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Abstract

Thermal array detectors, also known as focal plane arrays (FPA), are a rapidly developing
technology and are used in a variety of civil, medical and military applications. The detectors,
which are sensitive to radiation in the infrared band, output a high resolution low noise thermal
picture. The existence of non-uniformities in the responsitivity of the element array is a severe
problem typical to FPA. These non-uniformities result in a fixed pattern “curtain” like feature that
apear in the image. One of the most common methods to correct non-uniformity is the use of a
uniform reference target. This type of non-uniformity correction has a number of disadvantages.
The work presented in this paper proposes a new method to calibrate a thermal detector. The
proposed correction method is scene based, relying only on the camera’s captured video sequence.
The algorithm utilizes redundant information achieved from the thermal cameras high sample
rate, combined with the camera’s motion. The proposed correction algorithm contains two steps:
1. Application of frame registration that compensates for the camera motion. The registration
process matches two consecutive frames and produces a residual (difference) frame. 2. Definition
of the calibration parameters as a system of linear equations that is solved with the use of a Kalman
filter. The Kalman filter tracks the value of each element specific responsitivity value (unknown)
through time. The main matrix is sparse. Extensive experimental work that demonstrates the
superiority of this method is given. The algorithm necessitates modest computational power. It

ran on a PC with a Pentium IIT 550 MHz processor.

1 Introduction

Thermal array detectors, also known as focal plane arrays (FPA), are a rapidly developing technology
and are used in a variety of civil, medical and military applications. The detectors, which are sensitive
to radiation in the infrared band (mostly 3 — 5um and 8 — 12um), output a high resolution low noise

thermal picture. Due to physical limitations, most FPA detectors need to be cooled down to extreme



low temperatures (less than 100 deg K). Naturally, this requirement has a dramatic effect on their price
and their availability. Another severe problem typical to FPAs is the existence of non-uniformities in
the responsitivity of the element array. These sensitivity variations result in different outputs from

elements receiving similar input flux (see Fig. 1).

Figure 1: Typical example of a thermal picture with spatial noise.

In the more general sense, responsitivity variations mean that a single mapping function (for all
elements in the detector) between element input and output does not exist but rather every element
or group of elements has its own individual and unknown map. As a result, when we watch a scene
it is hard for the viewer to differentiate whether a specific picture pixel value is attributed to the
scene (energy flux) or to the element’s unique responsitivity function. The differences in the element
responsitivity functions are generally referred to as non-uniformity. Unlike other imaging technologies,
the non-uniformities in most FPA detector technologies can not be calibrated during manufacture
because of drifts in the non-uniformity values. The calibration values change with time and between
consecutive operations. As a result most detectors need to be calibrated on a regular basis. The time
period between calibrations varies from a few minutes to a few hours [1].

Another related problem of FPA performance is the correction of bad elements, bad rows and
columns. Bad elements, rows and columns are defined as picture objects, which have either very poor
SNR or output a fixed signal. The phenomenon of bad elements is stable for long periods of time
(unlike the drift in the non-uniformity values). Furthermore, bad elements tend to be permanent (a
bad element will not become good). It is sometimes possible to recognize and fix bad elements during
manufacture. Still, for most detectors the ability to recognize a bad element during the non-uniformity
calibration is a powerful feature. The correction of previously detected bad elements is done in real
time by interpolating the elements nearest neighbors [2].

The most common solution to perform non-uniformity correction (NUC) is the use of a uniform

reference target. This target, located either inside the camera or external to it, supplies a known



input that can be used to evaluate the outputs of the detector’s elements. Since the reference target
is known to be uniform, a non-uniform output can be attributed to the elements non-uniformity. The
correction of the elements non-uniformities can then be performed using various statistical methods.

This NUC method has a number of disadvantages:

1. The camera has to contain a uniform reference target. Most internal targets are expensive elec-
tronic devices that take up space inside the camera and lower camera reliability. If the target is

external some mechanical procedure is required to place the target before the detector.

2. During the calibration process the reference target blocks the detector’s field of view. During

calibration the camera is not functional.

3. The calibration is sensitive to changes in the input flux. This means that changes in the scene
might dictate a re-calibration. For example, a camera that was calibrated indoors where the
temperature is a comfortable 24 deg C' will most likely need to be re-calibrated once taken outside

where the temperature is 5deg C'.
4. The calibration quality is only as good as the uniformity of the reference target.

The work presented in this paper proposes a new method to calibrate the thermal detector. The
proposed correction method uses a video sequence instead of using a uniform reference target. At the
base of the proposed correction algorithm is the idea that redundant samples in the scene can be used
to calculate the detector’s non-uniformity. The redundant information is achieved from the thermal
cameras high sample rate (30-60Hz), combined with utilization of camera motion. The combination
of the two ensures multiple samples of the same location in the scene from different detector elements.

The proposed correction algorithm contains two steps:

1. Application of frame registration to compensate for the camera motion. The registration process
matches two consecutive frames and produces a residual (difference) frame. Each pixel in the
difference frame contains the reading from an element (x,y) at time ¢ and the reading of another
element (z — k;,y — ky) at time t — 1. Both elements (z,y) and (z — kg, y — k) are looking at
the exact same location in the scene. A non-zero difference between them can be attributed to

changes in the scene or to element responsitivity differences.

2. A system of linear equations is defined using the registration warp and the residual frame. The
system has one unknown for every element of the array (76,800 unknowns for a 320 x 240 element
detector). The system of equations is solved by using Kalman filter. The Kalman filter tracks
the value of each elements specific responsitivity (unknown) through time. To accomplish this

task the filter is applied iteratively on the video sequence. The Kalman filter produces a least



squares (LS) estimation of the non-uniformity. The governing matrices of the Kalman filter are
sparse. Therefore, the implementation of the Kalman filter makes use of sparse matrix library
and conjugate gradient for internal computations. A side benefit of the Kalman based correction
process is the detection of bad elements that can be used for bad element correction. For an

example of some experimental results of the correction algorithm see Figs. 2 and 3.

