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Abstract 

Effective waste management remains a persistent challenge for modern urban centers, as the optimization of collection and disposal 

operations is fundamentally linked to environmental integrity and public health outcomes. In addition to the physical accumulation of 

waste, a significant systemic challenge is the absence of real-time data regarding the status of trash can, which tend to change from time 

to time. This research addresses the critical challenge of urban waste management by developing a resource-efficient, IoT-enabled 

monitoring system optimized for low-power hardware. While high-performance machine learning models achieve high accuracy, their 

computational demands often exceed the capabilities of distributed IoT nodes. This study fills that research gap by implementing a 

Gaussian Naïve Bayes algorithm on a NodeMCU platform, prioritizing computational efficiency and scalability in memory-constrained 

environments. Integrating ultrasonic and gas sensors to monitor waste volume and odor, the system utilizes a systematic data collection 

and labeling protocol to monitor trash can conditions. Experimental results demonstrate that the Naive Bayes approach provides a 

lightweight yet robust solution, maintaining reliable performance (~80% accuracy) in distinguishing trash can conditions while 

maintaining a light computational load (processing time and memory consumption).   
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1. Introduction 

Urban waste management has long been a challenging 

task for modern smart cities, as the operational efficiency 

of waste management can directly impact public health 

and environmental quality [1]. Global municipal solid 

waste production reached 2.01 billion tonnes in 2016 and 

is projected to escalate to 3.4 billion tonnes by 2050 [2]. 

Beyond the obvious problem of waste accumulation, a real 

issue lies in the lack of real-time information on the status 

of waste disposal points, which can change dynamically. 

Currently, in waste management, city authorities operate 

with a lack of accurate real-time data on the quantity and 

rate of biochemical decomposition of organic matter at 

each waste collection point. Without such detailed real-

time data, accurately prioritizing cleanup becomes 

impossible. 

Conventional waste collection methods further 

exacerbate these inefficiencies. They rely heavily on 

manual, periodic inspections by sanitation workers 

moving from one bin to another, which is both inefficient 

and costly. This “blind” collection strategy wastes fuel and 

labor by visiting nearly empty bins, while at the same time 

there are overflowing bins in crowded areas, emitting foul 

odors due to the rapid decomposition of organic matter [3]. 

This lack of situational awareness is not just a logistical 

hassle; it represents a fundamental flaw in urban 

infrastructure – the absence of an objective, parameter-

based early warning system that can distinguish between 

bins that are not yet in need of emptying and those that are 

“Really Need to Be Cleaned.” 

To bridge this critical information gap, the 

implementation of Internet of Things (IoT) technology is 

no longer an optional enhancement but a technical 

urgency. IoT is a concept that has the goal to further 

expand Internet connectivity, that is connected people, 

systems, and information resources continuously, which 

allows communication and collaboration with hardware 

and can display real world things on the Internet [4]. With 

IoT, all equipments or objects around us can be connected 

to each other via the Internet, making it easier for users to 

use and communicate wherever the user is. By integrating 

ultrasonic sensors to monitor physical volume and gas 

sensors to detect decomposition levels, a robust data-

driven framework can be established [5]. Such a system 

enables autonomous classification, effectively shifting the 

urban monitoring paradigm from a reactive, schedule-
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based approach – which often fails to adapt to sudden 

surges in waste – to a proactive, data-centric model. This 

digital transformation allows for the synchronization of 

physical cleanup activities with actual waste generation 

patterns, ensuring that interventions occur precisely when 

and where they are most needed. 

Building upon this technological necessity, this 

research aims to develop an intelligent trash bin 

monitoring system designed to classify cleaning priorities 

with high precision using the Gaussian Naïve Bayes 

algorithm. While many high-level machine learning 

models exist, the specific contribution of this study lies in 

evaluating the efficiency of Gaussian Naïve Bayes in an 

IoT environment with resource-constrained hardware. 

