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Abstract: This paper presents the development of a virtual environment for object classification and location 

by an assistive robot using voice-guided human-machine interaction to facilitate the storage or ordering of products 

by means of robotic systems, reducing potential risks due to excess load or repeatability to human operators. The 

proposed approach integrates computer vision techniques and transformer-based speech recognition models within a 

virtual simulation environment. Specifically, a ResNet18 neural network, selected for its low computational demand 

and high efficiency in classification and localization tasks, is used to accurately identify objects. As a contribution to 

the state of the art, a human-machine interaction environment is developed with natural language processing 

algorithms oriented toward industrial applications, where the sorting order is specified by voice commands captured 

and transcribed by a wav2vec-based speech-to-text algorithm, allowing users to interact naturally and efficiently with 

the robotic system. Experimental validation demonstrates the robustness of object detection and the reliability of 

speech recognition, highlighting the system’s effectiveness and potential applications in automated industrial 

scenarios. 
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利用语音引导的人机交互技术实现自动分类的辅助机器人  

摘要： 本文介绍了一个虚拟环境的开发情况，该环境用于辅助机器人利用语音引导的人

机交互进行物体分类和定位。该方法在虚拟仿真环境中集成了计算机视觉技术和基于变压器

的语音识别模型。具体来说，ResNet18 神经网络因其在分类和定位任务中的低计算需求和

高效率而被选中，用于准确识别物体。排序顺序由基于 wav2vec 的语音到文本（STT）算法

捕获和转录的语音命令指定，从而使用户能够与机器人系统进行自然、高效的交互。实验验

证证明了物体检测的鲁棒性和语音识别的可靠性，突出了该系统的有效性及其在自动化工业

场景中的潜在应用。 

关键词：ResNet、语音转文本 STT、人机协作、自动化。 

1. Introduction
The transition from Industry 4.0 to 5.0 [1] has

significantly impacted manufacturing processes through 

artificial intelligence (AI) integration [2], showcasing 

numerous advancements, such as digital twins [3] and 

their combination with large language models [4], to 

validate processes in simulation environments. 

Within AI-driven manufacturing processes, those 

supported by computer vision hold great relevance, 

emphasizing the importance of dataset quality, various 

existing models, and their comparative analysis [5]. 

Prominent AI algorithms designed for image feature 

extraction include Faster RCNN [6] and ResNet [7], 

which have industrial applications in aquaculture [8] and 

agriculture [9]. These techniques predominantly focus 

on image analysis [10], which facilitates both 

classification and localization tasks [11]. 

The exponential evolution of AI has further led to the 

integration of these models with advanced network 

architectures, such as transformer networks. These 

integration have demonstrated notable applications in 

railway failure prediction [12], electromagnetic 

tomography image reconstruction [13], and vehicle 

intrusion detection [14]. Transformer architectures 

particularly excel in speech-based language models [15], 

encompassing audiovisual representation [16], speech-

based detection of health conditions [17], dangers like 

intoxication [18], verbal threats [19], and general 

emotion recognition [20]. 

Robot control based on voice commands has also 

been effectively implemented, including applications in 

robotic soccer [21], emotion recognition [22], 

educational [23-24], music-oriented robots for 

classrooms, and broader human-robot interaction 

scenarios [25]. In the Industry 4.0 and 5.0 context, 

voice-controlled robotics have significantly advanced 

the automation of human-machine interaction, 

leveraging transformer-based models, such as wav2vec 

[26], which are recognized for their efficiency. 

Therefore, combining image classification and 

localization models with voice recognition technologies, 

this paper presents the design and implementation of a 

virtual environment for product sorting based on voice-

driven human-robot interaction. Objects for sorting are 

identified using a ResNet18 network due to its 

predefined architecture, which is computationally 

efficient for object classification and localization tasks. 