Figure 2: Left: An image from the original non-uniform sequence. The non-uniformity patterns are
clearly visible. Right: The same image after the application of the Kalman filter based correction
algorithm. The corrected image was produced by the correction algorithm after 171 iterartions (at

30Hz, less then 6 seconds) with no prior knowledge of the scene or the nature of the non-uniformity.

Figure 3: Left: An image from the original non-uniform sequence. Right: The same image after the
application of the Kalman filter based correction algorithm. The corrected image was produced by
the correction algorithm after 171 iterartions with no prior knowledge of the scene or the nature of

the non-uniformity.

The paper has the following structure: Section 2 contains a short introduction to thermal imaging



and to aspects of non-uniformity from an image processing point of view. Section 3 will introduce the
state-of-the-art knowledge in non-uniformity correction and other related fields that can be useful to
solve a scene based non-uniformity correction problem. Section 4 gives a detailed description of the
proposed solution and section 5 concludes with the experimental results and a detailed evaluation of

the perfornamce of the algorithm.

2 Focal plane arrays: image processing point of view

In this section we give some background on the source of the noise that apears in the images.

2.1 Temporal and spatial noise

In [3] a thermal detectors behavior is characterized by a four dimensional space consisting of the
following components: 1. Two dimentional location of every element in the array. 2, Signal transient
in time of every element. 3. Responsitivity curve of every element. Using this 4-D space the detectors

temporal and spatial noise properties are defined.

2.1.1 Definition of temporal noise

The detectors temporal noise with background temperature 7, denoted by atemp"’“al(T), is defined as
the mean of its elements temporal noise. Element temporal noise afc‘fgwoml(T), is calculated using the
signal transient in time. The measured temporal noise of the element is influenced by the reference

target temperature 7 and the measurement duration time L. Assume v/

7.4(7,1) is the element’s (z,y)

output at time ¢ given target temperature 7, the detector temporal noise is defined as ([3, 1]):
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where N and M are the detector’s length and width, respectively, and L is the number of frames
in time that are used for the calculation. By using the derivative g—z the detectors temporal noise
can be translated from camera specific units (volts or grayscale) to degrees (degC or deg K). The
detector’s temporal noise translated into temperature units is generally reffered to as “noise equivalent
temperature difference” (NETD). The advantage of the NETD measure is that it enables simple

comparisons between different cameras.



2.1.2 Definition of spatial noise

The detectors spatial noise (spatial non-uniformity) is caused by the detectors elements responsitivity
curve component of the 4-D space [3]. When two elements have non-identical responsitivity curves a
similar input flux at a dissimilarity point will result in a dissimilar output. Similarily, a detector that
contains elements with nonidentical responsitivity will have a non-uniform output when exposed to a
uniform input flux (uniform target). The effects of the non-uniform responsitivity will also be viewable
when the target is not uniform. The process of calibrating the detector’s elements responsitivity curve
is known as non-uniformity correction (NUC). The non-uniformity correction process includes two
steps. Initially, the average responsitivity of the detector is determined and then every element’s
responsitivity curve is adjusted to fit the average curve. To avoid effects of temporal noise in the NUC
process the elements output values should be averaged (in time) of multiple frames (samples). As in
the case of temporal noise, the target temperature 7 influences the spatial noise. The spatial noise or

non-uniformity is calculated using the following equations ([1, 3]):
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The above definition of the spatial noise does not take into consideration different spatial fre-
quencies of the spatial noise. The frequency of the noise is important because the eyes are sensitive

different spatial frequencies.The sensitivity to low spatial frequency noise is smaller than that of high

spatial local

frequency noise. To complete the o measure, a secondary measure o can be used. The new
measure calculates only local non-uniformity, disregarding low spatial frequency noise (global noise).
To calculate o' the detector area is divided into K x K elements sub-windows and the spatial noise

local

of each sub-window is calculated. The value of o is set as the mean of the spatial noise of the

sub-windows.

2.2 Correction models for spatial non-uniformity

The non-uniformity correction models that are in use are based on polynomial equations [1, 3]. The
polynomial degree of the correction model depends on the stability of the FPA and the complexity of
the attached electronics. The simplest correction model, called “one point correction” (OPC), makes
use of a zero degree polynomial. According to this model element non-uniformity is corrected using
an offset value only. The optimal offset value is defined by the difference between the detectors mean
output and the element’s output at one temperature (hence its name). The calculated offset is stored
in memory and subtracted from the elements output at every frame. The biggest advantage of this

correction model is that the correction values are calculated only in one temperature. This simplifies



the electronics and shortens the calibration time. The disadvantage of this model is that it is less
stable than higher degree polynomials. The reason for this is that the physics of the non-uniformity
does not behave according to a zero degree polynomial (the true non-uniformity has non-additive
components). As a result, when the target temperature deviates from the calibration temperature the
offset value is no longer the ideal offset and a new NUC operation is needed. The correction offset
value is computed using

Opy = v:{’y —7/ (2.1)

where 0, is the element’s (z,y) correction offset value, v:J;y is the output of the element (z,y) of the
detector, and 7 is the mean output value of all the elements in the detector. Assuming the correction

offset 0y, is known, the corrected element output value vy, is determined by

Y

U;,y = Ufi’c,y — Ogy T Ny (2'2)

where n,, is an additive temporal noise.

