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Abstract 
 
To ensure safe and comprehensive power monitoring within equipment limits, Non-Intrusive Load Monitoring (NILM) is a leading solution 

due to its convenience and cost-effectiveness. Various NILM approaches exist, including statistical methods, non-electrical variable 

integration, and machine learning models. However, these methods often fail to fully capture load signal characteristics, particularly current-

voltage relationships. The Convolutional Neural Network (CNN) model is the most effective for monitoring and predicting load combinations 

using V-A (voltage-ampere) trajectory graphs. However, transient events can distort these trajectories, leading to incorrect predictions. This 

study enhances CNN performance by integrating time-series features to improve accuracy and handle switching events. Input data is 

structured as sequential images representing circuit states over time. A baseline model is designed, with multiple variations tested to analyze 

the correlation between parameters and accuracy. The study successfully applies a CNN model with time-series characteristics for load 

identification, even during switching events. Experimental results determine the most optimal model for practical applications. 
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1. Introduction 

Monitoring and evaluating energy consumption behavior 

is a critical task in optimizing energy-efficient system 

operation. Load monitoring is a method for assessing the 

status of power consumption within an electrical system. The 

monitored quantities typically include current, voltage, and 

power of the loads in real time, allowing for the identification 

of load characteristics within the system [1]. 

Load monitoring is traditionally based on a multi-sensor 

model. In its initial stage, a sensor network model was 

employed as a primary approach to load monitoring, where 

each electrical device was monitored by an individual sensor 

node. Each sensor exclusively tracked a single load without 

signal overlapping from other devices, ensuring high 

reliability and clarity of the monitored data. However, this 

approach has significant drawbacks, including high costs and 

complexity in managing large-scale sensor networks. These 

limitations make intrusive load monitoring a less viable 

solution. 

To address these challenges, a new approach is needed to 

minimize the number of measurement devices within the 

system. The concept of non-intrusive load monitoring 

(NILM) emerges as a method for measuring and monitoring 

load characteristics without requiring dedicated measurement 

devices for each individual load [2]. Instead, information 

about power consumption can be acquired using a single 

sensor. Figure 1 illustrates a measurement device positioned 

at the system’s main power line to monitor the overall 

system’s electrical parameters. All information regarding 

individual loads, despite their overlapping signals, is collected 

at a single monitoring point. 

There are four fundamental load characteristics: 

capacitive, inductive, resistive, and electronic. Each electrical 

device combines these characteristics in a specific manner, 

forming its unique operational profile. However, in the 

context of non-intrusive load monitoring (NILM), the primary 

challenge is determining the operational state of individual 

devices using only the aggregated electrical data of the entire 

system. 

Figure 1: Basic system structure of non-intrusive load monitoring. 

 

Y. F. Wong et al. proposed a hybrid approach that 

integrates electrical measurements with non-electrical 

features such as acoustic and optical signals emitted by the 

loads [3]. However, this method has proven to be less reliable 

due to the susceptibility of sound and light measurements to 

environmental variations. Currently, purely electrical data-

based NILM is widely adopted for its robustness against 

external disturbances. The three main methodological 

approaches in this field include Machine Learning (ML), 

Pattern Matching (PM), and Single-Channel Source 

Separation (SS). 

T. Hassan et al. successfully employed Support Vector 

Machines (SVMs) for NILM classification through feature 

extraction techniques [4]. Additionally, various simple 

machine learning models have demonstrated feasibility and 

promise in NILM applications. Notable approaches include 

Artificial Neural Networks (ANNs) [5], Decision Trees (DTs) 

[6], and Hidden Markov Models (HMMs) [7]. Numerous 

variations of these models have also been explored. However, 

these methods face accuracy limitations during signal 

preprocessing, as they rely heavily on statistical feature 
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extraction. This raises concerns about the computational 

efficiency of machine-learning-based NILM solutions. 

With advancements in deep learning and big data, feature 

extraction processes have been streamlined, reducing 

computational complexity. Consequently, researchers have 

shifted toward deep-learning-based NILM solutions. D. 

