26]. Besides this, biases in data collection, 

such as domain shift, which is caused by changes in points of 

acquisition, equipment, or time, may lead to varying training 

and deployment conditions, thus decreasing the model's 

generalization [27]. This is further enhanced by the fact that 

there is limited diversity in the datasets since most datasets do 

not cover the entire spectrum of underwater conditions [26]. 

 

Bias is also caused by algorithmic limitations. Algorithms 

that only use single-modal data, like only optical or acoustic 

measurements, can do well in complicated environments 

where one of the modalities is not reliable [28]. In addition, 

detectors can miss certain objects and produce inaccurate 

performance due to the difficulty in extracting features, 

especially when the size of the object is small or when the 

objects are hidden in shadows or have low contrast [29]. To 

prevent these, new strategies have considered multi-modal 

fusion, including the use of optical and acoustic data, to 

enhance robustness and minimize bias in operating under a 

wide range of underwater conditions. 

 

1.3. Impact of Underwater Environmental Complexity on 

Detection Bias 

Underwater conditions are highly variable in visibility, 

illumination, and the dynamics of a scene, which further 

increases detection bias in an object detection system. Light 

attenuation, scattering, and distortions caused by movement 

are some factors that deteriorate visual properties and add 

discrepancies among data samples [29, 30]. Consequently, 

models that are trained under certain conditions are not likely 

to work effectively in environments that they have not seen or 

are not represented sufficiently, which results in biased 

detection results. 

 

Along with the problem of environmental degradation, 

there are other issues like camouflage, low contrast, and 

similarity with the background that make it hard to 

differentiate objects from the background, which can be 

addressed through algorithms. These do not only lower 

detection accuracy but also bias object categories, which only 

increases bias in model predictions. Moreover, these problems 

are worsened by the use of single-modal data and the existence 

of domain changes between training and deployment 

environments, which constrain the strength and the 

generalization of current approaches [27, 28]. 

 

The latest developments in multi-modal solutions and 

adaptive learning techniques can provide possible solutions to 

overcome these difficulties, but there is still an open question 

on how to successfully deal with bias in highly dynamic 

underwater space. 

 

1.4. Research Gap 

Even with these advances, there are still a amount of 

research gaps. Previous works explored various deep-learning 

and YOLO based frameworks for underwater object detection, 

but as performance comparisons are often made with different 

training conditions, pre-processing techniques, input 

resolution, or evaluation settings, it can be challenging to 

conclude whether the experimental performance improvement 

is due to the architecture or the experimental setup.  

 

Furthermore, the comparative performances of 

lightweight models such as YOLOv5s, YOLOv8s, and 

YOLOv11s have not been thoroughly explored with a 

common experimental setup on the RUOD benchmark. In 

particular, there is a need for a systematic analysis, taking not 

only the complete detection accuracy into account but also the 

behavior of the converging sets, the qualitative detection 

performance, the class-wise confusion, and the impact of class 

imbalance. 
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To fill this gap, in this study, the YOLO series of models, 

namely YOLOv5s, YOLOv8s, and YOLOv11s, were 

evaluated in a controlled comparative manner on the RUOD 

dataset for underwater object detection. To achieve a fair 

comparison of all three architectures, the same set of 

preprocessing steps, training conditions, input resolution, and 

evaluation protocol were used. Besides traditional detection 

metrics, the research compares the training convergence, 

representative outputs of detection, confusion matrix, and 

class imbalance in the dataset to offer a thorough evaluation 

of model behaviour. The study also examines the general trend 

of performance gains in the newer YOLO architecture to 

determine whether these gains are sufficient across different 

aspects of the evaluation or just the aggregate mAP. 

 

1.5. Research Objectives 

The objective of this research is to systematically study 

the effects of environmental degradation, class imbalance, and 

spatial and light variations on the performance of underwater 

object detection models, and analyze the cause of the bias. It 

also aims to make a controlled comparison of representative 

YOLO-based detectors, look into the most impactful sources 

of detection errors, and analyze their performance in 

generalization to underwater conditions. The study aims to 

develop an assessment framework that is robust, fair, and 

reliable under the influence of biases and to propose strategies 

for mitigating the negative effects of bias in underwater object 

detection systems. 
 

1.6. Paper Contribution 

This paper presents a comprehensive investigation of bias 

in underwater object detection, combining theoretical analysis 

with experimental validation to better understand its sources, 

impact, and mitigation strategies. The main contributions of 

this research are summarized as follows: 

 This paper systematically frames bias in underwater 

object detection by linking modern detection advances 

with underwater-specific environmental challenges. 

 It presents a structured review of underwater object 

detection methods, spanning traditional feature-based 

techniques and deep learning approaches. 

 It identifies and organizes the major sources of object 

detection bias, including spatial, lighting, class-

imbalance, and object-relativity biases. 

 It explains how underwater conditions such as turbidity, 

low contrast, and illumination variation amplify detection 

bias and degrade generalization. 

 It develops a comparative experimental methodology 

using representative YOLO-based models and consistent 

evaluation protocols. 

 It reports experimental findings that expose architecture-

specific sensitivity to underwater bias through 

quantitative, qualitative, and ablation-based analysis. 

 It discusses key limitations and future research directions 

for building fairer and more robust underwater detection 

systems. 

1.7. Paper Organization 

The paper is divided into 9 sections, and each section 

describes the corresponding research topics, experiments, and 

findings in the domain of object detection based bias detection 

and mitigation in deep learning approaches. Figure 4 presents 

the structure of the research, which is organized into parts and 

subsections to present, evaluate, and implement bias in 

underwater object detection. 

 

 
Fig. 4 Paper workflow and organization 
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2. Research Background 
2.1. Underwater Object Detection 

In recent years, the field of computer vision that is 

focused on object identification, has been much talked about. 

Deep learning's efficiency has led to a variety of deep learning 

models for object detection. There are generally two kinds of 

deep learning object detectors: one-stage and two-stage [31, 

32]. In two-stage detectors, the fine-tuning process is a single-

stage process for the object detection duty. 

 

Single-stage object detection algorithms offer the benefit 

of making the location and category of the object as the output 

of a single forward pass, which is not needed in two-stage 

algorithms. This results in quicker detection time. Larger-

scale feature maps are generated by SSD [2, 33] that predict 

the location and type of an object, which enables object 

detection of various sizes. To solve the problem of unbalanced 

positive and negative examples in single-stage object 

detection, the RetinaNet [34] algorithm was proposed to adopt 

the focal loss, which has a significant influence on the 

detection accuracy. The YOLO family of algorithms, such as 

YOLO-v2, YOLO-v3, and YOLO-v4, is a popular family of 

fast object detection algorithms [35-37]. 

 

For object detection operations, the position detection 

area is first determined in two stages, and then the target area 

is determined in the second stage. One way to improve the 

learning process for creating candidate areas is with the help 

of the Region Proposal Network (RPN), which is proposed by 

Faster R-CNN [38]. Cascade RCNN [39] cascades multiple 

Faster RCNNs on top of each other, allowing it to 

progressively refine the target location and target detection. 

Object Underwater Detection (UOD) is one of the objectives 

in underwater image recognition, which aims to detect both 

the type and location of objects in underwater images, similar 

to other object detection [40]. Underwater images are, 

however, limited in their visibility due to high noise, fuzzy 

edges, poor contrast, and color variation in UOD activities. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 
Fig. 5 Hierarchical overview of underwater object detection 
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3. Overview of Underwater Object Detection 

Techniques 
In underwater computer vision and image processing, 

object detection is the key goal in order to allow computers to 

make sense of underwater scenes. His potentiality is not only 

important in the study of the underwater environment but also 

in the development of the underwater environment, with its 

immense importance in the exploration and exploitation of 

resources. Over the past few years, advancements in 

underwater object detection research have undergone 

significant change, as compared to the use of conventional 

manual features to the adoption of deep learning methods. To 

begin with, conventional manual features were mostly applied 

during the initial stages of research. These, however, had 

severe constraints when used in real-life underwater 

conditions. Moreover, the majority of detection algorithms for 

underwater object detection are based on the manual design of 

feature extraction, an activity that also requires professional 

skills and difficult algorithm debugging. But this method has 

only limited generalizability and a low level of detection, thus, 

it has not been developed in related areas. 

 

The discipline of underwater object detection has recently 

put Artificial Intelligence (AI) technology into scope, because 

of the efforts of academics at universities and other research 

institutions. Numerous approaches have been developed in 

this space can be grouped into two classes: traditional feature-

based methods and deep learning. For example, Duan et al. 

[41] reviewed all the recent advances in fish size, shape, color, 

and others using computer vision. These have included image 

capture, contour extraction, feature calibration, and 

computation, which may be accomplished using computer 

vision to analyze, identify, and classify aquatic animal 

diseases. Based on the above, this component primarily 

focuses on the underwater objects detection method based on 

deep learning analysis and classical artificial characteristics, 

and brings in the input of numerous field experts [42]. 