Another very common correction model called “two point correction uses the difference between
the element’s response and the mean response at two different temperatures in order to estimate a
first-degree polynomial [1, 3]. The first degree equation is defined by two parameters: gain g, , and

offset o, , that are calculated with the following equation:
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The gain and offset parameters are used to correct every elements output using: vy , = gz,y-viy—om,y—i—
ngy. The two temperatures 7;,,, and 734, are usually chosen to be below and above the background
temperature.

More complex models based upon higher degree polynomials exist but are less common then one
and two-point correction [1]. The underlying idea of all models is that every detector element is
sampled at a number of working temperatures and a polynomial is fitted to those points. The more
points sampled the better the polynomial fit. A good fit results in a lower residual non-uniformity
as the target temperature furthers from the calibration temperature. The only drawback of higher

degree models is that they require more sampling points and are more sensitive to sampling error.

3 Survey of scene based non-uniformity algorithms and super-resolution

3.1 Scene based non-uniformity correction algorithms

Non-uniformity correction algorithms can be divided into two major groups. The first group contains

methods that use a uniform target for the correction process. These methods, use either the one



point or two point correction models. The second group contains a variaty of scene based correction
algorithms. These algorithms correct non-uniformity without the use of a uniform target. Instead,
scene based algorithms rely on the information gathered from the scene during normal operation of
the thermal camera. The open literature contains three different classes of scene based correction

algorithms.

3.1.1 Uniform statistics methods

These methods, which were introduced in [4, 7, 8, 9, 10, 11], assume that given camera motion and
ample time the statistical behavior of the input flux of all the detectors elements is uniform. Therefore,
any non-uniformities in the statistical behavior of the element output is attributed to element non-
uniformities. In [4] a temporal lowpass is utilized by averaging the detector output over a long time
period. The detectors correction is achieved by subtracting the result after low-pass filtering from
the detector output. In [7, 8, 9, 10, 11] a two-point correction model is used. The gain and offset
parameters are linked to the statistical behavior of element output. In [8, 9] the gain and offset
are defined by the element’s temporal standard deviation and mean, respectively. Implementation
complexity considerations drive the work in [9]. This uses L; norm instead of Ly in computing the
standard deviation. The work in [9] also addresses the time length needed for the statistical data
collection. In [7] a more complex model is given where the statistical output properties of the gain
and offset are established using non-iterative, equations.

The big advantage of this class of algorithims is that they are simple to implement and work well
if the statistical uniformity assumption is true. The main drawback is that the above assumption is
very restrictive. This assumption is satisfied in cases where either a great deal of motion exists (e.g.
airborne camera) or the time available for the statistical data collection is very long. In the general
case the uniformity assumption is not guarantee (e.g. a land-based camera scanning the skyline
horizontally with the top half containing sky and the bottom half containing land) and therefore the

algorithms will fail.

3.1.2 Neural network approach

These methods, described in [4, 5, 11], use the two-point correction model as a base for a two layer
neural networks. The networks training feedback uses the average of every four elements closest
neighbors. This feedback estimates the desired corrected output of the element. The iterative update

of the elements gain and offset parameters are then computed using steepest decent.



3.1.3 Micro-scanning devices

Two patents, which were described in [6, 12], suggested to correct detector non-uniformity by over-
sampling. The oversampling is achieved using scanning optics. In [6] an optical scanning mechanism
produces multiple images that contain relative translated motion. The translation between the images
is of known size (set by the mechanical mechanism). The 2-D optical translation is compensated by
applying an inverse translation. As a result of this inverse translation all the frames are co-aligned.
The second step of the correction averages the co-aligned frames. The application of the average
operator improves the images SNR. by a factor of the square root of the number of scanned frames.
The invention described in [12] used a predefined scan pattern to get multiple shifted frames. At
the base of the correction algorithm is the idea that two elements watching the same location should
have the same output, and that two elements traversing through the same route should have the same
gradient. The scan pattern ensures that every scene location is sampled by four neighboring elements.
Every elements gain factor is defined by the ratio between its gradient and the average gradient of its
four nearest neighbors. After the gain is corrected, the offset is calculated as difference in between the

element’s output (gain corrected) and the average output of its four nearest neighbors.

3.2 Super-Resolution algorithms

Super resolution is a field of research that concentrates on utilizing redundant information found in
continuous image sequences for image restoration. As such, this field is closely related to scene based
non-uniformity correction. The main difference between these approachs is that super-resolution algo-
rithms correct a known distortion operator (usually it is a superposition of blur, warp and downsam-

pling operators) while scene based methods correct dynamic time and space varying linear distortions.

3.2.1 Back Projection

Back projection algorithms where introduced by Irani and Peleg in [13, 14, 15]. The algorithms define
a set of operators (warp, blur, and downsampling) that where applied to create a set of low resolution

frames from a theoretical high resolution scene.

3.2.2 Adaptive estimation

This algorithm, proposed in [17, 18], uses adaptive filters to restore blurred, decimated and noisy
images. The low resolution sequence of the images was created by applying the same set of operators
as in the back projection algorithm ([15]) on a theoretical high resolution image. The result of this
derivation is the formation of a large system of linear equations. This system is solved iteratively by

applying a Kalman filter. In [18] a number of iterative methods (steepest descent, and normalized



SD) are used in the computations of the filter.

4 Kalman filter based correction algorithm

The goal of this section is to introduce an algorithm that implements one point non-uniformity cor-
rection (OPC). The OPC was described in detail in section 2.2. The algorithm is scene based and
utilizes Kalman filter methodology. The algorithm operates on a sequence of video images produced
by a focal plane array (FPA) thermal camera (source raw images). The algorithm produces the same
sequence (without delay) where the images are corrected to be with minimal additive non-uniformity
patterns. The correction process does not utilize any filters (such as low-pass) that might change the
detector’s frequency transfer function and therefore the detector’s effective resolution and features.
The proposed method consumes O(n) memory and O(n) operations. A real time (RT) subset of the
algorithm can be derived in it is out of the scope of this paper. In Fig. 4 we see the raw input image

and the output after the application of the correction algorithm.

