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Abstract 

Microplastic pollution has become a major environmental concern due to its persistence in marine ecosystems and its potential impact on aquatic 

organisms and human health. Automatic detection of microplastic particles in underwater environments remains challenging because of turbidity, 

low contrast, light distortion, and the visual similarity between microplastics and natural marine objects. This study proposes GoogLeNetMP, an 

enhanced GoogLeNet-based deep learning architecture for multi-class classification of subsurface marine images into four categories: primary 

microplastics, secondary microplastics, non-microplastics, and marine biota. The proposed framework integrates basic image preprocessing 

(resizing and noise reduction) with a modified GoogLeNetMP architecture designed to intrinsically handle fine-grained feature extraction under 

degraded conditions, thereby minimizing the reliance on complex external enhancement pipelines. A dataset of underwater images acquired from 

the coastal waters of Padang, Indonesia, was used for model development and evaluation. Experimental results show that GoogLeNetMP 

outperformed the standard GoogLeNet model, achieving 95.75% accuracy, 92.80% sensitivity, 97.00% specificity, and an F1-score of 92.06%. 

The proposed model also demonstrated more stable training convergence and better discrimination of visually challenging classes. The 

architecture is designed to internalize the robust feature extraction process, thereby minimizing the reliance on extensive external enhancement 

pipelines while maintaining standard normalization steps for input consistency. These findings indicate that GoogLeNetMP is a promising 

approach for AI-based marine pollution monitoring and decision support in sustainable coastal management. 

Keywords: Googlenetmp, Microplastic Classification, Underwater Image Analysis, Marine Pollution Monitoring, Convolutional Neural Network, Subsurface 

Marine Imaging. 

1. Introduction 

Microplastic contamination of marine ecosystems has rapidly escalated into one of the most critical and highly topical 

environmental crises worldwide. Microplastics, strictly defined as plastic debris with dimensions of less than 5 

millimeters, originate from the direct manufacturing of consumer goods as well as the continuous degradation of larger 

macroplastics driven by environmental weathering [1]. Recent modeling estimates suggest that the global ocean surface 

may contain between 82 and 358 trillion plastic particles. However, these figures are subject to significant uncertainty 

ranges due to differences in sampling methodologies, such as varying net mesh sizes and spatial modeling approaches 

[2]. Furthermore, while some studies report that approximately 88% of assessed marine species are affected by plastic 

debris, it is important to note that these findings are often taxon-specific and influenced by the sensitivity of the 

detection methods used in different research contexts [3].  

The detrimental impact of microplastics extends beyond physical harm and physiological disturbances to marine life; 

they also act as hazardous vectors, absorbing and carrying dangerous chemical contaminants. Eventually, these toxic 

carriers infiltrate the human food chain, triggering various severe health hazards, notably including neuro-inflammation 

and other systemic disruptions [4]. Geographically, the concentration and intake of microplastics are exceptionally 

high in Southeast Asian countries, including Indonesia, necessitating immediate and innovative monitoring and 

 
*Corresponding author: halifia_hendri@upiyptk.ac.id   

DOI: https://doi.org/10.47738/jads.v7i3.1372 

This is an open access article under the CC-BY license (https://creativecommons.org/licenses/by/4.0/). 

© Authors retain all copyrights 

https://orcid.org/0000-0002-1028-2246
https://orcid.org/0000-0002-8576-5488
https://orcid.org/0009-0002-5607-4028


Journal of Applied Data Sciences 

Vol. 7, No. 3, September 2026, pp. 1964-1979 

ISSN 2723-6471 

1965 

 

 

 

intervention strategies. Despite the urgent need for comprehensive microplastic monitoring, field data collection 

predominantly relies on traditional, manual surface sampling procedures. Such rudimentary methods are inherently 

flawed as they fail to capture the complex distribution of these pollutants in deeper water columns. To overcome this, 

computer vision-based monitoring utilizing underwater drones presents a scalable alternative. However, this approach 

encounters extreme technical challenges associated with the visual degradation inherent to underwater imaging [5]. In 

submersive environments, the visual characteristics of microplastics are severely compromised by turbidity, light 

backscatter, color distortion, and low contrast. Consequently, these particles often appear broken or visually resemble 

natural marine entities such as microscopic organisms or suspended sand. Because of these dynamic and harsh 

environmental conditions, traditional threshold-based or human-crafted feature-based segmentation techniques have 

proven insufficient in providing the required stability and accuracy [6]. 

To address the shortcomings of conventional image processing, deep learning methods-specifically Convolutional 

Neural Networks (CNNs)-have been widely adopted due to their powerful capability to automatically learn hierarchical 

spatial features. While architectures like the default GoogLeNet (Inception v1) [7] are computationally efficient, they 

are fundamentally designed for standard, in-air imaging conditions [8]. When subjected to degraded underwater 

environments, the fine-grained, high-frequency characteristics of small microplastic particles risk being lost or 

aggressively pooled at the initial convolutional layers [9]. This architectural limitation significantly raises the likelihood 

of misclassification between microplastics and naturally occurring non-plastic items [10]. Furthermore, relying heavily 

on external preprocessing modules to enhance image quality before feeding it to the CNN often introduces 

computational bottlenecks, making it unsuitable for real-time marine monitoring [11]. To bridge this critical research 

gap, this study proposes an architectural-level innovation by developing a novel CNN architecture named 

GoogLeNetMP (GoogLeNet for Microplastics).  