Most IoT nodes are resource-constrained devices with 

limited processing power and memory; therefore, finding 

an algorithm that balances classification accuracy with 

extreme computational efficiency is vital. By validating 

this approach, this research provides a scalable and 

practical solution for sanitation managers to optimize 

cleaning routes and schedules in real-time, ultimately 

reducing operational costs and enhancing the livability of 

the urban environment. 

2. Literature review 

The rapid evolution of modern technology has 

established the Internet of Things (IoT) as a transformative 

breakthrough that is now inextricably linked to daily 

human activities [6]. At its core, the IoT framework 

involves the integration of electronic components into 

everyday objects, effectively converting them into "smart 

devices" capable of connecting, communicating, and 

exchanging complex data packets over a standard Internet 

connection. A defining characteristic of these devices is 

their capacity for Machine-to-Machine (M2M) 

communication, which allows hardware to interact with 

minimal human intervention, thereby streamlining 

operational efficiency [7]. 

The architecture of an IoT-enabled object typically 

centers around a microcontroller, which serves as the local 

intelligence hub. This controller manages one or more 

sensors that capture environmental variables – such as fill 

levels in a bin or ambient gas concentrations – and 

transmits this raw information to a centralized application 

where it can be monitored by users in real-time. This 

interaction is inherently bidirectional; beyond passive 

observation, users can exert direct influence over the 

object by issuing remote commands through a digital 

interface. These instructions are then executed by 

actuators, which serve as the physical component 

responsible for translating digital signals into mechanical 

action. 

IoT-integrated intelligent bins have been shown to 

significantly outperform traditional waste management by 

utilizing real-time monitoring to optimize logistics. It was 

reported in [8] that the 6-month implementation in urban 

setting led to a 50% increase in collection frequency, 

which directly contributed to a 66.7% reduction in missed 

collections and a substantial 80% decrease in bin overflow 

incidents. These operational improvements resulted in a 

20% improvement in fuel consumption and a 15% 

reduction in total operating costs. 

Previous studies in waste monitoring automation, such 

as in [9] use ultrasonic sensors to detect waste levels in 

real-time. Specifically, the ultrasonic sensor is mounted 

within the bin to measure the distance between the sensor 

and the accumulated waste. In addition to employing 

ultrasonic sensors for fill-level monitoring, the studies in 

[10], [11], and [12] incorporate gas sensors for odor 

detection. Other kinds of sensors used are rain sensors [11] 

and temperature and humidity sensors [12] to monitor 

environmental conditions. In [13], load sensors are used to 

measure weight, while in [14], other than load sensors, 

infra-red sensors are added to detect any movement. 

In terms of algorithms used, the IoT-based system in 

[15] utilizes smart bins and sensors to collect granular data 

on waste volume, disposal trends, and classification. The 

system then applies a Naive Bayes classifier to analyze 

historical data and forecast future waste patterns with high 

precision. In [16], the authors developed an IoT-based 

smart waste management framework that utilizes a multi-

sensor network to monitor real-time environmental data, 

including bin capacity, humidity, temperature, and 

ambient light, with data accessible via a mobile 

application. To classify bin status, the study evaluated 

three machine learning models – Support Vector Machine 

(SVM), K-Nearest Neighbors (K-NN), and Decision Tree 

(DT) – using a dataset of 150 samples. Their experimental 

results identified SVM as the most effective algorithm for 

this application, achieving a high classification accuracy 

of 92.3%. In [17], the authors compared Random Forest, 

K-NN, Artificial Neural Network (ANN), SVM, and 

Naïve Bayes. The results show that Random Forest, KNN, 

and SVM have better accuracy (over 90%) than Naive 

Bayes and ANN. 