 

Figure 5 shows a five-level pyramid that leads down to 

the general field of underwater object detection by its major 

objectives, categories of detection methods, and two 

simultaneous branches of techniques - the traditional manual 

features and the deep learning approach. Duan et al. (2015) 

can be used as a research scenario since it presents a practical 

implementation with the analysis of fish attributes, including 

size, shape, color, contour extraction, feature calibration, and 

classification of aquatic diseases. 

 

3.1. Techniques based on Traditional Artificial Features 

Feature extraction approaches that are manually 

developed, and standard classification algorithms, are the 

cornerstones of underwater object detection techniques now in 

use. Typical approaches include sensing techniques like sonar 

and optical imaging, with subsequent handcrafted feature 

extraction like texture, shape, color, and motion patterns. On 

top of these features, traditional machine learning algorithms 

are applied to accomplish object recognition tasks. 

 

Among these, the features based on texture are important 

in characterizing the surface properties of imagery from 

underwater scenes. For example, Shi et al. used a Gray-Level 

Co-occurrence Matrix with a Support Vector Machine to 

automatically identify the outline of underwater cages. This 

method involves calculating statistical texture information 

from grayscale images and then using this information to 

accurately extract structural edges in complex underwater 

scenes. 

 

Although they work well in certain applications, they 

suffer from the drawback of depending on handmade features, 

which can be time-consuming and less effective in dynamic 

settings. Underwater object detection has been greatly 

improved by deep learning, including the use of Convolutional 

Neural Networks (CNNs), which can learn features 

automatically and enhance detection accuracy. 

 

3.2. Techniques based on Deep Learning 

The quick evolution of deep learning algorithms in the 

past several years has allowed underwater object detection to 

make incredible advances. The ability of Convolutional 

Neural Networks (CNNs) to automatically learn relevant 

characteristics in complicated underwater images is largely 

responsible for their rapid rise to popularity. As a result, these 

approaches generally achieve higher accuracy and robustness 

in detection and recognition tasks compared to traditional, 

handcrafted feature-based methods. There are a number of 

studies that have added to these improvements. Ge et al. 

introduced a single-stage underwater detection framework 

using anchor-based feature structure and dual feature 

enhancement, for instance. They combine several backbone 

networks to better account for the contextual information and 

enable multi-scale object detection. In a similar fashion, Lei et 

al. modified the YOLOv5 algorithm for underwater 

environments with a twin-transformer backbone, an improved 

multi-scale feature fusion module, and a new confidence loss 

module for better detection performance in challenging 

environments. 

 

These developments have come despite the fact that there 

is still a shortage of labeled underwater image data. To 

overcome this, researchers have been looking at different 

measures to enhance model performance. A good example is 

Zeng et al., who used adversarial learning techniques in 

combination with Faster R-CNN to generate extra training 

samples and enhance detection capability by training both 

together. The techniques proposed by Zurowietz and 

Nattkemper are another successful method called 

Unsupervised Knowledge Transfer (UnKnoT) using data 

augmentation, namely scale transfer, which is used for 

replicating training samples and deriving similar object 

classes between different image sets. 
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4. Bias in Object Detection: Task-Oriented 

Perspectives 
Figure 6 represents a taxonomy of bias in object detection 

systems based on task-specific situations and operational 

circumstances. It points out five sources of bias: (1) bias in 

autonomous driving cases, (2) spatial bias in fish object 

detection, (3) bias in light-based cases, (4) object relativity 

bias, and (5) bias in metal surface defect detection. These 

categories are discussed in detail as explained below. 

 

 

 

 

 

 

 

 
 

Fig. 6 Bias-related applications 

 

4.1. Object Detection Bias in Autonomous Driving 

In Reference [50], Dewant Katare et al. explore the 

current state-of-the-art techniques for object detection and 

classification in AI systems, which are evaluated using metrics 

like the selectivity score and cosine similarity. This study is 

especially geared towards collaborative processing and 

weight-based model updates for perception tasks in vehicular 

edge environments. This research examines various input 

class combinations, input class viewpoint variations, and data 

variety to see how these affect the model's behavior. The 

results indicated that methods such as invariance, cosine 

similarity, and selectivity scores are effective in measuring the 

level of bias during training. This will be a step forward 

toward more balanced and reliable AI models using vehicle 

edge technologies.  

 

Moreover, the research proposes strategies to detect and 

identify bias in AI systems in real-world situations, such as 

driverless cars. Experiments carried out using a biased car 

dataset emphasize the role of training and testing data that are 

diverse and well-distributed. The diversity helps to improve 

generalisation and minimize algorithmic bias. To check for 

bias detection, the model is tested with different levels of data 

diversity with the help of the key indicators that are used 

during the training stage like: Selectivity score and Cosine 

similarity. Also, a system trained on the nuScenes dataset is 

able to detect various objects, including pedestrians and 

vehicles, to show applicability. Future research can investigate 

edge-cloud distributed machine learning frameworks, 

particularly for more vulnerable and underrepresented road 

users, such as pedestrians and cyclists. These classes tend to 

be under-represented when compared with the dominant 

classes like "vehicles" or "traffic signs". The emergence of 

autonomous systems will require a combination of cosine 

similarity, selectivity score, and invariance metrics to gain 

deeper insights into bias in neural networks. The analysis of 

these metrics at both the layer and block level can increase the 

interpretability and generalization and reduce bias of AI 

models, when compared to similar measurements for other 

object categories such as pedestrians, cyclists, or 

motorcyclists. 

 

4.2. Fish Object Detection based on Spatial Bias 

This article provides a dataset using multiple platforms, 

such as field imagery and digital resources, relevant to target 

detection of fishes. The 1038 images in 16 categories include 

common fish species such as carp and hairtail. Images of much 

more valuable fish species, such as grouper, can also be seen. 

Optimization and refinement of images further enhanced the 

quality of data closer to real-world applications and hence 

feature learning. In addition, extensive data prioritization, 

including classification, cleaning, and annotation, was carried 

out to ensure accurate and reliable support during neural 

network training. 

 

Based on this dataset, a more accurate detection 

framework, referred to as BIAS-YOLO, is developed using 

the YOLOv5 architecture. The original Spatial Pyramid 

Pooling (SPP) module is enhanced by modifying its internal 

information-transfer mechanism, enabling improved learning 

and integration of multi-scale feature representations. 

Furthermore, a spatial bias mechanism is introduced, which 

dynamically adapts to the spatial arrangement of 

convolutional features through inversion and convolution 

operations on the feature map. This mechanism enables the 

network to capture global contextual information from 

convolutional layers more effectively. The redesigned SPP 

module is also facilitated by a lightweight spatial bias 

mechanism that ensures maximum utilization of multi-scale 

information. 

 

The experimental results using a proposed dataset show a 

difference of 3.1% in mAP@0.5 between the baseline 

YOLOv5 model and BIAS-YOLO. To verify our proposed 

approach, we conducted multiple ablation tests, with the 

primary measure of success being our mAP@0.5. According 

to the results, BIAS-YOLO always achieves the best 

performance results across the board and leads the original 
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YOLOv5 network by 3.1% in performance. Another sign of 

the strength of the approach is that when omitting the SBB 

module, it is the only one that is able to deliver the best 

performance as measured by the mAP@0.5. Although the 

SPPF model contains the fewest parameters due to its compact 

architecture, the additional parameters introduced by the 

proposed approach are justified by the substantial 

improvement in detection performance. Also, the proposed 

network has better performance in terms of GFLOPS, which 

demonstrates its computational efficiency [51].  
 

4.3. Lighting-based Biases on Object Detection 

This paper examines how lighting-related biases affect 

the work of the YOLOv8 object detection model. Carefully 

varying the brightness levels of the objects and transferring 

them into randomly generated background images allowed us 

to get a measure of the effect of brightness on detection 

accuracy with our controlled imagery generating method. To 

investigate the impact of various light conditions, the entire 

data set was created from 192,000 images across 40 different 

brightness levels. There was a significant effect of brightness 

on accuracy (p < 0.0001), and as brightness increased, the 

more accurate the model. These findings suggest the presence 

of non-linear lighting effects and the need to consider lighting 

consequences to increase the quality of the object-detecting 

AI-based systems. 

 

Furthermore, the paper shows that brightness is also an 

important image property in terms of detection performance, 

and hence, brightness normalization may be a useful detection 

technique to improve the robustness of the detection models 

under various lighting conditions. This work can make 

systematic predictions on the model at varying light intensities 

to give insight into how light affects the accuracy of detection, 

and propose practical solutions to handle these lighting biases. 

In general, this study can help achieve the larger goal of 

producing more robust and trustworthy AI systems that can 

consistently perform well in highly challenging and real-world 

situations. Future research can also expand the analysis to 

other environmental conditions, including glare, contrast, and 

color differences, and justify the suggested approaches in real-

life uncontrolled environments [52]. 