Order recognition and validation are performed using a 

speech-to-text (STT) algorithm based on wav2vec [27], 

enabling users to vocally specify objects assigned to 

each row of a 6x6 array. Using the aforementioned 

artificial intelligence algorithms, we contribute to the 

state of the art with a human-machine interaction 

environment based on natural language processing 

communication and oriented to industrial applications 

that facilitate the performance of activities by the 

operator. 

The rest of the article is structured as follows: the 

next section describes the methodology employed, 

detailing the integration process using MATLAB and 

Coppelia simulation environments. This is followed by 

a discussion of the experimental results obtained. Finally, 

conclusions are drawn highlighting the effectiveness and 

challenges of the proposed approach. 

2. Methodology
The proposed development employs an applied

research methodology derived from the approach to 

solving a specific problem in an industrial environment, 

which facilitates the storage or ordering of products by 

means of robotic systems, reducing potential risks due 

to excessive load or repeatability to human operators. 

The automatic sorting process begins with the 

recognition of six predefined objects: spheres, cubes, 

cylinders, stars, a pink box, and a black box. To 

minimize handling time, a transfer learning approach 

with a limited class count is employed, using a ResNet18 

model [28].  

Figure 1 demonstrates samples from the training 

database, comprising images of objects arranged 
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differently within a 6x6 array, facilitating object type 

localization. 

Figure 1. Sample training images (source: authors) 

The training parameters detailed in Table 1 guide the 

model development.  

Table 1. Training parameters (source: developed by 
the authors) 

Parameter Value 

Input volume  600X600X3 

Optimizer ADAM 
Number of Epochs 50 

Minibathc size 2 
Learning rate 1*10-6 

The learning curve, depicted in Figure 2, reveals an 

accuracy peak of 92.7%, stabilizing around the 20th 

epoch. 

Figure 2. Sample training images (source: authors) 

Figure 3 validates the trained network’s ability to 

accurately classify and localize various objects, 

displaying precise bounding boxes crucial for robotic 

gripping. 

Figure 3. Classification and validation of 

localization (Source: developed by the authors) 

The wav2vec algorithm [27] conducts audio 

recognition and converts it to text. This self-supervised 

approach creates speech representations from raw audio 

inputs without the need for traditional preprocessing 

steps such as cepstral coefficients or spectrogram 

generation [29]. 

Wav2Vec employs a multilayer CNN [30] to 

transform input waveforms into low-dimensional latent 

representations. Subsequently, a transformer network 

[31] captures contextual dependencies between audio

segments.

Table 2 lists the audio capture parameters used to 

recognize object labels, enabling voice-driven 

interaction within the Coppelia simulation environment. 

Table 2. Voice recording (source: authors) 
Parameter Setting Value 

Recording time 3 seg 

Sample frequency 22050 
Number of bits 16 

Number of channels 
used 

1 (monophonic) 

Integration is achieved through a MATLAB-based 

environment (Figure 4), connecting users to the 

Coppelia simulator via the STAR CONNECTION 

button (green button). Automatic sorting starts with the 

START SORTING button (aquamarine button). The 

process can be stopped using the STOP button (red 

button) from the interface. Additionally, a user help 

button is included to visualize the action to be taken by 

each button by means of a pop-up text. Before starting 

the sorting, users must indicate the location of the 

objects in the columns using voice commands; for this 

purpose, an intuitive button interface is available. 

Figure 4. Operating environment from MATLAB 

(source: authors) 

Figure 5 illustrates the Coppelia environment where 

the user and the robot with the objects to be organized 

are simulated. There are two vision sensors: one for 

object identification and the other for the arrangement 

structure that corresponds to the 6x6 boxes that will 

contain each object. 
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Figure 5. Coppelia work environment (Source: 

authors) 

Figure 6 illustrates the robotic arm used in the virtual 

environment and the associated degrees of freedom that 

allow the inference of the kinematic equations of motion 

for robot control. 

