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1. INTRODUCTION

Artificial intelligence (Al), particularly computer vision, has transformed numerous domains by
enabling automated solutions for complex visual recognition tasks [1]. Within the field of digital electronics,
the translation of logic gate circuits into Boolean functions represents a fundamental yet intricate process,
particularly when circuit designs reach higher levels of complexity. Foundational studies and textbooks on
digital logic, such as those by Maini [2] and Mano and Ciletti [3], provide the theoretical basis for
understanding logic gate symbols, circuit representations, and their corresponding Boolean expressions.
These works establish the essential principles upon which automated approaches, such as those using Al and
computer vision, can be developed.

Previous studies have attempted to address this challenge by introducing computer vision and deep
learning techniques for recognizing and interpreting logic gates. For instance, Datta et al. [4] explored the
detection of logic gates from document images using mathematical morphology, while Yun et al. [5]
investigated deep neural networks for automatic recognition of engineering diagrams. Similarly,
Aviles-Cruz et al. [6] utilized augmented reality and smartphones to identify integrated logic circuits, but this
approach differs from diagram-based symbol recognition. Despite these advances, existing approaches still
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face limitations in accurately recognizing and translating logic gate symbols under varying lighting
conditions, orientations, and drawing styles, highlighting the need for a more robust detection framework.

The rise of convolutional neural networks (CNNs) and object detection frameworks such as the You
Only Look Once (YOLO) family has provided new opportunities to tackle these challenges. YOLOv1
introduced by Redmon et al. [7] demonstrated the feasibility of real-time object detection, followed by further
improvements in YOLOv4 [8] and YOLOV5 [9]. These models offer high accuracy and computational
efficiency, making them suitable for applications involving real-world image recognition. Studies have applied
YOLO variants in defect detection [10]-[11], safety monitoring [12]-[16], symbol recognition [17]-[18],
agricultural sector [19]-[21], electrical circuit analysis [22]-[24], and sign language [25]. However,
the application of YOLOVS5 in translating logic gate symbols into Boolean functions remains underexplored.

This study proposes the development of a system capable of detecting and translating logic gate
symbol images into Boolean functions using YOLOV5. A custom dataset of 800 images was collected under
varied lighting conditions and backgrounds to enhance generalizability. The dataset consists of standardized
logic gate symbols generated with Draw.io, providing robustness under diverse capture conditions. Images
were annotated and processed using Roboflow to generate training, validation, and testing subsets.
The trained YOLOvV5 model was then integrated into a translation system capable of recognizing logic gate
components (inputs, operators) and converting them into corresponding Boolean expressions.

The main contributions of this work are: i) the creation of a diverse dataset of printed logic gate
symbols; ii) the implementation of YOLOV5 for accurate detection of logic gate components; iii) the design
of a translation system that maps detected gates into Boolean functions; and iv) validation of the system
performance through quantitative metrics (precision, recall, and mean average precision or mAP) and
qualitative evaluation of translated expressions. This research bridges the gap between computer vision and
digital logic design, offering a tool that simplifies the process of Boolean function derivation from visual
circuit representations. The findings contribute to both the academic field of Al in electronics and practical
applications in education and digital system design.

2. METHOD
2.1. Dataset acquisition

The dataset used in this study consisted of 800 images of digital logic gate symbols. The symbols
were first created digitally using the Draw.io application and then printed with an EPSON L15150 printer to
ensure standardized and structured shapes. These printed sheets were subsequently photographed using
a POCO M5 smartphone camera under varied lighting conditions, angles, and backgrounds to introduce
natural diversity and simulate real-world variability. This strategy ensured that, while the symbols remained
consistent in design, the captured images reflected practical variations encountered in real environments,
making the dataset more robust for training the detection model. The dataset covered seven types of logic
gates (AND, OR, XOR, NAND, NOR, XNOR, NOT) along with two consistent input symbols (Input 1 and
Input 2). Each image contained at least one logic gate and two input elements, reflecting typical circuit
representations used in digital electronics.