Figure 4: Left picture: The noisy image. Right picture: the image after the application of the

correction algorithm which is explained in this section.

4.1 Prerequisites

Before we describe the correction algorithm two main assumptions are made about the correction
model. These assumptions are conisdered to be prerequisites for the proper operation of the correction

algorithm and its solution.
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4.1.1 Algorithm Prerequisites

()

(b)

(c)

The scene being processed is static relative to the measurement frequency. Any changes in the
scene between consecutive video frames (that are not due to camera motion) are small. Although

this seems restrictive it is almost always true because the camera operating frequencies are 30-

60Hz.

The detector element’s non-uniformity offset value is nearly fixed throughout the correction
phase. Changes in the offset values are allowed but should be small during the algorithm’s
execution. Since the correction time of the algorithm is a few seconds this is an unlimiting and

realistic assumption.

Some camera motion is present. The extent of the motion between consecutive frames can vary

from sub-pixel to a few pixels.

4.1.2 Solution prerequisites

(d)

(e)

4.2

We require that the correction algorithm is optimal at any given time. This algorithm, which
is scene based, has an advantage over conventional OPC methods. Conventional methods are
optimal only at a specific correction time. To ensure optimality through changes in the non-

uniformity offsets we enable continuous changes in the offset values.

We require that the OPC will be continous in time. This means that changes in the OPC
between consecutive frames must be small. The reason for this requirement is that big changes
in the OPC cause the view of the video sequence to blink. This requirement is not relevant to

conventional OPC (not scene based) because it computes its correction offsets only once.

Correction algorithm

In order to simplify the description of the algorithm, we first correct a one dimensional detector

(instead of the ultimate 2-D goal). Let us assume that the detector consists of a vector of N elements.

Two readings were taken of the detector‘s elements at time ¢t — 1 and ¢. Furthermore, it is known that

in the time unit that passed between the two measurements the detector moved by k elements (see

Fig. 5).
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Figure 5: The camera moved k pixels to the left between time ¢ — 1 and ¢. At time ¢ pixel ¢ is looking

at the same spot in the scene pixel i — k was at time ¢t — 1.

Using the one-point correction model introduced in Eq. 2.2 the two measurements at times ¢ — 1

and ¢ can be described by:

vigt=1) = sz—k(t —1)—o0ix(t—1)+n
f (4.1)
vi(t) = vl (t)—oi(t) +n
where vlf (t) is the output of element i of the detector at time ¢, v{(t) is the “correct” value of element

i, 0i(t) is the ith element offset (which we want to find and correct), and n is an additive temporal
noise with mean 0 and standard deviation o. The value of ¢ is defined by the detector’s temporal

temporal The value of o is determined during the detector’s manufacture or through

noise parameter o
statistics which was gathered during the detector’s operation. If we combine v§(t) = v{ (t —1),i =
1,..., N (prerequisite a.) with Eq. (4.1) we get 0; —0; § = vzf(t) —vf(t) — [vzf_k(t —1)—vf  (t—1)]+n

then
0; — 0 = vlf(t) - vg:k(t —1+n n=N(0,v20). (4.2)

Equation (4.2) is at the very heart of the correction algorithm. It defines the connection between
the non-uniformity offset o and the difference frame obtained from registering two consecutive video

frames. For the detector’s N elements we can expand Eq. (4.2) to a system of equations, :

01 —01 = v{(t) — v{_k(t —1)+n
(4.3)
_ — oh ) ot _
on —on— = vn(t) —ovh L (t—1)+n

Equation (4.3) is invariant to “global” offsets. This means that for a given solution o it is possible to
add a fixed offset to all 0;,0 < i < N without changing the validity of the solution. This property
is mentioned since the solution to Eq. (4.3) does not guarantee a unique correction. To ensure
a unique OPC we either impose a zero average constaint on Eq. (4.3) or normalize the average
of o after it is found. The reason for Eq. (4.3) invariance to global additions is demostrated in
the following: Assume o], = o; + C 0 < i < N then from o; — 0;—j = vlf(t) - vijik(t) we get
of — o, = vl () +C () + CT = o] (t) o], (®).

12



The system of equations (4.3) is not of full rank. This is because k # 0 causes i — k < 1 or
i —k > N. In visualization terms, the system includes border elements in frame ¢ that do not have
partners (match) in frame t—1 (see Fig. 6). In the 1-D case, a movement of k pixels causes the system
to contain N — k equations, where in the 2-D case a horizontal or vertical movement of k pixels causes

k rows or columns to be left out.

time W Wk
t cerrrrrrrrrrrrrrtrrrrtrrrrrr

W e
t] +—k— [ [T T TITTITTIITTIPTITTRT

Figure 6: The camera moved k pixels to the left between time ¢t — 1 and £. Some of the elements in

time ¢ do not have partner elements in time ¢ — 1 (marked in gray).

As a result of the singularity of the system the solution of (4.3) is not unique. To guarantee a
unique solution the stability of the offset, o, is used (prerequisite b.) and the system is extended to
contain equations produced over a number of frames. The new system of equations is of full rank with

a unique solution.