Naïve Bayes is a supervised learning algorithm, where 

this algorithm is used for classification in machine 

learning and is based on Bayes' theorem [18]. Naïve Bayes 

works on probability distributions. Naïve Bayes can help 

with fast classification and prediction with better 

accuracy. The advantage of Naïve Bayes is that it only 

requires a small amount of training data to be used for 

classification. While existing literature extensively 

explores high-accuracy machine learning models such as 

Random Forest and Support Vector Machines for waste 

management, these approaches often overlook the 

hardware constraints inherent in distributed IoT networks 

with low-resource nodes. Our study fills this void by 

investigating the computational efficiency of the Gaussian 

Naïve Bayes algorithm specifically for power- and 

memory-limited environments like the NodeMCU. By 

prioritizing a lightweight probabilistic model over 

resource-heavy alternatives, this research demonstrates 

that significant operational intelligence can be achieved 

without the high energy consumption or hardware costs 

typically associated with advanced neural networks, 

thereby offering a more scalable solution for large-scale 

urban deployments. 

3. Method 

In Naïve Bayes, the formula for determining the 

probability of event A after event B has occurred, is: 
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 𝑃(𝐴|𝐵) =
𝑃(𝐴∩𝐵)

𝑃(𝐵)
 (1) 

and 

 𝑃(𝐵|𝐴) =  
𝑃(𝐴|𝐵)𝑃(𝐵)

𝑃(𝐴)
 (2)  

 

From conditional probabilities: 

 

 𝑃(𝐴 ∩ 𝐵) = 𝑃(𝐴)𝑃(𝐵|𝐴) (3) 

and 

 𝑃(𝐴 ∩ 𝐵) = 𝑃(𝐵)𝑃(𝐴|𝐵) (4) 

 

From the two equations above, the Naïve Bayes equation 

is: 

 𝑃(𝐴|𝐵) =
𝑃(𝐵|𝐴)

𝑃(𝐵)
 (5) 

where  

A = results or hypotheses 

B = features in the data 

 

Gaussian Naïve Bayes is the last step of Naïve Bayes 

to find out the results of a data test model by taking the 

value of the opportunity from the training data. Formulas 

from Gaussian Naïve Bayes is: 

 

Determine the mean (x̄) and variance (σ): 

 

 𝑀𝑒𝑎𝑛 (𝑎𝑡𝑡𝑟𝑖𝑏𝑢𝑡𝑒) =  
Σ𝑥𝑖

𝑛
 (6) 

where 

Σxi = the sum of the data from each attribute 

n    = total amount of data 

 

  𝑉𝑎𝑟𝑖𝑎𝑛𝑐𝑒(𝑎𝑡𝑡𝑟𝑖𝑏𝑢𝑡𝑒) =  
Σ(𝑥𝑖−x)̄² 

𝑛−1
 (7) 

where 

x̄ = the mean value of each attribute 

 

Finding the probability value of each attribute based on 

class using the Gaussian distribution formula: 

 

 𝑓(𝑥) =  
1

σ√2𝜋
𝑒

−(𝑥−x)̄²

2σ²  (8) 

where 

f(x) = new values based on each class 

 

Finding the posterior probability value: 

 

𝑝𝑜𝑠𝑡𝑒𝑟𝑖𝑜𝑟(𝑐𝑙𝑎𝑠𝑠) =  𝑝(𝑐𝑙𝑎𝑠𝑠) ∗ 𝑝(𝑎𝑡𝑡𝑟𝑖𝑏𝑢𝑡𝑒 1|𝑐𝑙𝑎𝑠𝑠) ∗
… 𝑝(𝑎𝑡𝑡𝑟𝑖𝑏𝑢𝑡𝑒 𝑛|𝑐𝑙𝑎𝑠𝑠)  (9) 

 

where 

p(class) = probability value of each class 

 

Looking for the final result of each class is: 

 

𝑝(𝑎𝑡𝑡𝑟𝑖𝑏𝑢𝑡𝑒 1|𝑐𝑙𝑎𝑠𝑠) ∗ … 𝑝(𝑎𝑡𝑡𝑟𝑖𝑏𝑢𝑡𝑒 𝑛|𝑐𝑙𝑎𝑠𝑠) = value 

of each attribute based on class 

 