Moving away from the reliance on external image enhancement, GoogLeNetMP introduces structural modifications to 

the conventional GoogLeNet, intrinsically tuning its spatial feature representation to directly handle low-resolution, 

noisy visualizations of small objects in complex aquatic systems. Based on a primary dataset gathered in situ in the 

coastal waters of Padang, Indonesia, the model categorizes objects into four distinct classes: primary microplastics, 

secondary microplastics, non-microplastics, and marine biota. The main contributions of this work are summarized as 

follows: (1) the development of GoogLeNetMP, an enhanced CNN architecture designed specifically for robust 

underwater microplastic recognition; (2) the integration of an optimized architectural pipeline that shifts the burden of 

external preprocessing into the internal feature extraction layers; (3) a comprehensive comparative evaluation against 

the baseline GoogLeNet model using rigorous performance metrics; and (4) the implementation of a prototype 

decision-support software intended for practical environmental policymaking and marine monitoring applications. 

GoogLeNetMP aims to streamline the detection process by reducing the need for complex pre-enhancement techniques. 

While basic preprocessing remains necessary for data uniformity, the model's structural depth allows it to handle visual 

degradations more effectively than baseline models. 

2. Literature Review 

2.1. Convolutional Neural Networks and Inception-Based Adaptations 

Since its introduction, the GoogLeNet architecture has been extensively adopted and modified across various domains 

due to its computational efficiency and its unique ability to extract multi-scale features through the Inception module. 

For instance, in the agricultural sector, developed rE-GoogLeNet to improve the precision of identifying rice leaf 

diseases in natural settings [12]. They achieved this by incorporating a residual network and an Efficient Channel 

Attention (ECA) mechanism to capture complex disease variations [13]. Similarly, in the medical field, successfully 

adapted GoogLeNet for breast ultrasound image classification, while utilizing an attention-based GoogLeNet-style 

CNN for optimal brain tumor classification [14]. The integration of GoogLeNet with multi-sensor fusion approaches 

has also proven effective in industrial applications, such as mechanical fault diagnosis in sucker rod pumps [15] and 

rolling bearings [16]. However, a major limitation persists: these modified models are typically trained on images 

captured under stable, controlled lighting conditions or terrestrial environments. 
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2.2. Computer Vision in Marine Ecosystem Monitoring 

The application of computer vision technology in marine ecosystem monitoring has seen considerable growth, 

particularly in the detection of large-scale marine debris. A number of recent studies have successfully applied deep 

learning models to identify macroplastics and larger sunken debris in dark underwater environments [17]. Nevertheless, 

the identification of subsurface microplastic particles presents a profoundly different set of challenges. The microscopic 

dimensions of the targets, combined with severe light backscatter and high-water turbidity, complicate the feature 

extraction process. Currently, the majority of microplastic detection studies remain confined to well-lit laboratory 

settings using microscopic samples, or to surface-water environments where visual conditions are relatively controlled. 

When deployed in real, dynamic water bodies, traditional manual feature-extraction approaches frequently fail, often 

confusing fragmented microplastics with surrounding natural objects and suspended organic matter [18]. 

2.3. Previous Work on Underwater Microplastic Classification 

Addressing the specific challenges of subsurface microplastic classification, independent research discussion 

comprehensively investigated the baseline capabilities of deep learning in this domain. In that published work, 

introduced a GoogLeNet-based deep learning framework that placed a strong emphasis on sequential image 

preprocessing [19]. The framework utilized drones to capture underwater imagery, which was subsequently subjected 

to a rigorous enhancement pipeline involving median filtering, contrast stretching, and HSV color space transformation. 

This preprocessing was necessary to artificially improve the visibility of the objects before categorizing them into four 

distinct classes (primary microplastics, secondary microplastics, non-microplastics, and marine biota). While the study 

successfully demonstrated that extensive preprocessing could enhance classification accuracy using a standard 

GoogLeNet model, it also revealed significant operational limitations. A framework overly dependent on sequential 

image preprocessing imposes high computational overhead, rendering it inefficient for real-time monitoring deployed 

on autonomous underwater vehicles (AUVs). More importantly, the previous study [19] did not address the 

fundamental architectural limitations of the CNN itself when dealing with extremely small, degraded objects. 

Therefore, establishing an intrinsic architectural enhancement-rather than relying on external image correction-remains 

a critical necessity, which serves as the primary motivation for the development of GoogLeNetMP in this current study. 

3. Methodology 

3.1. Research Framework 

To ensure input uniformity, a series of standard data normalization steps are applied. These steps, including resizing 

and basic filtering, provide a consistent baseline for the GoogLeNetMP architecture, which then performs the primary 

task of extracting features from low-quality underwater data. The research framework of this study includes four main 

steps in order to deal with issues of underwater microplastic classification. The initial step is the process of data 

collection by means of a remotely controlled underwater vehicle that takes subsurface images. The second phase 

encompasses data preprocessing and augmentation to deal with visual degradation. The third phase is the core 

contribution which involves development and training of the proposed GoogLeNetMP architecture. The last step is the 

implementation of the system and overall evaluation of performance based on pre-set metrics as shown in figure 1. 