01 — O1—k(t,t—1) = U{(t) - U{,k(t,tfl)(t ~1)+n
N —k(t,t—1)
ON = ON—k(tt—1) = UJJ:T(t) - U]{[_k(t’t_l)(t —1)+n
01— O1_k(t414) = v{(t +1)— v{:k(t+1,t) (t)+n
: N —k(t+1,t) (4.4)

oN = oN_ktr1y = UNEH1) =N @)+

01 = O1—k(t4lt4+1-1) = vf (t+1) - U{;k(t+l’t+171) (t+1-1)+n
: N —k(t+1t+1—1)

ON — ON _k(t41,t+1-1) = ol (1) — U]fv,k(m,m,l)(t +1-1)+n

The solution of Eq. (4.4) results in a better approximation of o than that of (4.3) but its use is

still not recomended due to the following drawbacks:

1. Eq. (4.4) uses at most [ frames. The gathered data before time ¢ — [ is not considered (contra-
dictory to prerequisite d.). Naturally, the more frames used more accuracy is obtained. On the

other hand, using many frames is computationally expensive.
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2. The system is redefined every [ frames and no continuity restrictions are applied between con-
secutive computation cycles of Eq. (4.4). This is contradictory to prerequisite e. Discontinuities

in the OPC will result in a blinking video sequence.

4.3 Kalman Filter

Prerequisites d. and e. were used in section 4.2 to exclude the use of Eq. (4.4) for calculating the
OPC. This exclusion resulted from the fact that conventional methods for solving Eq. (4.4) do not
ensure continuity and do not maximize the use of the available data. One method to solve Eq. (4.3)
expanded over a few frames that satisfy the dynamic requirements of both d. and e. is to use a

Kalman filter. The Kalman filter tracks the non-uniformity in the video sequence.

4.3.1 Background

Kalman filter is an optimal linear adaptive (dynamic) estimator that is usually used in control problems
and tracking. The “optimality” means that the filter is LS optimal. Adaptive / dynamic means that
it enables the estimation to evolve through time as a result of changes in the inputs and according to
prior knowledge. Kalman filters are adapt to work in noisy envirnoments. Kalman filter requires the

definition of two models:
e A system model that describes the expected evolution through time of the system variables.

e A measurement model that describes the connection between the input data recieved and the

system variables.

The filter utilizes the two models in a two step approach. The first step is extrapolation and the
second is update. The extrapolation step uses the system model to extrapolate the values of the
system variables at time ¢ given their values at time ¢ — 1. The variable extrapolation does not use
input data recieved at time ¢ but only pior knowlegde of the system‘s behavior. The update step uses
the extrapolated variables at time ¢ and the input data at time ¢ to estimate a new variable value.

The estimation is based on the measurement model.

4.3.2 Kalman filter definition

Before describing the equations for the filter's two step model the following convention are needed.

These conventions were adopted from [19].
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System variables at time ¢. The (—) marks the extrapolated value
where (+) is the estimated value.

The input data at time ¢ (measurement vector).

The state transition matrix defines the evolution of the system variables
through time.

The problem definition matrix that defines the connection between the
system variables o, and the measurement z,.

The system model noise. The system model noise defines the inaccuray
estimate for the the system model. It has normal distribution with
zero mean and standard deviation Q.

The measurement noise. It has normal distribution with

zero mean and standard deviation R;.

The Kalman filter is defined by the subsequent equations:

. System and measurement models:

oy = P10, 1 +wim1, wy=N(0,Q)
zy = Hpo;+wv, vy =N(0,Ry)

. Extrapolation step:

. Update step:

or

0i(=) = P10, 4(+) (4.5)
P(=) = & 1P1(+)PL, + Qi
K, = PR()H{[H:P(-)H} + R]™!
P(+) = [ KeHP(-) (4.6)
0i(+) = o(—) + Ki[zy — Hioy(—)]
~1 N —1
Pr(+) = P (1) + H{ R H, (47

Ky = P(H)H/ R

The general operation of Kalman filter is illustrated by Fig. 7.
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Figure 7: The general Kalman filter model.

4.4 Kalman filter implementation

In this section we describe how the Kalman filter addresses the specific OPC problem. The OPC
problem is linear and dynamic, the measurements are noisy and we wish that the extracted solution
to be optimal. Therefore, Kalman filter is the right tool. The properties of the Kalman filter ensure
that both prerequisite d. (optimality) and e. (continuity) are obtained and preserved.

Equation (4.3) can be used as the measurement model of the Kalman filter. Rephrasing (4.3)

according to Kalman filter terminology we get

where z; is the meassurement data generated from the registration difference frame (between frame ¢
and t — 1), and H; is the system problem matrix. The construction of z;, and H; is explained in section
4.5.

If we wish to solve Eq. (4.8) in a non-iterative least squares method we need to find o, that
minimizes e? = (z — Ho)?(z — H5). This is achieved by setting %i; = 0, in other words, o, has to
satisfy o, = (HTH)"'H 2. .

To have a full Kalman filter description we will add the following system model
o, =10, 1+ Wi (4.9)

to the measurement model of (4.8). The system model describes the evolution of o, between consecutive
measurements according to a predefined behavior. In our case, o, is not expected to evolve (prerequisite
b.). We shall therefore assume &, = I.

If we combine our specific system and measurement models Eqs. (4.8) and (4.9) with the general

Kalman filter settings (described by Eqgs.(4.5) - (4.7)) we get a simplified set of equations:
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Pi(=) = B—1(+) + Q-1 (4.10)
1

P7Y+) = PN )+ HIR'H,, R;'= i (4.11)
K; = P(+)HI R;? (4.12)
0y = 041 + Ki[zy — Hi0,_] (4.13)

When we experimented with various values of Q; (Q; is the standard deviation value of w;) it was
found that using no system noise (Q¢ = 0) gives good results. This is explained by the stability of
0;. Another possible explanation is the use of finite precision calculations and approximation methods
throughout the filter's implementation. The bottom line result is that the value of @, can be set to
zero without decreasing solution accuracy or the dynamic properties of 0,. The specific instance of
the Kalman filter with ® = I and @; = 0 is an implementation of recursive least squares (RLS). The

use of the Kalman filter instead of the RLS is done to preserve the generality of the algorithm.