Figure 6. Serial robot manipulator schematic and 

DH coordinate systems (source: authors) 

3. Results
To perform direct kinematic modeling, the Denavit-

Hartenberg (DH) convention is adopted, the serial robot 

parameters are listed in Table 3. Homogeneous 

transformation matrices for each robotic arm link were 

calculated using trigonometric identities to obtain 

complete direct kinematics calculation.  

Table 2. Voice recording (Source: developed by the 
authors) 

i θᵢ dᵢ aᵢ αᵢ Description 

1 θ₁ d₁ 0 π/2 Transformation from S0 to S1 

2 θ₂ 0 a₂ 0 Transformation from S1 to S2 
3 θ₃ 0 a₃ 0 Transformation from S2 to S3 

is shown. 
4 −(θ₂ + θ₃ + π/2) 0 a₄ 0 Orientation of the final effector 

to vertical orientation 

The link-specific homogeneous transformation 

matrices are calculated using the trigonometric identity 

for negative rotation. 

𝐴01 = [

 𝑐𝑜𝑠(𝜃₁) 0 𝑠𝑖𝑛(𝜃₁) 0

 𝑠𝑖𝑛(𝜃₁) 0 −𝑐𝑜𝑠(𝜃₁) 0
0 1 0 𝑑₁
0 0 0 1

]   (1) 

𝐴₁² = [

 𝑐𝑜𝑠(𝜃₂) −𝑠𝑖𝑛(𝜃₂) 0 𝑎₂ ∗ 𝑐𝑜𝑠(𝜃₂)

 𝑠𝑖𝑛(𝜃₂) 𝑐𝑜𝑠(𝜃₂) 0 𝑎₂ ∗ 𝑠𝑖𝑛(𝜃₂)
0 0 1 0
0 0 0 1

]    (2) 

𝐴₂³ = [

 𝑐𝑜𝑠(𝜃₃) −𝑠𝑖𝑛(𝜃₃) 0 𝑎₃ ∗ 𝑐𝑜𝑠(𝜃₃)

𝑠𝑖𝑛(𝜃₃) 𝑐𝑜𝑠(𝜃₃) 0 𝑎₃ ∗ 𝑠𝑖𝑛(𝜃₃)
0 0 1 0
0 0 0 1

]            (3) 

𝐴₃⁴ = [

−𝑠𝑖𝑛(𝜃₂ + 𝜃₃)  𝑐𝑜𝑠(𝜃₂ + 𝜃₃) 0 −𝑎₄ ∗ 𝑠𝑖𝑛(𝜃₂ + 𝜃₃) 
−𝑐𝑜𝑠(𝜃₂ + 𝜃₃) −𝑠𝑖𝑛(𝜃₂ + 𝜃₃) 0 −𝑎₄ ∗ 𝑐𝑜𝑠(𝜃₂ + 𝜃₃)

0 0 1 0
0 0 0 1

] (4) 

The complete transformation from the base system to 

the final effector (frame 4) is obtained by multiplying 

the following matrices: 

𝐴₀⁴ =  𝐴₀¹ ·  𝐴₁² ·  𝐴₂³ ·  𝐴₃⁴  (5) 

This matrix gives the end effector’s position and 

orientation with respect to the base system. It can be 

expressed as follows: 
𝐴04 =

[

0 𝑐𝑜𝑠(𝜃₁) 𝑠𝑖𝑛(𝜃₁) cos(𝜃₁) ∗ [𝑎₃ ∗ 𝑐𝑜𝑠(𝜃₂ + 𝜃₃) + 𝑎₂ ∗ cos (𝜃₂)]

0 𝑠𝑖𝑛(𝜃₁) −𝑐𝑜𝑠(𝜃₁) sin(𝜃₁) ∗ [𝑎₃ ∗ 𝑐𝑜𝑠(𝜃₂ + 𝜃₃) + 𝑎₂ ∗ cos (𝜃₂)]

−1 0 1 𝑑₁ −  𝑎₄ + 𝑎₃ ∗ 𝑠𝑖𝑛(𝜃₂ + 𝜃₃) + 𝑎₂ ∗ sin (𝜃₂)
0 0 0 1

]   (6) 

where 

𝑅04 = [
0 𝑐𝑜𝑠(𝜃₁) 𝑠𝑖𝑛(𝜃₁)
0 𝑠𝑖𝑛(𝜃₁) −𝑐𝑜𝑠(𝜃₁)

−1 0 1

]  (7) 

Is the rotation matrix from S0 to S4, and the fourth 

column of the total transformation matrix is the EEF 

position (P04). 

