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ABSTRACT: 
Water contamination caused by 

pathogenic microorganisms poses a serious 

risk to public health and environmental 

safety. Conventional laboratory-based 

water quality testing methods are often 

time-consuming, expensive, and unsuitable 

for continuous monitoring. To address 

these limitations, this paper presents an AI- 

enabled embedded system designed for the 

automated detection of waterborne 

microorganisms. The proposed system 

integrates embedded hardware with 

intelligent data processing techniques to 

analyze sensor inputs and identify 

microbial contamination in real time. 

Machine learning algorithms are employed 

to improve detection accuracy by learning 

patterns associated with different 

microorganisms. The embedded 

architecture enables low-power operation, 

portability, and rapid response, making the 

system suitable for on-site water quality 

assessment. The proposed approach 

enhances the efficiency, reliability, and 

scalability of microorganism detection, 

offering a practical solution for smart water 

monitoring applications in environmental 

and public health domains. 

 

INTRODUCTION: 
Access to clean and safe water is 

essential for human health, environmental 

sustainability, and socio-economic 

development. However, water sources are 

increasingly contaminated by pathogenic 

microorganisms due to industrial discharge, 

 

agricultural runoff, and inadequate 

sanitation systems. Waterborne 

microorganisms, including bacteria, 

viruses, and protozoa, are responsible for a 

wide range of diseases and pose serious 

risks to public health, particularly in 

developing regions. Early and accurate 

detection of such microorganisms is 

therefore critical for ensuring water safety 

and preventing disease outbreaks. 

Traditional methods for 

microorganism detection, such as culture- 

based techniques and laboratory chemical 

analysis, are widely used due to their 

reliability. Nevertheless, these approaches 

are often time-consuming, labor-intensive, 

and require skilled personnel and 

specialized laboratory infrastructure. As a 

result, they are unsuitable for real-time or 

continuous water quality monitoring. The 

delay between sample collection and result 

generation can further increase the risk of 

exposure to contaminated water, 

highlighting the need for faster and 

automated detection mechanisms. 

Recent advancements in 

embedded systems and artificial 

intelligence (AI) have enabled the 

development of smart monitoring solutions 

capable of performing real-time analysis 

with minimal human intervention. 

Embedded systems offer advantages such 

as low power consumption, portability, and 

cost-effectiveness, making them ideal for 

on-site water monitoring applications. 

When combined with AI and machine 
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learning techniques, these systems can 

analyze complex sensor data, identify 

patterns associated with microbial 

contamination, and improve detection 

accuracy through continuous learning. 

This paper presents an AI-enabled 

embedded system designed for the 

automated detection of waterborne 

microorganisms. The proposed system 

integrates suitable sensors with an 

embedded processing unit and employs 

machine learning algorithms to classify and 

detect microbial presence in water samples. 

The system aims to provide rapid, reliable, 

and scalable detection while reducing 

dependency on laboratory-based testing. 

The key contributions of this work include 

the design of an intelligent embedded 

architecture, the implementation of AI- 

based data analysis for microorganism 

detection, and the evaluation of system 

performance under practical conditions. 

The proposed approach offers a promising 

solution for smart water quality monitoring 

in environmental, industrial, and public 

health applications. 

 

REVIEW LITERATURE: 
The literature shows strong 

advances in biosensors, microfluidics, and 

AI-based image/signal analysis, but few 

systems currently achieve direct 

microorganism identification on cost- 

constrained embedded platforms with 

field-ready robustness.[1] This review 

motivates a hybrid approach combining 

compact sensing, lightweight on-device AI, 

and practical sample preparation aims that 

the proposed system in this paper 

addresses[2]. 

 

A. Traditional laboratory methods and 

their limitations: 

Conventional techniques for 

detecting waterborne microorganisms— 

culture-based assays, microscopy, PCR, 

ELISA, and sequencing—remain the 

reference standard due to their high 

specificity and sensitivity.[3] However, 

these methods are typically time-

consuming, require  centralized  

laboratory  facilities, 

costly reagents, and trained personnel, and 

are therefore unsuitable for continuous or 

in-field monitoring.[4] The delay between 

sampling and results limits timely 

interventions during contamination events, 

motivating research into rapid, portable 

alternatives.[5] 

 

B. Biosensors and microfluidic 

approaches for rapid detection: 