4.5 Generating o, z and H

To generate the vector z; and the problem matrix Hy, the warp between every two consecutive video
frames is needed. For now, let us assume that a “black box” registration module exists that produces
the correct horizotal and vertical translation parameters. More in-depth information about registration
considerations is given in section 4.10.

0; is the 1-D vector of unknown offsets. To create o; the 2-D detector array is scanned by rows
and every row is concatenated at the end of the previous row. The result of this operation is a vector
of length NV x M. Similarly, the vector z, is generated through the scan of the 2-D array that contains

the registration difference frame (this is illustrated in Fig. 8). Assume

then the definition of z, appears as

f .t _ / _ / _

vl () —v, (t—1 el0,...,.N—-1], 2'€]0,....M -1

2 y,w( ) Yy, ( ) Y [ ] [ ] (414)
0 otherwise

fori=0,...,N-M 1.
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Figure 8: The creation process of vector z;.

The problem matrix H, which implements Eq.(4.3), is given by:

1 i=j ¥y €[0,....,N—-1], 2'€][0,...,M —1]
hij=4q -1 j=W -N)+2, vy €l0,....N—1], 2/€[0,...,M —1] (4.15)
0  otherwise
fori,j=0,...,N-M — 1.

The matrix H created according to Eq. (4.15) is a sparse (N - M) x (N - M) matrix. It contains
up to two non-zero values per row. The matrix H is narrow banded with 1s on the main diagonal and
-1 on a secondary diagonal that is horizontally shifted by a few columns.

Because the algorithm has to work with sub pixel registration an improvement is introduced to
Eqgs. (4.3) and (4.15) by using nearest neighbor interpolation. The interpolation is used when k, or k,
or both are not integers. Instead of using 0;_j, in (4.3) we use a linear combination of its four closest
neighbors. The interpolated value of v,f:k, is obtained from the registration module that registers the
two frames with sub-pixel accuracy. Let | be the lowest integer part of the number, and T be the

largest integer part of the number. Assume that

a=ky— |k,
B=ky— | ks
then Eq. (4.3) is replaced with the following:

0y = B0y a—ke) + (& = 1)BON k)=o) + B = 10| (k)1 (a—he)
(& = 1)(8 = D)oy, 1k | = Rag(tst = 1) +n

where R, ,(t,t —1) is pixel (z,y) of the difference frame created by the sub-pixel registration between

(4.16)

frames t — 1 and ¢.
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The construction rule for the matrix H, that supports sub-pixel registration is given by:

for all y/ € [0,...,N —1],2" €[0,...

M —1].

i—j
j=[y N+ la
j=1[1y N+l
j=1[ly -N+14a
j=[y -N+14a
otherwise

(4.17)

The modified H has at most five non-zero entries in each row and it is still classified as narrow

banded, as demonstrated in Fig. 9.
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Figure 9: Two examples of the matrix H where the detector has 15 x 15 elements. The left picture is

a result of a 1 vertical and 4 horizontal units translation. The right picture is a result of a 1.2 vertical

and 3.5 horizontal units translation. Row i with the 2-D coordinate < i+ N — k,,i%N — k; > which

exceeds the detector boundries is zero (blank).

4.6 The sparsity of the matrices

4.6.1 The matrix H

As defined by Eqgs.

(4.17) the problem matrix H contains at most 5 non zero elements per row.

The matrix H is sparse and has a sparsity ratio (ratio between number of non-zero elements and

overall elements in H) of 5/A, where A is the detector area (N - M). For example, a detector of a

100 x 100 elements will have an H matrix which contains less then 0.05% non-zero elements (0.002%

for a solution that does not support sub-pixel registration).
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4.6.2 The matrix P; !

The inverse error covariance matrix Ptfl, used in (4.11), is obtained by itertively adding H} R, 'H,
to P;Y. Because R; ! is diagonal and given the structure of H and H” the resulting ;" will also be
sparse. The number of non-zero elements in P~! is bound by 3A(S2), where S, is the registration
search window diameter. The sparsity ratio of P! is bounded by 3(52)/A.

Proof:

1. R; ! is diagonal and therefore does not effect the location of non-zero elements.

2. According to Eq. (4.15) (for whole pixel registration) and the transpose operation definition, H}
contains at most 2 non-zero elements per row, i, at locations (¢,7) and (i,i+k) (k =k, - N + k,

is the 1-D equivalent of the 2-D registration warp).

3. According to equation (4.15) H; contains at most 2 non-zero elements per column j at locations

(4,4) and (5 + k, ).

4. The covariance inverse update can have only 3 non-zero elements per row at location (i, 1), (¢,7—

k), (i,i+ k). This is true since

AP #0 & (H/Ri'Hy)ij #0& hl;-hij+hli - hing #0
hi;-hij #0 & i=jori=j+k
hiivw - hisk 70 & itk=joritk=j+k

From this we derive

Apl #0=i=jori=j—kori=j+k

5. Since the number of possible k values is restricted by S2 the maximum number of non-zero

elements is bound by 3(52) per row.

6. The mMatrix HtT and H; that are used with subpixel registration are restriced to have non-zero

locations that are defined by the four nearest neighbours as apeared in Eq. (4.16).

Figure 10 illustrates the sparsity of the update matrix AP~ and matrix P~!. In the left figure
the size of the matrix is 10,000 x 10,000 and the number of non-zero elements in one update cycle is
29,000. While in the right picture we have 406,780 non-zero elements after 50 iterations of the Kalman
filter.