𝑥 = cos(𝜃₁) ∗ [𝑎₃ ∗ 𝑐𝑜𝑠(𝜃₂ + 𝜃₃) + 𝑎₂ ∗ cos (𝜃₂)]          (8) 
𝑦 =  sin(𝜃₁) ∗ [𝑎₃ ∗ 𝑐𝑜𝑠(𝜃₂ + 𝜃₃) + 𝑎₂ ∗ cos (𝜃₂)]          (9) 
𝑧 =  𝑑₁ −  𝑎₄ + 𝑎₃ ∗ 𝑠𝑖𝑛(𝜃₂ + 𝜃₃) + 𝑎₂ ∗ sin (𝜃₂)         (10)   

where d1 = 8.951, a2 = 14.8, a3 = 16 cm, and  a4 

= 1.776 cm. 

Algorithm integration validation occurs within the 

MATLAB application, initiating connections to 

Coppelia. Users can visualize initial object placements 
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and then sequentially press interface buttons to vocally 

designate objects per row. Upon pressing "start sorting," 

robotic gripping and object rearrangement begin (Figure 

7), confirming accurate classification and localization. 

Figure 7. Matlab application commanding robotic 

manipulator in Coppelia simulator (source: 

authors) 

Figure 8 illustrates the robotic sorting progress, 

showing the correct classification and localization 

performed by ResNet. A few gripping issues with the 

suction-based final effector are evidenced in some tests. 

Objects sometimes fall or rotate incorrectly due to 

simulated gravitational effects, occasionally disrupting 

precise alignment. 

Figure 8. Sorting progress in the Coppelia virtual 

environment (Source: authors) 

Clear vocal pronunciation is crucial for accurate 

recording. Misrecognitions can be corrected by 

repeating vocal commands through the interface. Figure 

9 shows the user assistance messages accessible via the 

help button.  

Figure 9. Help button (Source: developed by the 

authors) 

4. Discussion
Using the Wav2Vec algorithm, the results obtained

for human-robot interaction by voice are optimized for 

the results obtained in previous works using audio 

preprocessing and convolutional network classification, 

such as the one presented in [32].  Although voice 

detection is more fluent, the need for clear pronunciation 

was evident given that the researchers’ mother tongue is 

Spanish. It is by extension an improvement to the 

production line processes the use of robots in the 

process, but their collaborative work is facilitated and 

can be improved with a communicative interaction as 

natural as possible. 

As recommendations and future work, a bidirectional 

communication based on speech-to-text transcription 

(STT) algorithms can be handled, for example, using the 

Whisper tool developed by OpenAI, so that the robotic 

arm confirms the desired order or reports the task 

completion. 

5. Conclusion
The wav2vec-based STT model significantly

improves the efficiency of voice interaction, optimizing 

robotic control without implementation complications 

such as those based on audio preprocessing.  

The integration of ResNet’s robotic kinematics and 

precise object localization contributes to the success of 

object repositioning. Adjusting detection thresholds for 

confidence levels and the dimensions of the bounding 

box where the object is located is essential for effective 

object grasping and repositioning.  

The integration of algorithms allowed the validation 

of a friendly and easy to operate human-robot interaction 

interface. Future work includes the start of the process 

by voice and not by help buttons, adjusting the code to 

noise thresholds that activate the voice capture and 

subsequent associated execution 
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