Over the last decade, biosensor 

technologies (electrochemical, optical, and 

aptamer/antibody-based sensors) and 

microfluidic lab-on-chip platforms have 

shown strong promise for fast, sensitive 

detection of pathogens and indicators in 

water.[6] These platforms enable 

miniaturized sample handling, low reagent 

use, and rapid responses with low 

detection limits. Integration of 

electrochemical biosensors with 

microfluidics has produced several 

portable prototypes suitable for field use, 

though challenges remain in sample pre- 

processing, fouling, and achieving reliable 

limits of detection in complex 

environmental matrices.[7] 

C. Embedded and IoT-based water 

quality monitoring systems: 

A large body of work focuses on 

low-cost embedded/IoT systems that 

continuously monitor surrogate water 

quality parameters (pH, turbidity, 

temperature, TDS, conductivity, ORP) and 

use threshold rules to infer contamination 

events.[8] These systems are practical for 

networked, remote monitoring and provide 

valuable spatio-temporal data, but they 

typically indicate water quality changes 

rather than directly identifying specific 

microorganisms.[9] Several recent 

prototypes combine microcontrollers 

(ESP32, Arduino) with cloud dashboards 

for alerting and visualization; however, 

direct microbial detection on embedded 

platforms remains less explored.[10] 



D. Machine learning and AI for detection 

and classification: 

Machine learning (ML) and deep 

learning (DL) techniques have been 

successfully applied to sensor fusion, 

pattern recognition from multi-parameter 

datasets, and image-based microorganism 

identification.[11] Convolutional neural 

networks (CNNs) applied to microscopy or 

camera-captured images enable 

species/shape classification with high 

accuracy when sufficient labeled datasets 

exist.[12]. ML has also been used to 

improve signal processing for biosensors 

(e.g., impedance/voltammetry) and to 

reduce false positives through feature 

learning. The key challenge is deploying 

these models on resource-limited 

embedded hardware while maintaining 

inference speed and acceptable power 

consumption. 

 

HARDWARE COMPONENTS: 
The proposed AI-enabled 

embedded system is designed using cost- 

effective and energy-efficient hardware 

components to support automated detection 

of waterborne microorganisms. The 

hardware architecture focuses on reliable 

data acquisition, real-time processing, and 

seamless integration with intelligent 

algorithms. 

 

A. Sensing Unit: 

The sensing unit plays a critical 

role in capturing water quality parameters 

and signals related to microbial presence. 

Depending on the detection approach, 

suitable sensors such as turbidity sensors, 

optical sensors, electrochemical biosensors, 

or fluorescence-based sensors are 

employed. These sensors convert physical 

or chemical changes caused by 

microorganisms into measurable electrical 

signals. The selection of sensors 

emphasizes sensitivity, stability, and 

compatibility with embedded platforms for 

continuous monitoring. 

B. Embedded Processing Unit: 

An embedded controller acts as 

the core processing unit of the system. 

Microcontrollers or single-board 

computers, such as ARM-based controllers, 

are used to manage sensor data acquisition, 

preprocessing, and AI model inference. The 

embedded unit is chosen based on its 

computational capability, low power 

consumption, and ability to support 

machine learning frameworks or optimized 

inference engines. This unit enables on- 

device processing, reducing reliance on 

external computation resources. 

 

C. Signal Conditioning and Interface 

Modules: 

Signal conditioning circuits are 

incorporated to ensure accurate sensor 

readings by filtering noise and adjusting 

signal levels to match the input range of the 

embedded processor. Interface modules, 

such as analog-to-digital converters 

(ADCs), are used to digitize sensor outputs. 

Communication interfaces like I²C, SPI, or 

UART facilitate efficient data transfer 

between sensors and the processing unit. 

D. Communication Module: 

To support remote monitoring and 

alert generation, the system integrates a 

communication module such as Wi-Fi, 

Bluetooth, or cellular connectivity. This 

module enables the transmission of 

processed data or detection results to 

external devices, cloud servers, or 

monitoring dashboards. Wireless 

communication enhances system 

scalability and allows deployment in 

distributed water monitoring environments. 

 

E. Power Supply Unit: 

The power supply unit provides 

stable and reliable energy to all system 

components. The system supports 

operation through battery power, regulated 

DC supplies, or renewable sources such as 

solar panels for remote locations. Power 

management  techniques  are  applied  to 



extend operational lifetime and ensure 

uninterrupted monitoring. 

