
curve fitting matlab
curve fitting matlab is a fundamental skill for engineers, scientists, and data analysts
looking to extract meaningful insights from experimental or observational data. MATLAB,
with its powerful suite of tools and functions, offers a robust environment for performing
various types of curve fitting, from simple linear regressions to complex non-linear models.
This comprehensive guide will delve into the intricacies of curve fitting in MATLAB,
exploring the core concepts, essential functions, common challenges, and advanced
techniques. Whether you're aiming to model physical phenomena, predict trends, or
validate hypotheses, understanding how to effectively use MATLAB for curve fitting will
significantly enhance your data analysis capabilities. We will cover everything from
selecting the appropriate model to evaluating its goodness of fit, ensuring you have the
knowledge to tackle a wide range of curve fitting problems.
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Understanding Curve Fitting

Curve fitting, at its heart, is the process of constructing a mathematical function that best
represents a set of data points. Imagine you have collected a series of measurements,
perhaps the temperature of a cooling object over time, or the speed of a car versus
distance traveled. These raw data points rarely form a perfect, smooth line or curve. Curve
fitting allows us to draw a "best-fit" line or curve through these points, creating a
generalized model that can describe the underlying relationship. This model is incredibly
useful because it can help us understand trends, make predictions about future values, and
even uncover the physical principles governing the observed phenomena. It’s like finding
the underlying recipe from a collection of slightly imperfectly baked cookies – you can still
discern the core ingredients and proportions.

The primary goal of curve fitting is to find parameters for a chosen mathematical model
that minimize the difference between the model's output and the actual data points. This
difference is often quantified using various error metrics, the most common being the sum
of squared errors. By minimizing this error, we achieve the "best" possible representation of
the data by our chosen model. This process is essential across numerous disciplines,
including physics, engineering, biology, economics, and machine learning, where
understanding relationships and making predictions from data are paramount.



Types of Curve Fitting in MATLAB

MATLAB supports a variety of curve fitting approaches, broadly categorized into linear and
non-linear fitting. The choice between these depends heavily on the nature of the
relationship you expect to exist between your variables and the form of your mathematical
model. Understanding these distinctions is the first step in selecting the appropriate
MATLAB tools for your specific data analysis task.

Linear Curve Fitting

Linear curve fitting involves finding parameters for a model that is linear with respect to its
parameters. The most classic example is linear regression, where you fit a straight line (y =
mx + c) to your data. Even if your data appears curved, if you can transform the variables
or the model equation to be linear in the parameters, you can still employ linear fitting
techniques. For instance, fitting an exponential function y = ae^(bx) can be linearized by
taking the natural logarithm of both sides to get ln(y) = ln(a) + bx, which is linear in the
parameters ln(a) and b. MATLAB provides straightforward functions to handle these
scenarios efficiently.

Non-Linear Curve Fitting

Non-linear curve fitting is employed when the model equation is inherently non-linear with
respect to its parameters. This is common when dealing with physical processes that follow
exponential decay, oscillation, saturation, or other complex behaviors. For example, fitting
a Gaussian function or a logistic growth model would fall under non-linear fitting. In these
cases, MATLAB's non-linear fitting functions use iterative algorithms to converge on the
optimal parameter values that best fit the data. This often requires an initial guess for the
parameters, as the algorithms need a starting point to begin their search for the best fit.

Essential MATLAB Functions for Curve Fitting

MATLAB offers a rich set of functions specifically designed for curve fitting, catering to both
simple and complex modeling needs. Knowing which function to use for which situation is
crucial for efficient and accurate data analysis. These functions provide the computational
power to perform the underlying mathematical operations required to find the best-fit
curve.

The `polyfit` and `polyval` Functions

For polynomial curve fitting, MATLAB provides the `polyfit` function. This function takes



your x and y data points and the degree of the polynomial you wish to fit, and it returns the
coefficients of the polynomial that best fits the data in a least-squares sense. For example,
`p = polyfit(x, y, n)` will calculate the coefficients `p` for a polynomial of degree `n`.
Following this, the `polyval` function can be used to evaluate the fitted polynomial at new
x-values, allowing you to plot the smooth curve or make predictions. So, `y_fit = polyval(p,
x_new)` will give you the corresponding y-values for your fitted curve.