20



1000 _ 1o00 [
2000 | E 2000
3000 | 1 3000
4000 | 1 4000 |
5000 - . s000 F
g0io0 - &000 |
7000 | E 7ooo |
5000 - E &000 |
s00n | E 2000 |
10000 10000 -
o 2000 4000 6000 8000 19000 ! 2000 4000 B000 2000 fala'a]
nz = 29000 nz = 406750

Figure 10: Left picture: Matrix AP~! of a detector of size 100 x 100 and a registration translation of
(2,3). Right picture: Matrix P~! of a detector of size 100 x 100 created after 50 iterations of Kalman

filter. P~! has a sparsity ratio of about 4e — 3. nz means number of non-zero elements.

4.6.3 The matrix P,

Equation (4.12) requires the inversion of the sparse matrix P}, Because P is the covariance error
matrix it is expected from the physics of the problem that P is sparse. The reason is that the
mutual error variance of distant elements should be zero. But, since sparse matrix inversion does not
guarantee sparsity the use of an inversion method can destroy the sparsity format. Furthermore, even
if P is sparse it can not be guaranteed that temporary matrices used during the inversion of P~! are
all sparse. Computational inaccuracies can also reduce the sparsuty of P by creating small non-zero
elements.

We present two possible solutions for the implementation of the Kalman filter.

4.7 Solution I: Straight forward method

The straight forward method for solving the Kalman filter equations Eqgs. (4.10)-(4.13) is to use the
inverse operation on Ptfl. The resulting matrix P; is then used to calculate K; and 0.

As a reminder let us first review the sizes of the vectors and matrices involved in the Kalman filter:

A = N - M (detector area in elements)
size(0) Ax1
size(z) = Ax1
size(H) = AxA
size(P) = AxA
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4.7.1 Memory requirements

The vector z and the matrix H are recomputed in every iteration according to the registration results.
Both can be computed on the fly and therefore require O(1) memory. This does not include O(A)
memory needed for the registration module. The vector o and the inverse covariance error matrix P~1
has to be stored during the entire run of the algorithm. The memory needed to store o and P~! is

O(A). The memory needed for the inverse of P~1 is O(A?).

4.7.2 Computational requirements

Because of the size of the involved matrices it is assumed that all the operations on sparse matrices are
done utilizing the matix sparsity. Implementing the Kalman filter as decribed in Eqs. (4.10)-(4.13)

has the following complexity:

P =P Y + HI'R 'H, — Theindices of P, ! to be updated are known and their number is bounded
by 3A. The value of H! R; ' H; for each of these indices can be calculated in O(1) time because

the location of the non-zero indices in H} and H; is known. Overall requirements to update

Plis O(A).

K, = PH'R7! — Inverting P, ! requires O(A%). Multiplying the non-sparse P; with the sparse H;
requires O(A?).

0, =04 1+ Ki(z; — Hio, 1) — Multiplying the non-sparse matrix K; (of size A x A) by a vector of
length A requires O(A?) operations.

The overall computational requirements of one iteration of the filter assuming sparse implementation

is therefore O(A3?).

4.8 Solution II: Conjugate Gradient method (CG)

To better utilize the sparsity of P,' we use an iterative method to avoid the need to invert the matrix
P!, By using algebric manipulation to restate Eqs. (4.11), (4.12) and by assuming A, = Pt b =
HY R ' [z, — Hydyy] we get

xy = A7y,

) ' (4.18)
o(+) = 01+

Conjugate gradient [16] is iteratively applied to to solve Eq. (4.18).

4.8.1 Memory requirements

As shown in 4.6 the matrix Pt_l is sparse and requires 352 A memory. The matrix P; is not used in

the computation. Appliying conjugate gradients to solve zy = (P;7") b, requires O(A) memory.
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4.8.2 Computational requirements
Implementing the Kalman filter as decribed in Eqgs. (4.10) and (4.18) requires the following operations:
Pt=pP Y + HI'R/'H, — Same as in staight forward method.

by = HtTR;l(zt — Hi6;_1) — Since H and H' have at most 5 non-zero indices per row/column and

their locations are known, multiplying the matrix by a vector takes only O(A) operations.

Application of the conjugate gradient to solve x; = (P ')~1b; requires O(A) time per iteration.
Altough theoretically the number of iterations is bounded by A, experimental results show that ten
iterations (even five) result in a satisfactory accuracy of ;. If a constant is used to limit the number of
iteration of the CG the overall computational requirements for this computation is O(A). The overall

complexity of a single iteration of the Kalman filter is therefore O(A).

4.9 Bad elements detection

The detection of bad elements is based on the fact that a bad element does not behave according to
(4.1), and therefore can not be solved correctly using (4.2). When we have a bad element 4 (vzf (t) = C),

with a “good” registration partner (match) ¢ — k we recieve the following estimation error:

|20 = Hyorl, = |2i(t) = [oi(t) = oi st = V]| = o] (8) = vl (¢ = 1) = [0i(t) — 0;(t = 1)]]
Or ik (t = 1) m ol (t—1) —vf_y(t —1)

and from these we get

|2y — Hioy|; ~ }Oi(t) + it —1) — C‘ . (4.19)

Equation (4.19) shows that the estimation error of a bad element |z, — Hyo;|; contains the scene
value component of element i — k. The scene value v{_,(t) changes in time because of the camera’s
motion and the change in the value of k. As a result 6; can not converge to a specific value (for example
() and the estimation error will remain high. The detection of bad elements is done by averaging
over time the estimation error |z, — Hyo;|. A threshhold is then set to differentiate between good and
bad elements. This threshhold can be set as an absolute value or can be defined statistically from the
detector’s behavior. Since element “death” (the process in which an element changes from good to bad)
is not frequent the averaging period can be very long. Using a long averaging period reduces the effects
of system noise and improves detection reliability. Using this method for bad element detection has
the added benefit of detecting “blinking” elements (elements who's output changes between different
constant outputs, usually on and off). This property results from the use of the estimation error and

not the element‘s absolute output. Figures 11,12 and 13 demonstrate the output after the average in
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time of the estimation error of a detector with bad elements. Figures 11 and 12 demonstarte the effects
of the various averaging times (100, 150 and 350 iterartions) on the estimation error noise. Longer
averaging time produces better distinction between good and bad elements. Figure 13 demonstrates
the use of a statistical thresholding of 3¢ (o is calculated relative to all elements in the detector) to

detect bad elements.

