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Abstract  

Plastic particles with various size variations such as microplastics are environmental contaminants that are widely found in waters and have the 

potential to cause negative impacts. The process of identifying plastic particles using microscopic imagery manually takes a lot of time and 

considerable cost. In order to provide an alternative solution as part of early detection, microscopic image-based plastic particle detection was 

carried out with the YOLOv8 architecture, accompanied by an estimate of microplastic abundance in microplastic units per cubic meter. This 

study aims to develop and evaluate the detection of plastic particles in microscopic images of river water. This research dataset consists of 300 

microscopic images taken from three river locations in Indonesia and annotated for model training and testing. The results of the evaluation 

showed that the proposed model had an aggregate performance value with a precision value of 0.786, recall of 0.66, and mAP@0.5 of 0.731. 

Additional test results show that with the addition of image resolution, the precision value can increase to 0.804 and the value mAP@0.5 increases 

to 0.762, even at the expense of computing time, which is also increasing. Extended scenario-based analysis showed that more than 87% of the 

detected objects fell into the category of small objects, affecting the localization sensitivity and variability of the estimated MPS value. This study 

also validated the results of object detection with FTIR-based laboratory tests using a full quantitative agreement between the model detection 

results and the identification of plastic particle materials at the sampling location level. The main contribution and findings of this study is an 

integrated evaluation framework for object detection, particle size characterization which is expected to be an alternative to the initial screening 

tool for plastic particle content. 
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1. Introduction  

Several reports state that Indonesia's waters have challenges regarding the accumulation of plastic waste, so a 

methodological approach is needed to be able to overcome this problem comprehensively. Based on reports and data 

from Environmental Science & Technology, the existence of plastic particles, specifically microplastics, is found in 

Indonesian waters [1]. This condition is due to the global plastic production factor which continues to increase. Data 

shows that in 1950 plastic production was 2 million metric tons and increased by 400 million metric tons in 2020. This 

will continue to increase based on predictions and there will be a doubling increase by 2040 [2]. The growth of plastic 

production that is increasing from year to year can have ecological effects whose impact will certainly cause many 

negative effects. According to some research, plastics are grouped based on size such as macroplastics, mesoplastics, 

microplastics, and nanoplastics, all of which fall under the category of plastic debris or particles. This plastic problem 

is one of the important issues. The main problem in the current condition is that rivers in Indonesia, according to the 

results of the Ecoton survey, have been polluted by microplastics by 98% spread across 24 provinces.  

Microplastics are not only found in the water but also in household appliances such as blenders which are also found 

[3]. The increasing volume of plastic particles in waters such as seas and rivers and becoming new contaminants in the 

environment, makes it interesting to study [4] specifically in Indonesia [5] Because plastic particles become an 
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emergent contaminant that attracts global attention and various studies produce data that cannot be compared due to 

differences in methodology [6]. Detection of microplastics and even nanoplastics [7] can be done by utilizing artificial 

intelligence [8] [9] specifically, using computer vision or image processing which has many techniques and approaches 

[10] in detecting images [11]. The model that is usually used is the convolutional neural network model which has 

many architectures [12] to be able to detect images in multiple characters [13] and able to recognize various sizes, 

shapes, and colors of microplastics [14] which has fairly accurate results with a < deviation of 10% and a process speed 

of 10 seconds per image [15]. Other approaches such as Raman spectroscopic imaging [16] or with Multispectral 

Imaging [17]. Other research was also able to detect with a combination of IoT and CNN. One of the algorithms that 

can be used is CNN with VGG16 architecture with VGG16 results being able to be classified into three types: 

fragments, pellets, and lines [18].  Another study using a two-stage architecture (U-Net + VGG-16) succeeded in 

automatically counting and identifying microplastics measuring 1–5 mm with high precision and short processing time. 

In addition, the use of a camera or a regular mobile phone makes this method accessible and low-cost, suitable for 

large-scale field monitoring. Another MP-Net model with deep learning-based image segmentation successfully 

improved the quantification accuracy of fluorescent microplastics compared to traditional approaches [19].  