 

F. Auxiliary Components: 

Additional components such as 

display units, status indicators, and storage 

modules may be included to provide local 

visualization of results and data logging. 

Enclosures are designed to protect 

hardware from environmental factors, 

ensuring durability and long-term operation 

in field conditions. 

AI AND MACHINE LEARNING 

METHODOLOGY: 
The proposed system employs 

artificial intelligence and machine learning 

techniques to enable automated detection of 

waterborne microorganisms from sensor- 

acquired data. The methodology is 

designed to ensure accurate classification 

while maintaining computational efficiency 

suitable for embedded system deployment. 

A. Data Acquisition and Preprocessing: 

Sensor data collected from water 

samples may contain noise, outliers, and 

environmental variations. To address this, 

preprocessing techniques such as noise 

filtering, normalization, and smoothing are 

applied to improve data quality. Missing or 

inconsistent values are handled using 

interpolation or statistical replacement 

methods. This preprocessing stage ensures 

that the input data are consistent and 

suitable for further analysis. 

B. Feature Extraction: 

Meaningful features are extracted 

from the preprocessed sensor data to 

represent characteristics associated with 

microbial presence. Depending on the 

sensing mechanism, features may include 

statistical parameters (mean, variance, 

skewness), frequency-domain features, 

optical intensity variations, or 

electrochemical response patterns. Feature 

extraction reduces data dimensionality and 

enhances the learning capability of the 

machine learning models. 

C. Model Selection and Training: 

Supervised machine learning 

algorithms are employed to classify water 

samples as contaminated or non- 

contaminated, and in some cases to identify 

specific microorganism categories. Models 

such as Support Vector Machines (SVM), 

Random Forests (RF), k-Nearest Neighbors 

(k-NN), and lightweight neural networks 

are considered due to their robustness and 

suitability for embedded environments. The 

models are trained using labeled datasets 

and validated using cross-validation 

techniques to prevent overfitting. 

 

D. Model Optimization for Embedded 

Deployment: 

To enable real-time inference on 

resource-constrained embedded hardware, 

model optimization techniques are applied. 

These include feature selection, model 

pruning, parameter quantization, and 

reduction of computational complexity. 

Optimized models ensure low latency, 

reduced memory usage, and energy- 

efficient operation without significant loss 

in detection accuracy. 

E. Inference and Decision-Making: 

During operation, the trained model 

processes incoming sensor data and 

performs inference directly on the 

embedded system. Based on the 

classification output, the system determines 

the presence or absence of waterborne 

microorganisms. Detection results are used 

to trigger alerts, update monitoring 

dashboards, or initiate preventive actions, 

enabling timely response to potential 

contamination events. 

 

 

EMBEDDED SYSTEM 

IMPLEMENTATION: 
The embedded

 system implementation 

integrates hardware components with 

optimized software to enable real-time 

detection of waterborne microorganisms. 

The system is designed to operate 

autonomously with minimal human 



intervention while ensuring reliable data 

processing and decision-making. 

 

A. System Software Architecture: 

The software architecture follows a 

modular design approach, consisting of 

sensor interfacing, data preprocessing, AI 

inference, communication, and system 

control modules. Each module operates 

independently yet cooperatively, allowing 

efficient task management and ease of 

system scalability. The embedded software 

is developed using lightweight 

programming frameworks compatible with 

the selected hardware platform. 

 

B. Sensor Interfacing and Data 

Handling: 

Sensors are interfaced with the 

embedded controller through standard 

communication protocols such as I²C, SPI, 

or UART. The controller periodically 

collects sensor readings and stores them in 

temporary buffers for processing. Interrupt- 

based or scheduled sampling mechanisms 

are used to ensure consistent data 

acquisition while minimizing power 

consumption. 

C. Integration of AI Model: 

The trained and optimized machine 

learning model is deployed directly onto the 

embedded device. Model parameters are 

stored in local memory, and inference is 

performed using optimized libraries or 

embedded inference engines. This on- 

device processing eliminates dependency 

on external computation resources and 

reduces latency, enabling real-time 

detection. 