Murray et al. proposed using Convolutional Neural Networks 

(CNNs) and Gated Recurrent Units (GRUs) for load 

identification [8]. This approach eliminates intermediate 

feature extraction while maintaining high classification 

accuracy. Furthermore, the temporal aspect significantly 

impacts load state recognition. However, existing models 

have not yet incorporated time-sequence information to 

effectively handle switching events and system disturbances. 

To address this limitation, researchers have introduced 

Recurrent Neural Networks (RNNs) and Long Short-Term 

Memory (LSTM) networks to leverage sequential 

dependencies in NILM applications [9], [10], [11]. While 

these approaches exhibit strengths and weaknesses, they 

primarily focus on the characteristics of individual electrical 

measurements. However, a fundamental load characteristic 

often overlooked is the phase shift between current and 

voltage, which defines the system’s Volt-Ampere (VA) 

graph. 

In this study, CNNs are employed as the primary load 

identification models. Instead of raw electrical signals, the 

input data consists of time-series images of Volt-Ampere (V-

I) graphs, which capture the temporal variations of the system. 

This approach allows for leveraging the geometric and 

frequency characteristics present in the images. The research 

also explores multiple 3D CNN model variants to compare 

their performance and select the most suitable model for load 

identification. This study presents the system framework, data 

acquisition principles, dataset construction methodology, and 

CNN training results. 

NILM data, typically comprising voltage or current time 

series, contain distinctive activation patterns of appliances. 

CNNs efficiently capture such local patterns spikes, slopes, 

and sudden changes through convolutional layers, while 

significantly reducing the number of model parameters 

compared to fully connected networks, thereby mitigating 

overfitting and easing the training process. CNNs are 

particularly suitable for time series signal processing, offering 

faster and more stable training compared to recurrent neural 

networks (RNNs) and enabling practical deployment on 

resource-constrained devices. Moreover, CNNs can be 

integrated with LSTM, Transformer, or Attention 

mechanisms to enhance performance by combining local 

feature extraction with long-term dependency modeling. 

When compared to other NILM approaches, CNNs 

demonstrate a balanced trade-off between feature extraction 

capabilities, generalization, training efficiency, and 

deployment feasibility, making them highly effective for real-

world applications 

For equipment classification, there are two main 

techniques in load identification, one is to identify the on/off 

switches of the equipment on the system and the other is to 

identify the loads in the steady state. Professor Hart, who 

proposed the NILM concept, used the effective and reactive 

power as the identification features of the equipment. The 

steady state features include current waveform, current 

harmonics and V-I trajectory. The transient features include 

instantaneous power, instantaneous current waveform. In 

general, the transient state provides more distinguishable 

features than the steady state. However, the disadvantage of 

load identification in the transient state is that the sensor needs 

to be continuously monitored, so that no equipment is missed. 

In this study, we have extracted the features from the steady 

state [12]. 

2. Methodology 

2.1 System description 

The proposed Non-Intrusive Load Monitoring (NILM) 

system is designed to identify and monitor the operating states 

of electrical appliances in real time. As illustrated in Figure 2, 

the system comprises two main layers: the measurement 

hardware and the prediction software. The hardware layer is 

responsible for high-frequency acquisition and preprocessing 

of electrical signals, while the software layer handles data 

processing and load classification. 

The hardware layer consists of several key components. 

The STM32 microcontroller collects current and voltage 

measurements using the ADS8361 16-bit simultaneous dual 

channel ADC at a 5 kHz sampling rate, enabling high-

resolution signal capture. Current and voltage sensors provide 

raw electrical parameters from the main power line, which are 

processed through a signal preprocessing module to convert 

them into a differential format suitable for ADC processing. 

The Raspberry Pi 5 serves as the computational unit, running 

a pre-trained deep learning model for real-time load 

identification. An LCD display is used to visualize key 

parameters, including voltage, current, power, Total 

Harmonic Distortion (THD), and Fast Fourier Transform 

(FFT) analysis. 