Internet of Things (IoT) is a new technology that can 

improve its users’ quality of life and facilitate access to 

information and services provided. NodeMCU ESP8266 

is an open source IoT platform and development kit or 

microcontroller to assist programmers in making 

prototypes of IoT products. NodeMCU is unique, where 

the size of the board is small with a length of 4.83 cm, a 

width of 2.54 cm and a weight of 7 grams. However, 

despite the small size of NodeMCU, this board is equipped 

with WiFi features and open source firmware. NodeMCU 

has advantages in terms of cost and space saving, because 

NodeMCU's size is small and practical. NodeMCU’s price 

is much cheaper than Arduino Uno. It has a WiFi module, 

compared to Arduino Uno which does not yet have a WiFi 

module and is also slightly larger in size. 

An HC-SR04 ultrasonic sensor is a 40 KHz sensor used 

to measure distance between an object and the sensor. Pins 

on the ultrasonic sensor includes: 

1. Trigger 

This pin is the input pin of the sensor to generate 

ultrasonic waves. 

2. Echo 

This pin is the output pin of the sensor to detect the 

reflection of ultrasonic waves. 

3. VCC 

This pin is to power the sensor with +5V power. 

4. GND 

Ground/0V power supply as a negative voltage source. 

 

This sensor has 2 main components: 

1. Ultrasonic transmitter 

Emits ultrasonic waves with a frequency of 40 KHz. 

2. Ultrasonic receiver 

Captures the reflection of ultrasonic waves that hit an 

object. 

 

To start a measurement, the trigger pin must be made 

high for 10 µs then turned off to trigger ultrasonic waves 

at a frequency of 40 Hz from the transmitter/ultrasonic 

transmitter. The receiver/ultrasonic receiver will wait for 

the waves to return. The distance between the sensor and 

the object can be calculated using the following equation: 

 

   𝑠 =
340∗ 𝑡

2
 (11) 

where 

s = distance. 

t = the time difference between the emitted and received 

waves. 

 

An MQ-4 sensor is a sensor used to detect methane gas 

and outputs its reading as an analog or digital voltage. This 

sensor has a high sensitivity to natural gas. It can operate 

at -10 to 50 ℃. The pins of the MQ-4 sensor are: 

1. Digital out (DO) 

This pin can also be used to get the output value by 

using a potentiometer. 

2. Analog Out (AO) 

This pin is used to get 0-5V analog voltage based on 

gas intensity. 

3. VCC 

This pin is for the power pin. The operating voltage is 

+5V. 

4. GND 

This pin is to connect the sensor to the ground. 

 

The overall monitoring system is illustrated in Fig. 1. 

The monitoring process starts from the sensor device that 

collects trash height data using the HC-SR04 ultrasonic 

sensor and the methane gas data using the MQ-4 sensor. 
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The power source for these sensors comes from a power 

bank connected to NodeMCU ESP8266. The data from the 

sensors are received and managed by NodeMCU. After the 

data are obtained by the microcontroller, the data will be 

sent to the delivery address via the Wi-Fi module, stored 

in the database, and displayed in the web application. 

 

Figure 1. The trash can monitoring system 

As shown in Fig. 2, a sensor device consists of an MQ-

4 gas sensor to measure methane gas level that comes from 

the decomposition process of organic food, an HC-SR04 

ultrasonic sensor to measure physical distance from the 

trash to the sensor, one NodeMCU ESP8266 that functions 

as a data receiver and sender, and a power bank to provide 

power to the sensor device. 

 

Figure 2. The design of a sensor device 

The pins configuration between NodeMCU and the two 

sensors is given in Table 1. For the ultrasonic sensor, we 

use 4 jumper cables to connect the sensor pins to the 

NodeMCU pins. The GND pin functions as negative 

current in the circuit, the VCC pin draws 5V power from 

NodeMCU, the trig pin triggers the ultrasonic wave 

transmitter, and the echo pin detects the ultrasonic wave 

that bounces back and also transmits data from the sensor 

to NodeMCU. For the MQ-4 sensor, there are also 4 

jumper cables used to connect the sensor pins to the 

NodeMCU pins. The GND pin functions as negative 

current in the circuit, the VCC pin draws 5V power from 

NodeMCU, the digital out (DO) pin provides numbers for 

the odor level from 0 to 500, and the analog out (AO) pin 

provides numbers for the odor level in the form of 1 and 

0. 

