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Abstract

The article addresses the problem of automated verification of tactile surface relief quality in 3D-printed
educational materials for blind users. A method for relief surface verification based on convolutional
neural networks with a spatial attention mechanism is proposed, enabling effective recognition of texture
features of printed tactile elements. The proposed method has been implemented as a software system
that integrates with the additive manufacturing workflow, including a graphical user interface and a
module for generating modified G-code. The effectiveness of the approach has been experimentally
validated, achieving a classification accuracy of 94.7% on an independent test dataset. The practical
significance of the results lies in enabling automated quality control of tactile products in accordance with
BANA and ISO standards.
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1. Problem Statement

Ensuring equal access to educational resources for individuals with visual impairments remains
one of the priority directions in the development of inclusive technologies [1, 2]. According to the
World Health Organization, as of 2023, more than 2.2 billion people worldwide experience some
form of visual impairment, of whom approximately 43 million are completely blind [3, 4].
Traditional methods for producing tactile educational materials, including thermoforming and
microcapsule paper technologies, are characterized by high production costs, limited flexibility, and
long manufacturing cycles [5, 6].

The widespread adoption of additive manufacturing technologies offers fundamentally new
opportunities for the fabrication of individualized tactile objects with predefined geometric relief
parameters [5, 7]. However, the lack of standardized quality control tools for assessing printed
surface characteristics hinders the large-scale integration of these technologies into educational
practice. Manual verification of tactile relief compliance with established standards is time-
consuming and relies on subjective expert judgment, making it difficult to ensure consistent
product quality [8, 9].

The relevance of this study is driven by the need to develop automated verification tools capable
of evaluating tactile relief quality in real time and integrating seamlessly with the 3D printing
process. The application of machine learning methods, particularly convolutional neural networks,
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opens up prospects for creating objective quality control systems that are invariant to lighting
conditions and surface viewing angles [10, 11].

2. State of the Art and Related Work

The issue of quality control automation in additive manufacturing has been actively investigated
over the past decade. Wang et al. (2020) [10] proposed an adaptive surface monitoring system for
fused deposition modeling based on convolutional neural networks, achieving defect detection
accuracy of 92.4%. Fastowicz and Okarma (2018) [12] developed a method for assessing the quality
of 3D-printed surfaces using structural similarity of image fragments; however, their approach
does not account for the specific requirements of tactile materials.

In the work by Gotzelmann (2016), the concept of LucentMaps [7] was introduced—3D-printed
audiovisual tactile maps incorporating capacitive markers for interaction with smartphones.
Studies by Holloway, Marriott, and Butler (2018) [5] demonstrated the advantages of 3D-printed
models over traditional tactile graphics in navigation tasks performed by blind users. Leporini et al.
(2020)[13] formulated design guidelines for interactive 3D models of cultural heritage objects
intended for people with visual impairments.

Research conducted by the Baylor University group (Shaw et al., 2022 [14]), published in Science
Advances, demonstrated the feasibility of creating tactile lithophanes for scientific data
visualization by blind researchers. The accuracy of tactile interpretation among blind participants
reached 96.7%, exceeding the visual interpretation performance of sighted individuals. The ICCHP
2024 conference highlighted a growing interest in the automatic generation of tactile graphics; in
particular, studies by Narcisi et al. as well as Watanabe and Minatani focused on the development
of accessible interaction interfaces for tactile models. [15]

An analysis of the scientific literature indicates that existing studies predominantly focus on the
design of tactile objects and the development of interaction interfaces, whereas the problem of
automated verification of tactile relief quality remains insufficiently explored. Comprehensive
software solutions capable of classifying the quality of printed relief in accordance with BANA
(Braille Authority of North America) tactile graphics standards and integrating with 3D printer
control systems are currently lacking.

3. Research Objective

The objective of this study is to develop a software system for the verification of tactile surface
relief in 3D-printed educational materials using convolutional neural networks, with a focus on
automated assessment of surface quality.

To achieve this objective, the following tasks are addressed:

1. to analyze tactile graphics standards and identify relief quality criteria suitable for
automated classification;

2. to design a convolutional neural network architecture optimized for recognizing the
textural features of printed surfaces;

3. to develop a modified G-code generation module for producing predefined types of relief
textures;

4. to experimentally verify the effectiveness of the proposed system using a test dataset
comprising samples of varying quality.



4. Methodology

According to the guidelines of the Braille Authority of North America (Guidelines and Standards for
Tactile Graphics, 2022), the height of tactile graphic elements should range from 0.25 to 1.0 mm
depending on the manufacturing technology [8]. For thermoformed maps, the recommended relief
height is at least 1 mm, whereas for microcapsule paper it is approximately 0.5 mm. A study by
Jehoel (2009) established that the optimal height of tactile elements lies in the range of 40-80 pm,
depending on the background texture and object shape [6].