Figure 1 shows the general research process of classifying the image of subsurface water with the proposed 

GoogLeNetMP model. The process starts with the input stage where the subsurface water images are gathered, and 

they are the main source of data. The images are then subjected to a pre-processing phase, which involves a number of 

enhancement procedures, such as 224 x 224 pixel resizing, noise reduction with the median filter, image enhancement 

with contrast stretching, and intensity adjustment to enhance visual quality and highlight important objects. Pre-

processing of the images is followed by tabulation into a data set that is further subdivided into training data and testing 

data to develop and evaluate the model. 
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Figure 1. Research Framework 

The datasets are processed in the processing stage with two CNN based architectures namely the original GoogLeNet 

architecture prior to development having 144 layers and the proposed GoogLeNetMP architecture after development 

having 194 layers. The proposed GoogLeNetMP integrates 15 custom convolution blocks (comprising 50 additional 

convolutional layers) to build upon the layers 142-194 architecture to enhance feature extraction and classification 

capability. Lastly, during the output and evaluation phase, the system generates the classification outcomes in four 

categories, that is, primary microplastic particles, secondary microplastic particles, non-microplastic particles, and 

marine biota. Both architectures are subsequently compared based on accuracy, sensitivity, specificity, and the F1-

score and hence the standard GoogLeNet and the proposed GoogLeNetMP model may be directly compared. 

3.2. Data Acquisition and Study Area on Subsurface Water Image 

Coastal and offshore waters of Padang, West Sumatra in Indonesia formed the main data to be used in this study. It is 

a very important area where marine debris has to be closely monitored because there are a lot of anthropogenic 

activities, riverine discharge and complicated ocean current configurations that promote the collection of plastic waste 

[20].  The image dataset was collected from the coastal waters of Padang. Rather than a continuous spatial coverage, 

the sampling was conducted at 10 specific collection points strategically distributed along the region's broader 500-

kilometer coastal stretch. These points were selected based on high anthropogenic activity. Images were captured using 

the underwater drone titled Chasing Dory with a spatial resolution of Full HD 1080p (video 30fps, photo 2MP), 

ensuring consistent data acquisition across all sampling stations. 

 The data collection procedure required a Remotely Operated Underwater Vehicle (ROV) or underwater drone fitted 

with a high-resolution digital camera to get a high-quality image under water [21]. The capture process of the image 

was done under rigorous depths of between 1 and 3 meters under the sea [22]. Moreover, in order to reduce the extreme 

color distortion and the backscatter effects, which are normally experienced in turbid waters due to the use of artificial 

lighting, the process of acquisition was only done during the day when natural sunlight was bright. Natural lighting in 

shallow depths offers optimum visual characteristics that are required in the detection of small objects precisely [23]. 

Besides the main dataset of Padang coastal area, secondary underwater images taken in various marine environments 

in Indonesia together with other parts of the world were used in this study as well [24]. Table 1 show the number of 

data-set that used in this research. 

Table 1. Image Dataset Input 

No Image Dataset Type 
Input Image 

Number of Data (100%) 
Training Data (80%) Testing Data (20%) 

1 Primary Microplastics Particles 240 60 300 

2 Secondary Microplastics Particles 240 60 300 
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3 Non-Microplastics 240 60 300 

4 Marine Biota 240 60 300 

 Summary 960 240 1200 

Based on table 1, it can be seen that from 1200 images, 80% of the image data, namely 960 images, were taken as 

training data and 20% of the image data, namely 240 images, were used as testing data. For the training phase, the 

dataset is evenly distributed, consisting of 240 images of primary microplastics, 240 images of secondary microplastics, 

240 images of non-microplastics, and 240 images of marine biota, as summarized in Table 1. Meanwhile, of the 240 

images used as testing data, they were divided into four types, namely 60 images of primary particle microplastics, 60 

images of secondary particle microplastics, 60 images of non-microplastics, and 60 images of marine biota. 

3.3. Pre-Processing 

To clarify the distinction between the two contributions, this study separates the 'External Enhancement Pipeline' from 

the 'Internal Architectural Innovation.' The preprocessing pipeline is employed to normalize global image variances 

(e.g., turbidity and lighting), whereas the proposed GoogLeNetMP architecture focuses on solving the fine-grained 

classification problem. This structural modification is motivated by the need for deeper spatial feature hierarchies that 

traditional preprocessing alone cannot provide. The image resizing process transforms the original dimensions 

𝑊𝑖𝑛 𝑥 𝐻𝑖𝑛 to a standardized size of 224 𝑥 224 pixels to match the input requirements of the GoogLeNetMP architecture 

[26]. This transformation is achieved using bilinear interpolation, which computes the new pixel values based on the 

weighted average of the nearest pixels, as formulated in Equation (1): 

𝐼𝑜𝑢𝑡(𝑥′, 𝑦′) = (1 − 𝛼)(1 − 𝛽)𝐼𝑖𝑛(𝑥1, 𝑦1) + 𝛼(1 − 𝛽)𝐼𝑖𝑛(𝑥2, 𝑦1) + (1 − 𝛼)𝛽𝐼𝑖𝑛(𝑥1, 𝑦2) + 𝛼𝛽𝐼𝑖𝑛(𝑥2, 𝑦2)) (1) 

𝐼𝑜𝑢𝑡(𝑥′, 𝑦′) is the pixel intensity of the resized output image at the new coordinates (𝑥′, 𝑦′). 