Some image-based detection results such as the results of ResNet-10 to detect, classify, and perform segmentation 

instances of marine microplastics [20] and detection using cameras in microplastic detection with YoloV5 [21] or 

combination of microscope imagery under UV with Faster-R-CNN-FPN (ResNet-50) [22]. In addition, with the 

application of deep learning, it is able to achieve an accuracy of up to 96% [23]. In addition to an image-based approach, 

one of the identifications that can be done to test the content of microplastics is to predict the value of MPS units or 

microplastics can be done based on machine learning such as Chengzhi Liu's research [24], Shangtuo Qian [25] and 

Yu Zhen [26] all of which utilize artificial intelligence or machine learning such as ensemble learning [27] to see the 

content of existing microplastics. This approach can certainly be used to see and predict results based on real data [28]. 

Other results such as Random Forest to map and predict the concentration of MPs get model results of up to 86% [29] 

or quite optimal results [30]. A comparison of several methods of GBoost, LightGBM, CatBoost shows the best 

CatBoost results for predicting MPS levels in water [31]. Other models such as LS-SVM, Random Forest (RF) and 

LSTM are also able to predict the amount of MP in peatland sediment samples [32] or a combination of Decision Tree, 

RF, XGBoost [33] combination Artificial Neural Networks and Hidden Markov Models (ANN-HMM) [34]. State of 

the art this study detects the content of plastic particles in water by taking microscopic images such as automatic 

research from images [39] or data electron micrographs [40] where the model used applies convolutional neural 

networks with good accuracy to several models [41] [42]. This study will detect images containing microplastics and 

calculate the microplastic content (MPS) in the image. Then the detection and prediction results will be validated by 

test results from the laboratory to ensure the validity of the test data-based results using FTIR analysis to confirm the 

plastic polymer particles in the sample being studied.  

This research is expected to be able to cover some of the weaknesses of previous research that still focuses on visual 

detection related to the content of plastic particles without standardized validation. This study attempts to propose an 

integrated framework in detecting and estimating the amount of plastic particle content in microscopic images. The 

main contributions of this study are (1) plastic particle detection model in microscopic images of river water samples, 

(2) pixel-to-micrometer caliphs in plastic particle size estimation, (3) prediction of plastic particle size in MPS units, 

and (4) validation of plastic particle detection and prediction results by FTIR analysis tested in the laboratory. This 

approach is expected to provide a solution in cutting the long flow of laboratory tests and become an initial screening 

tool for plastic particle pollution in rivers with a scenario-based approach for the detection and analysis of plastic 

particles. The study not only focused on evaluating model performance, but also investigating the relationship of 

bounding box size, prediction variability and microscopic image characteristics with the stability of MPS estimates. 

This research is expected to be able to make a scientific contribution by not only focusing on detection accuracy but 

also presenting scenario-based reflective analysis.  Studies are generally based on classification and detection without 

any correlation with quantitative estimation of the abundance of plastic particles and based on no evidence of FTIR 

analysis. 

2. Literature Review  

2.1. Related Works 

Several relevant studies on plastic particle detection are focused on three main categories, namely: (1) computer vision-

based plastic particle detection, (2) prediction of plastic particle size estimation with artificial intelligence, and (3) 

validation of plastic particle detection results by laboratory analysis. This is important considering the significant 
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growth in plastic production and starting to pollute river ecosystems in particular. So that the development of detection 

models is an urgency that continues to be researched by several previous researchers. Manual detection of plastic 

particles carries out a fairly long laboratory-based identification and analysis. The long and time-consuming scientific 

mechanism for detecting plastic particles creates a research gap that can be overcome with computer vision models. 

The model that has good accuracy and object detection capabilities is Convolutional Neural Networks (CNN).  

CNN have one of the architectures that has good detection characteristics, namely by using YOLO. The results of 

CNN-based research with YOLO architecture have good results such as studies that achieve high accuracy of 98% 

[35]. The advantages of YOLO with its model variety have advantages in inference speed and ease of implementation. 

Previous research on plastic particle detection used YOLO's one-stage architecture with a focus on accuracy metrics 

such as precision, recall and mAP, and has not touched on model behavior on small objects. This research will try to 

cover the gap in evaluation research on the sensitivity of small objects that will be tested in this study. The detection 

of plastic particle objects will be combined with the prediction of the value of microplastics per cubic meter (MPS). 