The Americans with Disabilities Act (ADA) standard specifies a minimum height of raised
characters of 0.8 mm (1/32 inch) [16]. Braille dots must comply with the following parameters:
height of 0.25-0.53 mm, base diameter of 1.2—-1.6 mm, inter-dot spacing within a cell of 2.3-2.5 mm,
and inter-cell spacing of 6.0-6.2 mm. Deviations from these parameters result in a significant
deterioration of tactile legibility [8].

Based on the analysis of existing standards, a four-level relief quality classification scheme was
formulated: excellent (compliance coefficient = 0.85), good (0.70-0.84), acceptable (0.55-0.69), and
poor (< 0.55). The compliance coefficient is computed as a weighted sum of normalized metrics,
including contrast, texture uniformity, edge sharpness, relief depth, and surface roughness. The
weighting coefficients were determined experimentally using correlation analysis with expert
assessments.

The proposed TactileReliefCNN architecture is based on a five-block convolutional structure
with a progressive increase in the number of filters: 32 — 64 — 128 — 256 — 512. Each block
consists of a convolutional layer with a 3x3 kernel, followed by batch normalization and a ReLU
activation function, after which a 2x2 max-pooling operation is applied.

A key feature of the architecture is the Spatial Attention Module, integrated after the final
convolutional block. The module comprises two sequential 1x1 convolutional layers that reduce
the number of channels to 64 and subsequently to 1, with a sigmoid activation applied at the
output. The resulting attention map is multiplied element-wise with the feature tensor, enabling
the model to emphasize regions exhibiting pronounced textural characteristics of the relief.

The network’s classification head consists of three fully connected layers with intermediate
dimensionalities of 1024 and 256 neurons. Dropout regularization with rates of 0.5 and 0.3 is
applied to mitigate overfitting. In parallel, a regression head is employed to estimate the
normalized relief height; it comprises two fully connected layers with a sigmoid activation function
at the output.

The loss function is defined as a combination of cross-entropy loss for the classification task and
mean squared error for relief height regression:

L:LCE(.),}’.V)"-)\.LMSE(HJh)’ e
where L_CE denotes the cross-entropy loss, L_MSE - denotes the mean squared error, ¥ and h
represent the predicted class label and relief height, respectively, while y and h correspond to the
ground-truth values. The parameter A=0.3 is the weighting coefficient of the regression component.
Weight initialization is performed using the Kaiming method for convolutional layers and a
normal distribution with a standard deviation of 0.01 for fully connected layers. Optimization is
carried out using the Adam algorithm with an initial learning rate of 0.001 and exponential decay.
The TextureGenerator module implements control code modification algorithms for generating
six basic types of relief patterns: smooth surfaces, dotted textures, linear reliefs, wave patterns,
mosaic structures, and Braille dots. For each texture type, optimal printing parameters are defined,
including travel speed, extruder temperature, layer height, line width, and infill percentage.
The Braille dot generation algorithm produces hemispherical elements using spiral infill with a
gradual reduction of the radius at each successive layer. The dot parameters comply with BANA



standards: a height of 0.5 mm, a diameter of 1.5 mm, and an inter-dot spacing of 2.5 mm. The
control code is generated in a format compatible with most FDM printers (Marlin, RepRap).

In parallel with the neural network classifier, a ReliefAnalyzer module was developed to
implement classical image processing methods for relief quality assessment. The module computes
five metrics: contrast (normalized Michelson contrast coefficient), texture uniformity (based on
brightness histogram entropy), edge sharpness (variance of the Laplacian operator), relief depth
(mean Sobel gradient magnitude), and surface roughness (an Ra-like metric) [1, 12].

Contrast is computed using the Michelson formula:

C:(Imax_lmin)/(lmax-l-Imin)’ (2)
where I max and I_min denote the maximum and minimum brightness values in the image,

respectively.
Texture uniformity is quantified using normalized entropy:

U=1-H(p)/8, ©)

where H(p) = -2 p_i log.(p_i) denote the maximum and minimum brightness values in the
image, respectivelydenotes the Shannon entropy of the brightness histogram.

For training and testing the neural network, a dataset comprising 4,800 images of relief surfaces
was constructed. The samples were produced using an FDM printer (Creality Ender-3 V2) with
PLA filament. The dataset covers four quality classes with a uniform distribution of 1,200 images
per class. All images were captured using a 2-megapixel USB microscope under standardized
lighting conditions.

The dataset was split into training, validation, and test subsets using a 70:15:15 ratio. Data
augmentation techniques were applied, including random rotation (+15°), horizontal flipping,
brightness variation (+20%), and contrast adjustment (£15%) [10, 13].

