
Journal of Hunan University 

(Natural Sciences） 

Vol. 52 No. 11 

November 2025

Available online at 

https://jonuns.com 

 Copyright: © 2025 by the authors. Licensee JHU 

This article is an open-access article distributed under the terms and conditions of the Creative Commons Attribution License 

(http://creativecommons.org/licenses/by/4.0)

Open Access Article  https://doi.org/10.55463/issn.1674-2974.52.11.7 

Automatic box sorting system using artificial intelligence and voice 

interaction 

Jose Miguel Bejarano1, Robinson Jiménez-Moreno2*, Javier Eduardo Martinez-Baquero3 

1 Student of Department of Mechatronics, Engineering Faculty, Universidad Militar Nueva Granada, Bogotá, 

Colombia, 

2 Professor of Department of Mechatronics, Engineering Faculty, Universidad Militar Nueva Granada, 

Bogotá, Colombia, 

3 Professor of Engineering School, Faculty of Basic Sciences and Engineering, Universidad de los Llanos, 

Villavicencio, Colombia, 

* Corresponding author: robinson.jimenez@unimilitаr.еdu.co

Article history: 

Received: October 12, 2025 

Revised: November 20, 2025 

Accepted: December 12, 2025 

Published: December 30, 2025 

Abstract: This article compares three artificial intelligence algorithms in the development of an automatic 

box sorting system using a voice-based user interaction interface. The system classifies between four different box 

sizes in a virtual environment where it extracts the desired size from the production line, which is identified by voice 

from a user interface. With the advances in artificial intelligence techniques, it is necessary to contextualize and 

establish the applicability of each one to generate developments that do not focus on the most recent algorithm but on 

the optimal one that satisfies a design requirement. By comparing techniques such as nearest neighbors, artificial 

neural networks, and convolutional neural networks, the effectiveness of each technique in a simple classification 

task is evident. Given the low computational resource usage of the nearest neighbor algorithm and its reduced response 

times and computational cost, the advantage of traditional algorithms over advanced pattern recognition algorithms 

is evident, as they can be integrated with recent voice recognition algorithms in industrial-type virtual scenarios. 
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采用人工智能与语音交互技术的自动箱体分拣系统  

摘要： 本文比較三種人工智慧演算法在採用語音式使用者互動介面的自動箱體分揀系統

開發中的應用。該系統於虛擬環境中對四種不同尺寸的箱體進行分類，並根據使用者介面所

接收的語音指令，從生產線中提取所需尺寸的箱體。隨著人工智慧技術的進展，有必要對各

種演算法加以情境化並確立其適用性，以推動相關系統的開發——此類開發不應僅著眼於最

新的演算法，而應選擇能夠滿足設計需求的最佳方案。透過比較最近鄰法、人工神經網路及

卷積神經網路等技術，可以清楚看出各方法在簡單分類任務中的效能表現。鑑於最近鄰演算

法具有較低的運算資源需求、較短的回應時間以及較低的計算成本，其相較於先進的模式識

別演算法所展現出的優勢顯而易見，並且能夠與當代語音識別演算法整合，應用於工業類型

的虛擬場景中。 

关键词：最近邻算法，人工神经网络，卷积神经网络，自动语音识别，盒式分类，虚拟

环境。 

1. Introduction
Pattern recognition models for classification are

based on artificial intelligence algorithms that currently 

focus on deep learning [1][2], among which 

convolutional neural networks [3] stand out.  The 

applications of pattern classification systems range from 

waste in vending machine containers [4], to the 

assessment of the toxicity of chemicals associated with 

plastic packaging [5], and to multi-output production 

chains for packaging planning [6]. 

Artificial intelligence is therefore the basis for 

current industry-oriented developments in process 

automation, for example, in the use of images for 

precision agriculture [7] and waste detection and 

treatment in the construction industry [8]. Many of these 

applications are based on robotic systems that are being 

simulated in virtual environments [9] for various types 

of developments in healthcare [10], education [11], 

medicine [12][13], among others. 