D. Real-Time Processing and Control: 

The embedded system executes data 

preprocessing, feature extraction, and AI 

inference in a sequential pipeline. Based on 

the inference output, the system makes 

decisions regarding microbial 

contamination. Control logic is 

implemented to trigger alerts, update status 

indicators, or initiate data transmission 

when contamination is detected. 

 

E. Communication and Data Reporting: 

The  communication  module 

enables wireless transmission of detection 

results to external systems such as mobile 

applications, monitoring dashboards, or 

cloud  platforms.  Data  packets

 are structured efficiently to reduce 

bandwidth usage and ensure reliable 

communication. Secure data transmission 

mechanisms may be  incorporated to

 protect sensitive 

information. 

 

F. Power Management and Reliability: 

Power management strategies are 

implemented to support long-term 

operation, especially in remote or off-grid 

deployments. Techniques such as sleep 

modes, duty cycling, and dynamic power 

scaling are used to reduce energy 

consumption. The system is also designed 

to handle communication failures or sensor 

errors through fault detection and recovery 

mechanisms. 

 

 

EXPERIMENTAL SETUP AND 

RESULTS: 

A. Experimental Setup: 

The experimental evaluation of the 

proposed AI-enabled embedded system 

was conducted using controlled water 

samples representing both contaminated 

and non-contaminated conditions. Water 

samples were prepared with varying 

concentrations of microorganisms to assess 

the system’s detection capability under 

different contamination levels. The sensing 

unit was immersed in the samples, and 

sensor readings were collected at fixed time 

intervals. 

The embedded system was 

configured to perform real-time data 

acquisition, preprocessing, feature 

extraction, and AI-based inference. The 

trained machine learning model was 

deployed on the embedded hardware, and 



all computations were executed locally. 

Ground-truth labels for the samples were 

established using reference laboratory 

analysis to validate the system’s 

predictions. 

 

B. Dataset Description: 

The dataset used for evaluation 

consisted of sensor readings obtained from 

multiple water samples under different 

environmental conditions, including 

variations in temperature and turbidity. The 

dataset was divided into training and testing 

sets to evaluate model performance. Care 

was taken to ensure balanced representation 

of contaminated and non-contaminated 

samples to avoid classification bias. 

 

C. Performance Metrics: 

System performance was evaluated 

using standard classification metrics, 

including accuracy, precision, recall, and 

F1-score. Accuracy measures the overall 

correctness of the detection system, while 

precision and recall evaluate the reliability 

of contamination detection. These metrics 

provide a comprehensive assessment of the 

system’s effectiveness in identifying 

waterborne microorganisms. 

 

D. Results and Analysis: 

Experimental results demonstrate 

that the proposed system achieves reliable 

detection of waterborne microorganisms 

with high accuracy. The AI model 

effectively distinguishes between 

contaminated and non-contaminated 

samples based on sensor-derived features. 

The system shows stable performance 

across different testing conditions, 

indicating robustness to environmental 

variations. 

The embedded implementation 

enables low-latency inference, allowing 

rapid detection and response. Compared to 

threshold-based detection methods, the AI- 

based approach significantly reduces false 

alarms and improves detection consistency. 

The results confirm that deploying 

optimized machine learning models on 

embedded hardware is feasible and 

effective for real-time water quality 

monitoring. 

 

 

APPLICATIONS AND USE 

CASES: 
The proposed AI-enabled 

embedded system for automated detection 

of waterborne microorganisms can be 

applied across a wide range of domains 

where water quality monitoring is critical. 

Its real-time detection capability, 

portability, and low power consumption 

make it suitable for both centralized and 

distributed monitoring environments. 

 

 

A. Drinking Water Quality Monitoring: 

The system can be deployed in 

drinking water treatment plants, storage 

tanks, and distribution pipelines to 

continuously monitor microbial 

contamination. Early detection enables 

timely corrective actions, reducing the risk 

of waterborne disease outbreaks and 

ensuring compliance with safety standards. 

B. Environmental Water Monitoring: 

Natural water bodies such as rivers, 

lakes, and reservoirs are vulnerable to 

microbial contamination due to industrial 

discharge, agricultural runoff, and urban 

waste. The proposed system can be used for 

continuous environmental monitoring to 

support pollution control, ecological 

assessment, and sustainable water resource 

management. 