The model in this study will measure the value of plastic particles in objects. In practice, the mean particle size (mean 

micrometer) does not directly affect the MPS calculation. This identification puts the identification of particles with 

MPS estimation as additional information for the initial quantitative component in the analysis of plastic particles. This 

research still has limitations where these results are still an initial model and need further development.  

The results of object detection and MPS size identification were the two main outputs of the study. In order to ensure 

and validate that the detected plastic particles are correct and precise, a chemical analysis is carried out with Fourier 

Transform Infrared Spectroscopy (FTIR) as a material for validating the results. The Fourier Transform Infrared 

Spectroscopy analysis position is used for validation parameters, because the analysis size in FTIR is a reference value 

that shows credibility. Although Fourier Transform Infrared Spectroscopy has good results, this analysis has a 

drawback, namely the long analysis time, the high cost so that this detection model is expected to be able to be a 

solution and contribution to technological innovation.  

2.2. Comparative Analysis and Research Gap  

A structured comparison based on the results of a literature review of several existing approaches to object detection 

models that have been carried out will be summarized in table 1. This will be used in the analysis based on the selection 

of the type of architecture in the table 1. 

Table 1. Comparative Model 

Model 
Detection 

Type 

Small Object 

Capability 
Speed 

Annotation 

Need 
Strengths 

Faster R-CNN [36] Two Stage High Slow Bounding Box Strong Localization 

SSD [37] Single Stage Moderate Fast Bounding Box Efficient Inference 

YOLOv5 [38] Single Stage Moderate 
Very 

Fast 
Bounding Box Lightweight and Stable 

YOLOv8 [39] Single Stage High Fast Bounding Box 
Improved Feature Aggregation and 

Training Stability 

Table 1 showing comparative results has their own advantages and limitations. Based on the detection type, there are 

two types, namely single, and double stage. The advantages of single stage are in terms of balance of speed and 

accuracy, this is relevant to the data that will be used in this study. The annotation bounding box model with high small 

object capability characteristics shows that the YOLOv8 model is relevant to small particles and image characters that 

have low contrast to the background. Some of the results of previous studies focused on detection accuracy without 

considering several aspects such as the influence of particle size and distribution. This is the main contribution in this 

study is the YOLOv8-based object detection methodological framework with chemical laboratory test validation, so 

that the results become more comprehensive. Some of these deep learning-based techniques are able to detect and 

classify plastic particles with microscopic image media. On average, the model used uses Convolutional Neural 

Networks (CNN) due to its ability to extract good visual features. Then, segmentation such as U-Net or MP-Net 

provides more precise spatial details at the pixel level, which is relevant in the separation of plastic particles from the 

background. On the other hand, YOLO or Faster R-CNN's bounding box-based detection has strong object localization 

capabilities, although it takes a long inference time. The biggest challenge in detecting plastic particles is the small size 
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of the object, which will be relevant to the YOLOv8 model which has a better feature aggregation mechanism, and has 

qualified training stability. 

3. Methodology  

This study is an experimental study based on microscopic image data. In addition to the process of detecting plastic 

particles in water. This methodology is prepared in an integrated manner starting from sampling from the river, 

developing datasets, detection and analysis of results. 

3.1. Study Area, Sample Collection and Image Acquisition 

River water samples were taken from three locations in Yogyakarta, Indonesia. The selection of location takes into 

account the location, geographical aspects, and human activities around the river in order to vary the distribution of 

plastic particles. Samples from this river water are processed in the laboratory through filtration and preparation stages 

according to standard analysis procedures. The image data used in this study used microscopic images from river water 

sampling for laboratory testing. The sample observation device uses a binocular stereo microscope with an optical tilt 

angle of 45°, an interpupillary range of 55–75 mm and lighting with a halogen lamp of 12 V. The reason for the 

selection of this is to produce good and adequate visualization of plastic particles, because plastic particles are small. 

All image data uses one uniform resolution of 1200 x 1600 pixels with all the same configuration. This is done to 

ensure the consistency of the spatial and visual scale. The parameters used for microscopic image data collection are 

focus settings, lighting intensity, and the distance of objects to the lens. This uniformity and similarity is expected to 

be able to provide a reliable analysis to explore the relationship between microscopic image characteristics and the 

distribution of bounding box size and model prediction variability. In the next process, the data will be used as input 

data for the annotation and model development process. 