Table 1. Pins configuration 

NodeMCU HC-SR04 MQ-4 

D6 Trig - 

D7 Echo - 
A0 - Analog Out (AO) 

A8 - Digital Out (DO) 

VCC VCC VCC 
GND GND GND 

Fig. 3 shows the wiring implementation of the sensor 

device in a trash can. 

 

Figure 3. (a) Top view and (b) inside look of the device 

implementation 

Fig. 4(a) shows a flowchart for the client side (sensor 

device). The flow starts with device initialization. After 

that, the next step is to check if the Internet connection is 

available for communication between the device and the 

server (web application). If there is no connection, the 

device will be initialized and the connection will be 

checked again. If the connection has been established, the 

next step is to retrieve data from sensors and send them to 

the server. As long as the device is powered, it will keep 

retrieving and sending data to the server. 

 

Figure 4. (a) Client flowchart and (b) server flowchart 

Fig. 4(b) depicts a flowchart for the server side (web 

application). The procedure starts by checking whether the 

Internet is connected or not. If it is already connected, the 

sensor data from NodeMCU will be received by the 

application and will be stored in the database. Then, the 
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data will be processed by using the Gaussian Naïve Bayes 

algorithm to obtain classification results that will be 

displayed on the user’s screen. After the algorithm 

produces the classification results, if the trash can must be 

cleaned, the web application will send a notification to the 

user. This procedure repeats as long as the application is 

still running. 

The preparation and steps for implementing the 

Gaussian Naïve Bayes algorithm are as follows. 

3.1. Determine class indicators 

Table 2. Class indicators 

Capacity Smell Result 

Quite Empty 

>= 20 cm <= 348 Normal 

>= 20 cm 349 – 552 Need To Be Cleaned 

>= 20 cm >= 553 Really Need To Be Cleaned 

Half Full 

19 – 11 cm <= 348 Normal 

19 – 11 cm 349 – 552 Need To Be Cleaned 

19 – 11 cm >= 553 Really Need To Be Cleaned 

Almost Full 

10 – 6 cm <= 348 Need To Be Cleaned 

10 – 6 cm 349 – 552 Need To Be Cleaned 

10 – 6 cm >= 553 Really Need To Be Cleaned 

Full 

<= 5 cm <= 348 Need To Be Cleaned 

<= 5 cm 349 – 552 Really Need To Be Cleaned 

<= 5 cm >= 553 Really Need To Be Cleaned 

 

The class indicators in Table 2 are the results of our 

observations that will also be the basis for determining 

labels for accuracy tests. 

3.2. Data from trash 

Table 3. Dataset 

Ultrasonic Value MQ-4 Value Result 

9 385 Really Need To Be Cleaned 
9 682 Really Need To Be Cleaned 

9 578 Really Need To Be Cleaned 
10 427 Really Need To Be Cleaned 

10 405 Really Need To Be Cleaned 

10 430 Really Need To Be Cleaned 
11 430 Need To Be Cleaned 

11 424 Need To Be Cleaned 

11 248 Need To Be Cleaned 
10 247 Need To Be Cleaned 

10 242 Need To Be Cleaned 

10 240 Need To Be Cleaned 
10 236 Need To Be Cleaned 

10 228 Need To Be Cleaned 

28 244 Normal 
20 253 Normal 

12 236 Normal 

11 229 Normal 
13 234 Normal 

14 228 Normal 

17 236 Normal 
15 233 Normal 

15 236 Normal 

15 236 Normal 
23 233 Normal 

 

Table 3 shows the training data which are the basis for 

searching the classification results in the Gaussian Naïve 

Bayes algorithm. 