 

C. Rural and Remote Area Water 

Assessment: 

In rural and remote regions where 

laboratory facilities are limited, the 

embedded system provides an effective 

solution for on-site water testing. Its 

autonomous operation and support for 

wireless communication allow authorities 

and communities to monitor water quality 



and receive alerts without requiring 

specialized infrastructure. 

 

D. Industrial Water Management: 

Industries such as food processing, 

pharmaceuticals, and beverage 

manufacturing require strict water quality 

control. The proposed system can be 

integrated into industrial water 

management processes to ensure microbial 

safety, prevent contamination, and maintain 

product quality. 

CHALLENGES: 
Despite the promising capabilities 

of the proposed AI-enabled embedded 

system for waterborne microorganism 

detection, several challenges remain that 

may affect performance and practical 

deployment: 

 

1. Sensor Sensitivity and 

Interference: 

Detecting microorganisms 

at low concentrations or in water with high 

turbidity, chemical contaminants, or 

varying pH can reduce sensor accuracy and 

reliability. 

 

2. Limited Datasets for Training: 

Machine learning models 

require large, labeled datasets for accurate 

detection. In real-world scenarios, 

diverse microorganism types and 

environmental variability may limit model 

generalization. 

 

3. Embedded Hardware 

Constraints: 

Embedded devices have 

limitations in processing power, memory, 

and energy. Deploying complex AI models 

while maintaining real-time performance 

and low power consumption is challenging. 

 

4. Sample Preparation and 

Consistency: 

Some detection methods, 

especially optical or electrochemical, 

require  careful  sample  preparation. 

Maintaining consistency and avoiding 

contamination in field conditions is 

difficult. 

 

5. Environmental Durability and 

Maintenance: 

Operating the system in 

outdoor or remote locations exposes it to 

humidity, dust, temperature fluctuations, 

and mechanical stress, which may affect 

long-term performance. Regular 

maintenance and calibration are necessary. 

6. Integration with Existing 

Infrastructure: 

Implementing the system in 

large-scale water networks or remote sites 

requires seamless integration with existing 

monitoring frameworks, which can be 

complex and resource-intensive. 

FUTURE SCOPE: 
The proposed AI-enabled 

embedded system for automated detection 

of waterborne microorganisms presents 

several opportunities for enhancement and 

further research: 

 

1. Integration with IoT and Cloud 

Platforms: 

Expanding the system to 

connect with IoT networks and cloud-based 

analytics can enable centralized 

monitoring, real-time alerts, and predictive 

water quality assessment across multiple 

locations. 

 

2. Advanced AI and Deep Learning 

Models: 

Implementing lightweight 

deep learning architectures, hybrid AI 

models, or transfer learning can improve 

detection accuracy, enable multi-class 

microorganism identification, and enhance 

robustness in complex environments. 

3. Enhanced Sensor Fusion and 

Microfluidics: 

Combining multiple sensing 

modalities  or  integrating  microfluidic 



sample handling can improve sensitivity, 

reduce false positives, and allow detection 

of microorganisms in complex or turbid 

water samples. 

4. Energy-Efficient and Portable 

Deployment: 

Optimizing power 

consumption through energy harvesting, 

battery-efficient designs, or solar-powered 

operation will support long-term 

deployment in remote or off-grid areas. 

5. Field Validation and Regulatory 

Compliance: 

Extensive testing under real- 

world conditions, along with alignment to 

water quality standards, will ensure 

reliability, scalability, and acceptance for 

public health and environmental 

applications. 

 

6. Smart City and Public Health 

Applications: 

Future integration with 

smart city infrastructure can enable large- 

scale water quality monitoring, predictive 

contamination alerts, and proactive public 

health interventions. 

 

CONCLUSION: 
This paper presents an AI-enabled 

embedded system for the automated 

detection of waterborne microorganisms, 

addressing the limitations of conventional 

laboratory-based water quality monitoring 

methods. By integrating intelligent data 

processing with embedded hardware, the 

proposed system achieves real-time, 

accurate detection of microbial 

contamination. Experimental results 

demonstrate the system’s reliability, low- 

latency performance, and robustness under 

varying environmental conditions. 

The combination of optimized 

machine learning models, efficient 

hardware design, and real-time sensing 

provides a practical solution for continuous 

water quality monitoring in diverse 

applications,  including  drinking  water 

safety, environmental monitoring, rural 

water assessment, and smart city 

infrastructures. While challenges such as 

sensor sensitivity, dataset limitations, and 

environmental factors remain, the system 

offers a scalable and cost-effective 

approach for enhancing public health and 

environmental safety. 