3.2. Dataset Construction Annotation and Preprocessing  

The total dataset used was 300 microscopic images after going through the image acquisition stage. The detailed 

information is as many as 1,701 instances of plastic particles. The number of images is still relatively limited, the 

characteristics of this dataset have an object density that allows the model to be able to study visual patterns in a 

representative manner without depending on the size of the dataset. The process is carried out by identifying the 

bounding box on the identified plastic particles. The process regarding the dataset, the data is divided into three subsets, 

namely training data of 70%, validation data of 20% and testing data of 10%. The data sharing is done randomly with 

the aim of ensuring that the distribution of the image remains proportional and can reduce the possibility of bias and 

improve the generalization capabilities of the model. In order to increase data diversity and avoid the risk of overfitting, 

the augmentation process is carried out with a rotation approach, horizontal and vertical flipping, translation, rescale, 

brightness and contrast adjustment. This is done to provide a variety of visual conditions without changing the 

characteristics of microscopic data in plastic particles. The application of data augmentation techniques to increase the 

variability of the dataset, in addition to increasing the resistance of the model to scale and particle variations. 

Augmentation becomes a standard procedure, not an independent experimental variable, so it does not include a 

separate analysis. The data used were 300 microscopic images with a total of 1701 instances that had been annotated. 

This is admittedly quite limited for a model training.  

Therefore, the training process uses weight-based transfer learning on the YOLOv8 model. This approach is expected 

to be able to take advantage of visual features and can be adapted into plastic particle detection, so that the data is 

sufficient to train the model while maintaining the generalization capabilities of the model.  Bounding box annotations 

are performed based on visual inspection of microscopic images. The control procedure is carried out by reviewing 

annotations and verifying through the particle labeling inspection process. This approach is adequate for the purpose 

of detecting single-class plastic particles with relatively homogeneous characteristics in microscopic images. The 

dataset was divided into training, validation and testing using a 70:20:10 ratio. Divisions are done at the image level, 

ensuring that each image appears only in one subset. This approach prevents data leakage that can occur if individual 

object instances of the same image are distributed to various randomly executed subsets, to ensure each subset has a 

representative variation. This limited amount of data is trained and annotated using transfer learning. The results show 

that the model has stable convergence, this means that this dataset is sufficient for the detection task of single-class 

objects. With dataset conditions predominantly small objects, no explicit reweighting is performed, but the model relies 

on multi-scale feature learning that affects resilience. 
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3.3. Spatial Calibration and Particle Size Estimation  

The spatial calibration process was carried out in the study to convert the particle size from the pixel unit to the physical 

unit (micrometer). This process is done by using 40 magnifications. Repeated measurements resulted in a configuration 

applied to this study with a "40× magnification, the image calibration yielded a spatial resolution of about 2.0 μm per 

pixel. This is the dimension of the bounding box detected to calculate the size of plastic particles in micrometers and 

will be applied in the analysis of size distribution and interpretation of plastic particle values. The conversion factor is 

based on the level of optical magnification, the resolution of the camera sensor. The configuration result of 2.0 μm per 

pixel represents the ratio between the physical length of the object in the microscope's field of view compared to the 

number of pixels in the digital image. Meanwhile, recording calibration uncertainty can affect the estimated size of 

plastic particles. With the process of calculating the abundance of plastic particles in MPS units, small variations in the 

calibration factor affect the estimation of the absolute size of the particles. Spatial calibration is done to convert pixel-

based measurements into real-world dimensions. The calibration factor is determined using a reference scale of known 

physical length, taken under the same microscope configuration as the sample image with reference: 

𝑆 =  
𝐿 𝑅𝑒𝑎𝑙

𝐿 𝑃𝑖𝑥𝑒𝑙
 (1) 

Based on this procedure, a conversion factor of 2.0 μm per pixel is obtained. The calibration is still possible due to the 

uncertainty arising from image resolution and optical conditions which are limitations. The model will be developed 

to detect objects using CNN with the YOLOv8 architecture. This architecture uses a single-stage object detection 

approach. The reason for choosing the model is because it has a good ability to detect small and dense objects, this is 

relevant to the characteristics of the data used, namely plastic particle data in microscopic images. The model was used 

to detect one class of objects by training using the Ultralytics YOLOv8 framework for 100 epoch and applying the 