2.2. Data preprocessing
Before training, several preprocessing steps were applied to prepare the dataset for YOLOvV5
training:

— Resizing: all images were resized to 256x256 pixels. This size was chosen as a trade-off between
preserving sufficient detail of logic gate symbols while keeping the computational load manageable on
the available hardware.

— Normalization: pixel values were normalized to a [0,1] scale, improving convergence during training.

— Annotation: each object (logic gates and inputs) was annotated using bounding boxes following the YOLO
1.1 format. Annotations were performed using Roboflow, which also ensured consistent label formatting.

— Data augmentation: several augmentation techniques such as random rotations, flipping, scaling, and
brightness adjustments were applied to increase dataset variability. Augmentation helped improve the
robustness of the model by simulating real-world variations such as tilted drawings or uneven illumination.

After preprocessing, the dataset was split into: i) 70% for training (560 images); ii) 20% for
validation (160 images); and iii) 10% for testing (80 images). This split ensured balanced training and
reliable evaluation of model performance.

2.3. Hardware and software requirements
The training and implementation were conducted on a laptop with the following specifications:
i) processor: AMD Ryzen 5 7535HS with Radeon Graphics (3.30 GHz); ii) memory: 16 GB RAM, 1 TB
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SSD; iii) GPU: NVIDIA GeForce RTX 2050, 4 GB VRAM,; iv) operating system: Windows 11 64-bit
(version 24H2); and v) software and tools:

— Anaconda Navigator (v2.3.1) for environment management,

— Jupyter Notebook (v6.4.12) as the development interface,

— Python (v3.12.8) as the programming environment,

— Visual Studio Code (v1.100.2) for additional coding tasks,

— Google Chrome (v136.0.7103.114) for web-based tools,

— Roboflow for dataset preprocessing and annotation,

— Draw.io and iLovelMG for creating logic gate symbols and image adjustments,

— GitHub (Ultralytics repository) for YOLOvV5 model source code,

— NVIDIA CUDA Toolkit and cuDNN libraries to enable GPU acceleration, and

— PyTorch as the deep learning framework backend.

The choice of these hardware and software tools ensured efficient training within the constraints of
a mid-range GPU system.

2.4. Model training

The YOLOv5s model was chosen due to its balance between accuracy and computational efficiency,
making it suitable for small object detection tasks such as logic gate recognition. The training setup was
defined as:

— Input resolution: 256x256 pixels.

— Batch size and epochs: a batch size of 32 was used, with training conducted for 100 epochs. Each epoch
represented a complete pass through the training set, with images shuffled at every iteration to improve
generalization.

— Pre-trained weights: the model used yolov5s.pt pre-trained weights as initialization, leveraging transfer
learning to accelerate convergence and improve accuracy with limited training data.

— Loss functions: YOLOV5 applies three main losses: box loss (for bounding box regression), objectness loss
(for detecting the presence of objects), and classification loss (for distinguishing between logic gate types).

— Optimizer and learning rate: the default SGD optimizer with momentum was used, with an adaptive
learning rate schedule as defined in the YOLOV5 configuration.

— Auto-anchors: automatic recalculation of anchor boxes was enabled to optimize detection of small,
structured objects such as logic gate symbols.

2.5. Evaluation metrics
To evaluate model performance, the following metrics were used:
— Precision (P): the proportion of correctly predicted positive detections among all detections.
— Recall (R): the proportion of correctly detected objects among all ground-truth objects.
— mAP@0.5: mAP at loU threshold 0.5, the standard metric for object detection performance.
— mMAP@0.5:0.95: mAP across multiple loU thresholds (0.5 to 0.95), providing a more stringent evaluation.
These metrics were calculated separately for training, validation, and testing datasets.

2.6. System implementation

Once the model was trained, it was integrated into a translation system capable of detecting logic
gates and input symbols from images and converting them into Boolean functions. The system workflow
included:

— Image input: users provide images via a graphical interface. To ensure consistent processing, the system
currently accepts a maximum of three input images. This constraint allows the first and second images to
represent parallel inputs, while the third image serves as the operator, enabling the construction of valid
binary logic expressions.