𝐼𝑖𝑛 represents the pixel intensity of the original input image. 

(𝑥, 𝑦), are the mapped coordinates in the original image, calculated using the scaling factors 𝑆𝑥 =
𝑊𝑖𝑛

𝑊𝑜𝑢𝑡
,  and 𝑆𝑦 =

𝐻𝑖𝑛

𝐻𝑜𝑢𝑡
 

such that 𝑥 = 𝑥′. 𝑆𝑥 and 𝑦 = 𝑦′. 𝑆𝑦. 

𝑥1 = |𝑥| and 𝑥2 = 𝑥1 + 1, representing the nearest integer horizontal coordinates in the original image. 

𝑦1 = |𝑦| and 𝑦2 = 𝑦1 + 1, representing the nearest integer vertical coordinates in the original image. 

𝛼 = 𝑥 − 𝑥1 and 𝛽 = 𝑦 − 𝑦1 are the fractional weights representing the distance from the mapped coordinate (𝑥, 𝑦) to 

the known neighboring pixels. 

To reduce noise while preserving the edges of the microplastic particles, a 2D Median Filter is applied [27]. The 

filtering process replaces each pixel value with the median of the intensity levels in its surrounding neighborhood, as 

defined mathematically in Equation (2): 

𝑔(𝑥, 𝑦) = 𝑚𝑒𝑑𝑖𝑎𝑛𝑖,𝑗∈𝑆𝑥𝑦
{𝑓(𝑥 + 𝑖, 𝑦 + 𝑗)}  (2) 

𝑔(𝑥, 𝑦) is the output pixel intensity at coordinates (𝑥, 𝑦) after filtering. 

𝑓(𝑥 + 𝑖, 𝑦 + 𝑗) represents the original pixel intensity of the input image within the neighborhood window. 

𝑆𝑥𝑦 denotes the spatial neighborhood area (3 x 3 or 5 x 5 window) centered around the coordinate (𝑥, 𝑦). 

𝑖, 𝑗 are the positional offsets relative to the center coordinate (𝑥, 𝑦) within the window 𝑆𝑥𝑦. 

In this framework, a 3 x 3 kernel size is strategically chosen for the median filtering operation. The selection of this 

specific window size is critical to achieve an optimal balance between noise removal and feature preservation. Because 

underwater microplastic particles often appear as fine-grained, sub-millimeter fragments, employing a larger kernel 

(e.g., 5 x 5 or 7 x 7) would induce severe spatial blurring, consequently eliminating the sharp edge structures and 

microtextures of the particles. Thus, the 3 x 3 kernel effectively suppresses localized impulse noise caused by water 
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turbidity while preserving the distinctive morphological boundaries required for accurate multi-class classification by 

the GoogLeNetMP architecture. 

Following noise reduction, contrast stretching is performed to improve the visibility of underwater microplastic features 

by expanding the range of intensity values to span the full dynamic range [28]. The linear contrast stretching is 

formulated in Equation (3): 

𝐼𝑜𝑢𝑡(𝑥, 𝑦) = (
𝐼𝑖𝑛(𝑥,𝑦)−𝐼𝑚𝑖𝑛

𝐼𝑚𝑎𝑥−𝐼𝑚𝑖𝑛
) 𝑥 (𝐿 − 1)  (3) 

𝐼𝑜𝑢𝑡(𝑥, 𝑦) is the newly stretched pixel intensity at coordinates (𝑥, 𝑦). 

𝐼𝑖𝑛(𝑥, 𝑦) is the original input pixel intensity before adjustment. 

𝐼𝑚𝑎𝑥 − 𝐼𝑚𝑖𝑛 are the maximum and minimum pixel intensity values present in the original input image, respectively. 

𝐿 is the number of discrete intensity levels (e.g., L = 256 for an 8-bit image, resulting in a maximum pixel value of 

255). 

The last preprocessing process was intensity adjustment which was performed to enhance the brightness distribution 

of the picture and bring out significant visual features better. This technique is applicable in cases where images have 

inadequate light distribution, excessively dark outlook or lack of brightness equilibrium. Intensity adjustment is used 

to change the values of the input intensity in an input range to an output range [29]. The change may be described as 

follows: 

𝐼𝑎(𝑥, 𝑦) = (𝑏 − 𝑎𝐼𝑐(𝑥, 𝑦) − 𝑎)(𝑑 − 𝑐) + 𝑐  (4) 

𝐼𝑎(𝑥, 𝑦)is the adjusted image, 𝐼𝑐(𝑥, 𝑦)is the contrast-stretched image, [𝑎, 𝑏]represents the input intensity range, and 

[𝑐, 𝑑]represents the output intensity range. In many cases, the output range is normalized to [0, 1]or [0, 255].  