 

4.4. Object Relativity Bias for Detected Objects 

Any Computer Vision task requires Object detection. In 

order to detect objects efficiently and effectively, there are a 

number of object detection algorithms. Objects in the real 

world that are smaller may combine to make larger objects, 

and those that are large may make certain compositions of 

larger objects. The term “Object Relativity Bias” is used to 

emphasize the importance of the positional relationships 

between smaller and larger objects during detection. For 

example, an isolated wheel can generally be identified as a 

wheel based solely on its visual characteristics. However, 

when two wheels are observed horizontally connected by an 

iron frame, accompanied by a seat, pedals, and a handlebar, 

the surrounding spatial relationships provide additional 

contextual information that supports the identification of the 

wheels as components of a bicycle. Such relationships among 

objects can facilitate object detection and improve detection 

confidence. Therefore, this correlation is referred to as “Object 

Relativity Bias.” 

 

Object Relativity Bias (ORB) is a method that attempts to 

increase the level of confidence of the detected objects by 

taking into consideration their spatial relations in the image. 

The main concept is that objects are more likely to be observed 

in the same location in reference to each other. As an example, 

when objects A and B are detected with a confidence score of 

x, and the co-occurrence of the two usually forms or implies 

the presence of object C, then the probability of A and B being 

correctly identified should be high when this relationship is 

observed. Based on this principle, relational heuristics are 

incorporated into existing object detection systems. These 

heuristics consider both the positional structure and 

compositional structure between the detected objects, hence 

improving the overall prediction confidence. This approach 

can also be used to evaluate the performance of object 

detection models. Firstly, objects are recognized in a complete 

image. After that, all identified regions are cropped with their 

bounding box, and each of them is processed separately by the 

same detection algorithm. It is anticipated that the overall 

contextual information in the original image will produce 

higher confidence scores than isolated detections. 

 

Object Relativity Bias (ORB) is a process intended to 

maximize the confidence ratings of objects that have been 

detected by object detection models. Experiments as part of 

this research were implemented using Google Colab, a cloud 

computing platform built by Google Research that supports 

the Python programming language with limited computing 

resources and is open source. Its implementation is based on 

machine learning systems, specifically TensorFlow, which 

can be easily deployed in the Colab environment. To detect an 

object, the model used is Faster R-CNN with an 

InceptionResNet V2 backbone, which has been trained on the 

Google Open Images dataset. Faster R-CNN is a popular 

object detection system widely used. It includes a pre-trained 

convolutional neural network to extract features, which allows 

it to effectively address and handle complex computer vision 

tasks with high accuracy. 

 

The Faster R-CNN architecture was used to perform the 

experiments using the InceptionResNet-v2 model for object 

detection. First, the individual input images were run through 

the system to obtain detected objects, their bounding boxes, 

and confidence scores. Only the detections with a confidence 

score greater than 0.5 were counted to make the analysis 

process simple. The detected objects were then cropped out of 

the original image according to the bounding boxes and then 

independently processed using the same model. The aim was 

to compare the confidence of detecting objects in isolation and 
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in their original composition in context. On the contrary, the 

findings did not indicate a uniform reduction in the confidence 

of isolated objects. In other instances, objects like bicycle 

wheels, footwear, and helmets were recognized better when 

processed separately, and then, in other instances, there was 

better confidence when such objects were included in a 

composite image. These observations indicate that the effects 

of object relativity can be subject to variations depending on 

the type of objects and the dependence on context [54]. 

 

4.5. Bias in Metal Surface Defect Detection 

High performance and efficiency are important factors 

that have greatly enhanced the accuracy of detecting defects 

in metal surfaces using deep learning models, specifically 

YOLO-based models. Still, the problems of generalizability, 

fairness, and bias are not well studied and, in many cases, 

people overestimate their predictions. In industries, class 

imbalance issues and the existence of single-class and multi-

class defects also make model training more complicated and 

may add bias to the detection results. 

 

The complexity of datasets and strategies of evaluation 

are explored in recent research that addresses these concerns 

while being fairness-conscious. In particular, the co-

occurrence impact analysis reveals the need to create better 

datasets and training schemes due to multiple defects 

occurring in a single image that affect detection performance. 

New measures of fairness, such as Disparate Impact Ratio 

(DIR) and Predictive Parity Difference (PPD), have been 

adapted to be useful in illustrating the disparity between defect 

classes in industrial quality control applications. 

 

 

Additionally, the wrong representation of certain defects 

can introduce a non-uniform bias in the models to favor certain 

classes and cause false positives. This problem highlights the 

importance of balanced datasets, data augmentation, and 

resampling methods that guarantee a fair representation of all 

the classes of defects. Moreover, by measuring the 

performance of a class in terms of precision, recall, and F1-

score, bias in the performance of the various defects can be 

evaluated. 

 

Overall, these approaches highlight the need for using 

training and assessment systems that are more bias-aware to 

boost the robustness, fairness, and generalizability of deep 

learning systems in real-world deployment in industry for 

defect detection [55]. 

 

5. Methodology 
Figure 7 shows the methodology for developing and 

evaluating YOLO-based object detection models. It starts with 

the use of the RUOD dataset, followed by the pre-processing 

step where the images are resized to 512 × 512 pixels and 

labeled in YOLO format for uniformity and compatibility. 

Then, different YOLO models (YOLOv5s, YOLOv8s, and 

YOLOv11s) are trained to be compared. Their training is done 

using the same hyperparameters (batch size of 32, epochs of 

100, learning rate of 0.01, and MuSGD optimizer) to ensure 

that they are fairly compared. The trained models are then 

evaluated by using conventional object detection metrics, such 

as mean Average Precision (mAP), precision, recall, and F1-

score. Lastly, bias analysis is performed to evaluate the 

model's fairness and robustness to different data distributions. 

 

 

 

 

 

 

 

 

 

 

 

 

 

Fig. 7 Methodology of YOLO based object detection pipeline with bias analysis 

 

Algorithm 

Input: RUOD dataset D 

Output: Trained models M and evaluation results R 

1: Load dataset D 

2: Pre-process dataset: 

3: for each image I in D do 

4: Resize I to 512 × 512 

5: Convert annotations to YOLO format 

6: end for 

7: Define model set: 

8: Models ← {YOLOv5s, YOLOv8s, YOLOv11s} 

9: Initialize hyperparameters: 

10: BatchSize ← 32 

11: Epochs ← 100 

12: LearningRate ← 0.01 

13: Optimizer ← MuSGD 

14: for each model m in Models do 

15: Initialize model m with defined hyperparameters 

16: Train model m on pre-processed dataset D 

17: Evaluate model m using: 

18: Precision 

19: Recall 

Dataset Pre-processing YOLO Models Hyperparameter Evaluate Models Bias Analyze 

RUOD Dataset 

Resize: 512 

YOLO 

Annotation 

YOLOV5S 

YOLOV8S 

YOLOv11S 

Batch Size: 32 

Epochs: 100 

Learning Rate: 
0.01 

Optimizer: 

MuSGD 

@mAP 

Precision 
Recall 

F1 Score 
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20: F1-score 

21: mAP 

22: Store evaluation results in R 

23: end for 

24: Perform bias analysis on results R 

25: Return trained models M and evaluation results R 

 

5.1. Dataset Description 

 Therefore, the RUOD dataset has been used for the tests. 

This dataset consists of 14,000 underwater images, annotated 

with information about 10 different object classes. These are 

Fish, Echinus, Corals, Starfish, Holothurian, Scallop, Diver, 

Cuttlefish, Turtle, and Jellyfish. These images capture diverse 

underwater environments, such as low visibility, color 

distortion, and cluttered backgrounds. The provided split was 

used with these images: 9,800 were used for training, and 

4,200 for testing. The annotations were translated to the 

YOLO format for training purposes, and the first presentation 

was in the form of bounding boxes [55]. 

 

5.2. Data Pre-Processing 

To get a consistent representation across the training 

process, all images were resized to a fixed size of 512 × 512. 

Data augmentation was utilized to improve robustness to 

underwater appearance and object configuration. The 

augmentation techniques were mosaic augmentation, 

horizontal flipping, scaling, translation, HSV-based colour 

transformations, and random erasing. The details of the 

augmentation parameters are given in Section 5.4. 

 

5.3. Model Implementation 

 This paper aims to compare and contrast the three light 

versions of YOLO, namely YOLOv5s, YOLOv8s, and 

YOLOv11s, using the same experimental setting to perform 

underwater object detection on the Real-world Underwater 

Object Detection (RUOD). The three models were loaded with 

pre-trained weights and trained using the Ultralytics 

framework. All three architectures have been trained with the 

same data partition, data resolution, batch size, training time, 

optimization configuration, data augmentation process, and 

evaluation process, so that they can be compared objectively. 

 

 YOLOv5s is a tested and proven lightweight YOLO 

architecture that has been proven to deliver a balance of 

accuracy and inference speed. YOLOv8s introduces 

architectural improvements to increase detection accuracy, 

while YOLOv11s is a newer, lightweight model which has 

also been optimized in terms of architecture to enhance feature 

extraction and detection. Three architectures were then chosen 

to test whether the progression of architecture leads to an 

improvement in underwater object detection that can be 

measured within the computational efficiency. 