The trend in robotic systems is toward natural voice 

interaction, with developments currently being made in 

voice-controlled medical systems [14], wheelchairs [15], 

and other robotic vehicles [16][17], but with a growing 

boom in the industry for robotic agents [18], gripping 

systems [19], and collaborative robotics based on 

interaction through natural language processing [20]. 

The state of the art shows the clear use of traditional 

and cutting-edge artificial intelligence algorithms, but it 

is necessary to contextualize and establish the 

applicability of each one to generate developments that 

do not focus on the most recent algorithm but on the 

optimal one that satisfies a design requirement, 

regardless of its simplicity or advanced learning 

structure, which is the main analysis of this applied 

research work. 

Based on the above, this article presents a 

comparison of artificial intelligence algorithms, from 

the basics nearest neighbor technique and 

backpropagation neural networks to deep learning by 

convolutional networks, aimed at a box classification 

agent through voice interaction. 

The rest of the article is structured as follows: the 

next section describes the methodology employed, 

detailing the integration process using Python and 

Coppelia simulation environments. This is followed by 

a discussion of experimental results obtained, and finally, 

conclusions are drawn highlighting insights into the 

effectiveness and challenges of the proposed approach. 

2. Methodology
With the aim of implementing an automatic box

selection system from a conveyor belt based on voice 

command selection of box size, the methodology was 

structured in three phases. The first phase corresponds 

to the general elements of the design based on the 

hardware architecture used and the simulation 

environment. In the second phase, the database to be 

used and the box classification criteria are established, 

and phase three outlines the training of the artificial 

intelligence models used. Figure 1 illustrates the 
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methodology flowchart. 

Figure 1. Methodology flowchart (Source: developed 

by the authors) 

2.1. Hardware, Software, and Simulation 

Environment 

The system was implemented on a laptop with an 

AMD Ryzen 7 5825U with Radeon G processor, 40GB 

of RAM, and Linux Mint 22.1 x86_64 operating system, 

version Cinnamon 6.4.8, noting that this operating 

system is based on Ubuntu 24.04 LTS. 

PyCharm 2025.2.0.1 (Community Edition) was used as 

the development environment, and the simulation 

environment was carried out in CoppeliaSim Edu, 

Version 4.10.0 (rev 0) 64 bit. 

The objective was to replicate an automated box 

sorting system. The construction was carried out in a 

modular manner, incorporating the following main 

elements: 

1) Conveyor belt: A conveyor belt was inserted as

the central element of the sorting process. The 

movement of the belt was controlled by an associated 

dummy object, in which a script was implemented to 

manage the speed of the conveyor based on signals 

received from Python. This script allowed both the 

continuous operation of the belt and its temporary 

stoppage in the event of a match between the box and 

the selected class. 

2) Object generation (Spawner): A second dummy

was included with a script for generating boxes. This 

spawner creates cubic objects with random dimensions 

within a predefined range (0.08 to 0.32 meters). The 

boxes were placed on the conveyor belt to simulate a 

continuous flow of pieces to be sorted. 

3) Proximity Sensors: Proximity sensors were

installed at strategic points in the environment. The first 

was located on the conveyor belt, allowing the arrival of 

a box at the sorting point to be detected. This detection 

activates the Dummy spawner and sends the 

corresponding signals to the Python script, which is 

responsible for obtaining the corresponding 

measurements and performing the sorting. Additionally, 

two more sensors were installed: one in the exit area and 

another parallel to the sorting area. Both have the 

function of removing detected objects, preventing the 

accumulation of boxes in the environment and ensuring 

the continuity of the flow in the simulation. 

4) Ejection Actuator: A prismatic joint linear

actuator was incorporated into the side section of the 

conveyor belt. This actuator was programmed to move 

in a specific direction and push the boxes off the belt in 

the event of a match between the class predicted by the 

box's RNA and the one selected by the user. Its 

movement was controlled by signals emitted from 

Python, ensuring synchronization between the sorting 

and the mechanical ejection action. Figure 2 shows 

simulation environment in Coppelia. 