3.4. Dataset Categorization 

The obtained underwater images were then evaluated in a systematic way and classified in four different target classes 

to deal with the complexity of marine waste. These four categories include: (1) Primary Microplastics, which are 

cosmetic microbeads, industrial microplastic pellets, and other tiny fragments and fibers that have been created through 

the breakdown of bigger macroplastic waste; (2) Secondary Microplastics, including non-polymeric litter, suspended 

organic matter, and grains of sand; and (3) Marine Biota, which is made up of small living things, including plankton 

and microscopic algae [25]. The domain experts along with precise manual labeling and bounding-box annotations 

were conducted to do accurate ground truth in the classification task. 

3.5. Proposed Architecture: GoogLeNetMP 

The main invention of this paper consists in the advancement and internal design of the traditional GoogLeNet structure 

that leads to a new model that can be referred to as GoogLeNetMP (GoogLeNet of Microplastics). The first GoogLeNet, 

which is also referred to as Inception v1, is much appreciated due to its computational efficiency, including the 

capability to extract multi-scale features by performing parallel 1x1, 3x3, and 5x5 convolutions in its Inception modules 

[30]. The standard architecture was, however, mostly optimized to detect a macroscopic object in the terrestrial setting 

where there is constant lighting conditions. The standard model often is not able to preserve feature representations of 

small-scale objects with a high degree of degradation when applied directly to the underwater imagery because of the 

very intense interference of turbidity and light backscatter [31]. GoogLeNetMP proposes the necessary changes to 

these weaknesses to suit the domain of underwater microplastic classification. First, to avoid the disappearance of fine-

grained spatial features of minute microplastic particles in the deeper layers, residual connections (skip connections) 

were incorporated in the initial convolutional network stages. Residual block incorporation also guarantees that vital 

low-level textural characteristics, which are critical to telling how to differentiate between fragmented plastics and 

natural marine biota or sand, are maintained and propagated directly to high-level feature maps without decay [32]. 

Secondly, an Attention Mechanism module was tactically incorporated between intermediate modules Inception 

modules. Background noise like suspended organic matter in complex aquatic conditions frequently has similar visual 

properties with microplastics resulting in high misclassification rates. Through a channel and spatial attention model, 
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GoogLeNetMP will be compelled to recalibrate the feature maps dynamically discarding the unwanted background 

noise and strongly enhancing the individual visual characteristics of the target pollutants [33]. This adjustment greatly 

improves the fact that the model focuses on small objects representation which is a very formidable problem in 

underwater computer vision [34]. Lastly, the fully connected layers and the Softmax classifier at the final layer of the 

architecture were fully reconfigured to produce precisely four predictive probabilities, which were the target categories 

set in advance primary microplastics, secondary microplastics, non-microplastics and marine biota [35]. With such 

combined changes, GoogLeNetMP acquires a healthy trade-off between the real-time lightweight computational 

performance of the original Inception modules and the increased feature extraction tasks demanded in the complex 

underwater environmental monitoring. Figure 2 shows a comparison of the GoogLeNet architecture (before 

development) with the GoogLeNetMP architecture (after development). 

 
a 

 
b.  

Figure 2. Architecture Comparison: a. GoogLeNet, b. GoogLeNetMP (Proposed Model) 

To enhance the fine-grained feature extraction capabilities for underwater microplastic images, the baseline 

GoogLeNet architecture is modified into GoogLeNetMP. This modification introduces an additional 50 convolutional 

layers. Instead of a simple sequential addition, these 50 layers are modularly organized into 15 custom convolution 

blocks. Each block is specifically engineered to extract hierarchical spatial features, effectively deepening the network's 

capacity to handle visual similarities across different microplastic classes without causing vanishing gradients. 

The architectural comparison of the proposed GoogLeNetMP model and the original GoogLeNet model is shown in 

figure 2. In the first architecture which is dubbed GoogLeNet Architecture (Before Development), the network starts 

with an input image of 30 x 30 x 3, it then goes through a series of convolutional layers (C1, C2, C3, and C4), pooling 

layers (P1, P2, and P3), an Inception module, a merging stage (M1), a fully connected (FC) layer until the final output 

is obtained. The architecture in this base is intended to be used to obtain hierarchical visual representations by a typical 

GoogLeNet-style. The second architecture, designated GoogLeNetMP Architecture (Proposed Model) on the other 

hand does not change the general flow of the original network but makes a major change in the later part of the model; 

integrates 15 custom convolution blocks (comprising 50 additional convolutional layers) more convolutional layers the 

end of feature extraction and merging process. The extra depth is supposed to enhance learning of features, and further 

develop the model to learn more complex and discriminative patterns on the input images. Moreover, the original 
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model will generate a generalized output, whereas the suggested GoogLeNetMP is specifically set up to classify the 

marine-related particles into multiple categories, and the categories are primary microplastic particles, secondary 

microplastic particles, non-microplastic, and marine biota. On the whole, the figure indicates that the proposed 

GoogLeNetMP is an extension of the regular GoogLeNet structure, which appears to be deeper and more specialized 

and thus is more appropriate in the overly detailed microplastic particle classification tasks [39]. 

To mitigate the high risk of overfitting associated with training a deep 194-layer CNN architecture on a relatively small 

dataset of 1200 images, several regularization strategies were incorporated into the experimental design. First, instead 

of training the network from scratch, transfer learning was utilized by initializing the GoogLeNetMP model with pre-

trained weights from the ImageNet dataset [36]. This initialization allows the model to leverage rich lower-level feature 

representations, substantially reducing the data volume required for robust convergence [37]. Second, a dropout layer 

with a threshold of 0.4 was implemented prior to the final classification layer to prevent co-dependency among neurons. 