ADAM optimizer, with an initial learning rate of 0.001 and a batch size of 16. The selection of the ADAM optimizer 

was based on adaptive training rates and convergence stability, which is very relevant to the data in this study which is 

not very large and has heterogeneous visual characteristics. The model used is the YOLOv8n (nano) architecture due 

to its lightweight structure and compatibility with the characteristics of the dataset. The model is trained by utilizing 

feature representations to be able to increase convergence during training. Optimization in YOLOv8 is based on the 

composite loss function in the integration of localization classification and object detection with the formulation of: 

𝐿 = 𝐿𝑐𝑙𝑠 + 𝐿𝑏𝑜𝑥 + 𝐿𝑜𝑏𝑗 (2) 

3.4. Scenario-Based Evaluation and Performance Metrics 

Model performance is evaluated based on standard metrics such as recall, precision, and mAP. This metric is used to 

analyze the behavior of an object model that has variations. Where the focus is on the detection of objects with various 

particle sizes and spatial distribution in microscopic images. The evaluation is also based on standard object metrics 

below a predetermined threshold. A threshold of 0.25 is applied to filter the bounding box that will be predicted and 

ensure a sufficient level of confidence. The other value is that the Intersection over Union (IoU) limit for mAP50 is set 

at 0.5, while mAP50–95 is calculated at the IoU threshold range from 0.5 to 0.95 in a step of 0.05, following standard 

evaluation practices in object detection. This is done as a framework to ensure reliable performance detection. The 

model is evaluated using object detection metrics. Precision describes the ratio of correctly detected objects, recall 

indicates correct detection to ground-truth. The gauges follow the standard COCO evaluation protocol. The YOLOv8 

model is not only lightweight, but also relevant and suitable for small datasets and single classes. With larger variants 

and size of resources, it can be done as part of the improvement and sustainability of research. The selection of a sample 

of 39 samples was selected using graded sampling based on particle size, to ensure the representation of small, medium, 

and large objects. This analysis is exploratory due to the limited sample size. 

3.5. Microplastic Abundance Estimation (MPS) and FTIR Validation  

The calculation of the value of plastic particles is carried out by applying the microplastic per cubic meter (MPS) metric 

which is used as a ratio of the number of detected plastic particles to the volume of water. Standardization is carried 

out to maintain freshness by using a water volume of 100 m³. Apart from the prediction process carried out, there is a 

validation stage based on Fourier Transform Infrared Spectroscopy (FTIR) as a stage to validate the existence of plastic 

particles by strengthening the relevance of image-based detection results that will be positioned as an initial screening 

tool. The measurement of microplastic abundance is calculated as follows:  
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𝑀𝑃𝑆 =  
𝑁

𝑉
 (3) 

The MPS calculation estimate assumes that the particles detected in the microscopic image represent the distribution 

of particles in units of water volume in the sample. The use of this estimate does not take into account the potential 

sampling bias which is a limitation of the approach carried out. The process of converting the output of an object into 

an MPS, requires a computational workflow. This flow will combine bounding box detection with MPS estimation. 

The sequence of steps consists of: Object detection, bounding box extraction, spatial calibration, particle size estimation 

and MPS value estimation. Microscopic image data will be processed in the YOLOv8 model with the identification of 

plastic particles. The objects detected by the model will be represented in bounding boxes based on the central 

coordinates and dimensions in pixels. The use of width and height on the bounding box is used to calculate the size of 

the dominant plastic particles in the image. The process of converting pixels to real dimensions is carried out spatial 

calibration using the following microscope calibration: 

𝑆 = 2.0 µm/𝑝𝑖𝑥𝑒𝑙 (4) 

 

The predicted particle size in micrometers is calculated as:  

𝑑𝑖 = 𝑝𝑖 ×  s (5) 

 

MPS calculation is the ratio between the number of detected particles and the volume of water sampled (MPS = N/V). 