5. Results and Discussion

This section presents the results of the experimental evaluation of the proposed TactileReliefCNN-
based system for automated verification of tactile surface relief quality. The performance of the
model is assessed using standard classification metrics on a test dataset, with a focus on its ability
to distinguish between different levels of relief quality. Additionally, the behavior of the model and
its practical applicability are analyzed.

The experimental results are summarized in Table 1.1.

Quality Class Precisiony  Recall F1-score
Excellent 0,962 0,951 0,956
Good 0,938 0,944 0,941
Acceptable 0,925 0,931 0,928
Poor 0,958 0,963 0,960

Macro-average 0,946 0,947 0,946




The overall classification accuracy on the test dataset reaches 94.7%. The highest performance is
achieved for the excellent and poor quality classes, which can be attributed to the more distinct
visual differences characteristic of these extreme categories. The acceptable class exhibits slightly
lower metric values due to the intermediate nature of its visual features.

Analysis of the attention maps indicates that the model focuses on regions with pronounced
relief transitions, edges of textural elements, and areas of non-uniform infill. This behavior is
consistent with expert-based criteria used for tactile surface quality assessment.

Model convergence is achieved at approximately the 35th training epoch, after which the
evaluation metrics stabilize. The gap between training and validation loss remains negligible,
indicating the absence of overfitting due to the applied regularization techniques.

The developed system is implemented in Python 3.10 using the PyTorch 2.0 library for the
neural network module, OpenCV 4.8 for image processing, PyQt5 for the graphical user interface,
and Matplotlib for data visualization. The graphical user interface consists of five functional tabs:
relief verification, G-code generation, model training, result analysis, and system settings (Figs. 1-
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Figure 1: Implemented system and its operational workflow during image analysis.
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Figure 2: Confusion matrix for relief quality classification.
poO® Tactile Surface Relief Verification System v1.0
Tactile Surface Relief Verification System v1.0
Q Relief Verification 2, G-code Generator nul Model Training A Results Analysis
Training Parameters
Number of Epochs: 20 j
Learning Rate: 0,00001 _J
Batch Size: 16 iJ

mm Load Dataset < Start Training mm Save Model

Training Progress

[Epoch 16/20] Loss: 0.2107 | Accuracy: 0.7663 =
[Epoch 17/20] Loss: 0.0844 | Accuracy: 0.8066

[Epoch 18/20] Loss: 0.0582 | Accuracy: 0.8220

[Epoch 19/20] Loss: 0.0783 | Accuracy: 0.8800

[Epoch 20/20] Loss: 0.0731 | Accuracy: 0.8907

[20/20] Training Completed!

Training Curves

Loss Function Validation Accuracy

07 —— Training 0.95

0.6 —— Validation 0.90
o >

0.5 S ogs
v 5

@29 3 o0.80
<

0.34 0.75

0.2 0.70

2i5) 5.0 75 10.0 1275 150 175 20.0 215! 5.0 73 10,0 125 150 175 200
Epoch Epoch

Figure 3: Model Training.
The verification tab enables loading an image of a relief surface and performing its analysis,
displaying the predicted quality class, confidence score, detailed evaluation metrics, and the
corresponding attention activation map. The G-code generator tab allows the user to select the
texture type, specify the relief height and printing speed, upload an input G-code file, and obtain
its modified version.



The training module supports hyperparameter configuration, including the number of epochs,
learning rate, and batch size, as well as real-time visualization of training curves and saving the
trained model in the PyTorch format. The analysis tab aggregates verification statistics and
provides visualizations of class distributions and score histograms.

The obtained results also indicate several directions for future research. In particular, further
improvements may include expanding the dataset with samples from different 3D printing
technologies, enhancing the robustness of the model under varying acquisition conditions, and
exploring additional architectural modifications. Moreover, the proposed approach can be
extended to other application domains involving surface quality assessment in additive
manufacturing.

6. Conclusions

This work presents a software system for the automated verification of relief surface quality in 3D-
printed tactile materials. A convolutional neural network architecture, TactileReliefCNN,
incorporating a spatial attention mechanism and optimized for recognizing textural characteristics
of printed reliefs, is proposed. The effectiveness of the developed approach is experimentally
validated: the classification accuracy on the test dataset reaches 94.7%, while the F1-score for all
quality classes exceeds 0.92.

A modified G-code generation module was developed to produce six basic types of relief
textures with parameters compliant with BANA tactile graphics standards. In addition, a graphical
user interface was implemented to integrate all system components and provide intuitive operator
interaction.

The practical significance of the obtained results lies in the potential to automate quality control
in the production of tactile educational materials, thereby enhancing educational accessibility for
individuals with visual impairments. Future research directions include expanding the dataset to
cover additional printing technologies (SLA, SLS), integrating the system with industrial-grade 3D
printers, and conducting user studies involving focus groups of blind participants.

Declaration on Generative Al

During the preparation of this work, the author(s) used Al tools in order to: Grammar and spelling
check.