Lastly, the training process employed a strict training-validation-testing split, paired with an validation loss monitoring 

strategy to ensure that training ceased immediately if performance on the validation set began to degrade, thereby 

guaranteeing the generalizability of the multi-class microplastic classification [38]. 

To ensure full reproducibility of the GoogLeNetMP architecture, the specific implementation hyperparameters for the 

15 custom convolution blocks are detailed as follows [39]. Each custom block typically consists of a combination of 

dimension-reduction and feature-extraction layers. Specifically, the primary convolutional layers within these blocks 

utilize a kernel size of 3 x 3 coupled with a stride of 1 and 'same' padding (padding = 1) to preserve the spatial feature 

map dimensions across deep layers [40]. To optimize computational efficiency, 1 x 1 convolutions are employed prior 

to the 3 x 3 layers [41]. The number of filters progressively scales deeper into the network, starting from 64 filters in 

the earlier custom blocks, expanding to 128, and reaching 256 filters in the deepest blocks prior to the global average 

pooling layer. Additionally, Batch Normalization and ReLU activation functions are sequentially applied immediately 

following each convolution operation to stabilize the learning process. The proposed architecture: GoogLeNetMP in 

table format can be seen Table 2. 

Table 2. Table Proposed Architecture: GoogLeNetMP 

Block Number Layer Type / Setup 
Number of 

Filters 

Kernel 

Size 
Stride Padding Activation Dropout 

Block 1 to 4 Conv2D + BatchNorm 128 3 x 3 1 Same ReLU None 

Block 5 Conv2D + BatchNorm 128 3 x 3 1 Same ReLU 
0.2 

(20%) 

Block 6 to 9 Conv2D + BatchNorm 128 3 x 3 1 Same ReLU None 

Block 10 Conv2D + BatchNorm 128 3 x 3 1 Same ReLU 
0.2 

(20%) 

Block 11 to 14 Conv2D + BatchNorm 128 3 x 3 1 Same ReLU None 

Block 15 Conv2D + BatchNorm 128 3 x 3 1 Same ReLU 
0.2 

(20%) 

Final Classification 

(Global) 

Dropout + GlobalAvgPooling2D + 

Fully Connected + Softmax 

N/A (Number 

of Classes) 
N/A N/A N/A Softmax 

0.4 

(40%) 

3.6.  Evaluation Metrics 

In order to evaluate the performance of the proposed GoogLeNetMP architecture in terms of classification performance 

quantitatively, a full evaluation was performed through a standard confusion matrix method. Because the process of 

detecting microplastics in underwater settings is a multi-class classification task, overall accuracy is not an adequate 

requirement, especially with the possibility that the classes are imbalanced or the background noise is too high [40]. 

Consequently, the strength and generalization powers of the model were stringently estimated through four formidable 

statistical measures, namely accuracy, sensitivity (recall), specificity, and F1-score [41]. These metrics are based on 

the elements of the confusion matrix, that is, True Positives (TP), True Negatives (TN), False Positives (FP), and False 

Negatives (FN).  
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4. Results and Discussion 

4.1. Preprocessing Result and Discussion 

Image resizing was the initial preprocessing phase, whereby all the input images were transformed to a standard 

resolution of 224 x 224 pixels. This was to remove discrepancies in image sizes throughout the dataset and to align the 

input size needs of CNN-based architecture. The size change process enhanced inconsistencies in image size without 

altering more crucial parts of the object, thus enabling the network to run all samples in a standard format. The images 

were resized, and the median filter method was used in the post-processing of photos in an attempt to eliminate noise 

and retain valuable structural data. Images of underwater and subsurface water are known to possess impulsive noise 

and interference of suspended particles and small artifacts due to the imaging environment. The median filtering 

application was effective in reducing these undesirable disturbances, with each pixel value replaced with the median 

value of all the neighbor pixels.  

The second step during preprocessing was the contrast stretching that was used to increase the range of the intensity 

values in the image and enhance visual contrast between object and background areas. The contrast in most of the 

original images of the subsurface water was not very high; the particles and the surrounding water environment were 

not seen as distinct entities and were seen as similar. The last post-processing process was intensity adjustment, which 

was used to enhance the general brightness distribution of the picture and highlight the important visual characteristics. 

This correction assisted in correcting exaggerated dark or too-bright images or unevenly lit images with the underwater 

lighting conditions. More effective redistribution of pixel intensity values resulted in improved visual balance and more 

powerful object representation of images through intensity adjustment. The resizing, the median filtering, the intensity 

adjustment, and the contrast stretching results are shown in table 3. 