 

 The number of parameters and inference time of trained 

models are summarized in Table 1. YOLOv8s has 11.14 

million parameters and 28.67 GFLOPs compared to 

YOLOv5s having 9.13 million parameters and 24.06 

GFLOPs. The total number of parameters and GFLOPs of 

YOLOv11s is 9.43M and 21.57 GFLOPs, respectively. 

Therefore, YOLOv11s has the lowest number of operations 

out of the tested models, but the number of parameters is still 

comparable to YOLOv5s. 

 
Table 1. Computational characteristics of the evaluated YOLO models 

Model Layers Parameters GFLOPs 

YOLOv5s 154 9.13 M 24.06 

YOLOv8s 130 11.14 M 28.67 

YOLOv11s 182 9.43 M 21.57 

 

5.3.1. Detailed YOLOv11s Architecture and Ablation Study 

 

   
(a) 
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(b) 

Fig. 8 Detailed architecture of the standard YOLOv11s  

 

 The experiments employed the standard YOLOv11s 

(YOLOv11s) object-detection architecture without any 

architectural modification. The model was initialized with 

pre-trained YOLOv11s.pt weights and fine-tuned for the 

desired object-detection problem, which consisted of 10 

object classes. This implementation was done using 

Ultralytics version 8.4.21. The instantiated model was 

composed of 182 layers, 9,431,662 parameters, and 21.6 

GFLOPs for an input resolution of 512 × 512 pixels. The 

overall layer architecture and number of parameters are shown 

in Figure 8 and Table 2. It is composed of a 

convolutional/C3k2-based backbone network, a deep-feature 

extraction layer based on SPPF and C2PSA, a feature-fusion 

neck like PAN-FPN, and a three-scale detection head. In the 

backbone, the spatial resolution decreases with stride-2 

convolutions, and the number of channels grows from 32 to 

64, 128, 256, and 512. The deepest representation of features 

is sequentially processed by SPPF and C2PSA modules, each 

of which has 512 channels.    

 

 The neck realizes multiscale feature fusion in both 

directions. In particular, the high-level feature representation 

is upsampled by nearest-neighbor interpolation and appended 

to the intermediate backbone features. The fused 

representations are then passed to the C3k2 blocks for 

processing. Then, a bottom-up path performs further stride-2 

convolution and concatenation of features to reconstruct 

increasingly deeper representations. 

 

 The detection head gets three feature maps from layers 

16, 19, and 22, the outputs from small-, medium-, and large-

scale detection layers, respectively. For the 512 × 512 input 

resolution, these outputs have spatial resolutions of 64 × 64, 

32 × 32, and 16 × 16, respectively, with 128, 256, and 512 

feature channels. The detection head is set up to recognize 10 

classes of objects. 

 

 The entire specification (source layer, module type, 

module arguments, output dimensions, and number of 

parameters) is given in Table 3. This detailed specification is 

provided to ensure reproducibility and also to differentiate the 

standard YOLOv11s architecture adopted in this study from 

any modified YOLO-based architecture. 

 
Table 2. Layer-by-layer specification of the YOLOv11s architecture used in this study 

Layer From Module Repeats Arguments Parameters 

0 -1 Conv 1 [3, 32, 3, 2] 928 

1 -1 Conv 1 [32, 64, 3, 2] 18,560 

2 -1 C3k2 1 [64, 128, 1, False, 0.25] 26,080 

3 -1 Conv 1 [128, 128, 3, 2] 147,712 

4 -1 C3k2 1 [128, 256, 1, False, 0.25] 103,360 

5 -1 Conv 1 [256, 256, 3, 2] 590,336 

6 -1 C3k2 1 [256, 256, 1, True] 346,112 

7 -1 Conv 1 [256, 512, 3, 2] 1,180,672 

8 -1 C3k2 1 [512, 512, 1, True] 1,380,352 
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9 -1 SPPF 1 [512, 512, 5] 656,896 

10 -1 C2PSA 1 [512, 512, 1] 990,976 

11 -1 Upsample 1 [None, 2, nearest] 0 

12 [-1, 6] Concat 1 [1] 0 

13 -1 C3k2 1 [768, 256, 1, False] 443,776 

14 -1 Upsample 1 [None, 2, nearest] 0 

15 [-1, 4] Concat 1 [1] 0 

16 -1 C3k2 1 [512, 128, 1, False] 127,680 

17 -1 Conv 1 [128, 128, 3, 2] 147,712 

18 [-1, 13] Concat 1 [1] 0 

19 -1 C3k2 1 [384, 256, 1, False] 345,472 

20 -1 Conv 1 [256, 256, 3, 2] 590,336 

21 [-1, 10] Concat 1 [1] 0 

22 -1 C3k2 1 [768, 512, 1, True] 1,511,424 

23 [16, 19, 22] Detect 1 [10, 16, None, [128, 256, 512]] 823,278 

Total - - - - 9,431,662 

The architecture was instantiated at 512 × 512 input resolution and contained 182 computational layers, 9,431,662 total 

parameters, and 21.6 GFLOPs. 
 

Table 3. Computational complexity of the YOLOv11s baseline 

Property Value 

Model YOLOv11s 

Implementation Ultralytics 8.4.21 

Input resolution 512 × 512 

Number of classes 10 

Total layers 182 

Total parameters 9,431,662 

Gradient-bearing parameters during training 9,431,646 

Computational complexity 21.6 GFLOPs 

Pre-trained initialization YOLOv11s.pt 

 

Baseline Configuration Analysis 

No further components were introduced in the network in 

this work, for which a standard component-wise ablation 

could be carried out due to the standard, unmodified 

YOLOv11s architecture. Thus, the analysis emphasizes the 

ability to establish the baseline configuration and to make it 

reproducible, rather than assigning changes in performance to 

each architectural change.  

 

The evaluated YOLOv11s model has 21.6 GFLOPs when 

processing images of 512 × 512 pixels and has 9,431,662 

parameters. The full layer setup, detection scales, and training 

parameters are described in the previous sections. This 

provides a clear baseline reference configuration for future 

architectural or training changes so that they can be 

quantitatively analyzed. 

 

Baseline Detection Performance 
The YOLOv11s model had a precision of 87.1%, a recall 

of 80.5%, an mAP@0.5 of 87.0%, and an mAP@0.5:0.95 of 

64.8% on the validation set of 4,200 images and 22,969 

annotated instances. The inference time per image for this 

model was 0.4ms on the NVIDIA A100-SXM4 40GB GPU, 

not including any pre-processing or post-processing time 

reported by the Ultralytics model validation procedure. 

 

5.4. Training Configuration 

The three models were trained with the same 

experimental setup in the Google Colab Pro environment on 

an Nvidia A100 GPU using Ultralytics. The models were 

trained for 100 epochs, with a batch size of 32 and an image 

size of 512 × 512 pixels. The models were used in the 

optimization with Ultralytics automatic optimizer selection 

(optimizer=auto). The learning rate was initially set to 0.01, 

the learning-rate factor was 0.01, the momentum was 0.937, 

and the weight decay was 0.0005. The warm-up momentum 

was set to 0.8, and the warm-up bias learning rate was set to 

0.1. A 3-epoch warm-up procedure was used. The 

configuration of cos_lr=True learning rate was implemented. 

Each of the training images was augmented with mosaic 

augmentation, and they were stripped after the last 10 epochs 

of training. The following augmentations are included: 

horizontal flip (0.5), translation (0.1), scaling (0.5), HSV hue 

(0.015), HSV saturation (0.7), HSV value (0.4), and random 
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erasing (0.4). The augmentation strategy is set to be automatic 

and named “RandAugment”. 
 

The following perspective transformations have been 

turned off: vertical flipping, rotation, and shearing. In 

addition, the augmentation methods of MixUp, CutMix, and 

Copy-paste were also disabled. These settings were 

maintained throughout the various architectures to reduce 

implementation differences between the architectures. 

 

5.5. Evaluation Metrics 

Common object detection measures were used to measure 

and compare the performance of the models, including recall, 

precision, Intersection over Union (IoU), and mean Average 

Precision (mAP). Recall measures the ability of the detections 

to be completed, and precision measures how accurate the 

detections were, as shown in equations 1 and 2: 

 

Precision = 
𝑇𝑃

𝑇𝑃+𝐹𝑃
                                                 (1) 

 

Recall = 
𝑇𝑃

𝑇𝑃+𝐹𝑁
                                                     (2) 

 

True Positive (TP), False Positive (FP), and False 

Negative (FN) are the terms used, on the other hand. 