The software layer is responsible for data processing, 

feature extraction, and load classification. It consists of three 

main components. First, embedded software on the STM32 

microcontroller, developed in C, acquires voltage-current 

signals, performs basic preprocessing, and transmits data to 

Raspberry Pi 5 via Ethernet. Second, a PC-based dataset 

collection software, developed in C#, is used to collect labeled 

load datasets for training the deep learning model. Finally, 

deep learning inference software on the Raspberry Pi 5, 

written in Python, processes measurement data using a 

Convolutional Neural Network (CNN) model. This model 

classifies active loads and transmits the results to the LCD 

screen for real-time monitoring. 
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Figure 2: Functional diagram of the system 
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During operation, the system achieves real-time load 

monitoring and prediction with an accuracy of ≥90%, 

enabling users to analyze and optimize home energy usage. 

The STM32 microcontroller continuously acquires current-

voltage signals and transmits them to Raspberry Pi 5, where 

the deep learning model identifies individual loads and 

predicts their operational states. The results are then displayed 

on the LCD screen, allowing users to monitor the electrical 

system efficiently. By integrating high-frequency data 

acquisition, advanced signal processing, and deep learning 

techniques, the system provides an effective and intelligent 

solution for real-time electrical load monitoring in smart 

buildings. 

The process of collecting, processing data and classifying 

loads is carried out in the following steps: 

 Step 1: The signal processing board will collect data on 

current and voltage in real time. 

 Step 2: The data will be packaged into a message and 

transmitted to the Raspberry Pi5 module according to 

Ethernet standard. 

 Step 3: The data will be processed and the V-I curve will 

be drawn. 

 Step 4: The curve data will be passed through the trained 

3D CNN model. 

 Step 5: Classify the types of loads currently operating on 

the system.  

2.2 Data Acquisition  

2.2.1 Data Collection and Signal Processing 

The system operates on a 220V AC/50Hz power supply, 

necessitating a signal preprocessing stage before analog-to-

digital conversion (ADC) to ensure accurate voltage and 

current measurements. For current sensing, a Hall-effect 

sensor (TMCS1101A2BQDRQ1) with a measurement range 

of ±50A is employed. The sensor provides an output voltage 

within the range of 0V to 5V, corresponding to a current range 

of -50A to +50A. The Hall sensor serves two primary 

functions: isolating the AC measurement stage from the ADC 

stage and converting current signals into voltage signals 

suitable for ADC processing. Since the ADC input requires a 

differential signal within the 0V to 2.5V range, the Hall sensor 

output is further processed through a differential amplifier. 

For voltage measurement, a transformer is used to step 

down the input voltage while simultaneously isolating the AC 

stage from the subsequent ADC measurement stage. After 

passing through the transformer, the voltage signal is 

processed using an INA128 instrumentation amplifier to 

apply an offset correction. This step is necessary because the 

measured voltage signal includes negative values, which must 

be shifted to an entirely positive voltage range before ADC 

conversion. The amplified signal is then fed into a differential 

amplifier to produce the final differential signal required by 

the ADC. 

2.2.2 Analog-to-Digital Conversion and Data Transmission 

The system employs the ADS8361 ADC, a 16-bit 

converter capable of high-frequency data acquisition. This 

ADC simultaneously captures voltage and current signals, 

with differential inputs minimizing noise interference. The 

central processing unit, an STM32 microcontroller, manages 

ADC data acquisition and communicates with the ADS8361 

via an SPI interface. 

After data acquisition, the collected measurements 

undergo preprocessing and packetization before transmission. 

To optimize data communication, a batch of 100 consecutive 

samples is aggregated before transmission, significantly 

reducing bandwidth consumption by minimizing initialization 

bytes and cyclic redundancy check (CRC) overhead. Instead 

of transmitting multiple smaller packets, this method 

consolidates data into a single larger packet, thereby reducing 

redundancy and improving transmission efficiency. The 

processed data is then transmitted to a Raspberry Pi 5 module 

for further analysis. 