The `fit` Function and the Curve Fitting App

When you need more flexibility than simple polynomial fitting, or when you want to fit non-
linear models, the `fit` function and the accompanying Curve Fitting App are incredibly
powerful tools. The `fit` function, part of the Curve Fitting Toolbox, allows you to specify a
wide range of predefined model types (linear, polynomial, exponential, Gaussian, etc.) or
even define your own custom functions. It returns a `fit` object that contains information
about the fitted model, including the coefficients and goodness-of-fit statistics. The Curve
Fitting App, accessible by typing `cftool` in the MATLAB command window, provides a
graphical user interface (GUI) to interactively perform curve fitting, visualize the results,
and compare different models without writing extensive code. It's a fantastic way to explore
your data and quickly find a suitable model.

The `lsqcurvefit` Function

For advanced non-linear curve fitting where you have defined your own custom non-linear
function, the `lsqcurvefit` function is the go-to choice. This function uses iterative
algorithms to find the parameters of your custom model that minimize the sum of squared
residuals between the observed data and the values predicted by your model. It requires
you to define your model as an anonymous function or a separate function file, and you'll
typically need to provide an initial guess for the parameter values. This offers the highest
degree of control and flexibility for complex modeling scenarios.

Linear Curve Fitting in MATLAB

Linear curve fitting is often the starting point for data analysis due to its simplicity and
interpretability. MATLAB makes it remarkably easy to perform linear regressions and fit
other models that are linear in their parameters.

Simple Linear Regression

The most basic form of linear fitting is simple linear regression, which aims to find the best
straight line that describes the relationship between two variables, say x and y. In MATLAB,
this can be achieved using `polyfit` with a degree of 1. For instance, if you have data
vectors `x` and `y`, `p = polyfit(x, y, 1)` will return the coefficients for the equation `y =



p(1)x + p(2)`, where `p(1)` is the slope and `p(2)` is the y-intercept. You can then use
`polyval` to generate the fitted line for plotting or prediction.

Fitting Models Linear in Parameters

As mentioned earlier, some non-linear equations can be linearized by transforming
variables or rearranging the equation. MATLAB's `polyfit` can be used effectively here. For
example, to fit a power law model of the form $y = ax^b$, you can take the logarithm of
both sides to get $\log(y) = \log(a) + b \log(x)$. Now, if you let $Y = \log(y)$, $X = \log(x)$,
$M = b$, and $C = \log(a)$, the equation becomes $Y = MX + C$, which is a linear
equation. You can then use `p = polyfit(X, Y, 1)` to find the coefficients, and subsequently
transform them back to find `a` and `b`.

Another common scenario is fitting exponential functions. For $y = ae^{bx}$, taking the
natural logarithm yields $\ln(y) = \ln(a) + bx$. By treating $\ln(y)$ as the dependent
variable and `x` as the independent variable, you can use `polyfit` to find the coefficients.
If you have data and want to fit an exponential decay model, it's a straightforward process:

Transform your y-data: `log_y = log(y)`

Fit a linear model to `x` and `log_y`: `p = polyfit(x, log_y, 1)`

Extract the parameters: `b = p(1)` and `a = exp(p(2))`

Non-Linear Curve Fitting in MATLAB

Non-linear curve fitting is essential when the relationship between variables cannot be
linearized or when the underlying physical process is inherently non-linear. MATLAB's Curve
Fitting Toolbox, particularly the `fit` function and `lsqcurvefit`, are powerful for these
scenarios.

Using the `fit` Function for Predefined Models

The `fit` function is exceptionally versatile. You can use it to fit a wide array of standard
mathematical models. For instance, to fit a Gaussian curve to your data `x` and `y`, you
would use `f = fit(x, y, 'gauss1')`. The `'gauss1'` argument specifies a single Gaussian
peak. Similarly, you can fit exponential decays (`'exp1'`), logarithmic models (`'log1'`),
sigmoid functions (`'smoothingspline'`), and many others. The `fit` function automatically
handles the non-linear optimization required to find the best parameters for the chosen
model.



The output `f` is a `fit` object that encapsulates the fitted model. You can query this object
to get the fitted coefficients, confidence intervals, and perform further analysis. For
example, `coeffvalues(f)` will return the parameter values, and `plot(f, x, y)` will overlay
the fitted curve on your original data. The `fit` function is ideal for quickly testing various
standard model types against your data.

Customizing Non-Linear Models with `lsqcurvefit`

When none of the predefined models in the `fit` function accurately represent your data, or
when you have a specific theoretical model that needs to be fitted, `lsqcurvefit` provides
the ultimate flexibility. You first need to define your custom model as a function that takes
the parameters and the independent variable as input and returns the predicted dependent
variable. For example, consider a custom model function `myModel(params, x)`:

function y_pred = myModel(params, x)
a = params(1);
b = params(2);
c = params(3);
y_pred = a  exp(-b  x) + c;
end

Then, you would call `lsqcurvefit` like this: `params = lsqcurvefit(@myModel, initial_guess,
x, y)`. Here, `@myModel` is a function handle to your model, `initial_guess` is a vector of
your initial estimates for the parameters `a`, `b`, and `c`, `x` is your independent data,
and `y` is your dependent data. `lsqcurvefit` will iteratively adjust `params` until the sum
of squared differences between `myModel(params, x)` and `y` is minimized.