 

Equation 3 shows that the overlap between the predicted 

and actual bounding boxes was measured using Intersection 

over Union (IoU), which was used to evaluate the localization 

accuracy: 

 

IoU = 
𝐴𝑟𝑒𝑎 𝑜𝑓 𝑂𝑣𝑒𝑟𝑙𝑎𝑝

𝐴𝑟𝑒𝑎 𝑜𝑓 𝑈𝑛𝑖𝑜𝑛
                                           (3) 

 

The overall detection performance was analyzed using 

mean Average Precision (mAP), which is computed as the 

mean of Average Precision (AP) across all classes, as shown 

in equation 4: 

 

𝑚𝐴𝑃 =
1

𝑁
∑ 𝐴𝑃𝑖

𝑁
𝑖=1                                             (4) 

 

Where N is the number of object classes. The Average 

Precision for each class is calculated as shown in equation 5, 

which is the area under the precision–recall curve. 

 

𝐴𝑃 = ∫ 𝑝 (𝑟) ⅆ𝑟
1

0
                             (5) 

 

In this study, both mAP@0.5 and mAP@0.5:0.95 were 

considered, with the latter serving as the primary evaluation 

metric due to its stricter assessment across multiple IoU 

thresholds. 
 

5.6. Bias Measurement and Validation 

5.6.1. Dataset Class Representation Bias 

In addition to conventional detection-performance 

metrics, the class representation of the RUOD dataset was 

quantified to characterize potential dataset-level imbalance. 

For each object class, a normalized class representation bias 

ratio (BRC) was calculated as shown in Equation 6 

 

𝐵𝑅𝐶 =
𝑁𝐶

𝑁𝑚𝑎𝑥
 ,                                                   (6) 

 

Where Nc represents the number of annotated instances 

belonging to class c, and Nmax represents the number of 

instances in the most represented class. The resulting value 

satisfies 0<BRc ≤1. A value of BRc =1 indicates the highest-

class representation, whereas smaller values indicate 

increasing underrepresentation relative to the most 

represented class.  

 

Therefore, BRc is used in this study as a class 

representation imbalance measure, rather than as a direct 

measure of detector accuracy or model fairness. 

 

To provide an established reference for the observed class 

imbalance, the Imbalance Ratio (IR), Gini coefficient (G), and 

Coefficient of Variation (CV) were additionally calculated. 

The conventional Imbalance Ratio (IR) was also considered, 

as shown in Equation 7: 

 

𝐼𝑅 =
𝑁𝑚𝑎𝑥

𝑁𝑀𝑖𝑛
,                                                           (7) 

 

Where Nmin denotes the number of instances in the least 

represented class. In addition, the Gini coefficient (G) was 

used to quantify inequality across the complete class-

frequency distribution as shown in equation 8: 

 

𝐺 =
𝛴𝑖=1

𝑐 𝛴𝑗=1
𝑐 |𝑁𝑖−𝑁𝑗|

2𝐶1=1
𝛴𝑐

𝑁𝑖⋅
,                                             (8) 

 

Where C is the total number of object classes, and Ni and 

Nj denote the frequencies of classes i and j, respectively. The 

Coefficient of Variation (CV) was additionally calculated to 

quantify the relative dispersion of class frequencies as shown 

in equation 9: 

 

𝐶𝑉 =
𝜎𝑁

𝑁̅
,                                                             (9) 

 

Where σN and 𝑁ˉ represent the standard deviation and 

mean of the class frequencies, respectively. These measures 

provide complementary descriptions of class imbalance: BRc 

describes representation at the individual-class level, whereas 

IR, G, and CV provide global descriptions of the distribution. 

 

5.6.2. Detection Performance Bias Metric 

    To quantify class-wise disparity in detector performance, a 

Detection Performance Bias Index (DPBI) was defined using 

the class-wise AP@0.5 values obtained from each trained 

detector. The metrics used to quantify detection performance 
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and class representation bias are summarized in Table 4. 

The DPBI is defined as shown in Equation 10: 

 

𝐷𝑃𝐵𝐼 =
1−𝐴𝑃𝑚𝑖𝑛

𝐴𝑃𝑚𝑎𝑥
                                    (10) 

 

Where APmin and APmax denote the minimum and 

maximum class-wise AP@0.5 values, respectively. The index 

ranges from 0 to 1, where a value approaching zero indicates 

more uniform detection performance across object classes, 

while a larger value indicates greater disparity between the 

best- and worst-performing classes. The metric, therefore, 

characterizes class-wise detection-performance disparity 

rather than dataset representation imbalance. 

 

To validate and contextualize the DPBI, two established 

measures of distributional dispersion, namely the Gini 

coefficient and the coefficient of variation, were additionally 

calculated over the ten class-wise AP@0.5 values for each 

detector. These measures provide independent descriptions of 

the spread of class-wise detection performance and allow the 

proposed DPBI to be interpreted alongside established 

statistical measures. 

 

Table 4. Class-wise detection-performance disparity measured using AP@0.5 

Model Mean AP@0.5 Minimum AP@0.5 Maximum AP@0.5 DPBI Gini CV 

YOLOv5s 0.8654 0.745 0.974 0.2351 0.0529 0.0933 

YOLOv8s 0.8681 0.749 0.977 0.2334 0.0521 0.0922 

YOLOv11s 0.8701 0.749 0.977 0.2334 0.0518 0.0917 

The three detectors exhibit relatively similar levels of 

class-wise detection disparity. YOLOv5s obtained a DPBI of 

0.2351, while YOLOv8s and YOLOv11s obtained values of 

0.2334. The corresponding Gini coefficients were 0.0529, 

0.0521, and 0.0518, and the coefficients of variation were 

0.0933, 0.0922, and 0.0917, respectively. The consistent 

ordering across these measures indicates that the proposed 

DPBI provides a stable summary of the disparity between the 

highest- and lowest-performing classes, while the Gini 

coefficient and coefficient of variation characterize the 

dispersion across all classes.      

 

5.7. Model Selection Strategy 

The training epoch was not equal to the last epoch, but 

instead a new checkpoint was chosen for each architecture 

based on the maximum validation mAP@0.5:0.95. The 

motivation for the strategy is that it reduces the risk of taking 

the model that was trained last by choosing the checkpoint that 

best performed on the validation set over all the datasets. 

 

5.8. Experimental Reproducibility 

The same general experimental setup was applied to 

YOLOv5s, YOLOv8s, and YOLOv11s in terms of dataset 

split, input resolution, batch size, training time, optimization 

configuration, data augmentation, random seed, and validation 

process for reproducibility reasons. Execution was set to 

deterministic, and the seed value was set to be zero. All 

experiments were conducted using an NVIDIA A100 GPU, 

Python 3.12.12, PyTorch 2.10.0, and CUDA 12.8. The 

environment(s) recorded were Ultralytics version 8.4.22 of 

YOLOv5s and 8.4.21 of YOLOv8s and YOLOv11s. These 

minor version differences in the framework are explicitly 

communicated for ease in reproducing the environment of the 

experiment. The architectures have been trained just once 

using the following architecture configuration. Consequently, 

the performance measures given are for one training run of the 

model and are not an average of independent runs. As such, 

standard deviations, confidence intervals, and formal 

statistical significance testing were not computed. Next, the 

comparison is interpreted descriptively based on the 

differences found in the quantitative and convergence results 

of the evaluation, as well as the differences in the quantitative 

and qualitative results of the class-wise results of the 

evaluation. 

 

6. Experiments & Results 
6.1. Quantitative Performance Comparison 

        The results for the evaluated models are presented in 

Table, which lists object detection metrics such as mean 

Average Precision (mAP), precision, and recall. 

 

Table 5 demonstrates that all three architectures achieve 

good detection performance with relatively small performance 

variations across metrics evaluated. The overall detection and 

localization performance is the best for YOLOv11s, with 

mAP@0.5 score of 0.8721 and mAP@0.5:0.95 score of 

0.6483, respectively. It is especially worth noting that the 

improvement in mAP@0.5:0.95 is especially relevant, since 

this metric evaluates localization at multiple IoU thresholds, 

making it a more stringent method to analyze the quality of 

the bounding box.

  
Table 5. Quantitative comparison of YOLOv5s, YOLOv8s, and YOLOv11s 

Model mAP@0.5 mAP@0.5:0.95 Precision Recall 

YOLOv5s 0.8663 0.63599 0.86873 0.80192 

YOLOv8s 0.8663 0.6431 0.86883 0.80485 

YOLOv11s 0.8721 0.6483 0.86604 0.80604 
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The mAP@0.5 result of YOLOv5s is 0.8663, while that 

of YOLOv8s is 0.8663. However, YOLOv8 outperforms 

YOLOv5 in terms of mAP@0.5:0.95, with respective scores 

of 0.6431 and 0.63599, which means that it has better 

localization performance when the IoU requirement is stricter.  

 

However, YOLOv8s also has the highest precision 

(0.86883), while YOLOv11s has the highest recall (0.80604), 

meaning that YOLOv11s detects a slightly larger proportion 

of ground-truth objects. 

 

The results obtained were then compared with those 

previously reported in the RUOD benchmark (Table 6) to 

further establish the contextualization. The proposed 

YOLOv11s configuration achieves an mAP@0.5 of 0.8721 

and an mAP@0.5:0.95 of 0.6483, which is competitive with 

the recent underwater object-detection approaches. 