2.2.3 Feature Extraction and Data Representation 

 
 

Figure 3: Lamp data chart: current, voltage, power, and FFT analysis 

 

 
 

Figure 4: Lamp and fan data chart: current, voltage, power, and FFT analysis. 

 

 

Figure 5: Data chart for 2 fans, 2 lamps, and 1 laptop adapter: current, 

voltage, power, and FFT analysis. 

The Raspberry Pi 5 executes a pre-trained CNN-based 

model for load identification. The system utilizes extracted V-

I trajectory features, transforming raw time-series data into a 

sequence of images representing the circuit's characteristic 
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states over time. The dataset generated for model training 

consists of image sequences, each containing a predefined 

number of frames capturing the evolution of voltage and 

current waveforms. 

 

CNN is a type of feedforward neural network that 

responds only to units in a local receptive field. It achieves 

local feature extraction through convolution operations. In 

addition, CNNs have fewer neurons, which prevents 

overfitting and allows deep features to be learned in a 

hierarchical manner. Furthermore, CNNs perform well in 

image processing tasks because they are invariant to 

observations such as rotation, translation, and scaling. In 

general, CNNs consist of convolutional layers, pooling layers, 

and fully connected layers. The convolutional layer consists 

of a number of convolutional filters (or kernels) and bias 

values. Convolutional filters are used to extract local features 

from an image, and different filters can extract different 

features. Filters slide over the image and perform 

convolutional operations, resulting in a variety of image 

features [13]. 

In addition to load identification, the system provides real-

time visualization of essential electrical parameters such as 

current, voltage, power, Total Harmonic Distortion (THD), 

and FFT analysis for each detected load. This implementation 

ensures an efficient and accurate non-intrusive load 

monitoring (NILM) system, supporting advanced energy 

management and load disaggregation in complex electrical 

environments.   

To illustrate this, Figure 3 depicts the electrical 

characteristics of a lighting system, while Figure 4 extends the 

analysis to both lighting and fan loads. Moreover, Figure 5 

showcases a more intricate scenario involving multiple 

devices, demonstrating the system’s capability in handling 

various electrical loads simultaneously. 

2.3 Dataset 

The dataset is derived from raw voltage and current data 

recorded in real time. These data are initially stored in an 

SQLite database before undergoing preprocessing to extract 

meaningful features for load identification. Given the 

dynamic nature of electrical loads, the dataset is designed to 

capture temporal variations in the voltage-current (V-I) 

characteristic curves. 

To achieve this, a Python program is written to process the 

recorded data based on the sampling cycle to generate 

consecutive time-series images representing the V-I 

characteristic curves of different loads. These images 

effectively capture variations in load behavior over time, 

providing a rich feature set for classification. Since these 

images form sequential patterns, they can be interpreted as 

short video segments and are therefore well-suited for 

processing by a 3D CNN. 

For each load type and combination, the raw database is 

processed to extract 200 data points per image, representing 

the V-I characteristic curve. Each input sample for CNN 

consists of a sequence of 10 images, corresponding to 2000 

consecutive data points. These image sequences are stored in 

subfolders, each labeled with the corresponding load type and 

assigned a unique serial number for tracking. The images are 

saved in a 160×160 resolution to ensure uniformity and 

compatibility with the CNN model. Table 1 provides an 

overview of the loads and load combinations utilized in 

dataset creation for this study. 

Table 1: Dataset of Loads Combinations 

LoadMain

Group 

Associated Loads in Combinations 

Charger Cooker, Fan + Cooker, Lamp + Cooker, 

Lamp + Fan, Monitor, Monitor + Cooker, 

Monitor + Fan, Monitor + Lamp 

Cooker None 

Fan Charger, Cooker, Lamp, Monitor 

Lamp Charger, Cooker, Fan + Cooker 

Monitor Cooker, Fan + Cooker, Fan + Lamp, 

Lamp, Lamp + Cooker 

None None 

The power consumption of the devices is shown in Table 

2. The above devices are connected to the power system by 

plugging into the common power outlet after the current and 

voltage sensors.  

