
Abstract
Infrared focal plane arrays (IRFPA) imaging systems are strongly 
affected by the spatial non-uniformity of the IRFPA response. 
The non-uniformity is due to the pixel-to-pixel responsivity (gain) 
and dark current (offset) variations of the IRFPA. The non-
uniformity results in a fixed spatial noise superimposed on the 
infrared image, which can completely mask the useful thermal 
signatures in an infrared scene. What makes this problem even 
more challenging is that spatial non-uniformity drifts temporally 
as a result of variations in the IRFPA working conditions. Such 
drift require a real-time compensation for IRFPA’s response 
in the course of imaging system operation]. Numerous non-
uniformity correction (NUC) techniques have been developed. 
Traditional Reference-based calibration techniques rely on the 
known blackbody calibration-source. But they can’t suppress 
drift of IRFPA’s response effectively. Now non-uniformity 
correction techniques are being focused on some scene-based 
algorithms. Essentially, scene-based techniques identify the 
true infrared image from the fixed-pattern noise by exploiting 
motion-related features in the image. 

I. Introduction
In numerical analysis and functional analysis, a discrete wavelet 
transform (DWT) is any wavelet transform for which the wavelets 
are discretely sampled. As with other wavelet transforms, a key 
advantage it has over Fourier transforms is temporal resolution: 
it captures both frequency and location information.

The first DWT was invented by the Hungarian mathematician 
Alfréd Haar. For an input represented by a list of 2n numbers, 
the Haar wavelet transform may be considered to simply pair up 
input values, storing the difference and passing the sum. This 
process is repeated recursively, pairing up the sums to provide 
the next scale: finally resulting in 2n − 1 differences and one 
final sum. The most commonly used set of discrete wavelet 
transforms was formulated by the Belgian mathematician 
Ingrid Daubechies in 1988 [3-6]. This formulation is based on 
the use of recurrence relations to generate progressively finer 
discrete samplings of an implicit mother wavelet function; each 
resolution is twice that of the previous scale. In her seminal 
paper, Daubechies derives a family of wavelets, the first of 
which is the Haar wavelet. Interest in this 
field has exploded since then, and many variations of 
Daubechies' original wavelets were developed. Other forms of 
discrete wavelet transform include the non- or undecimated 
wavelet transform (where down sampling is omitted), the 
Newland transform (where an orthonormal basis of wavelets 
is formed from appropriately constructed top-hat filters in 
frequency space). Wavelet packet transforms are also related 
to the discrete wavelet transform. Complex wavelet transform 
is another form. [3,9,10].
The Haar DWT illustrates the desirable properties of wavelets in 
general. First, it can be performed in O(n) operations; second, it 
captures not only a notion of the frequency content of the input, 

by examining it at different scales, but also temporal content, 
i.e. the times at which these frequencies occur. Combined, 
these two properties make the Fast wavelet transform (FWT) 
an alternative to the conventional Fast Fourier Transform 
(FFT). The discrete wavelet transform has a huge number of 
applications in science, engineering, and mathematics and 
computer science. Most notably, it is used for signal coding, 
to represent a discrete signal in a more redundant form, often 
as a preconditioning for data compression.

II. Proposed Work
To illustrate the differences and similarities between the discrete 
wavelet transform with the discrete Fourier transform, consider 
the DWT and DFT of the following sequence: (1, 0, 0, 0), a unit 
impulse. The DFT has orthogonal basis (DFT matrix):

 1    1    1    1
 1    0  –1    0
 0    1    0  –1
 1  –1    1  –1

while the DWT with Haar wavelets has orthogonal basis:

 1    1    1    1
 1    1  –1  –1
 1  –1    0    0
 0    0    1  –1
(To simplify notation, whole numbers are used, so the bases 
are orthogonal but not orthonormal.)

Preliminary observations include:

Wavelets have location – the (1,1,–1,–1) wavelet corresponds 
to “left side” versus “right side”, while the last two wavelets 
have support on the left side or the right side, and one is a 
translation of the other.  Sinusoidal waves do not have location 
– they spread across the whole space – but do have phase 
– the second and third waves are translations of each other, 
corresponding to being 90° out of phase, like cosine and sine, 
of which these are discrete versions. 

