
GENERAL

character recognition using matlab s neural network 
toolbox
Published: September 27, 2026  |  Index ID: #-

Introduction

Character recognition, also known as optical character recognition (OCR), has become an essential technology in

a world that increasingly relies on digitized documents, automated data entry, and real �time information extraction.

Whether you are a researcher building a prototype, a developer integrating OCR into a business workflow, or an

enthusiast exploring the capabilities of MATLAB, the ability to train a neural network that can accurately identify

printed or handwritten characters is a powerful skill.

In this guide we will walk through the complete workflow of character recognition using MATLAB's Neural 

Network Toolbox . From preparing your dataset and selecting the right preprocessing steps to designing, training,

and evaluating a neural network, you will gain a practical understanding of how to build a robust OCR system within

MATLAB’s intuitive environment.

Throughout the article we’ll touch on best practices for model performance, discuss common pitfalls, and highlight

future trends that may shape the next generation of character recognition solutions. By the end, you will be ready to

apply these techniques to your own projects and contribute to the growing field of computer vision.

Understanding Character Recognition

What is Character Recognition?

Character recognition is the process of converting images of text into machine �readable characters. The input is

typically a grayscale or color image containing letters, digits, or symbols, and the output is a string or array of

recognized characters. OCR systems must handle variations in font, size, orientation, and noise, making the task

challenging from a machine learning perspective.

Applications of OCR

•  Digitizing printed books and archival documents

•  Automated form processing and invoice extraction

•  License plate recognition for traffic management

•  Assistive technologies for visually impaired users

•  Real �time translation and subtitle generation in multimedia content

Why MATLAB and Its Neural Network Toolbox?

MATLAB’s Ecosystem for Image Processing

MATLAB offers a rich set of toolboxes designed for image analysis, such as the Image Processing Toolbox and

Computer Vision Toolbox. These provide functions for filtering, edge detection, morphological operations, and

feature extraction—all of which are essential preprocessing steps before feeding data into a neural network.

Neural Network Toolbox Features

The Neural Network Toolbox (now part of the Deep Learning Toolbox) offers a variety of network architectures,



training algorithms, and visualization tools. Key features include:

•  Pattern Recognition Network (fitnet, patternnet) for classification tasks

•  Feedforward, Convolutional, and Recurrent network templates

•  Automatic layer sizing and weight initialization options

•  Training options such as Levenberg–Marquardt, gradient descent, and Bayesian regularization

•  Built �in performance monitoring, including loss curves and confusion matrices

Setting Up Your Environment

Installation Steps

To begin, you need a recent MATLAB installation (R2024a or newer is recommended). Install the following

toolboxes:

1.  Image Processing Toolbox

2.  Computer Vision Toolbox

3.  Deep Learning Toolbox (formerly Neural Network Toolbox)

Open MATLAB and run ver to confirm that all required toolboxes are present.

Required Toolboxes

While the core functionality for character recognition can be achieved with just the Deep Learning Toolbox, the

Image Processing Toolbox dramatically simplifies preprocessing, and the Computer Vision Toolbox offers advanced

augmentation utilities that can improve model generalization.

Preparing the Dataset

Choosing a Dataset

Several public datasets are ideal for character recognition experiments:

•  MNIST – 70,000 images of handwritten digits (28×28 pixels)

•  EMNIST – Extended MNIST, including letters and digits

•  IAM Handwriting Database – Large collection of handwritten English text lines

•  Custom datasets – Scanned documents, forms, or printed text images

Select a dataset that matches your target application. For demonstration purposes, we’ll use the MNIST dataset,

which is readily available in MATLAB via the digitDatasetPath function.

Image Preprocessing Techniques

Effective preprocessing can dramatically improve recognition accuracy. Common steps include:

•  Resizing images to a uniform size (e.g., 28×28 or 32×32)

•  Normalizing pixel intensities to the [0,1] range

•  Applying binary thresholding or Otsu’s method to separate foreground from background

•  Using morphological operations (opening, closing) to remove noise

•  Augmenting data with rotations, scaling, and shear to increase robustness

MATLAB’s imageDataAugmenter and augmentedImageDatastore functions make it straightforward to apply these

transformations on the fly during training.

Labeling and Encoding

Each image must be associated with a label indicating the correct character. In MATLAB, labels are typically stored



in a categorical array. For example:

labels = categorical([0:9]);

When using imageDatastore, the folder names can automatically be mapped to labels, simplifying the workflow for

organized datasets.

Designing the Neural Network

Choosing the Architecture

For simple character classification, a shallow feedforward network suffices. However, for more complex scripts or

higher resolution images, a convolutional neural network (CNN) is preferable due to its ability to learn spatial

hierarchies.

MATLAB provides ready �made layers:

•  Fully connected layers (fullyConnectedLayer)

•  ReLU activation (reluLayer)

•  Convolutional layers (convolution2dLayer)

•  Pooling layers (maxPooling2dLayer)

•  Softmax and classification layers (softmaxLayer, classificationLayer)

Using the Pattern Recognition Network

For beginners, the patternnet function creates a simple multilayer perceptron suitable for classification tasks.

Example:

net = patternnet([100 50]);

This network has two hidden layers with 100 and 50 neurons, respectively.

Customizing Layers

When building a CNN, you might define the architecture manually:

layers = [

    imageInputLayer([28 28 1])

    convolution2dLayer(3,8,'Padding','same')

    batchNormalizationLayer

    reluLayer

    maxPooling2dLayer(2,'Stride',2)

    convolution2dLayer(3,16,'Padding','same')

    batchNormalizationLayer

    reluLayer

    maxPooling2dLayer(2,'Stride',2)

    fullyConnectedLayer(10)

    softmaxLayer

    classificationLayer];

Adjust the number of filters, kernel size, and pooling strategy to balance performance and computational cost.

Training the Network

Training Options



MATLAB’s trainingOptions function allows you to specify the optimization algorithm, learning rate, mini �batch size,

and number of epochs. For a CNN on MNIST, a typical configuration is:

options = trainingOptions('adam', ...

    'MaxEpochs',20, ...

    'MiniBatchSize',128, ...

    'InitialLearnRate',1e-3, ...

    'Shuffle','every-epoch', ...

    'ValidationData',validationDatastore, ...

    'ValidationFrequency',30, ...

    'Verbose',false, ...

    'Plots','training-progress');

Monitoring Progress

The training progress plot displays the loss and accuracy over epochs. Pay attention to the validation curve to

detect overfitting. If validation accuracy starts to drop while training accuracy continues to rise, consider

regularization techniques.

Preventing Overfitting

Common strategies include:

•  Dropout layers (dropoutLayer) to randomly deactivate neurons during training

•  L2 regularization or weight decay via the L2WeightRegularization option

•  Data augmentation to increase dataset diversity

•  Early stopping based on validation performance

Evaluating Performance

Accuracy Metrics

After training, evaluate the network on a held �out test set:

predictedLabels = classify(net,testDatastore);

accuracy = sum(predictedLabels==testLabels)/numel(testLabels);

disp(['Test Accuracy: ', num2str(accuracy*100), '%']);

Confusion Matrix

The confusion matrix provides insight into which classes are frequently misclassified:

plotconfusion(testLabels,predictedLabels);

Visual inspection can reveal systematic errors, such as confusing 'O' with '0' or 'I' with '1'.

Cross-Validation

To obtain a robust estimate of generalization performance, perform k �fold cross �validation. MATLAB’s crossval

function can be used with custom training pipelines.

Optimizing the Model

Hyperparameter Tuning

Key hyperparameters include learning rate, batch size, number of epochs, and network depth. Use bayesopt or

manual grid search to
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