Table 2: Load power data 

LOAD Power 

Fan 47W 

Lamp 9W 

Charger 65W 

Cooker 450W 

Monitor 35W 

To facilitate model training and validation, the dataset is 

partitioned into two subsets: Train and Valid. A Python script 

randomly splits the subfolders into these directories, 

maintaining a 70%-30% ratio for each load type and 

combination. Following this, another script scans the dataset 

structure and generates two CSV files, train.csv and val.csv, 

listing all subfolder names along with their corresponding 

labels. During model training, these CSV files serve as an 

index, allowing the training pipeline to retrieve input image 

sequences and their labels efficiently. 

 

Figure 6: Sample V-I characteristic images of different loads 

This structured dataset organization enables seamless data 

handling, simplifies debugging, and enhances reproducibility. 
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Figure 6 illustrates sample V-I characteristic images from 

different electrical loads, including a charger, a fan, and a 

lamp, highlighting the variations in their electrical signatures. 

We use the raw data from the current and voltage sensors 

to generate a V-I feature image (Figure 6) from the collected 

data. 

2.4 Convolution Neural Network 

For a dataset consisting of sequences of images 

representing the voltage-current relationship at each cycle of 

the electrical circuit, the proposed CNN model is designed to 

recognize the characteristic patterns within these image 

sequences. As illustrated in Figure 7, the sample CNN 

architecture consists of three 3D convolutional layers with an 

increasing number of filters. In each convolutional layer, the 

feature maps obtained after convolution operations are 

processed through the ReLU activation function to eliminate 

negative values. To efficiently handle the large volume of 

image features, the outputs from the convolutional operations 

are batch-normalized before being passed to the next 

computational layer. A pooling layer is applied after each 

convolutional block to reduce the spatial dimensions of the 

feature maps, thereby enhancing computational efficiency. 

After the input image sequence is processed through the 

three convolutional layers, the extracted features are flattened 

into a vector representation using a Flatten layer. This 

transformation prepares the data for subsequent fully 

connected layers, where the number of neurons gradually 

decreases across layers to optimize computational efficiency. 

The ReLU activation function is consistently applied across 

all hidden layers. Additionally, to enhance the model's 

generalization capability and prevent overfitting, a dropout 

mechanism is incorporated in each hidden layer, randomly 

deactivating a fraction of neurons during training. The final 

classification layer employs a Softmax activation function, 

with the number of neurons corresponding to the number of 

load combinations to be predicted. The model is trained using 

the cross-entropy loss function and optimized with the Adam 

algorithm to update network parameters efficiently. 

 

Figure 7: Sample proposed CNN model

3. Experimental Study and Results 

3.1 Data Collection Process 

The data collection process was meticulously designed to 

ensure high representativeness of electrical loads in real-

world environments. A critical aspect of this process was the 

sampling frequency; electrical signals were recorded at 5 kHz 

to capture both transient and steady-state characteristics of the 

loads effectively. The choice of 5 kHz was made after careful 

consideration of the need to balance data resolution and 

storage constraints, ensuring that high-frequency transient 

events were captured without overwhelming computational 

resources during analysis. 

Measurements were conducted using multiple approaches 

to build a diverse dataset that accurately reflects real-world 

conditions: 

 Individual device operation: Each electrical appliance was 

measured independently to establish a baseline signature 

for its energy consumption, both in steady-state and during 

transient events such as power-on and power-off cycles. 

 Simultaneous operation of similar devices: Multiple 

devices of the same type were operated concurrently to 

simulate potential interferences and overlapping load 

signatures. 

 Combination of various devices: Different combinations 

of electrical appliances were measured to create realistic 

power consumption patterns, capturing the complexity of 

real-world electricity usage in homes and commercial 

buildings. 

 Each measurement lasted for 10 seconds, ensuring 

sufficient data for model training and evaluation. This 

duration was chosen based on empirical analysis, as it 

provides an optimal trade-off between capturing short-

term transient behaviors and reducing data redundancy 

over extended periods. 

