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Abstract

This paper presents a key innovation - the creation of a highly user-friendly web application that allows
users to easily upload their hand-drawn circuit diagrams and instantly receive LTspice-compatible .asc
files. This level of automation and simplicity marks a significant breakthrough in electronic design
automation. A system is designed to automate the simulation of hand-drawn circuit diagrams, bridging
the gap between manual circuit design and simulation readiness. Leveraging a custom convolutional
neural network (CNN) model trained on a specialized custom dataset, the system accurately recognizes
over 25 distinct electronic components from hand-drawn schematics. The detected components are
translated into LTspice Netlist (.asc) files, enabling seamless circuit simulation. The methodology involved
understanding the problem, creating the custom dataset, developing the custom CNN model, and
integrating the backend with a user-friendly web interface using Flask. The proposed custom deep
learning model outperformed existing solutions with a training accuracy of 99% and a test accuracy of
96%. This approach simplifies the traditionally complex simulation process, allowing educators and
students to focus on circuit design principles while enhancing accessibility and enriching electronics
education.

Categories: Al applications, Computer Vision, Deep Learning
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Introduction

Circuit simulation tools have long been a fundamental part of electronics education, helping students and
professionals analyze and understand circuit behavior. Traditional software such as LTspice, Multisim, and
MATLAB offer powerful capabilities but often come with a steep learning curve, making them challenging
for beginners. Translating conceptual circuit designs into simulation-ready formats can be particularly
daunting for students in the early stages of learning.

With advancements in artificial intelligence and machine learning, there is an opportunity to simplify this
process by automating the conversion of hand-drawn circuit diagrams into digital formats. Such
automation reduces manual effort and fosters a more interactive, accessible learning experience. However,
a key challenge lies in accurately identifying and classifying the diverse range of electronic components in
hand-drawn schematics. Variability in size, orientation, and symbol style make recognition difficult for
traditional image processing techniques, which rely on predefined templates and rules. Additionally,
bridging the gap between recognized components and the structured syntax required for simulation
software adds another layer of complexity.

To address these challenges, we propose an automated system that leverages convolutional neural
networks (CNNs) for component recognition and integrates with LTspice for circuit simulation. Our
approach involves training a custom CNN model to accurately identify over 25 distinct electronic
components, even in the presence of inconsistencies. These recognized components are then converted
into LTspice Netlists, streamlining the simulation process. The system is deployed as a web-based
platform where users can upload hand-drawn circuit images and instantly generate simulation-ready files.
By minimizing the complexity of traditional simulation tools, this solution enhances the learning
experience, making circuit design more intuitive and accessible for students and educators alike.

Related work

Recent advancements in hand-drawn electric circuit diagram recognition have leveraged a variety of
machine learning and computer vision techniques to automate interpretation and enhance accuracy. Deep
learning methods like Faster R-CNN, especially with region proposal networks, have demonstrated strong
performance in detecting circuit components with minimal preprocessing, achieving a 75.9% mean
average precision across 12 classes [1]. The Inception V2 Faster R-CNN architecture further refined this
approach, achieving high success rates in identifying series and parallel RLC circuits [2]. Real-time
methodologies like YOLOv5 have improved schematic generation, with 98.2% accuracy in component
detection and 80% in schematic reconstruction [3]. For efficient yet simpler applications, ORB (Oriented
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FAST and Rotated BRIEF) has outperformed SIFT in hand-drawn electronic component recognition due to
its speed and accuracy, though it faces scalability challenges for larger datasets [4].

Automated netlist generation has seen significant advancements as well. Img2Sim, an artificial neural
network (ANN)-based approach, converts images into simulation-ready netlists with a detection accuracy
of 98% and 90% accuracy in netlist generation, highlighting its utility in automated circuit design [5].
Approaches combining histogram of oriented gradients (HOG) with support vector machines (SVMs) have
demonstrated impressive segmentation and classification rates of 87.7% and 92%, respectively, across
multiple classes [6,7]. Finite state machine-based models utilizing local binary pattern features achieved
exceptional performance with 99% accuracy in component detection and 85% in circuit recognition [8].
However, methods such as those employing morphological operations and run length smoothing
algorithms still face challenges in detecting oversized or closely spaced components, achieving an overall
accuracy of 91.28% while missing 8.72% of components [9,10]. These advancements and ongoing
refinements are paving the way for more robust and efficient automated systems in recognizing and
analyzing hand-drawn circuit diagrams [11].