Table 3. Pre-Processing Result 

No Input Image Resizing Filtering 
Contrast 

Stretching 

Intensity 

Adjustment 
Categorization 

1 

     

Primary Microplastic 

Particles 

2 

     

Primary Microplastic 

Particles 

3 

     

Primary Microplastic 

Particles 

4 

     

Secondary 

Microplastic 

Particles 

5 

     

Secondary 

Microplastic 

Particles 

6 

     

Secondary 

Microplastic 

Particles 

7 

     

Non-Microplastics 



Journal of Applied Data Sciences 

Vol. 7, No. 3, September 2026, pp. 1964-1979 

ISSN 2723-6471 

1973 

 

 

 

No Input Image Resizing Filtering 
Contrast 

Stretching 

Intensity 

Adjustment 
Categorization 

8 

     

Non-Microplastics 

9 

     

Non-Microplastics 

10 

     

Marine Biota 

11 

     

Marine Biota 

12 

     

Marine Biota 

Table 3 shows the outcome of the preprocessing steps that were performed on the subsurface water images that have 

been used in this research. The table displays the image transformation step by step, beginning with the original input 

image and then the results of resizing, filtering, contrast stretching, and intensity adjustment and the ultimate 

categorization of each sample. Overall, the resizing phase was able to normalize the image sizes, and all samples were 

of the same size to proceed with the following image processing operations. In addition, it could be noted that the 

median filter method of filtering succeeded in removing the noise of the images in addition to the primary form of the 

objects, which allowed the boundaries of the particles and biota to be observed. At the contrast stretching stage, it was 

possible to enlarge the intensity distribution so that the objects become clearer and the foreground and background 

become even more distinct. Lastly, the intensity control was another step toward the enhancement of the appearance 

of the image, which maximized brightness and contrast, thus bringing out the object’s characteristics.  

4.2. Training Process Comparison 

To provide a clearer understanding of the comparative learning behavior between the baseline GoogLeNet architecture 

and the proposed GoogLeNetMP architecture, the training progress curves of both models are presented in the 

following figure. These graphs illustrate the evolution of model performance during training, including changes in 

accuracy and loss over iterations, as well as the corresponding validation behavior as shown in figure 3. 

As shown in figure 3, the proposed GoogLeNetMP architecture demonstrates a more stable and superior training 

behavior compared to the standard GoogLeNet architecture. Although both models achieve high training accuracy, 

GoogLeNetMP reaches near-perfect accuracy with a smoother convergence pattern and consistently lower loss values 

throughout the training process. In contrast, the standard GoogLeNet model exhibits more noticeable fluctuations in 

both accuracy and loss, with several sharp drops during training and higher validation instability at certain iterations. 

These results indicate that the addition of new convolutional layers in GoogLeNetMP strengthens feature extraction 

and improves the model’s learning capability, leading to better generalization and more reliable classification 

performance. 
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Figure 3. Training Process Comparison: a. GoogLeNet b. GoogLeNetMP (Proposed Model) 

4.3. Performance Evaluation of GoogLeNetMP Model 

The performance of the proposed GoogLeNetMP architecture was comprehensively evaluated using a testing dataset 

comprising unseen underwater images. During the training phase, the model demonstrated highly efficient and stable 

convergence over 500 epochs with a total of 12,000 iterations. The validation loss decreased drastically and reached a 

remarkably low final value of 0.0036. Based on the testing results, the GoogLeNetMP model successfully achieved an 

impressive overall accuracy of 95.75%. The specific performance metrics for each class-Primary Microplastics, 

Secondary Microplastics, Non-Microplastics, and Marine Biota-revealed that the model recorded an average sensitivity 

(recall) of 92.80% and a specificity of 97.00%. Furthermore, the F1-Score, which provides a balanced measure amidst 

complex underwater background noise, reached 92.06%. Ablation observations indicate that while the preprocessing 

pipeline contributes to a more stable convergence during training, the 50-layer architectural expansion of 

GoogLeNetMP is the primary driver for the increase in multi-class accuracy, particularly for distinguishing between 

primary and secondary microplastics which share similar textural attributes. 

4.4. Comparative Analysis with Standard Architectures 

To ensure a fair and scientifically rigorous comparison, both the standard GoogLeNet and the proposed GoogLeNetMP 

were trained under strictly identical hyperparameter configurations (Adam optimizer, batch size of 32, max epochs of 

500, and identical data augmentation strategies). To validate the novelty and superiority of the GoogLeNetMP 

architecture, its performance was directly compared with the standard GoogLeNet architecture (Prior to Development), 

which consists of 144 layers. In the standard architecture, the model stagnated at a validation accuracy of 84.17%, with 

a sensitivity of 84.17%, specificity of 95.04%, and an F1-Score of 84.25%. The primary weakness of this baseline 

model was evident from its high validation loss of 0.6120, indicating the occurrence of overfitting, as well as its 

inability to recognize the "non-microplastic" class, which only achieved a 50% success rate due to spatial confusion. 

To overcome these limitations, GoogLeNetMP was deepened to 194 layers through the addition of 15 custom 

convolution blocks. Furthermore, despite the structural deepening from 144 to 194 layers, the training time for 

GoogLeNetMP was significantly reduced (from 290 minutes to 123 minutes).  
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This computational efficiency was achieved by implementing a partial weight freezing strategy, where the learning 

rates for the first 141 foundational layers were set to zero, thereby drastically reducing the number of active learnable 

parameters during backpropagation while maximizing the feature extraction capability of the new custom blocks. A 

detailed quantitative comparison between the two models is presented in table 4. 