 

Figure 8: Load Recognition System   
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Figure 8 illustrates the Load Recognition System, which 

was used to process and analyze the collected data, ensuring 

accurate identification of electrical loads under various 

operational conditions. 

3.2 Model Architecture Variants  

The proposed models consist of multiple 3D convolutional 

architectures, each designed with different depths and filter 

configurations to optimize feature extraction for load 

recognition. Table 2 summarizes the key architectural 

components, including the number of convolutional layers, 

filter sizes, pooling strategies, dense layers, and learning rates 

for each model. These variants were developed to evaluate the 

trade-offs between computational complexity and 

classification performance. 

Most models utilize four convolutional layers, with deeper 

architectures (e.g., ModelConv3D4) designed to enhance 

feature extraction. The primary filter size is (3,3,3), and 

MaxPooling3D (2,2,2) are applied for dimensionality 

reduction, though some models vary the pooling strategy to 

retain more information. Dropout layers help to prevent 

overfitting, improving generalization to unseen data. The 

Adam optimizer is used across all models, with a learning rate 

of 0.0002 for most cases, ensuring stable training behavior. 

3.3 Model Training and Parameter Updates 

The CNN-based NILM models were trained using a 

structured and systematic approach to ensure reliable 

classification of electrical loads. Stochastic Gradient Descent 

(SGD) with the Adam optimizer was employed due to its 

efficiency in handling large datasets and its capability to 

improve convergence speed by adapting learning rates 

dynamically. Categorical Cross-Entropy was chosen as the 

loss function because of its suitability for multi-class 

classification tasks, where the objective is to distinguish 

between different electrical appliances based on their unique 

load signatures. 

Table 3: Overview of Model Architecture Variants 

Model Name Conv3D 

Layers 

Filters per Layer Filter Size MaxPooling3D 

Strategy 

Dense 

Layers 

Learning 

Rate 

ModelConv3D1 4 8 → 16 → 32 → 64 (3,3,3) (2,2,2)/(1,2,2) 2 0.0002 

ModelConv3D2 4 16 → 32 → 64 → 128 (3,3,3) (2,2,2) / (1,2,2) 2 0.0002 

ModelConv3D3 6 16 → 16 → 32 → 32 → 

64 → 64 

(3,3,3) (2,2,2) / (1,2,2) 2 Default Adam 

ModelConv3D4 8 16 → 16 → 32 → 32 → 

64 → 64 → 128 → 128 

(3,3,3) (2,2,2) / (1,2,2) 2 Default Adam 

ModelConv3D5 4 16 → 32 → 64 → 128 (3,3,3)/(2,2,2) (2,2,2) / (1,2,2) 2 0.0002 

ModelConv3D6 4 8 → 16 → 32 → 64 (3,3,3)/(2,2,2) (2,2,2) / (1,2,2) 2 0.0002 

ModelConv3D7 4 16 → 32 → 64 → 128 (3,3,3) (2,2,2) / (1,2,2) 2 0.0002 

ModelConv3D8 4 16 → 32 → 64 → 128 (3,3,3) (2,2,2) / (1,2,2) 2 0.0002 

As shown in Table 3, key training parameters and 

methodologies employed include: 

 Initial learning rate: 0.0002, with dynamic adjustments 

based on validation performance. A learning rate 

scheduler was implemented to decrease the rate when 

model improvements plateaued, preventing overfitting 

and ensuring stable convergence. 

 Batch size: Either 20 or 30, chosen based on hardware 

constraints and memory efficiency, ensuring that the 

models could generalize well without excessive 

computational burden. 

 Epochs: Ranged from 3 to 30, depending on the 

complexity of the model variant. Shallower models 

required fewer epochs, while deeper models benefited 

from extended training to fully capture load-specific 

features. 

 Optimization strategy: Weights were updated through 

backpropagation, ensuring that each iteration refined the 

model’s ability to classify different electrical loads 

accurately. Dropout layers were incorporated across all 

models to mitigate overfitting, further improving 

generalization performance. 