Future work will focus on 

integrating advanced AI models, expanding 

IoT connectivity, improving sensor fusion, 

and validating the system under field 

conditions to further enhance detection 

accuracy and operational reliability. 

Overall, the proposed system represents a 

significant step toward intelligent, 

automated, and accessible waterborne 

microorganism detection. 

 

REFERENCES: 

 
[1] X. Wen, F. Chen, Y. Lin, H. Zhu, F. 

Yuan, D. Kuang, Z. Jia, and Z. Yuan, 

“Microbial Indicators and Their Use for 

Monitoring Drinking Water Quality—A 

Review,” Sustainability, vol. 12, no. 6, p. 

2249, 2020. 

[2] C. Z. Zulkifli, S. Garfan, M. Talal, A. H. 

Alamoodi, A. Alamleh, I. Y. Y. Ahmaro, S. 

Sulaiman, A. B. Ibrahim, B. B. Zaidan, 

A. 

R. Ismail et al., “IoT-Based Water 

Monitoring Systems: A Systematic 

Review,” Water, vol. 14, no. 22, p. 3621, 

2022. 
 

[3] A. Awwad, G. A. Husseini, and L. 

Albasha, “AI-Aided Robotic Wide-Range 

Water Quality Monitoring System,” 

Sustainability, vol. 16, no. 21, p. 9499, 

2024. 

 

[4] “Algorithm for monitoring water quality 

parameters in optical systems based on 

artificial intelligence data mining,” 

Scientific Reports, 2024. 

[5] “A  hybrid  machine  learning  and 

embedded IoT-based water quality 



monitoring system,” Internet of Things, vol. 

22, p. 100774, 2023. 

 

[6] K. N. L. Kavya, B. V. Bhagyalakshmi, 

and R. P. Rayadurg, “AI For Detecting 

Waterborne Diseases through Image 

Analysis,” Int. J. Sci. Res. Comput. Sci. 
Eng. Inf. Technol., 2025. 

 

[7] Y. Yang, Z. Ziwen, X. Lin, J. Hei, Y. 

Wang, and A. Zhang, “AI-powered 

approaches for enhancing remote sensing-

based water contamination detection in 

ecological systems,” Front. Environ. Sci., vol. 

13, 2025. 

 

[8] Sreejith, V.B.P. (2020). Incremental 

Research on Cyber Security metrics in 

Android applications by implementing the ML 

algorithms in Malware Classification and 

Detection, Journal of Cybersecurity and 

Information Management, 3(1) 14-20. 

https://doi.org/10.54216/JCIM.030102 

 

[9] S r e e j i t h V i g n e s h, B. P., M. R a j e 

s h B a b u. Classifying the Malware 

Application in the Android-Based 

Smartphones Using Ensemble-ANFIS 

Algorithm. – International Journal of 

Networking and Virtual Organisations, Vol. 

19, 2018, No 2-4, pp. 257-269. 

 

[10] A. Dinesh and B. P. S. Vignesh, “An 

Energy-Efficient Routing Protocol Based on 

Elephant Herding Optimization in 

MANET,” Recent Advances in Computer 

Science and Communications 17, 

no. 8 (2024): 105–

115(11), https://doi.org/10.2174/01266625582

84944240223131955. 

 

[11]  Muthusamy, P., Kanagalakshmi, K., 

& BP, S. V. (2024). A Hybrid Improved 

Unequal Secure Cluster Based Distributed 

Routing Protocol with Quantum Key 

Distribution to Improve the Performance 

Measures in Wireless Body Sensor Network. 

INTERNATIONAL JOURNAL, 11(4), 407-

427. 

 

 

 

 

 

 

 

 

 

[12] Thamilarasi, V., Roselin, R., Pushpa, 

P., Kannan, M., & Vignesh, B. S. Intelligent 

Deep Learning Algorithms for Autism 

Spectrum Disorder Diagnosis. 

In Computational Intelligence Algorithms for 

the Diagnosis of Neurological Disorders (pp. 

109-123). CRC Press. 

https://doi.org/10.2174/0126662558284944240223131955
https://doi.org/10.2174/0126662558284944240223131955