Materials And Methods

The dataset [12] utilized in this study was initially sourced from a publicly available collection on Kaggle,
containing hand-drawn images of 12 different types of electronic components. To increase the dataset’s
comprehensiveness and enhance its applicability to real-world scenarios, the dataset was further
augmented with six additional component categories: switches, operational amplifiers (OP-AMPs), bipolar
junction transistors (B]Ts), metal-oxide-semiconductor field-effect transistors (MOSFETS), junction field-
effect transistors (JFETSs), and connecting wires. This expansion brought the total number of component
classes to 25, with each class consisting of 200 annotated images. As a result, the complete dataset
comprised 4,800 images intended for training purposes. All images were standardized to a resolution of
120 = 120 pixels and stored in the uncompressed .bmp format to maintain uniformity and preserve detail
critical for accurate classification. Figure / showcases sample images from the custom dataset,
highlighting the variety in hand-drawn electronic component representations.
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FIGURE 1: Sample custom-made dataset
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To ensure optimal model performance, a thorough preprocessing pipeline was applied to the collected
data. First, color inversion was performed on all images to achieve consistent contrast, thereby improving
the visibility of component boundaries and enhancing feature extraction during model training. Data
augmentation was employed to introduce rotational variance and improve generalization. Each image was
rotated by 90°, 180°, and 270°, effectively, quadrupling the original dataset size and enabling the model to
learn invariant representations across different orientations. In addition, to center the focus on the
component structure while removing irrelevant background noise, all images were cropped to 60 x 60
pixels. This helped concentrate the learning on the region of interest, further boosting the classifier’s
robustness. Collectively, these preprocessing steps contributed to creating a highly diverse and noise-
resistant dataset that supports the model’s adaptability to various real-world input styles.

The entire system pipeline - from data preprocessing to model inference and feedback generation - was
designed to be efficient and end-user friendly. This ensures that users can interact with the system
seamlessly, using simple hand-drawn images to identify and classify electronic components accurately.
The end-to-end pipeline supports the practical deployment of the system in educational, prototyping, or
diagnostic environments, where quick recognition and classification of hand-sketched components can
enhance productivity and accessibility.

Custom CNN model architecture

A custom CNN was developed specifically for the classification task using grayscale input images resized
to 64 x 64 pixels. The model architecture begins with an input layer designed to accept the specified image
dimensions. The first convolutional layer utilizes 32 filters of size 3 x 3 with 'same’ padding and ReLU
activation to extract low-level features such as edges and corners. This is followed by a dropout layer with
arate of 0.2 to prevent overfitting and a max-pooling layer that reduces the spatial dimensions by a factor
of two. The second convolutional layer, with 64 filters and ReLU activation, captures more abstract
patterns. This layer is also followed by dropout (0.3) and max-pooling.

The third convolutional layer retains the use of 64 filters and is followed by a dropout rate of 0.4 and max-
pooling, helping the network learn increasingly complex features while maintaining generalization. A
fourth convolutional layer with 128 filters and ReLU activation extracts high-level semantic
representations relevant for classification. This is succeeded by another dropout layer with a rate of 0.3.
The resulting feature maps are flattened into a one-dimensional vector, which is then passed into two
fully connected (dense) layers. The first dense layer contains 128 neurons activated by ReLU, followed by a
dropout layer (0.3) to further mitigate overfitting. The second dense layer comprises 64 neurons with
ReLU activation, further refining the learned features. The final output layer consists of 16 neurons, each
representing a unique class, and uses the SoftMax activation function to produce a probability
distribution over the predicted classes.

This CNN architecture effectively combines convolutional layers for hierarchical feature extraction,
dropout layers for regularization, and dense layers for classification, making it well suited for multi-class
classification tasks involving hand-drawn images. The use of SoftMax in the output layer ensures that the
network provides interpretable probabilistic outputs. However, it is important to note that the current
output layer is configured for 16 classes; for full alignment with the 25-class dataset, the output layer
should be extended accordingly. Overall, the model is compact yet capable, balancing computational
efficiency with high classification performance-making it ideal for integration into real-time educational
or simulation tools for electronic circuit design.