The initial learning rate of 0.0002 to ensure the model 

training process is stable and effective. With a fairly deep 3D-

CNN network architecture, including many three-dimensional 

convolutional layers (Conv3D) combined with normalization 

layers (BatchNormalization), noise reduction (Dropout) and 

nonlinear activation, choosing a learning rate that is too high 

can lead to instability in the optimization process, causing the 

model to not converge or converge incorrectly. 

On the other hand, a learning rate that is too low makes 

the training process slow, time-consuming and resource-

consuming. Therefore, we choose the value of 0.0002 as a 

balance point - small enough to avoid strong fluctuations, but 

still large enough to ensure a reasonable learning rate. 

Furthermore, this learning rate is used in combination with 

the Adam optimizer, which is an adaptive optimizer that can 

adjust the learning rate for each parameter. In many studies 

related to image and video sequence analysis using 3D-CNN 

networks, learning rates in the range of 0.0001 to 0.0005 are 

quite common. 

Model Performance and Trade-offs 

After training the models on the same hardware platform, 

we analyze performance based on accuracy, training time, and 

computational cost. The results show that all models achieve 

high accuracy, with the best model reaching 99.8%. However, 

architectural complexity directly impacts computational 

efficiency: 
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1. Highest accuracy model: Achieves 99.8% accuracy but 

has the highest number of parameters (3,644,378), leading 

to a longer training time (3167.05 seconds per epoch). 

2. Efficient model: A lightweight model with 506,704 

parameters maintains 99.5% accuracy while significantly 

reducing training time to 1718.05 seconds per epoch. 

Figure 9: Models’ parameters and accuracy comparing

These findings highlight the trade-off between model 

complexity and computational performance. While deeper 

networks can extract more features, they also require higher 

computational costs, which may not always be justified by a 

marginal improvement in accuracy. Figure 9 illustrates a 

comparison of Conv3D models in terms of accuracy, training 

time, and parameter count, providing a visual representation 

of the strengths and limitations of each architecture. 

Looking at the chart in Figure 9, ModelConv3D7 provides 

the most accurate load predictions. The predicted load results 

using ModelConv3D7 are presented in Figure 10, 

demonstrating the model's ability to accurately identify the 

characteristics of electrical loads. 

 

 

Figure 10: Predicted results of ModelConv3D7 

Figure 10 is the fan load prediction result based on 

ModelConv3D7 using Python code with an accuracy of 

0.9792. The images on the main screen are the V-I 

characteristics of the fan load. 

We collected additional data, processed it, and combined 

it with the existing data to create new scenarios for accuracy 

testing. A total of eight trials were conducted, and the results 

are shown in the table 4 below. 

Table 4: Accuracy of the models 

Model 
Accuracy (Mean 

± SD) [%] 

Training Time 

(Mean ± SD) [s] 

ModelConv3D1 99.54 ± 0.11 1525.3 ± 10.95 

ModelConv3D2 99.62 ± 0.09 2260.1 ± 15.22 

ModelConv3D3 99.65 ± 0.12 2428.7 ± 12.55 

ModelConv3D4 99.51 ± 0.10 2385.4 ± 14.88 

ModelConv3D5 99.53 ± 0.08 1720.5 ± 9.77 

ModelConv3D6 99.56 ± 0.11 2238.2 ± 11.33 

ModelConv3D7 99.79 ± 0.05 3170.9 ± 8.44 

ModelConv3D8 99.78 ± 0.07 3208.6 ± 13.11 

We have conducted a concise comparative analysis 

highlighting the methodological and functional differences 

between our approach and selected representative NILM 

studies. While several works such as Liu et al. (2021) and 

Xinran Liu et al. (2024) utilize 3D CNNs and V–I trajectory 

features for appliance classification, they primarily focus on 

identifying single active devices during steady-state 

conditions [14], [15]. Our method advances this by addressing 

a multi-label classification task, enabling simultaneous 

recognition of overlapping appliance combinations. 
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Furthermore, we incorporate high-frequency V–I signals 

transformed into time-series images, allowing the network to 

capture spatiotemporal dynamics and transient behaviors. 