4. Results and Discussion 

The results and discussion section will present the results of several experiments conducted based on scenarios to 

explore and obtain information on the evaluation of the performance of plastic particle detection, predictive stability 

results, as well as the relationship between the characteristics of microscopic images and the size of the bounding box 

and the estimated calculation of the value of plastic particles in MPS units. The data and analysis presented emphasize 

the understanding of the variability and limitations produced by microscopic image-based data-based predictions.  

4.1. Characteristics of Microscopic Datasets 

The characteristics and visualization of the microscopic image dataset in this research data which shows variations in 

the density of objects. In addition, on Figure 1 showing microscopic image data accompanied by a bounding box on 

plastic particles.  

 

Figure 1. Object Detection 

These variations can contribute to differences in localization quality and prediction stability, which will be further 

discussed in the analysis of bounding box distribution and MPS variability. 

4.2. Particle Plastic Object Detection Performance 

The YOLOv8 model in detecting objects has a performance by showing a precision value of 0.786. The recall value is 

0.66, mAP@0.5 is 0.731 and the value is mAP@0.5-0.95 with a value of 0.346. The precision value obtained is quite 

relatively high which indicates that most of the objects detected in the model are indeed plastic particles. This high 

precision value has a good meaning, but on the other hand the recall value is still quite low showing that many particles 

mailto:mAP@0.5
mailto:mAP@0.5-0.95
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fail to be detected, especially in high-density images with very small particle sizes. The performance evaluation of the 

YOLOv8 model showed a precision value of 0.786, a recall of 0.66, a mAP@0.5 of 0.731, and a mAP@0.5–0.95 of 

0.346. The relatively high precision value indicates that most of the objects detected are true microplastic particles. 

However, lower recall values indicate that there are still undetected particles, especially in high-density images and 

very small particles. This result is reinforced by the precision recall curve on Figure 2.  

 

Figure 2. Precision-Recall Curve 

The results of this curve provide an overview of the behavior of the YOLOv8 model at various levels of detection 

completeness. The model as a whole is able to maintain a fairly high precision value with the precision of the detection 

object. However, on the other hand, on the other hand, there is a sharp decrease in precision values. An indication of 

this pattern is the ability to detect objects with very small particles overlapping each other. This is relevant to the 

characteristics of microscopic image data where there are many small and transparent objects. This evaluation is based 

on aggregate metrics with reference to precision, recall, mAP@0.5 and mAP@0.5–0.95 values. The details of the 

results are shown on Table 2. 

Table 2. Testing Model 

Category Value 

Images 300 

Instances 1701 

Box P 0.786 

R 0.66 

mAP50 0.731 

mAP50-95 0.346 

The results of the evaluation summarize an evaluation based on metric aggregate which provides an overview of 

detection accuracy, but only limited to general performance regarding object detection. These results do not fully reflect 

the differences in image conditions, object density, small particle dominance and do not explain the factors that affect 

the results of location quality and prediction stability, so a more in-depth scenario-based analysis is needed to examine 

the distribution of bounding box size and prediction variability referring to microscopic image characteristics. Further 

analysis as an additional study will be discussed in this study to obtain more comprehensive results. Higher image 

resolution has the opportunity to improve detection detail even though it is aligned with increased computational costs 

and inference time. A more detailed analysis can be a suggestion for research development. 

4.3. Analysis Based on Scenario  

The results of the metric aggregate-based evaluation provide information about the detection performance of the 

YOLOv8 model. These results need to be strengthened by scenario-based analysis by identifying factors that affect the 

localization quality and prediction stability in microscopic images. This additional analysis will examine additional 

information in the form of the relationship between the distribution of bounding box size, visual characteristics of the 

image, and prediction variability in the estimation of the mps value. The analysis that can be done is the distribution of 

mailto:mAP@0.5
mailto:mAP@0.5–0.95
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the bounding box area where the results show that the majority of detected objects are in the category of small size. 

The total bounding box was 39 as an analysis sample, around 87.17% was included in the small category with a median 

value of 0.00175 and an average value of 0.00658 which was quite relative to the image dimension. Scenario-based 

analysis using 39 bounding boxes was selected to represent different categories of particle sizes and observed 

conditions. The goal is exploratory, where information on the distribution of bounding box size distribution, prediction 

variability can be explored further. The dominance of bounding box distribution, which falls into this small category, 

has implications for the quality of localization. This influence will be significant in localization errors that cause a 

decrease in the value of Intersection over Union (IoU). This is clearly evident from the results of the significant 

difference  in the values of mAP@0.5 and mAP@0.5-0.95. Another analysis is the prediction variability and estimation 

stability in predicting the value of plastic particle content with MPS units by comparing the density of microscopic 

image objects. The results of this analysis are shown in Table 3. 