References

[1] Kovalchuk Anatoliy, Lotoshynska Natalia, Izonin Ivan, Berezko Leonid, Gregus Michal. An
approach towards an efficient encryption-decryption of grayscale and color images // Procedia
Computer Science. — 2019. — Vol. 155 : 16th International conference on mobile systems and
pervasive computing, MobiSPC 2019, 14th International conference on future networks and
communications, FNC 2019, 9th International conference on sustainable energy information
technology, SEIT 2019, Halifax, Canada, 19-21 August 2019. — P. 630-635.

[2] Nazarkevych M., Voznyi Y., Hrytsyk V., Klyujnyk L, Havrysh B., Lotoshynska N. Identification
of biometric images by machine learning // Electronics and information technologies :
proceedings of 2021 IEEE 12th International conference ELIT (Lviv, Ukraine, May 19-21, 2021).
-2021. - .P.95-98

[3] World Health Organization (2023). Blindness and vision impairment. Available at:
https://www.who.int/news-room/fact-sheets/detail/blindness-and-visual-impairment (accessed
15 October 2024).



[4] Bourne, R., Steinmetz, J., Flaxman, S. et al. (2021). Trends in prevalence of blindness and
distance and near vision impairment over 30 years: an analysis for the Global Burden of
Disease Study. Lancet Global Health, vol. 9, no. 2, pp. el44-el60. DOI: 10.1016/S2214-
109X(20)30489-7.

[5] Holloway, L., Marriott, K., Butler, M. (2018). Accessible maps for the blind: comparing 3D
printed models with tactile graphics. Proceedings of the 2018 CHI Conference on Human
Factors in Computing Systems, vol. 198, pp. 1-13. DOI: 10.1145/3173574.3173772.

[6] Jehoel, S. (2009). Reading tactile maps with the fingertips: examining the causes of reading
errors and examining the potential value of textures to aid line tracing. PhD thesis. University
of Surrey, 312 p.

[7] Gotzelmann, T. (2016). LucentMaps: 3D Printed Audiovisual Tactile Maps for Blind and
Visually Impaired People. Proceedings of 18th International ACM SIGACCESS Conference on
Computers and Accessibility (ASSETS'16), pp. 81-90. DOL: 10.1145/2982142.2982163.

[8] Braille Authority of North America (2022). Guidelines and Standards for Tactile Graphics.
Available at: https://www.brailleauthority.org/tg/ (accessed 20 October 2024).

[9] Mukhiddinov, M., Kim, S.Y. (2021). A systematic literature review on the automatic creation of
tactile graphics for the blind and visually impaired. Processes, vol. 9, no. 10, p. 1726. DOI:
10.3390/pr9101726.

[10] Wang, Y., Huang, J., Wang, Y. et al. (2020). A CNN-based adaptive surface monitoring system
for fused deposition modeling. IEEE/ASME Transactions on Mechatronics, vol. 25, no. 5, pp.
2287-2296. DOLI: 10.1109/TMECH.2020.2996223.

[11] Kim, H., Lee, H., Kim, J.-S., Ahn, S.-H. (2020). Image-based failure detection for material
extrusion process using a convolutional neural network. International Journal of Advanced
Manufacturing Technology, vol. 111, pp. 1291-1302. DOL: 10.1007/s00170-020-06201-0.

[12] Okarma, K., Fastowicz, J. (2016). No-reference quality assessment of 3D prints based on the
GLCM analysis. Proceedings of 21st International Conference on Methods and Models in
Automation and Robotics (MMAR). IEEE, pp. 788-793. DOI: 10.1109/MMAR.2016.7575237.

[13] Leporini, B., Rossetti, V., Furfari, F. et al. (2020). Design guidelines for an interactive 3D model
as a supporting tool for exploring a cultural site by visually impaired and sighted people. ACM
Transactions on Accessible Computing, vol. 13, no. 3, pp. 1-39. DOL: 10.1145/3399679.

[14] Schreck, D.J., Dashnaw, C.M., Wilczynski, V. et al. (2022). Data for all: Tactile graphics that
light up with picture-perfect resolution. Science Advances, vol. 8, no. 34, art. eabq2640. DOI:
10.1126/sciadv.abq2640.

[15] Watanabe, T., Minatani, K. (2024). 3D model distribution service for blind and visually
impaired people. ICCHP 2024 Open Access Compendium. Springer, pp. 156-163.

[16] U.S. Access Board (2023). Americans with Disabilities Act (ADA) Standards. Available at:
https://www.access-board.gov/about/law/ada.html (accessed 20 October 2024).



	1. Problem Statement
	2. State of the Art and Related Work
	3. Research Objective
	4. Methodology
	5. Results and Discussion
	6. Conclusions
	Declaration on Generative AI
	References