Figure 2. Simulation environment in Coppelia 

(Source: developed by the authors) 

2.2. Training Dataset and Classification Criteria 

To establish an objective reference for object 

classification, geometric criteria were defined based on 

the dimensions of the boxes generated in the simulation 

environment. Each box has three main measurements: 

length (sx), width (sy), and height (sz), which were 

extracted using the geometric parameter acquisition 

functions in CoppeliaSim. Based on these dimensions, 

the average of the sides was calculated using the 

following equation (1): 

𝑎𝑣𝑔 =
𝑠𝑥 + 𝑠𝑦 + 𝑠𝑧

3
 (1) 

This average value was considered the main 

parameter for determining the actual class of each box. 

Four classification ranges were established based on this 

value: small, medium, large, and extra-large boxes. 

• Class 0 = avg < 0.14

• Class 1 = 0.14 ≤ avg < 0.20

• Class 2 = 0.20 ≤ avg < 0.26

• Class 3 = avg ≥ 0.26

Once the classification criterion by average side 

length had been defined, the data was recorded to form 

the training and validation set for the neural network. 

Each box generated in the simulation environment was 

analyzed using the proximity sensor responsible for 

capturing its dimensions (sx, sy, sz). 

The measurements extracted were processed in a 

Python script that calculated the average value of the 

sides and automatically assigned the corresponding 
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actual class according to the previously established 

ranges. This data, together with the class label, was 

stored in a CSV file. In total, a dataset consisting of 300 

boxes was taken. 

2.3. Artificial intelligence models 

Three methods were used to compare artificial 

intelligence techniques in line with the evolution of 

algorithms, where the most basic algorithm used is the 

nearest neighbor algorithm, followed by artificial neural 

networks, and finally a deep learning algorithm based on 

convolutional neural networks. These algorithms are 

described below: 

1) Training and Use of the Artificial Neural Network

The artificial neural network was trained in Python

3.12, using the TensorFlow/Keras libraries to build the 

model, NumPy to handle matrix structures and 

vectorized operations, and scikit-learn to normalize data 

using a standard scaler (StandardScaler). 

The neural network implemented corresponded to a 

feedforward model composed of fully connected dense 

layers. The architecture consisted of an input layer with 

three neurons (one for each dimension of the box), three 

hidden layers (128, 64, and 32 neurons) with ReLU 

(Rectified Linear Unit) activation functions, and an 

output layer with four neurons activated by Softmax, 

corresponding to the four established classes. 

The model was compiled using the Adam optimizer 

with a default learning rate of 0.001. The maximum 

number of epochs was set to 500, with a batch size of 16 

samples per iteration. 

Training was performed on the training set, reserving 

20% of it for internal validation. A stopping technique 

was implemented, configured to monitor validation 

accuracy and stop training if no improvements were 

observed for 20 consecutive epochs. In addition, 

automatic restoration of the weights corresponding to 

the best validated performance was activated. In the 

network training, an accuracy of 95.24% was achieved 

in the test set. 

2) KNN Algorithm Training

Similar to ANN training, the K-Nearest Neighbors

(KNN) classification model was implemented using the 

same dataset as the ANN, and also used the scikit-learn 

library for data normalization. 

The classifier was configured with k = 5 neighbors, 

seeking a balance between robustness against noise and 

pattern detection capability. The metric used to 

determine proximity was Euclidean distance, which 

calculates the square root of the sum of the squared 

differences between the dimensions of the boxes, which 

is intuitive in three-dimensional geometric spaces. 

In terms of voting, a uniform weighting scheme was 

adopted, meaning that all neighbors have the same 

influence in determining the class of the analyzed 

sample. The classification process is performed by 

comparing the input sample with all the vectors stored 

in the database, selecting the five closest ones, and 

assigning the majority class. Although this approach 

does not generate a parametric model, its structural 

simplicity allows for efficient implementation and 

competitive performance. 