Table 3. Variability of Prediction and MPS 

Density Total Particles MPS Mean Area Std Area 

Low 8 0.08 0.21019 0.006607 

Medium 12 0.12 0.005356 0.005818 

High 19 0.19 0.001276 0.001437 

The results of the analysis showed that the MPS value increased as the density of the object was shown between the 

total particles and MPS columns. The increase in the MPS value was accompanied by a significant decrease in the 

average area of the bounding box area. Meanwhile, the standard deviation value shows that objects with high density 

have a smaller standard deviation value compared to objects that have low density values. The indication of the results 

shows that the detected objects tend to be homogeneous in size with large quantities. This means that the estimated 

stability of MPS is not only determined by the number of detected particles, but also by the distribution of the size and 

structure of the object. These results also explain the difference in precision and recall values in the evaluation of 

aggregate metrics, where small objects dominate with high object density values so that there is a probability of possible 

missed objects (false negative). MPS level classification with the following references: Low density: MPS ≤ 0.10 

particles/m³, Medium density: 0.10 < MPS ≤ 0.15 particles/m³, High density: MPS > 0.15 particles/m³. This is based 

on the empirical distribution of the dataset where the observed values range from 0.08 to 0.19 particles/m³.  Scenario-

based subset assessment was carried out by conducting a statistical comparison of 39 bounding boxes selected from 

1,701 instances. It is based on the particle size distribution. As in the results of the Table 4 shows that the comparable 

value is at 45.2 pixels with a consistent standard deviation at (19.4 and 18.7 pixels). The distribution of small particles 

(<50 pixels) dominated with complete datasets (86.8%) and (84.6%). This states that the subset captures the dominant 

characteristics of the dataset, specifically small particles and objects. These findings corroborate that despite the limited 

size, the selected subset is able to reflect the size of the particles in the dataset.  

Table 4. Scenario Subset 

Metric Full Dataset Scenario Subset 

Mean Particel Size (pixel) 43.7 45.2 

Standard Deviation (pixel) 19.4 18.7 

Small Particles (<50 px) 86.8% 84.6% 

Medium Particles (50-100 px) 10.5% 12.8% 

Large Particles (>100 px) 2.7% 2.6% 

4.4. Discussion on Small Object Detection  

The dominance of small objects in the dataset of 87% is the main challenge in the detection of plastic particles. This 

section will examine the effect of spatial resolution on the performance of model detection. Additional experiments 

were conducted using different model input resolutions while still using the same training configuration. This change 

in input resolution is only made to the pre-processing model which has no direct effect on the resolution of the original 

image and the main calibration. The results of the experiment are shown in detail on Table 5. 
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Table 5. Performance Model 

Configuration Precision Recall mAP50 mAP50-95 Inference Time 

640 x 640 (baseline) 0.786 0.660 0.731 0.346 18 ms 

1024 x 1024 0.804 0.712 0.762 0.401 35 ms 

An additional scenario in the test results with different input resolutions, was proven to increase the precision value at 

0.804. Another improvement also occurred in the recall value, mAP50, mAP50-95. This performance improvement 

indicates that higher input resolution allows the model to retain spatial data. However, this improvement also increases 

the computational time in the inference process. It can be concluded that, there is a trade-off between detection accuracy 

and computational efficiency. Based on the results of the table, it can be further analyzed about the consistent patterns 

where the dominance of small particles and the variability are prominent. With a small bounding box size, it is more 

sensitive to localization errors. This can affect greater IoU variability. Further observations could be more 

comprehensive testing in follow-up research. This refers to variations in IoU and trust scores. Where is the descriptive 

measure used. The comparison made illustrates the different processing scales between the image level and the sample 

level. This is not a direct similarity, the use of the method used functions as a quick filter, while the FTIR method 

provides a more in-depth analysis, so it is expected to complement each other.  