— Object detection: the trained YOLOV5 model identifies logic gates and input symbols within the image.

— Symbol mapping: detected objects are mapped to their corresponding Boolean symbols (e.g., AND—*“-",
OR—“+”, NOT—“~").

— Expression construction: the system parses the detected components to construct a valid Boolean
expression.

This system bridges the gap between visual representations of circuits and their symbolic Boolean

equivalents, demonstrating practical applicability of Al-based detection in digital electronics.
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3. RESULTS AND DISCUSSION
3.1. Training process overview

The training process of the YOLOvV5s model is recorded in the graphs shown in Figure 1. Based on
Figure 1, the results indicate that the YOLOv5s model did not experience overfitting during the training phase.
The model began to plateau or reduce its learning rate after approximately 30 epochs until the end of training.
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Figure 1. Training results of the YOLOv5s model

3.2. Validation process overview

The validation results of the YOLOv5s training process are presented in Table 1. According to
Table 1, the YOLOv5s model achieved high precision and recall values, which indicates that the model was
able to correctly detect and predict all logic gate objects and their inputs within the images. For the mAP at
loU threshold 0.5 (MAP@50), the model achieved values above 0.9 across all classes, demonstrating its
ability to accurately detect objects with IoU >0.5 in all images. Meanwhile, for mAP at IoU thresholds
ranging from 0.5 to 0.95 (MAP@50-95), the model obtained values above 0.9 for most classes, except for
AND, Input 1, Input 2, and XOR. These lower mAP@50-95 results suggest that the model still struggles
with precise bounding box placement for certain classes, although its performance is still considered
satisfactory.

In addition, the validation results are also presented in the form of a confusion matrix, as shown in
Figure 2. From Figure 2, it can be observed that the model occasionally misclassified Input 1, Input 2, and
XOR as background. Moreover, some regions that were actually background were misclassified by the model
as XOR, NOT, Input 1, or Input 2. However, aside from these cases, the model demonstrated perfect
detection performance for the other classes.

Table 1. The performance of YOLOV5s on the validation set
Class  Images Instances Precision (P) Recall (R) mAP@50 mAP@50-95

All 160 420 0.98 0.984 0.982 0.922
AND 160 20 0.995 1 0.995 0.899
Input 1 160 140 0.964 0.958 0.98 0.83
Input 2 160 140 0.953 0.95 0.964 0.812
NAND 160 20 0.993 1 0.995 0.98
NOR 160 20 0.991 1 0.995 0.949
NOT 160 20 0.995 1 0.995 0.969
OR 160 20 0.992 1 0.995 0.987
XNOR 160 20 0.993 1 0.995 0.982
XOR 160 20 0.944 0.95 0.926 0.892

3.3. System translator results

The translation system was tested using a total of 24 cases, five of which are presented in Table 2.
Based on the results in Table 2, it can be observed that the YOLOv5s model successfully detected and
predicted all objects correctly. The translations produced by the system also matched the expected outputs.
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Figure 2. Confusion matrix results of the YOLOv5s model

Table 2. The performance of the translation system

Test case name Detection result Translation result

1 input object OR

1 input object Input 1 T T »  1/1: 1 Toput 1
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1 input object non-
logic gate

2 inputs: 1 logic gate
object and 1 non-
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3 inputs: 2 logic gate
objects and 1 non-
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4. CONCLUSION

This research successfully designed and implemented a system for detecting and translating logic
gate circuit images into Boolean functions using YOLOvV5. The custom dataset of 800 images ensured
robustness under varied conditions. The YOLOv5s model achieved strong results (mAP@0.5=0.922,
precision=0.980, recall=0.984), with confusion matrix analysis confirming reliability. The translator system
accurately generated Boolean expressions from detected components, demonstrating feasibility of bridging
image recognition and symbolic computation. Future work includes extending the dataset to more complex
multi-gate circuits and integrating simplification algorithms for Boolean minimization.
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