Compared to Monteiro et al. (2021), who assess several 

ML techniques (e.g., MLP, CNN, LSTM) on low-frequency 

data for per-appliance classification, our use of high-

frequency waveform data provides richer information 

content, enhancing discrimination performance [16]. In 

addition, while Medeiros et al. (2019) apply CNNs for event 

detection using low-frequency active/reactive power signals, 

our approach offers a finer resolution by learning device-level 

patterns from raw waveforms directly [17] . 

Collectively, these distinctions particularly the focus on 

multi-label learning, transient robustness, and waveform-

based feature representation position our method as a 

complementary and effective solution for NILM scenarios 

involving dense, overlapping appliance usage. We have 

integrated this comparison into the revised manuscript for 

clarity and completeness. 

According to Liu et al. (2024), for NILM algorithms, a 

sampling frequency of less than 1 kHz is considered low-

frequency sampling, typically applied in systems with few 

active loads and where high accuracy is not required. A 

sampling frequency of 1 kHz or higher is classified as high-

frequency sampling, commonly used in systems with many 

active loads, requiring high accuracy and real-time 

monitoring. A sampling frequency of 5 kHz falls within the 

high-frequency range and is regarded as high-quality 

sampling, suitable for analyzing both harmonic features and 

rapid transient characteristics [18]. 

Furthermore, according to Hu et al. (2021), a sampling 

frequency between 4 kHz and 6 kHz is sufficient to 

distinguish the characteristic signatures of typical household 

appliances [19]. Additionally, the IEEE 519 standard 

(Recommended Practice and Requirements for Harmonic 

Control in Electric Power Systems) requires harmonic control 

up to at least the 50th order, which corresponds to a frequency 

of 2500 Hz. Following the Nyquist theorem, the minimum 

required sampling frequency is thus 5000 Hz (5 kHz) [20] . 

In my NILM-based load identification application, the 

load characteristics do not require monitoring of very high-

order harmonics. Moreover, a 5 kHz sampling frequency 

ensures that the data volume remains manageable, preventing 

system overload, while still maintaining measurement 

accuracy. 

Besides, we also try higher frequencey at 10 kHz and 15 

kHz. Then, we fed the collected data to train the model and 

ran the model to verify the results (as shown in table 5). 

Table 5: Accuracy of system at different sampling frequencies 

No Sampling frequency Accuracy 

1 5 Khz 99.51 

2 10 Khz 99.72 

3 15 Khz 99.56 

From the data table above, we see that higher sampling 

frequencies also give results with the same accuracy as the 5 

Khz sampling frequency. The 5 Khz sampling frequency has 

ensured the necessary information to train the model. At the 

same time, with the 5 Khz sampling frequency, the amount of 

data will not be too large, ensuring that the system can run for 

a long time with a hardware system that does not need to be 

too strong. 

4. Conclusion  

This research establishes a solid foundation for NILM 

systems in practical settings. By balancing architectural 

complexity with computational efficiency, the proposed 

CNN-based approach effectively recognizes electrical loads, 

achieving high classification accuracy. The best-performing 

model attained 99.8% accuracy, demonstrating strong 

applicability in both residential and industrial environments. 

Additionally, the model efficiently captures transient and 

steady-state load characteristics, enabling robust recognition 

even under overlapping signatures and rapid switching 

conditions. 

Despite its strong performance, the model has two key 

limitations. First, handling unknown loads remains a 

challenge, as newly introduced devices require retraining to 

be properly classified. Second, generalization across diverse 

environments is constrained by the dataset’s 

representativeness. Future work will focus on adaptive 

learning techniques, such as incremental training and anomaly 

detection, to improve flexibility. Additionally, optimizing 

real-time deployment via edge computing and model 

quantization will enhance practical usability. By addressing 

these challenges, the framework will be better suited for 

energy auditing, fault detection, and demand response 

systems, bridging the gap between controlled experiments and 

real-world applications. 
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