3.3. Gaussian naïve bayes measures 

• Finding probability value from the normal, need to be 

cleaned, and really need to be cleaned classes. 

P(Normal) = 
11

25
 = 0.44 

P(Need To Be Cleaned) = 
8

25
 = 0.32 

P(Really Need To Be Cleaned) = 
6

25
 = 0.24 

• Finding mean value (x̄) and variance (σ) from each 

attribute based on class. 

Normal class: 

Mean(Ultrasonic) = 
(28+20+12+13+⋯+23)

11
 = 

183

11
  

= 16.63 

Variance(Ultrasonic) = 
(28−16.63)2+⋯+(23−16.63)2

11−1
  

= 26.25 

 

Mean(MQ-4) = 
(244+253+236+229+⋯+233)

11
  

= 
2598

11
 = 236.18 

Variance(MQ-4) = 
(244−236.18)2+⋯+(233−236.18)2

11−1
  

= 48.76 

 

Need to be cleaned class: 

Mean(Ultrasonic) = 
(11+11+11+10+⋯+10)

8
 = 

83

8
  

= 10.37 

Variance(Ultrasonic) = 
(11−10.37)2+⋯+(10−10.37)2

8−1
  

= 0.26 

Mean(MQ-4) = 
(430+424+248+247+⋯+228)

8
 = 

2295

8
  

= 286.87 

Variance(MQ-4) = 
(430−286.87)2+⋯+(228−286.87)2

8−1
  

= 7522.125 

 

Really need to be cleaned class: 

Mean(Ultrasonic) = 
(9+9+9+10+⋯+10)

6
 = 

57

6
 = 9.5 

Variance(Ultrasonic) = 
(9−9.5)2+⋯+(10−9.5)2

6−1
 = 0.3 

 

Mean(MQ-4) = 
(385+682+578+427+⋯+430)

6
 = 

2907

6
  

= 484.5 

Variance(MQ-4) = 
(385−484.5)2+⋯+(430−484.5)2

6−1
  

= 14049.1 
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• Finding probability from new data based on class. 

• If there is a new data, where ultrasonic = 10 and MQ-

4 = 300. 

P(10|Normal) = 
1

26.25√2∗3.14
𝑒

−(10−16.63)2

2∗26.252   

= 0.015𝑒−0.031 

P(300|Normal) = 
1

48.76√2∗3.14
𝑒

−(300−236.18)2

2∗48.762   

= 0.008𝑒−0.856 

 

P(10|Need To Be Cleaned)  

= 
1

0.26√2∗3.14
𝑒

−(10−10.37)2

2∗0.262  = 1.48𝑒−0.98 

P(300|Need To Be Cleaned)  

= 
1

7522.125√2∗3.14
𝑒

−(300−286.87)2

2∗7522.1252  = 5.30𝑒−1.52 

 

P(10|Really Need To Be Cleaned)  

= 
1

0.3√2∗3.14
𝑒

−(10−9.3)2

2∗0.32  = 1.33𝑒−1.388 

P(300|Really Need To Be Cleaned) 

= 
1

14049.1√2∗3.14
𝑒

−(300−484.5)2

2∗14049.12  = 2.840𝑒−8.623 

 

The result is: 

Posterior(Normal) = 0.44 * 0.015𝑒−0.031 * 0.008𝑒−0.856 

= 0.0000528𝑒−0.887 

 

Posterior(Need To Be Cleaned) = 0.32 * 1.48𝑒−0.98 * 

5.30𝑒−1.52 = 2.510𝑒−2.5 

 

Posterior(Really Need To Be Cleaned) = 0.24 * 

1.33𝑒−1.388 * 2.840𝑒−8.623 = 0.906𝑒−10 

 

The largest value is Posterior (Need To Be Cleaned). 

Therefore, if the height of the trash is 10 cm and the 

methane gas level is 300, the trash can needs to be cleaned. 

Fig. 5 shows the trash can monitoring system’s web 

application interface. 