3) CNN Algorithm Training

For the implementation of the convolutional neural

network (CNN), a sample of 400 images was taken for 

each class using a visionSensor provided by 

CoppeliaSim, which by default already has an image 

size of 224 x 224. The images were captured using 

Python code, which took the images together with the 

measurements of the boxes and classified them into 

folders to avoid errors in the creation of the training 

dataset. 

The ImageDataGenerator module was used for 

image manipulation and data preprocessing, which 

allowed the pixel values to be scaled to the range [0,1] 

and the dataset to be divided into training and validation 

with a ratio of 80% and 20%, respectively. 

As this was a controlled and ideal environment, the 

CNN architecture was designed in a simple way with the 

aim of obtaining a functional model without requiring 

long training times. The first layer corresponded to a 

two-dimensional convolution with 16 3 x 3 kernels, 

using the ReLU (Rectified Linear Unit) activation 

function. Subsequently, a MaxPooling layer with a size 

of 2 x 2 was included for dimensionality reduction. The 

second convolutional layer consisted of 32 3 x 3 kernels, 

also with ReLU activation, followed again by a 2 x 2 

MaxPooling layer. 

After the convolutional stages, the feature maps were 

flattened to be processed in dense layers. A fully 

connected layer of 64 neurons with ReLU activation was 

included, along with a 30% Dropout layer, used to 

mitigate overfitting during training. Finally, an output 

layer with 4 neurons and Softmax activation was added, 

which allowed for multi-class classification 

corresponding to the four defined box categories. 

The model was compiled using the Adam optimizer 

with a learning rate of 0.001. The selected loss function 

was categorical cross-entropy, appropriate for multi-

class classification problems. Model training was 

carried out for 20 epochs, using a batch size of 32 

samples. 

Finally, the model's performance was evaluated by 

calculating the confusion matrix and a classification 

report generated with the scikit-learn and seaborn 

libraries. These results allowed us to analyze the 

precision, recall, and F1-score metrics for each class, as 

well as the overall accuracy of the model 

4) Automatic speech recognition

The wav2vec algorithm conducts audio recognition

and converts it to text. This self-supervised approach 
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creates speech representations from raw audio inputs 

without traditional preprocessing steps like cepstral 

coefficients or spectrogram generation. 

Wav2Vec employs a multilayer CNN  to transform 

input waveforms into low-dimensional latent 

representations. Subsequently, a Transformer network 

captures contextual dependencies between audio 

segments.  

Table 1 lists audio capture parameters for 

recognizing object labels, enabling voice-driven 

interaction within the Coppelia simulation environment. 

Table 1. Voice recording (Source: developed by the 
authors) 

Parameter Setting Value 

Recording time 3 seg 

Sample frequency 22050 
Number of bits 16 

Number of channels 1 (monophonic) 

3. Results
To validate the artificial intelligence algorithms used

with the simulation environment, integration was carried 

out using CoppeliaSim's remote API (ZMQ Remote 

API), which enabled bidirectional communication 

between the simulation processes and a user interface 

under Python code. Through this link, signals from the 

proximity sensors, including the identifiers of the 

detected boxes, were received in real time. 

Subsequently, the geometric parameters of each object 

(dimensions sx, sy, sz) were consulted to be processed 

by the previously trained model. 

The Python code was structured into independent 

modules: one dedicated to classification using the 

selected model, another responsible for the graphical 

interface developed in Tkinter, and a third block for 

voice recognition, implemented with the 

SpeechRecognition library and regular expressions to 

interpret user commands. In this way, the operator can 

select the desired box class using only voice commands. 

Once a box has been passed, we will obtain the data from 

it as well as the classification assigned by the model and 

whether or not it matches the user's selection, as shown 

in Figure 3. 

Figure 3. Matlab application commanding robotic 

manipulator in Coppelia simulator (Source: 

developed by the authors) 

During the integration of voice recognition, certain 

limitations were identified in the accuracy of the Speech 

Recognition library. In several cases, the system did not 

correctly interpret the instruction on the first utterance, 

forcing the command to be repeated. This behavior is 

mainly related to the model's sensitivity to background 

noise, pronunciation, and the quality of the microphone 

used. Failure to properly detect a class result in a 

validation error, as shown in figure 4. 