Evaluating the Goodness of Fit

Once you've performed curve fitting, it's crucial to evaluate how well your chosen model
actually represents the data. Simply fitting a curve doesn't guarantee it's a good
representation. Several statistical metrics help you quantify the goodness of fit, allowing
you to compare different models or confirm the validity of your chosen one.

R-squared (Coefficient of Determination)

R-squared is a widely used metric that indicates the proportion of the variance in the
dependent variable that is predictable from the independent variable(s). An R-squared
value close to 1 suggests that the model explains a large portion of the variability in the
data, while a value close to 0 indicates that the model explains very little. In MATLAB, you
can often obtain R-squared values directly from the output of the `fit` function or by
calculating it manually. The formula involves comparing the sum of squared errors of your
model to the total sum of squares of the data around its mean.



Sum of Squared Errors (SSE)

The Sum of Squared Errors (SSE), also known as the residual sum of squares, is the sum of
the squares of the differences between the observed values and the values predicted by
the model. It is the primary metric that most fitting algorithms aim to minimize. A lower SSE
generally indicates a better fit. You can calculate SSE by `sum((y_data - y_fit).^2)`. When
comparing different models fitted to the same dataset, the model with the lower SSE is
typically preferred, assuming they have a similar number of parameters.

Adjusted R-squared

While R-squared is useful, it has a tendency to increase with the addition of more
predictors, even if those predictors don't significantly improve the model. Adjusted R-
squared addresses this by penalizing the addition of unnecessary variables. It's particularly
helpful when comparing models with different numbers of parameters. It provides a more
realistic measure of how well the model generalizes to new data. The `fitlm` function in
MATLAB's Statistics and Machine Learning Toolbox can directly provide Adjusted R-squared
values for linear models.

Visual Inspection of Residuals

Beyond quantitative metrics, a critical step in evaluating the goodness of fit is visual
inspection. Plotting the residuals (the differences between the observed data and the fitted
curve) against the independent variable can reveal patterns that statistical metrics might
miss. Ideally, the residuals should be randomly scattered around zero with no discernible
trend. If you see a curve, a funnel shape, or any systematic pattern in the residuals, it
suggests that your chosen model is not capturing all the information in the data, or that the
assumptions of the fitting method (like constant variance of errors) are violated.

Common Challenges and Best Practices in
MATLAB Curve Fitting

Curve fitting, while powerful, isn't always straightforward. Several common challenges can
arise, and adhering to best practices can help you navigate them effectively and ensure
reliable results.

Overfitting and Underfitting

A common pitfall is overfitting, where a complex model fits the training data too closely,
capturing noise and random fluctuations rather than the underlying trend. This leads to



poor performance on new, unseen data. Conversely, underfitting occurs when a model is
too simple to capture the essential relationships in the data. The key is to find a model
complexity that balances fitting the data well without being overly sensitive to its specific
quirks. Cross-validation techniques and examining goodness-of-fit metrics on separate
validation datasets are effective strategies to combat these issues.

Choosing the Right Model

Selecting the appropriate mathematical model is paramount. It should be based on prior
knowledge of the phenomenon being studied, theoretical considerations, or exploratory
data analysis. Simply trying every available model until one gives a high R-squared value
can be misleading. Understand the physical or biological meaning of the parameters in your
chosen model. If the parameter values are physically implausible, it's a strong indicator that
the model is not appropriate or the fitting procedure has encountered problems.

Initial Guesses for Non-Linear Fitting

For non-linear fitting functions like `lsqcurvefit`, providing good initial guesses for the
parameters is often crucial for the algorithm to converge to the correct solution. A poor
initial guess might lead to the algorithm converging to a local minimum, resulting in a
suboptimal fit, or failing to converge at all. Visualizing your data and making educated
estimates for the parameters based on the data's behavior can help provide effective initial
guesses.

Here are some best practices to follow:

Always visualize your data before fitting.

Start with simpler models and progress to more complex ones if necessary.

Use domain knowledge to guide model selection.

Examine residual plots to assess the fit's assumptions.

Be cautious of models with too many parameters relative to the amount of data.