Results
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Training Test
Research Paper Model Used
Accuracy Accuracy
Hand-Drawn Electric Circuit Diagrams Recognition Using Deep Learning [2] Faster R-CNN - 75.9% (MAP)
From Image to Simulation: An ANN-Based Automatic Circuit Netlist Generator L
) Artificial Neural Network (ANN) - 98%
(Img2Sim) [12]
Hand-Drawn Electrical Circuit Recognition Using Object Detection and Node YOLOvV5 , HOG + SVM, ANN, R
Recognition [13] HMM o
Circuit Component Detection in Offline Handdrawn Electrical/Electronic Circuit Morphological 'Close' Operator, 91.28%
Diagram [14] RLSA e
Segmentation and Recognition of Electronic Components in Hand-Drawn Circuit
. HOG + SVM - 92%
Diagrams [15]
Proposed Methodology Multi-Layer CNN Model 99% 96%

TABLE 1: Comparison of results with existing literature

R-CNN, Region-based Convolutional Neural Network; HOG, Histogram of Oriented Gradients; SVM, Support Vector Machine; HMM, Hidden Markov Model;
RLSA, Run Length Smoothing Algorithm; YOLOV5, You Only Look Once version 5; MAP, Mean Average Precision

Table I presents a comparison of the proposed methodology's results with previous studies on hand-
drawn circuit recognition. Various machine learning models, including Faster R-CNN, ANN, YOLOV5 with
HOG and SVM, and morphological operators, were used in prior works, achieving test accuracies ranging
from 75.9% (mean average precision) to 98.2% for different tasks such as component detection, simulation
generation, and node recognition. While CNN-based approaches showed strong performance, with test
accuracies of up to 94%, HOG+SVM achieved 92%, the proposed custom deep learning model
outperformed these with a training accuracy of 99% and a test accuracy of 96%. This highlights its
effectiveness in detecting hand-drawn electronic components and generating simulations compared to
the existing literature.

Model training and testing

This model is designed to classify 25 different components, with 200 images of each component, resulting
in 4,800 training samples. The input images, initially sized at 120 x 120 pixels, undergo preprocessing
steps including color inversion, rotation augmentation (three times by 90 degrees), and cropping to 60 x
60 pixels to enhance feature diversity and reduce dimensionality. The training is conducted over 100
epochs, optimizing the model’s parameters for robust feature extraction and classification.
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FIGURE 2: (a) Epoch versus loss (b) epochs versus accuracy

The training and testing results of the CNN model highlight its effectiveness in identifying electronic
components from hand-drawn circuit diagrams. The model was trained for 100 epochs, a sufficient
number to allow the network to learn complex patterns without overfitting. Figure 2 illustrates the
model’s performance, where Figure 2(a) presents the epoch versus loss curve, showing a consistent
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decline in both training and validation loss, indicating effective learning. Similarly, Figure 2(b) displays
the epoch versus accuracy graph, where the training accuracy steadily increases, converging near 99%,
while the validation accuracy stabilizes around 96%, demonstrating the model’s ability to generalize well
to unseen data.

The precision of the model, which measures the proportion of correctly identified components among all
predicted components, was recorded at 0.963, indicating high reliability in its predictions. Similarly, the
recall, which reflects the model’s ability to identify all relevant components from the input data, was
slightly lower at 0.961, but still demonstrates robust performance.

The accuracy metrics further validate the model’s capability, with an impressive 99% accuracy on the
training set. This indicates that the model has learned the training data well, successfully capturing the
essential features of the circuit components. On the test set, the model achieved 96% accuracy,
showcasing its ability to generalize to new, unseen data. These results affirm the CNN’s ability to handle
the variability and intricacies of hand-drawn circuit elements, making it a reliable tool for automating
circuit recognition and simulation tasks.

The model demonstrates excellent performance metrics, achieving a training accuracy of 99% and a test
accuracy of 96%, indicating strong generalization to unseen data. Precision and recall scores of 0.963 and
0.961, respectively, reflect the model’s effectiveness in correctly identifying positive samples and
minimizing false negatives. This high level of accuracy and consistency suggests the model is well suited
for the classification task, effectively leveraging the pre-processed dataset and augmented features.

Flask model deployment

This Flask-based web application is designed to process image uploads and generate LTspice netlist files
based on detected electronic components in the images. Figure 3 illustrates the model deployment and
output, showcasing the user interface where an image of a hand-drawn circuit is uploaded. The system
processes the image to identify electronic components such as resistors and inductors, allowing users to
input values before generating the corresponding netlist. The detected circuit is then converted into an
LTspice-compatible schematic, which users can download for further simulation.