Table 4. Performance Comparison Between Standard GoogleNet and GoogLeNetMP 

Evaluation Metrics / Configuration 
Standard GoogLeNet 

(144 Layers) 

Proposed GoogLeNetMP (194 

Layers) 
Improvement Margin 

Training Hyperparameters 
Adam, LR 3 x 10⁻⁴, 

Batch 32 
Adam, LR 3 x 10⁻⁴, Batch 32 

(Identical 

Configuration) 

Active Learnable Layers 
144 Layers (Fully 

Trained) 
53 Layers (141 Layers Frozen) 

Computationally 

Optimized 

Validation Loss 0.6120 0.0036 -0.6084 

Overall Accuracy 84.17% 95.75% + 11.58% 

Sensitivity (Recall) 84.17% 92.80% + 8.63% 

Specificity 95.04% 97.00% + 1.96% 

F1-Score 84.25% 92.06% + 7.81% 

Non-Microplastic Detection Rate 50.00% 96.50% + 46.50% 

Training Time 290 mins 43 secs 123 mins 55 secs Faster by ~166 mins 

The significant reduction in training time for GoogLeNetMP (123 minutes 55 seconds) compared to the standard 

GoogLeNet (290 minutes 43 seconds) despite the increased structural depth is attributed to a targeted layer freezing 

strategy. In the standard architecture setup, all 144 layers remained fully unfrozen, requiring the backpropagation 

algorithm to compute gradients and update weight matrices across the entire network during each iteration of the 500 

epochs, thereby introducing a severe computational bottleneck. In contrast, GoogLeNetMP employs a partial transfer 

learning optimization where the first 141 foundational layers of the base network are frozen by setting both the weight 

and bias learning rate factors to zero. Consequently, the computational burden during the backward pass is strictly 

restricted to the 15 custom convolution blocks and the final classification layers. As a visualization image, the 

comparison of GoogLeNet with the GoogLeNetMP architecture can be seen in figure 4. 

 

Figure 4. Performance Comparison: Standard GoogLeNet vs. Proposed GoogLeNetMP 

To rigorously validate the reliability of the reported performance gains and ensure the improvement is not due to 

random data variance, a statistical significance analysis was conducted by calculating the 95% confidence intervals 

(CI) for the classification accuracies. Utilizing the normal approximation of the binomial distribution, the confidence 

interval is defined as 𝐶𝐼 = ±𝑍 𝑥 √
𝑝(1−𝑝)

𝑁
, where 𝑝 is the accuracy proportion, 𝑁 is the number of test samples, and 

𝑍 = 1.96 for a 95% confidence level. For the standard GoogLeNet architecture 𝑝 = 0.8417, and the calculated 95% 

CI is 79.55% to 88.79%. Conversely, the proposed GoogLeNetMP architecture 𝑝 = 0.9575 achieved a 95% CI of 

93.20% to 98.30%. Because the lower bound of the GoogLeNetMP confidence interval (93.20%) is strictly higher than 

the upper bound of the standard model's interval (88.79%), with absolutely no overlap, it is mathematically confirmed 

that the +11.58% accuracy improvement is statistically significant. This statistical evidence solidifies the reliability of 

GoogLeNetMP for robust microplastic classification. 
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5. Conclusion 

This paper proposed GoogLeNetMP, an adapted GoogLeNet architecture designed to classify microplastic-related 

objects in subsurface marine conditions across multiple classes. By enhancing the baseline architecture with a dedicated 

preprocessing pipeline and preserving fine-grained spatial features against underwater degradation, the proposed model 

demonstrated significant improvements over the standard GoogLeNet. GoogLeNetMP achieved an overall average 

accuracy of 95.75%, a sensitivity of 92.80%, a specificity of 97.00%, and an F1 score of 92.06%. These metrics validate 

its effectiveness in classifying primary microplastics, secondary microplastics, non-microplastics, and marine biota in 

visually complex underwater images. Furthermore, the proposed model exhibited more stable training behavior, 

significantly lower validation loss, and greater discriminative power compared to the original architecture, successfully 

resolving spatial confusion among difficult classes. Thus, GoogLeNetMP serves as a valuable AI-driven baseline for 

marine pollution detection, offering a reliable decision-support system for environmental monitoring and sustainable 

coastal management.  

Despite these encouraging findings, several limitations must be critically acknowledged for future real-world 

applications. First, while the model demonstrates robustness on the current dataset, real-world environmental 

monitoring often suffers from severe class imbalance, where background debris or non-microplastic elements vastly 

outnumber actual microplastic fragments, potentially biasing the model. Second, the current dataset's size and 

heterogeneity highlight the challenge of domain shift when transitioning from controlled imaging to in-situ detection. 

Complex environmental variables such as extreme variations in water turbidity, fluctuating illumination, and organic 

biofouling can degrade the visual features the model currently relies on. Finally, regarding deployment constraints, 

executing a deep 194-layer convolutional architecture demands considerable computational resources, making it 

challenging to deploy on portable, low-power edge devices (e.g., underwater drones) for real-time analysis. Therefore, 

future studies will focus on enlarging the dataset with diverse real-world marine images. To address the identified 

limitations, future work will integrate synthetic data generation to mitigate class imbalance, explore domain adaptation 

techniques to handle environmental noise, and incorporate attention mechanisms. Ultimately, transitioning towards 

lightweight architectures through network pruning or quantization will be prioritized to reduce the computational 

payload, thereby enhancing deployment performance in practical, real-time marine monitoring systems. 
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