Decomposing the sequence with respect to these bases 
yields:
The DWT demonstrates the localization: the (1,1,1,1) term gives 
the average signal value, the (1,1,–1,–1) places the signal in 
the left side of the domain, and the (1,–1,0,0) places it at the 
left side of the left side, and truncating at any stage yields a 
down sampled version of the signal:

The sinc function, showing the time domain artifacts 
(undershoot and ringing) of truncating a Fourier series. The 
DFT, by contrast, expresses the sequence by the interference of 
waves of various frequencies – thus truncating the series yields 
a low-pass filtered version of the series: Notably, the middle 
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approximation (2-term) differs. From the frequency domain 
perspective, this is a better approximation, but from the time 
domain perspective it has drawbacks – it exhibits undershoot 
– one of the values is negative, though the original series is 
non-negative everywhere – and ringing, where the right side is 
non-zero, unlike in the wavelet transform. On the other hand, 
the Fourier approximation correctly shows a peak, and all points 
are within 1 / 4 of their correct value, though all points have 
error. The wavelet approximation, by contrast, places a peak 
on the left half, but has no peak at the first point, and while 
it is exactly correct for half the values (reflecting location), it 
has an error of 1 / 2 for the other values. This illustrates the 
kinds of trade-offs between these transforms, and how in some 
respects the DWT provides preferable behavior, particularly for 
the modeling of transients, which is of interest in applications 
[5,6,9,10]
The DWT of a signal x is calculated by passing it through a 
series of filters. First the samples are passed through a low 
pass filter with impulse response g resulting in a convolution of 
the two: The signal is also decomposed simultaneously using 
a high-pass filter h. The outputs giving the detail coefficients 
(from the high-pass filter) and approximation coefficients (from 
the low-pass) It is important that the two filters are related to 
each other and they are known as a quadrature mirror filter. 
However, since half the frequencies of the signal have now 
been removed, half the samples can be discarded according 
to Nyquist’s rule. The filter outputs are then sub sampled by 2 
(It should be noted that Mallat's and the common notation is 
the opposite, g- high pass and h- low pass): This decomposition 
has halved the time resolution since only half of each filter 
output characterizes the signal. However, each output has half 
the frequency band of the input so the frequency resolution 
has been doubled.

This decomposition is repeated to further increase the frequency 
resolution and the approximation coefficients decomposed 
with high and low pass filters and then down-sampled. This is 
represented as a binary tree with nodes representing a sub-
space with different time-frequency localization. The tree is 
known as a filter bank.

A 3 level filter bank

At each level the signal is decomposed into low and high 
frequencies. Due to the decomposition process the input signal 
must be a multiple of 2n where n is the number of levels. For 
example a signal with 32 samples, frequency range 0 to fn and 
3 levels of decomposition, 4 output scales are produced:

Level Frequencies Samples

3
0 to fn / 8 4

fn / 8 to fn / 4 4
2 fn / 4 to fn / 2 8

1 fn / 2 to fn 16

The Adam7 algorithm, used for interlacing in the Portable 
Network Graphics (PNG) format, is a multiscale model of the 
data which is similar to a DWT with Haar wavelets. Unlike the 
DWT, it has a specific scale – it starts from an 8×8 block, and 

it down samples the image, rather than decimating (low-pass 
filtering, then down sampling). It thus offers worse frequency 
behavior, showing artifacts (pixelation) at the early stages, in 
return for simpler implementation. In its simplest form, the 
DWT is remarkably easy to computer [7,8].

The Haar wavelet in Java:
public static int[ ] invoke(int[ ] input)
{
    //This function assumes input. Length=2^n, n>1
    int[] output = new int[input. length];
 
    for (int length = input. length >> 1; ; length >>= 1) {
        //length=2^n, WITH DECREASING n
        for (int i = 0; i < length; i++) {
            int sum = input[i*2]+input[i*2+1];
            int difference = input[i*2]-input[i*2+1];
            Output[i] = sum;
            output [length + i] = difference;
        }
        if (length == 1) 
            return output;
        //Swap arrays to do next iteration
        System.arraycopy (output, 0, input, 0, length<<1);
    }
}
DSWT can decompose the disperse signal in temporal domain 
into the discrete approximation and the discrete detail at a 
series of different resolutions. For one-dimension signal s (t) 

 VJ, where J is a certain integer, it can be decomposed into 
components in difference frequency-band by DSWT. 

     (1)

   (2) 
Let

    (3)

   (4)

Where CJ s (t) is the signal component whose frequency is below 
2-J1 The serial {CJ1, k}, k  Z which has a finite length NJ, is called 
the discrete approximation at the resolution 2J1. DJ s (t) is the 
signal components whose frequency between 2-J and 2-(J-1), the 
serial {d j, k} k  Z is called the discrete detail at the resolution 
2J.The base-frame of DSWT can be illustrated by a filter bank 
in Fig.1. The initial input S k (0) is the raw sample serial s(t) of 
the signal. The h0 (k) is the impulse response of the low-pass 
filter, which is equivalent to the scale function of the continuous 
wavelet transform. The h1 (k) is the impulse response of the 
high-pass filter, which is equivalent to the wavelet function of 
the continuous wavelet transform. 
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Fig. 1 : The configuration of the filter bank of the DSWT