Specifically, the mAP@0.5:0.95 achieved is higher than 

YOLOv8s (0.639), YOLOv11s (0.638), YOLO11n (0.615), 

and AGS-YOLO (0.635), while still slightly lower than the 

YOLO-GE (0.655) under its experimental configuration. This 

comparison shows that the performance gain found in the 

current study is not just for internal comparison of YOLO 

architectures, but is also competitive with the recently 

reported RUOD-based approaches. The improvement can be 

linked to the YOLOv11 architecture used in this work, and the 

consistent training set, input resolution, augmentation 

strategy, and model selection procedure. The additional 

advantage of YOLOv11s over the other architectures 

evaluated is the increased mAP@0.5:0.95, which points to 

better localization performance at lower IoU levels. These 

results are based on differences in the training configurations 

and implementation details from published studies, and are not 

considered to be a "controlled" head-to-head comparison of 

the two models. 

 

Overall, the quantitative results indicate that YOLOv11s 

provides the strongest aggregate performance, while 

YOLOv8s achieves the highest precision. Because each 

architecture was evaluated using one selected training run, 

these differences are interpreted as observed performance 

differences rather than statistically significant improvements. 

The performance differences among the three evaluated 

models are not drastic; YOLOv11s consistently demonstrates 

incremental improvements across multiple evaluation aspects. 

 
Table 6. Comparison with previously reported approaches on the 

RUOD dataset 

Method mAP@0.5 mAP@0.5:0.95 

YOLOv8s [58] 0.85 0.661 

YOLOv11s [31] 0.61 0.85 

YOLO11n [31] 0.56 0.81 

YOLOv5s (this study) 0.8663 0.6360 

YOLOv8s (this study) 0.8663 0.6431 

YOLOv11s (this study) 0.8721 0.6483 

 

6.2. Training Convergence Analysis 

To evaluate the training convergence behavior of the 

evaluated models, the evolution of loss components and the 

performance metrics were investigated for the training epochs. 

In particular, the bounding-box loss, classification loss, 

Distribution Focal Loss (DFL), precision, recall, and mean 

Average Precision (mAP) were tracked to monitor the 

optimization stability and learning dynamics. 

  

 
 (a) 



Milind Shah & Sandipkumar R Panchal / IJECE, 13(9), 45-73, 2026 

61 

 

 
 (b) 

 

 
 (c) 

Fig. 9 Training and validation performance curves of (a) YOLOv5s, (b) YOLOv8s, and (c) YOLOv11s, illustrating loss components, precision, recall, 

and mAP trends across epochs. 

 

Figures 9(a), 9(b), and 9(c) show the overall reduction in 

the loss values for all three models during the training process, 

which represents progressive optimization. YOLOv5s 

gradually reduces the losses and stabilizes towards the end of 

the training. YOLOv8s has a relatively steady optimization 

curve, and YOLOv11s achieves a relatively stable curve in 

terms of loss during the training process. 
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The precision and recall curves also show that the 

validation performance is improving over the training process. 

The differences between the models in their behavior of 

converging towards a solution are very minor, and the trends 

observed show that all three architectures were optimized 

properly with the same training set and configuration, as 

described in Section 5.4. 

 

The convergence analysis thus serves as an additional 

source of information for the final quantitative comparison, 

and the validation metrics are still the main source of 

information for analyzing model performance. 

 

6.3. Detection Performance Analysis 

The trained models were qualitatively tested by 

presenting them with the validation predictions and 

visualizing the Bounding Boxes and predicted class 

labels on the previously unseen validation images.  

 

This analysis complements the other evidence 

presented about object localization and recognition in 

challenging underwater conditions such as low 

visibility, occlusion, cluttered backgrounds, and object 

scale variation. 

 
 (a) 

 

 
 (b) 
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 (c) 

Fig. 10 Detection outputs comparing, (a) YOLOv5s, (b) YOLOv8s, and (c) YOLOv11s on the same underwater scene, illustrating differences in 

detection accuracy and localization performance. 

 
Figure 10 shows some detection examples of YOLOv5s, 

YOLOv8s, and YOLOv11s on similar underwater images. 

The three models manage to detect multiple object categories, 

and in the majority of cases, they obtain well-localized 

bounding boxes. The results show that the architectures 

evaluated can deal with complex underwater scenes with 

multiple objects and different visual conditions. YOLOv11s 

exhibits relatively uniform prediction in dense scenes, while 

YOLOv8s exhibits more balanced prediction in the cases that 

are analyzed. YOLOv5s also yields good detections, but with 

some variations in localization and misses in visually complex 

areas. 

 

Qualitative observations are provided to supplement the 

quantitative results presented in Table 1 and are not meant to 

replace quantitative evaluation. 

 

6.4. Confusion Matrix Analysis 

Normalized confusion matrixes were analyzed to gain 

deeper insight into the detection behavior of the three 

investigated architectures on a class-wise basis.  

 

The matrixes offer insight into the patterns of prediction 

in each class and the classes that are misclassified. 

 

As shown in Figure 11, the three models generally show 

strong responses along the diagonal, suggesting successful 

class discrimination.  

 

However, some categories of underwater objects that are 

similar in appearance are still mixed up. Confusion may be 

caused by similarities in shape, texture, appearance, and the 

effects caused by underwater illumination and turbidity. 

 

The class-wise predictions for YOLOv11s are 

comparatively good for the various classes evaluated, and 

similarly for YOLOv8s and YOLOv5s. The confusion 

matrices are thus another source of class-level evidence to 

complement the overall metrics given in Table 1. 

 

Based on the analysis of the confusion matrix, it is 

generally concluded that all models are reliable for classifying 

underwater objects, and there are a few challenges that still 

have to be overcome in the presence of visually overlapping 

classes.  

 

The quantitative measurements and qualitative detection 

results shown in the preceding sections were consistent with 

these results. 
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(a) 

 

 
(b) 
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 (c) 

Fig. 11 Confusion matrix illustrating class-wise prediction performance for (a) YOLOv5s, (b) YOLOv8s, and (c) YOLOv11s. 

 

6.5. Performance Analysis of YOLOv5s, YOLOv8s and 

YOLOv11s 

Comparative results indicate that the three lightweight 

architectures presented in YOLO deliver competitive 

performance in underwater object detection, and show that 

each model presents different levels of accuracy, localization, 

computational complexity, and convergence. 

 

YOLOv11s outperforms additional models in terms of 

mAP@0.5 and mAP@0.5:0.95, demonstrating the model's 

highest overall object detection and localization accuracy. 

YOLOv8s has the best precision, while YOLOv11s has the 

best recall. The performance variations are not significant, 

meaning that all three architectures can be used to achieve the 

goal of the underwater detection task. 

 

Clarifying differences between the models is the 

computational analysis. YOLOv11s needs only 21.57 

GFLOPs, whereas YOLOv5s and YOLOv8s require 24.06 

GFLOPs and 28.67 GFLOPs, respectively. Therefore, 

YOLOv11s not only has the best overall detection accuracy 

among the three models but also has the least computational 

cost. This combination is useful for applications where 

detection accuracy and computational efficiency have to be 

taken into account together. 

 

The convergence analysis also shows that the models can 

be trained well with the same training configuration, but have 

different learning paths. The qualitative detection results and 

the confusion matrices support each other in verifying their 

capability of underwater object detection and discrimination 

in visually challenging situations. 

 

In summary, the experimental results show that 

YOLOv11s has the best overall performance in the current 

experimental environment in terms of detection accuracy and 

computational complexity. The modifications noted, however, 

must be viewed as "real," or empirical, performance 

differences, since each model was trained only once. 

 

Table 7. Model complexity & bias analysis 

Model Complexity Parameters No of Layer Training Time Inference Time 

YOLOv5s 24.06 9.13 154 2.015 Hrs 80.5 MS 

YOLOv8s 28.67 11.14 130 1.887 Hrs 7.9 MS 

YOLOv11s 21.57 9.43 182 2.229 Hrs 107 MS 
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Table 7 compares YOLOv5s, YOLOv8s, and YOLOv11s 

in terms of complexity, size, and computational efficiency. 

YOLOv8s is the most complicated and contains the greatest 

number of parameters and the shortest training time, as well 

as significantly lower inference time, which implies greater 

optimization and applicability in real-time. YOLOv5s is fairly 

complex and demonstrates stable performance on all 

measures. Conversely, YOLOv11s is more efficient and has 

reduced training and inference time even though it has more 

layers, indicating that more architectural depth may not 

always be associated with better computational efficiency. 

YOLOv8s offers the most effective trade-off between 

complexity and speed overall. 

 

6.6. Dataset Bias Analysis 

The class representation of the RUOD dataset was also 

analysed, and the dependency between the detection 

performance and the classes was investigated to further 

examine the robustness and generalization ability of the 

trained models. The relative representation of each class with 

respect to the category with the highest number of instances 

was measured using the normalized Class Representation Bias 

Ratio (BRC) as in Section 5. This analysis separates the class 

representation imbalance in the datasets from the detection 

performance of YOLOv5s, YOLOv8s, and YOLOv11s. 