4.5. Validation of Model with Laboratory Test  

The combination of quantitative agreement analysis and characterization with FTIR shows that YOLOv8-based plastic 

particle detection can be used as an initial screening tool for the detection of the presence of plastic particles in water. 

This validation complements the aggregate metrics-based evaluation and scenario-based analysis. The results of the 

previous analysis need to be strengthened again by validating the model prediction and the results of laboratory tests 

with FTIR. The metric used for evaluation deals is the Binomial Confidence Interval. This metric is proposed with the 

concept that if plastic particles are detected by the model, it will be confirmed by the results of chemical laboratory 

tests with FTIR. The number of samples is 3 river water samples or 3 location points. Thus, the values k = 3, and n = 

3 with an agreement level value of 1 because all locations detected plastic particles.  

The next step is to calculate a confidence interval of 95% using Clopper-Perason Exact which is relevant for small and 

binary-type data. The value of the confidence interval has α=0.05. Advanced measurement with a positive predictive 

value (PPV) value with a value of 100. Value of overall agreement, sensitivity, Positive Predictive Value and Upper 

Bound is 100, and the lower bound is 29.  The meaning of the results in the table is from the confidence level of 95% 

of the reliability value, the observation results at 3 location points are produced a lower bound value of 29% and an 

upper bound value of 100%. This shows that although the agreement value shows a perfect value, the performance 

probability can vary due to the limitation of river water test samples which are only 3 location points, so that the interval 

values produced by the lower bound and upper bound are quite wide. The addition of a sample location point could be 

a suggestion in the future. However, this is a value agreement that reflects the model's ability as a plastic particle 

screening tool, not as a full substitute for laboratory characterization. The results of this binominal validation do have 

small sample limitations, due to many factors that are obstacles in the validation of the results. However, this limitation 

can be addressed because this wide interval reflects the reliability of statistical inference which is limited to small 

samples, so agreement is made as part of the evidence. The results of the three locations showed that the particles 

detected by the model were plastic particles with FTIR results as a validation reinforcement with detailed polymer 

characteristics, Location 1 have characteristics Polyvinylidene fluoride (PVDF), Location 2 have Ethylene–acrylic acid 

(EAA) copolymer and Location 3 have High-density polyethylene (HDPE). The results of the proposed microscopic 

image detection model have a fast inference time in the range of 18-35 ms. In comparison to conventional FFID, it 

generally takes about 30-60 minutes per sample.  

The difference in processing time between these two methods can be interpreted by the image detection model can be 

positioned as the initial stage for the identification of the presence of plastic particles in water. The method is not 

intended as a substitute for FTIR because it is still necessary for the chemical identification of polymer composition. 

This proposed method has the potential to be used as a screening stage to help the preliminary process more effectively. 

Validation using FTIR was carried out to confirm the plastic particles detected in the model. This validation is done at 

the sample level, not the sat uke correspondence between bounding boxes. So the validation carried out is used to match 

that the detected object is indeed proven to contain plastic particles. The validation process applies a binomial 
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confidence interval (Clopper–Pearson), assuming a binomial distribution of success during the experiment. Due to the 

small sample size (n = 3), the interval was wide and the results were interpreted as preliminary evidence. 

5. Conclusion  

This study shows that YOLOv8-based plastic particle detection with microscopic data achieves good aggregate 

performance with a precision value of 0.786 and a value of mAP@0.5 of 0.731, although there are still challenges 

regarding the quality of localized bounding boxes. Scenario-based analysis showed that the dominance of small objects 

reached 87% which directly affected the localization performance and the variability of the calculation estimation of 

plastic particles. Additional test results show that with the addition of image resolution, the precision value can increase 

to 0.804 and the value mAP@0.5 increases to 0.762, even at the expense of computing time. Laboratory validation 

used with FTIR showed full quantitative agreement between predictions using location-based models. Although the 

study still has limitations on the sample size of the site which affects the model's generalization ability on the 

environmental conditions of the river or different model configurations. This study still has limitations in the size of 

the dataset as well as the number of samples, so it has limitations in the generalization of the model, therefore the 

follow-up research suggests to expand the location point and improve the detection ability of objects in microscopic 

images. 
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