The non-uniformity correction algorithm based on the wavelet 
transform is adopted the aforementioned DSWT which adopts 
an appropriate wavelet function S ml (t), the sequence response 
output of the detector (m,l) in the IRFPA, is acted as the initial 
input of the filter bank. The output of the low-pass filter is the 
approximation of the S ml (t), at the resolution j. The output of 
the high-pass filter is the detail of the S ml (t), at the resolution 
j. The subscript (m, l) is the location of the detector element 
in the IRFPA. Since the non-uniformity correction is fulfilled 
pixel by pixel, the subscript ml will be omitted in the following 
description for sententiousness.
Done as above-mentioned, the sequence-signal of infrared 
image s (t) is decomposed into a certain scale Jn. In other words, 
the signal s (t) is decomposed into a low-frequency component 
CJn s (t) (lower than 2-Jn) and a series of the component DJ s 
(t) whose frequency between 2-J and 2-(J-1), j=J1-1… Jn. According 
to the feature of infrared image and the theory of the wavelet 
transform, the CJn s (t) denotes the base-band of the signal, 
and the DJ s (t) presents not only the spatial frequency change 
of the image, but also the speed relative that the scene to the 
IRFPA. The one-order statistic of the CJn s (t) at a certain scale 
Jn is calculated, which is the correction coefficients of the offset 
of the detector element.

  (5)
The correction coefficients of the gain of the detector element 
can be acquired by calculating the two-order statistic and 
normalize at a certain scale Jn. 

   (6)
It is important that the appropriate choice to the scale Jn, which 
is not only directly control the precision and the convergence 
speed of the NUC algorithm, but also can eliminate a part 
of high-frequency disturb. According to the adopted wavelet 
function and the characteristic of the imaging signal, Jn is 
acquired by experiments and analysis. Then the NUC is achieved 
as follows. 

  (7)
where S is the real-time output of the detector (m,l), S’is the 
corrected value of S, and G and O are the correction coefficients 
for the gain and offset of the detector (m,l), respectively, which 
are acquired as above. 

III. Results 
320×240-pixel uncooled IRFPA camera operating in the 
wavelength range of approximately 8~13μm is used to test 
our presented algorithm, whose frame rate is 25 frames per 
second. In the experiments, different objects, such as a hand, 
are moved in front of the camera. And several raw infrared 
imaging sequences are captured proposed algorithm is used 
to calibrate these sequences In the experiments, the length of 

the image-data sequence is 128; four-level decomposition is 
adopted. And five types of the wavelet function are adopted in 
the DSTW, respectively. [1,2] Fig. 2 & 3 shows us groups of the 
comparable results. Fig.2 (a) shows a raw thermal image of a 
hand with non-uniformity. The thermal image is badly masked 
by the fixed pattern noise, whose non-uniformity is 26.12%. 
The NUC is fulfilled to the Fig.2 (a) by the above-mentioned 
algorithm. Fig.2 (b) ~2(f) are the images corrected with the 
wavelet function of Harr, DB3, Sym3, Coif3, and Biorl1.3, 
respectively. The non-uniformity of the Fig.2.b~2.f is 1.67%, 
1.55%, 2.11%, 2.05%, 1.87%, respectively. As we can see from 
Fig.2: (1) After the NUC, the non-uniformity is reduced greatly 
and the hand is emerged. (2) The effect of NUC is different 
with difference wavelet function. The effect of NUC with DB3 
function is the best. 

(a) The raw thermal image of a hand with non-uniformity.

(b) The NUC result with Haar wavelet functions to Fig.2 (a).

(c) The NUC result with db3 wavelet functions to Fig.2 (a).

(d) The NUC result with sym3 wavelet functions to Fig.2 (a).

(e). The NUC result with coif3 wavelet functions to Fig.2 (a).
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(f) The NUC result with bior1.3 wavelet functions to Fig.2 (a).
Fig. 2 : The simulation results of non-uniformity correction

(a) The raw thermal image of a mountain with non-uniformity

(b) The NUC result with Haar wavelet functions to Fig.3 (a).

(c) The NUC result with 3db wavelet functions to Fig.3 (a).

(d) The NUC result with sym3 wavelet functions to Fig.3 (a).

(e). The NUC result with coif3 wavelet function to Fig.3 (a).

(f) The NUC result with bior1.3 wavelet functions to Fig.3 (a). 
Fig. 3 : The simulation results of non-uniformity correction. 
Fig.3 (a) shows a raw thermal image of a mountain with non-
uniformity.

IV. Conclusions
A scene-based method for non-uniformity correction of IRFPA 
is presented, which is based on the discrete sequence wavelet 

transform. Non uniformity correction is achieved.  The correction 
capability of the algorithm is proved by using the real infrared 
image sequences. 
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