Figure 4. Help button (Source: developed by the 

authors) 

Figure 5 illustrates a case of correct selection, where 

the right side shows the selection actuator in operation, 

removing the desired box from the conveyor belt. Figure 

6 shows an enlargement to validate the online selection 

and the dimensions of the box. 

Figure 5. Help button (Source: developed by the 

authors) 

Figure 6. Sorting progress in Coppelia virtual 

environment (Source: developed by the authors) 

In some cases, synchronization problems were 

detected between CoppeliaSim events and the 

instructions sent from Python. For example, unexpected 

actuator activations occurred without a box reaching the 

sorting area, indicating that at certain times residual 
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signals were generated or not reset correctly in the 

client-server exchange. 

4. Discussion
The three-dimensional box classification experiment

was conducted with a total of 500 test samples, 

evaluating the performance of the nearest neighbor 

classifier (KNN), the artificial neural network (ANN) 

and the CNN. These three artificial intelligence 

algorithms correspond to different eras of technological 

advancement and involve differentiable learning 

architectures, where it is evident that each one manages 

to solve the classification objective. Table 2 summarizes 

the main indicators obtained for three models, including 

accuracy, average classification time, and the dispersion 

of the measured times. Although the level of accuracy of 

each model can be considered sufficient, there is no 

evidence of a correlation between the complexity of the 

architecture and accuracy, with CNN being the most 

complex, followed by RNA and finally KNN. Another 

important aspect derives from the computational cost, 

while KNN has a training time of only 0.5 milliseconds, 

for RNA the training process lasted 13.80 seconds and 

CNN is in the order of tens of minutes. However, the 

most relevant time is that of inference by class, where 

KNN is much faster and has a lower standard deviation, 

which makes it stand out as the most favorable model to 

use. 

Table 2. Algorithm comparison (Source: developed 
by the authors) 

Modelo 
Exactitud 

(%) 

Tiempo 

promedio (ms) 

Desviación 

estándar (ms) 

RNA 94.20 43.98 9.94 

KNN 89.40 1.29 0.20 

CNN 85.00 44.59 7.83 

This allows us to identify that traditional algorithms, 

thanks to their low computational cost, are preferable for 

classification cases that involve the need to reduce 

inference time in a real-world expansion. It should be 

clarified that the level of accuracy of the convolutional 

network can be improved by increasing the network 

depth, which entails a greater digital weight and 

therefore inference time. This does not improve the 

results obtained nor does it modify the decision 

argument in choosing the best algorithm to implement in 

this application. Robust classification architectures such 

as convolutional networks and transformer networks 

currently offer strong benefits in the development of 

automation and robotics systems, but the criteria defined 

here allow their selection as explained in [21], consistent 

with what has been obtained here, where the most recent 

architecture in the state of the art is not optimal for the 

application in question. 

5. Conclusion
Three classification algorithms were compared that,

in controlled environments, allow high levels of 

accuracy to be obtained, since the best overall 

corresponding to the nearest neighbor algorithm. It was 

concluded that this algorithm is the most functional for 

the proposed validation case, given its low 

computational cost and the fact that it does not need to 

be very accurate due to the low level of confusion 

between classes. 

State-of-the-art pattern recognition algorithms such 

as convolutional networks achieve very high levels of 

accuracy, and their selection as the application algorithm 

must be accompanied by other criteria such as 

computational cost and classification time, which can 

balance the functional requirements against less accurate 

algorithms that are also used in classification systems. 

In practical applications outside the simulation 

environment, the variability of lighting conditions can 

affect the levels of accuracy achieved, but in this case, 

no changes in the selection of the classification 

architecture are foreseen. 

Future work includes using depth cameras to extract 

the dimensions of the boxes in order to establish 

variations in the classification architectures. 
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