 

6.6.1. Class Representation Bias 

As shown in Figure 12, there is a significant modification 

in class distribution within the RUOD training dataset. Fish is 

the most common, with 9,090 occurrences and a normalized 

bias ratio value of 1.00. There are 7,867 instances of Echinus, 

compared to 6,132 instances of corals (BR=0.67). By contrast, 

turtle and jellyfish cases are significantly underrepresented, 

with 2,824 (BR=0.31) and 1,881 (BR=0.21) cases, 

respectively. The intermediate class has a ratio of 

representation between 0.41 and 0.63 in the remaining classes. 

The results show that the RUOD dataset is not uniformly 

distributed in terms of the number of instances used for 

training each individually class, with several classes having 

significantly fewer instances than the majority. 

 

 
Fig. 12 Class-wise bias ratio distribution of YOLOv5s, YOLOv8s and YOLOv11s 

 

The dataset is highly imbalanced, with the number of 

instances of fish being approximately 17.50%, echinus 

approximately 15.15%, jellyfish approximately 3.62%, turtle 

approximately 5.44%, and cuttlefish approximately 7.16% of 

all the instances annotated.  

 

This imbalance is reflected in the normalized values in the 

range 0.21–1.00, with jellyfish at the lowest (0.21) and fish at 

the highest (1.00) values. More importantly, these ratios are 

indicative of the distribution of training instances, and not a 

direct measure of detection bias. 

6.6.2. Validation against Established Class-Imbalance 

Measures 

To validate and contextualize the class representation bias 

identified using BRC, the class distribution was additionally 

evaluated using established measures of class imbalance. The 

imbalance ratio was calculated using the most and least 

represented classes, as shown in Equation 11.  

 

The RUOD training set contains 9,090 instances for the 

most represented class (fish) and 1,881 instances for the least 

represented class (jellyfish), resulting in 

0.58

0.87

0.55
0.63

1

0.67

0.48
0.41

0.31

0.21

0

0.2

0.4

0.6

0.8

1

1.2

B
ia

s 
R

at
io

Classes

Dataset Class Bias Analysis



Milind Shah & Sandipkumar R Panchal / IJECE, 13(9), 45-73, 2026 

67 

𝐼𝑅 =
9090

1881
= 4.83                                             (11) 

 

This indicates that the most represented class contains 

approximately 4.83 times as many instances as the least 

represented class. 

 

Because the imbalance ratio considers only the two 

extreme classes, the Gini coefficient was additionally 

calculated using all ten class frequencies. The resulting Gini 

coefficient was 0.2244. The coefficient of variation was also 

calculated and yielded a value of 0.3991. These values 

independently confirm that the class frequencies are not 

uniformly distributed across the dataset. 

 

The established measures are consistent with the class-

wise normalized bias ratio. The BRC identifies fish as the most 

represented class (BR=1.00) and jellyfish as the least 

represented class (BR=0.21), while the imbalance ratio, Gini 

coefficient, and coefficient of variation provide 

complementary global evidence of class-frequency inequality. 

Therefore, the normalized bias ratio provides an interpretable 

class-level description of representation imbalance, whereas 

the established measures quantify the overall degree of 

inequality in the dataset. The resulting class-representation 

statistics and the corresponding imbalance measures are 

summarized in Table 8. 

Table 8. Class representation and imbalance measures for the RUOD training dataset 

Measure Value Interpretation 

Total annotated instances 51,931 All ten classes 

Maximum class frequency 9,090 Fish 

Minimum class frequency 1,881 Jellyfish 

Maximum (BR_c) 1.00 Fish 

Minimum (BR_c) 0.21 Jellyfish 

Imbalance Ratio ((IR)) 4.83 Maximum/minimum frequency 

Gini coefficient ((G)) 0.2244 Overall class-frequency inequality 

Coefficient of variation ((CV)) 0.3991 Relative frequency dispersion 

 
As shown in Table 8, the RUOD training dataset contains 

51,931 annotated instances distributed across ten object 

classes. The maximum class frequency is 9,090 instances for 

fish, whereas jellyfish has the minimum frequency of 1,881 

instances. Accordingly, the maximum and minimum values 

are 1.00 and 0.21, respectively. The imbalance ratio of 4.83 

indicates that the most represented class contains 

approximately 4.83 times as many instances as the least 

represented class. The Gini coefficient of 0.2244 and the 

coefficient of variation of 0.3991 further indicate measurable 

inequality and dispersion in the class-frequency distribution. 

These results are consistent with the class-wise pattern 

observed in Figure 11 and provide established distribution-

level measures for validating the proposed representation 

measure. 

 

6.6.3. Relationship between Class Representation and 

Detection Performance 

The class-wise average precision at AP@0.5 of the 

YOLOv5s, YOLOv8s, and YOLOv11s models were 

compared with the normalized class representation ratio to see 

if there is a correlation between class representation and 

detection performance. In contrast to the dataset-level analysis 

performed in Figure 11, this comparison will determine if the 

class-frequency imbalance observed in the dataset is also 

reflected in the detection performance of the three trained 

detectors, as shown in Figure 13. 

 

 
Fig. 13 Relationship between class frequency and detection performance (mAP@0.5) for YOLOv5s, YOLOv8s and YOLOv11s 
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The comparison shows that there is no direct relationship 

between class frequency and detection performance. The most 

represented class, fish (BR=1.00), obtained AP@0.5 values of 

0.770, 0.774, and 0.776 for YOLOv5s, YOLOv8s, and 

YOLOv11s, respectively. In contrast, turtle (BR=0.31) 

achieved AP@0.5 values of 0.974, 0.977, and 0.977, while 

cuttlefish (BR=0.41) achieved 0.973, 0.975, and 0.977. Lower 

class representation, however, did not necessarily correlate 

with lower detection performance; several underrepresented 

classes had higher AP@0.5 than the predominant class. 

 

Overall, though, the performance of jellyfish, the least 

represented detector, was comparatively poor (BR=0.21) in all 

three detectors. There could be an underrepresentation effect 

on the detection performance of some classes but not of all 

classes. Detection performance can also be influenced by a 

number of class-specific characteristics, such as the visual 

properties of the objects, their appearance, and the separability 

between the classes. 

 

A similar class-frequency distribution was found in the 

validation set, suggesting that the train-validation split does 

not substantially change the class representation. Therefore, 

the distribution of the evaluation set is more similar to that of 

the training set. That is, this consistency is crucial in the 

interpretation of the detection results since the difference in 

performance between the classes cannot be blamed on the fact 

that the distribution of classes across the two sets (training, 

validation) is not significantly different. 

 

In general, the detection performance increases with the 

number of classes when they are represented as observed in 

Figure 12, but this is not a linear relationship. Several 

underrepresented classes, especially cuttlefish and turtle in 

YOLOv8s and YOLOv11s, still got a high detection 

performance, demonstrating that the model can learn 

discriminative feature representations from a relatively small 

number of training samples. Jellyfish was the least represented 

class; however, across the three detectors, there was relatively 

lower performance in this class, indicating that extreme 

underrepresentation may have a greater impact on detection 

performance. 

 

6.6.4. Detection Performance Bias across Classes 

The class-wise detection results were also analyzed to see 

whether the imbalance in class representation reflects the 

imbalance in detection performance across the three YOLO 

detectors. The Detection Performance Bias Index (DPBI) is an 

index that measures the differences in the performance of the 

detector in each class with respect to class-wise AP@0.5, 

unlike the BRC index, which characterizes the distribution of 

training instances. 

 

YOLOv5s achieved a DPBI value of 0.2351, and 

YOLOv8s and YOLOv11s achieved 0.2334. The difference 

between the three is rather small, suggesting that all three 

detectors have similar class-wise performance differences. 

The Gini coefficient for the class-wise AP@0.5 values for 

YOLOv5s, YOLOv8s, and YOLOv11s was 0.0529, 0.0521, 

and 0.0518, respectively, and the corresponding coefficients 

of variation were 0.0933, 0.0922, and 0.0917, respectively. 

These results help interpret YOLOv11s as the best model in 

terms of class-wise detection performance, with a marginal 

difference compared to the other two models. 

 

Notably, the dataset-level imbalance measures were 

significantly larger than the detection-performance dispersion 

measures. The training dataset had an imbalance ratio of 4.83, 

a Gini coefficient of 0.2244, and a coefficient of variation of 

0.3991, while the Gini coefficients and coefficient of 

variations for the three detectors were computed for each 

class, with AP@0.5 values near 0.052 and below 0.10, 

respectively. This means that the high class-frequency 

imbalance of the RUOD training data was not directly 

translated to a similar detection-performance imbalance. 