 

Figure 5. Trash can monitoring result using the Gaussian Naïve Bayes 

algorithm 

4. Results and Discussion 

To evaluate the system, we first check if each sensor 

functions correctly. For testing the HC-SR04 ultrasonic 

sensor, we compare the results of sensor measurements 

with the results of measurements using a manual 

measuring instrument. We check the results when the trash 

can is empty as shown in Fig. 6(a) and when the trash can 

is filled as shown in Fig. 6(b). The ultrasonic sensor gives 

the same measurement results as the measuring 

instrument. 

 

Figure 6. Testing the ultrasonic sensor in (a) an empty trash can and (b) 

a filled trash can 

 

Figure 7. Testing the MQ-4 sensor in a trash can with (a) inorganic 

trash and (b) organic trash 

For checking the MQ-4 gas sensor, we filled the trash 

can with two types of trash – inorganic and organic – as 

shown in Fig. 7. The MQ-4 gives different readings for 

these two conditions. For the inorganic trash in Fig. 7(a), 

the methane gas reading is 183, while for the organic trash 

in Fig. 7(b), the methane gas reading is 535. In Fig. 7(b), 

some organic trash has started to decompose and releases 

methane gas that produces bad odor. 

To enhance the reproducibility of the study, the data 

collection process was conducted within a controlled 

urban environment to ensure a diverse range of waste 

disposal scenarios. Sensor nodes, equipped with ultrasonic 

and gas sensors, were programmed to sample 

environmental data at 30-minute intervals, capturing 

variables such as ultrasonic and MQ-4 values. This 

resulted in a raw dataset comprising 420 individual data 

points. Each data entry was logged via Wi-Fi to a 

centralized database, which served as the foundation for 

subsequent model training. 
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To establish a reliable ground truth for the supervised 

learning model, a systematic labeling protocol was 

implemented based on predefined physical thresholds as 

summarized in Table 2. The dataset was categorized into 

three distinct classes – normal, need to be cleaned, and 

really need to be cleaned – determined primarily by the 

distance measured between the ultrasonic sensor and the 

waste surface and the gas sensor thresholds. 

Table 4. Accuracy testing of Naïve Bayes 

Test No. 
Accuracy (%) 

60:40 70:30 80:20 

1 80.8 81.4 82.6 
2 74.4 76 83.7 

3 80.2 85.3 79.1 

4 80.8 80.6 75.6 
5 76.2 75.2 81.4 

6 75 82.2 69.8 

7 80.2 82.2 66.3 
8 81.4 83.7 83.7 

9 76.2 76.7 76.7 

10 76.2 77.5 80.2 
11 76.7 82.2 75.6 

12 73.8 75.2 86 

13 79.7 82.9 84.9 
14 81.4 73.6 87.2 

15 79.7 78.3 79.1 

16 75.6 82.2 81.4 
17 82 77.5 75.6 

18 72.1 77.5 82.6 

19 87.8 84.5 74.4 
20 86.6 72.1 74.4 

21 82 72.9 67.4 

22 78.5 77.5 82.6 
23 83.7 78.3 82.6 

24 83.1 82.2 74.4 

25 76.7 80.6 80.2 

26 80.2 78.3 82.6 

27 82 86 82.6 
28 75.6 69.8 82.6 

29 86 81.4 81.4 

30 79.1 80.6 75.6 
31 80.2 83.7 82.6 

32 78.5 79.1 79.1 

33 82.6 86 73.3 
34 83.1 76 74.4 

35 72.1 80.6 77.9 

36 81.4 83.7 81.4 
37 75 78.3 72.1 

38 77.9 75.2 76.7 

39 80.8 81.4 80.2 
40 79.7 74.4 72.1 

41 74.4 79.8 77.9 

42 72.7 82.2 84.9 

43 81.4 73.6 76.7 

44 82.6 73.6 82.6 

45 79.7 79.8 86 
46 74.4 72.1 82.6 

47 75.6 79.1 75.6 

48 75 75.2 80.2 
49 76.2 79.8 80.2 

50 83.1 77.5 87.2 

Average 79% 78.9% 79.1% 

 