Consider using cross-validation for a more robust evaluation of model performance.

Advanced Curve Fitting Techniques in MATLAB

Beyond the standard fitting methods, MATLAB offers advanced techniques for more
complex data analysis scenarios, allowing for greater precision and adaptability.



Robust Fitting Methods

Standard least-squares fitting can be heavily influenced by outliers – data points that
deviate significantly from the general trend. Robust fitting methods are designed to be less
sensitive to outliers. MATLAB's Curve Fitting Toolbox offers functions and options for robust
fitting, such as `fitoptions` that can specify robust algorithms like 'RobustLeastSquares'.
These methods down-weight or exclude influential outliers, leading to a more reliable fit
when your data is noisy or contains aberrant measurements.

Smoothing Techniques

Sometimes, the goal isn't to find an underlying mathematical model but to smooth out
noisy data to reveal underlying trends or prepare it for further analysis. MATLAB provides
various smoothing techniques, including moving averages, Savitzky-Golay filters, and
splines. The `smooth` function in the Signal Processing Toolbox and the `'smoothingspline'`
option within the `fit` function are excellent tools for this purpose. Smoothing is particularly
useful when the exact functional form of the relationship is unknown or less important than
visualizing the general shape of the data.

Consider these advanced techniques when:

Your data contains significant outliers.

You need to remove high-frequency noise from your signal.

You are exploring complex, unstructured data relationships.

You need to compare multiple models rigorously.

Model Comparison and Selection

When faced with multiple potential models, choosing the best one is critical. Beyond R-
squared and SSE, techniques like the Akaike Information Criterion (AIC) or Bayesian
Information Criterion (BIC) can be employed to compare models that have different
numbers of parameters. These criteria penalize model complexity, helping to select the
model that provides the best balance between fit and parsimony. MATLAB's `stepwisefit`
function for linear models can also assist in feature selection and model simplification.

Q: What is the primary purpose of curve fitting in



MATLAB?
A: The primary purpose of curve fitting in MATLAB is to find a mathematical function that
best represents a given set of data points, allowing for trend identification, prediction of
future values, and understanding underlying relationships between variables.

Q: When should I use `polyfit` versus `fit` in MATLAB
for curve fitting?
A: You should use `polyfit` when you need to fit a polynomial to your data or when you can
linearize your model. Use the `fit` function when you need to fit a variety of standard non-
linear models (like exponential, Gaussian, etc.) or when you want to leverage the
interactive capabilities of the Curve Fitting App.

Q: How can I assess if my curve fit in MATLAB is good?
A: You can assess the goodness of fit in MATLAB by examining metrics like R-squared,
Adjusted R-squared, and the Sum of Squared Errors (SSE). Crucially, you should also
visually inspect the residual plots for any patterns or trends.

Q: What is overfitting in MATLAB curve fitting, and how
can I avoid it?
A: Overfitting occurs when a model is too complex and fits the noise in the data rather than
the underlying trend, leading to poor performance on new data. You can avoid it by using
simpler models, employing cross-validation, examining goodness-of-fit on validation sets,
and being mindful of the number of parameters relative to your data points.

Q: Can I fit custom non-linear equations in MATLAB?
A: Yes, you can fit custom non-linear equations in MATLAB primarily using the `lsqcurvefit`
function, which allows you to define your own model function and iteratively find the
optimal parameters.

Q: What are residuals in curve fitting, and why are they
important?
A: Residuals are the differences between the observed data values and the values
predicted by the fitted curve. They are important because plotting them can reveal
systematic errors, violations of model assumptions (like heteroscedasticity), or
inadequacies in the chosen model that might not be apparent from global fit statistics
alone.



Q: Is the Curve Fitting App in MATLAB useful for
beginners?
A: Absolutely. The Curve Fitting App (accessed via `cftool`) is extremely useful for
beginners as it provides a graphical interface to explore different models, fit them to data,
visualize results, and compare fits without needing to write extensive code.

Q: How does MATLAB handle outliers during curve
fitting?
A: MATLAB offers robust fitting methods through functions like `fit` by specifying
appropriate options (e.g., 'RobustLeastSquares'). These methods are less sensitive to
outliers compared to standard least-squares fitting, providing more reliable results when
data contains aberrant points.

Q: What is the difference between linear and non-linear
curve fitting in MATLAB?
A: Linear curve fitting involves models that are linear in their parameters (e.g., y = mx + c),
even if the variables themselves are transformed. Non-linear curve fitting applies to models
that are inherently non-linear in their parameters (e.g., y = aexp(-bx) + c). MATLAB has
different functions and approaches for each.
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