 

The class-wise results also reveal that the number of 

training instances is not the only factor affecting the detection 

performance. For instance, fish have significantly more 

training instances compared to turtles and cuttlefish, and the 

AP@0.5 values are above 0.97 for these three detectors, 

respectively. On the other hand, fish is the most represented 

class with AP@0.5 of 0.770, 0.774, and 0.776 for YOLOv5s, 

YOLOv8s, and YOLOv11s, respectively. The class with the 

lowest representation is jellyfish, which also has 

comparatively low performance. These observations indicate 

that class representation may be one factor in the occurrence 

of detection disparity; however, class-specific visual 

characteristics and detection difficulty are also important. 

 

6.6.5. Discussion 

According to the overall analysis, the RUOD dataset is 

highly imbalanced with respect to the different classes, 

supported by other imbalance measures and confirmed by the 

normalized class representation bias ratio. Moreover, when 

detection performance is compared, the frequency of a class 

does not consistently influence the performance of the 

detection of any particular category of objects. The 

moderately underrepresented classes had high detection 

performance, while the severely underrepresented jellyfish 

class had relatively lower detection performance in all three 

models. These results indicate that class imbalance at the 

dataset level may be a potential source of detection bias, but 

this may vary depending on the nature of the individual 

classes. 

 

In general, it can be concluded that the RUOD dataset 

does not have a uniform class representation, which is 

confirmed by the normalized class representation bias ratio 

and is supported by the established class imbalance ratio, Gini 

coefficient, and coefficient of variation. The comparison of the 

detection performance of the different classes further reveals 
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that the class representation is not proportional to the detection 

performance. While several underrepresented classes have 

high AP@0.5, the most represented class does not have the 

best detection performance. The least represented category of 

jellyfish shows relatively poor performance on the three 

detectors. The results suggest that class imbalance in a dataset 

may be a significant potential source of detection bias, though 

this bias varies by class and cannot be determined from the 

number of classes. 

 

7. Challenges and Future Directions 
7.1. Challenges 

There are certain challenges associated with the detection 

of underwater objects due to environmental biasing, due to 

light absorption, scattering, and distortion of color in the 

underwater situation. They can lead to significant 

deterioration of image quality and dataset inconsistency, 

causing poor model accuracy and generalization. Some of the 

challenges that need to be addressed further are discussed 

below, as represented in Figure 14. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 
 

 

Fig. 14 Key challenges in Underwater Object Detection Bias 

 

7.1.1. Tiny Oriented Object Detection 

To start with, oriented tiny object detection is a pervasive 

problem both across applications (e.g., autonomous driving, 

medical imaging, defect inspection) and modalities (e.g., 

SAR, thermal, X-ray). The dataset is derived from RGB aerial 

imagery, with an emphasis on representative environments in 

which oriented tiny objects are commonly encountered. By 

isolating this regime, a controlled evaluation environment is 

established for grounding methods and analyses while 

providing a foundation for extending the approach to broader 

scenarios and modalities. Future research could incorporate 

complementary cues from multiple modalities or leverage 

temporal information to further enhance oriented tiny-object 

detection across diverse scenarios [1]. 

 

7.1.2. Full Annotations from Training Set 

Second, the proposed approach is developed within a 

closed-set environment based on complete annotations of the 

training dataset. The object annotations of oriented tiny 

objects are, however, unusual, and the way of acquiring them 

is also not easy, particularly towards the open world. 

Experimental results have shown that label-efficient methods 

show competitive performance compared to fully supervised 

methods. Thus, it is worth further exploring the simplification 

CHALLENGES 

Full annotations 

from Training Set 
Foundational 

Models 

Class Imbalance 

Bias 

Small Object Bias 

Image Quality 

Bias 

Noisy Label Bias 

Dataset and 

Domain Bias 

Tiny Oriented 

Object Detection 



Milind Shah & Sandipkumar R Panchal / IJECE, 13(9), 45-73, 2026 

70 

of annotations and the enhancement of performance with 

limited annotations [1]. 

 

7.1.3. Foundational Models 

Foundation models are emerging to facilitate various 

research directions, while this work did not analyze or 

improve relevant works. Performance of foundation models 

and their adaptation to oriented tiny objects are other questions 

that may be investigated in the future [1]. 

 

7.1.4. Class Imbalance Bias 

In many underwater datasets, there are significantly more 

common category samples than rare ones, and thus the 

detectors normally pick frequent samples and tend to miss the 

minority samples like small fish, debris, or a rare marine 

species. This results in biased performance that appears to 

perform well on a benchmark measure and poorly in actual 

deployments [2, 26]. 

 

7.1.5. Small-Object Bias 

Underwater targets tend to be small, remote, or partially 

hidden, and thus, the detectors are biased toward large and 

easy-to-detect objects. This is particularly an issue since small 

objects will tend to be of most significance in surveillance, 

ecology, and rescue applications [2, 31]. 

 

7.1.6. Image-Quality Bias 

Turbidity of water, scattering and low light, blur, and 

color distortion decrease feature quality and move the detector 

to less turbid water or less challenging scenes. The models that 

are trained on cleaner subsets would perform poorly on 

degraded underwater images [26, 31]. 

 

7.1.7. Noisy-Label Bias 

The task of annotating underwater images is challenging, 

and thus, there can be erroneous or inconsistent labels in the 

datasets, which can bias learning to incorrect object 

boundaries or categories. This usually occurs in cases where 

the images are blurred, crowded, and low contrast [26]. 

 

7.1.8. Dataset and Domain Bias 

Most of the datasets are restricted in species, location, 

depths, or camera configurations, and thus models trained in 

one environment do not predict well in new conditions in the 

sea. This causes the accuracy that is reported to be excessively 

optimistic when the test data is excessively close to the 

training data [26]. 

 

7.2. Limitations & Further Scope 

Although the evaluated YOLO architectures achieved 

good detection performance, some limitations should be 

noted. First, the result experiments were performed on the 

RUOD dataset, and thus the results obtained may not be fully 

representative of generalizing to underwater environments 

with significantly different imaging conditions, object 

distributions, and camera types. Second, there is some obvious 

class imbalance in the dataset, as the jellyfish, turtle, and 

cuttlefish are minor classes when compared with the dominant 

classes of fish and echinus. While the models were found to 

be very robust to this imbalance, the comparatively lower 

performance of the most underrepresented class shows that 

data scarcity is still a problem. Thirdly, each architecture was 

tested with a single training run, so the differences reported 

must be interpreted in terms of the observed empirical 

differences, and not as statistically proven improvements over 

repeated runs. 

 

Future work will center on increasing the generalizability 

capabilities using larger and more varied underwater datasets, 

targeted augmentation, and data-balancing approaches for 

minority classes, and testing on other independent underwater 

datasets. Other experiments could also explore lightweight 

modification of architecture and optimization for deployment 

to reduce the computational demands and still preserve the 

accuracy of the detection. There could also be repeated 

training runs performed with controlled random seeds to gain 

a quantitative understanding of how the performance varies 

and to get a more statistically robust comparison between the 

different architectures. 

 

7.3. Future Directions 

 Bias-aware dataset design: Future research must create 

more balanced datasets in terms of categories, object 

sizes, habitats, and visibility levels to minimize class and 

domain imbalance. The detectors would be fairer in 

underwater conditions when more diverse data is used 

[26, 31]. 

 Small-object-focused architectures: Fusion of multi-scale 

features, attention modules, and frequency-aware designs 

are potential to minimize bias against small and partially 

hidden targets. They are more useful in maintaining weak 

object signals in complex scenes in an underwater 

environment [2, 31]. 

 Cross-domain and zero-shot generalization: Further 

studies are required regarding adapting models to various 

water types, depths, and sensors without complete 

retraining. This would reduce the dependence on one 

dataset and improve practical fairness across 

environments [26]. 
 

8. Conclusion 
This study aims to comparatively evaluate object 

detection performance of YOLOv5s, YOLOv8s and 

YOLOv11s, and to gain insight into the effects of dataset bias 

on the detection performance of the three YOLO models on 

the RUOD dataset. The results show that YOLOv11s has the 

highest overall performance, gaining an advantage in all IoU 

thresholds, whereas YOLOv8s and YOLOv5s have a slightly 

lower performance but are close to YOLOv11s. 

 

Bias analysis of both training and validation sets confirms 

a significant imbalance in class distribution, with certain 
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classes, such as fish and echinus, being overrepresented, while 

others, including turtle, cuttlefish, and jellyfish, remain 

underrepresented. However, an important observation is that 

detection performance does not strictly follow class 

frequency. Several underrepresented classes achieved high 

precision and recall, whereas some dominant classes exhibited 

comparatively lower performance.  

 

This suggests that dataset bias in underwater object 

detection is not solely dependent on class frequency, but is 

also influenced by factors such as object visibility, feature 

distinctiveness, and environmental conditions.  

Additionally, differences in convergence behavior 

indicate that newer architectures, particularly YOLOv11s, 

learn more efficiently, achieving optimal performance at 

earlier training stages.  

 

Overall, the findings emphasize that while architectural 

advancements improve detection performance, they do not 

fully eliminate dataset bias. Future work should focus on bias-

aware dataset design, targeted augmentation for 

underrepresented classes, and adaptive training strategies to 

enhance robustness in real-world underwater environments. 
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