We evaluate the system by testing the performance of 

the Naïve Bayes algorithm. The 420 collected data are 

divided into training data and testing data using 60:40, 

70:30, and 80:20 split data. The data attributes are capacity 

(ultrasonic value) and smell (MQ-4 value), while the 

condition attribute is the classification result. The training 

data are used as benchmark for the testing data to classify 

the condition of the trash can. Table 4 shows the system’s 

accuracy testing averaged over 50 runs, where data are 

split randomly. In the accuracy testing, the 60:40 

partition’s average result is 79%, the 70:30 partition’s 

average result is 78.9%, and the 80:20 partition’s average 

result is 79.1%. These findings demonstrate that the Naïve 

Bayes algorithm is robust across various train-test ratios, 

indicating high model stability. 

The achievement of ~80% accuracy demonstrates that 

the Gaussian Naive Bayes model is sufficiently reliable in 

distinguishing waste conditions – specifically identifying 

organic waste beginning to decay based on gas 

concentration – while maintaining a light computational 

load. By implementing this model, sanitation workers can 

receive high-priority notifications exclusively for bins 

labeled 'Really Need To Be Cleaned'. This approach 

optimizes collection routes and significantly reduces 

operational time compared to conventional, inefficient 

scheduled cleaning systems. However, while Naive Bayes 

is exceptionally efficient for IoT devices, the ~80% 

accuracy rate implies a minor margin for error, suggesting 

that false alarms may still occasionally occur during real-

time monitoring. 

We further evaluate our system by comparing the 

Gaussian Naive Bayes algorithm to four other well-known 

algorithms: Random Forest, K-Nearest Neighbor (K-NN), 

Logistic Regression, and Linear Regression. The 

comparisons of accuracy, training time, prediction time, 

and memory consumption are shown in Figs. 8, 9, 10, and 

11, respectively. All simulations utilize the 420 collected 

data points, which are divided using 60:40, 70:30, and 

80:20 split ratios. The results presented are the average 

values from 50 runs. 

Fig. 8 illustrates that while Gaussian Naive Bayes 

outperforms Linear Regression, it yields slightly lower 

accuracy than Logistic Regression.  

 

Figure 8. Accuracy comparison 

 

Figure 9. Training time comparison 
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However, Logistic Regression requires higher training 

time (Fig. 9) and memory consumption (Fig. 11). The 

highest accuracy is achieved by Random Forest, albeit at 

the cost of slower training and prediction times, as well as 

higher memory consumption—making it less suitable for 

IoT applications with strict battery and memory 

constraints. Furthermore, while the lazy learner K-NN 

offers a faster training time, it suffers from a slow 

prediction phase and higher memory usage compared to 

Gaussian Naive Bayes. Consequently, for this specific IoT 

application, Gaussian Naive Bayes effectively trades off a 

degree of accuracy (~80%) for superior computational 

efficiency. 

 

Figure 10. Prediction time comparison 

 

Figure 11. Memory comparison system 

5. Conclusion 

This research develops a resource-efficient, IoT-

enabled trash can monitoring system to show that 

intelligent waste management can be effectively localized 

on low-power hardware like the NodeMCU. While more 

complex machine learning models often demand 

significant computational resources, the implementation 

of the Gaussian Naïve Bayes algorithm effectively bridges 

the gap between high-level predictive analytics and the 

constraints of distributed, memory-limited IoT nodes. The 

integration of ultrasonic and gas sensors provided a robust 

framework for monitoring both waste volume and odor, 

with experimental results yielding a reliable ~80% 

accuracy rate alongside minimal processing latency and 

memory consumption. Despite these promising results, the 

study has certain limitations. The current model's 

accuracy, while efficient for low-power nodes, still trails 

behind more resource-intensive algorithms like Random 

Forest or K-NN, which may be necessary for higher-stakes 

industrial applications. 
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