Component Classifier
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FIGURE 3: Model deployment and output

The overall backend and frontend integration of the application is depicted in Figure 4. The workflow
begins with a user uploading an image through the Flask-based web interface. The server validates the file
and processes the image to extract components using a pre-trained deep learning model. The model
identifies bounding boxes, component classes, and their associated values. These detections are mapped
to predefined circuit elements based on probability thresholds.

Once component detection is complete, the system generates an LTspice netlist, a textual representation
of the circuit. The netlist follows SPICE syntax, assigning unique identifiers to circuit elements such as
resistors, inductors, capacitors, and voltage sources. This generated file is then saved and made available
for user download. Error handling mechanisms and flash messages ensure a seamless user experience.

By integrating image processing, machine learning, and circuit simulation, this application automates the
conversion of hand-drawn circuits into digital formats, significantly simplifying the process for engineers
and students working with circuit design and simulation.
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FIGURE 4: Proposed backend and frontend integration

Experimental setup

To develop and validate the proposed automated simulation system for hand-drawn circuit diagrams, a
custom dataset was curated and expanded from an existing Kaggle source. The initial dataset comprising
12 component types was enhanced by incorporating six additional electronic components - switches, OP-
AMPs, B]Ts, MOSFETSs, JFETSs, and wires - resulting in a total of 25 distinct classes. Each class included 200
images, standardized to 120 x 120 pixels in .bmp format, culminating in 4,800 training samples.
Preprocessing techniques such as grayscale inversion, cropping to 60 x 60 pixels, and data augmentation
through rotation were applied to improve robustness and model generalization across diverse hand-drawn
styles and orientations.

The system was trained using a custom-designed CNN implemented in TensorFlow. The architecture
consisted of four convolutional layers with progressively increasing filter sizes, each followed by dropout
and max-pooling layers to prevent overfitting and reduce dimensionality. The final classification was
performed through two fully connected dense layers and a softmax output layer catering to 16 output
classes, optimized using the Adam optimizer. The model was trained over 100 epochs and evaluated using
metrics such as accuracy, precision, and recall, yielding 99% training accuracy and 96% test accuracy. The
trained model was then deployed within a Flask-based web application that accepted user-uploaded
images, processed them for component recognition, and generated corresponding LTspice-compatible
netlists for circuit simulation.

Discussion
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FIGURE 5: Identified inefficiencies

As depicted in Figure 5, the issues identified in the paper includes challenges in detecting multiple
capacitors and current sources in hand-drawn circuits. For capacitors, the model often fails to detect all or
any of them, as seen in examples where only two out of six capacitors were identified in one case. This
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issue could stem from overlapping components, ambiguities in hand-drawing styles, or insufficient
training data. Similarly, the model failed to detect a current source in a circuit, potentially due to
underrepresentation in the dataset, visual similarities with other symbols, or limited contextual
understanding. These detection inaccuracies result in incomplete or erroneous LTspice Netlists, hindering
simulation functionality. Broader challenges include the need for the algorithm to generalize across
diverse hand-drawing styles, accurately identify component connections, and scale to detect 25+
components without overfitting. Additionally, even when components are correctly detected, errors in
mapping to valid LTspice Netlist formats can impact usability, underscoring the need for robust data and
model improvements.

Using this specific CNN models when compared to using pre-trained models is because the size of the
images used is larger, and this model has obtained the highest accuracy compared to others.

Conclusions

This paper presents a key innovation in the form of a highly user-friendly web application that enables
users to effortlessly upload their hand-drawn circuit diagrams and quickly obtain LTspice-compatible .asc
files. This level of automation and ease of use represent a significant advancement in electronic design
automation, surpassing previous solutions. By automating and simplifying circuit simulation, the system
empowers educators and students, enriching learning experiences and providing a solid foundation for
future advancements in electronic design automation.

The development process involved creating a custom dataset and exploring optimal methods for
electronic component detection. We developed a custom CNN model for this task and seamlessly
integrated the backend deep learning model with a front-end web interface using Flask, resulting in an
intuitive platform for circuit simulation. The system accurately recognizes over 25 hand-drawn electronic
components and generates simulation-ready netlists compatible with LTspice. Achieving precision and
recall scores of 96.3% and 96.1%, along with 99% training accuracy and 96% test accuracy, the system
demonstrates robust and reliable performance across diverse scenarios.
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