14

Figure 11: Left picture: Original map of bad elements. Right picture: average value of |z, — Hyo]

after 100 iterations.

Figure 12: Left picture: average value of |z; — Hyo;| after 150 iterations. Right picture: after 350

iterations.

24



Figure 13: Map of detected bad elements after 150 iterations and a threshold of 3o.

4.10 Image registration

Video frame registration has attracted a great deal of attention and has been used in veriaty of
applications such as video compression, tracking, computer vision etc. (see for example [20, 21]).The
registration model used for defining H; (see Egs. (4.15) and (4.17)) and z; (see Eq. (4.14)) assumes
camera motion is made of pan and tilt operation only. This motion model is restrictive, not allowing
for camera roll, zoom or non-rigid transformations and was selected for its simplicity.

The proposed correction algorithm is not depedent on the registration model that assumes only
pan and tilt movements. The algorithmm can support any registration model or technique available
with the proper adjustments to the H matrix formulation law. For example, H matrix that supports

roll of 6 radians (around optical center) is defined by:

assume:
y = (i+N)
r = (i%N)
ro= V=574~ 5
y—N
a = tan—! < % | +6
=3
y = % +r-sin(a) — ky
¥ = M t+r-cos(a) — kg
i =y -N+a
then
1 i=j
h(ky, ke, 0)ij =4 =1 j=j, 0<y <N,0<a’' <M
0 otherwise

Similarily, updates to the corrections method which support affine transformations or even optical

flow algorithms can be easily incorporated. It is important to remember that the registration algorithm
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needs to function in a noisy envirnoment with correlated noise. The non-uniformity has fixed pattern
that tends to affect the registration quality. We suggest that the chosen registration algorithm should

either adapt to correlated noise or that appropriate preprocessing is applied on the images.

5 Experimental results

5.1 Development environment

The results which are reported in this section were generated with MATLAB 5.3. The computer
used to generate the results was a dual processor Pentium III 550MHz computer, with 256 MB RAM
running under WinNT. They implement the correction algorithm which was decribed in section 4.

The sparse data structure of MATLAB was heavily used.

5.2 Source of raw material (input video sequences)

The results are based on video sequence produced by using a 320 x 240 element thermal camera. The
cameras detector is manufactured using InSb technology. Detector wavelength is 3 — 5m. Each pixel

is a grey level of 8 bits. Two video sequences where used to test the correction algorithm.
Sequence 1: 1000 frames of urban scenery. The viewing area is approximately 6 x 6 meters.
Sequence 2: 200 frames of urban scenery. The viewing area is approximately 3 x 4 meters.

Because the camera that captured the sequences applied two-point non-uniformity correction on
the source images, artificial non-uniformity was added to the original sequence in order to simulate
a real situations. The artificial non-uniformity added is stationary (does not change in time) and
additive (offset only). This type of noise reflects most of the real scenarios. This sequence was then
passed to the correction algorithm for removing these added patterns. Three distinct non-uniformity

patterns where added as a test-bed of the algorithm.

Pattern 1: Non-uniformity patterns that were captured from the camera.

26



Figure 14: Pattern 1: non-uniformity sampled from thermal camera.

Pattern 2: Synthetic non-uniformity with horizontal features.

Figure 15: Pattern 2: synthetic non-uniformity with strong horizontal features.

Pattern 3: Synthetic pattern that contains features that help to evalute the spatial frequency.
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Figure 16: Pattern 3: synthtic pattern used to check correction algorithm’s spatial frequency sensitiv-

ity.

5.3 Performance evaluation of the correction algorithm

The correction success is measured according to the following criteria: a. Subjective view of the
sequence of the corrected frames: We expect that the corrected frames will not contain new artifacts
that were not present in the original frame. b. Subjective view of the residual non-uniformity frame:
The residual frame contains the difference between the artificially added non-uniformity and the
corrected non-uniformity frame. c¢. Behavior of the of the global residual non-uniformity along time:
The global residual non-uniformity is defined as the 2-D standard deviation of the residual frames.
Propogation of the residual error, given by standard deviation norm, is visualized in the subsequent
graphs. The residual non-uniformity error should decrease with time. It is especially interesting
to see the rate of decrease of the residual non-uniformity error. d. Behavior of the of the local
residual non-uniformity along time: The local residual non-uniformity is defined as the average of
the 2-D standard deviation values calculated on non-overlapping 20 elements windows of the residual
frame. Propogation of the local residual error, given by standard deviation norm on small windows,

is visualized in the subsequent graphs.

5.3.1 Performance of the non-uniformity correction algorithm

In this section we describe the results of the application of the correction algorithm on two sequences.
The correction was applied on a portion of 150 x 150 elements out of 320 x 240 elements. The use
of a portion of the entire detector is due to computational limitations. A real time variation of this

algorithm removes this computational limitation (see section 77).

1. The results in this section are based on processing sequence 1, frames 250 — 450 (out of 1000

frames). Pattern 1 was added to the original sequence. Figures 17 — 25 illustrate the frame
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sequence correction. The residual non-uniformity (RNU) of the original non-uniform sequence
is 23. After 30 iterations of the algorithm (1 second at 30Hz) the RNU is down to 7.5 (Fig. 25).
This is also supported visually by Fig. 22 that has litle visible non-uniformity.

Figure 19: After 7 iterations. Left: non-uniform, center: corrected, right: residual.
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Figure 20: After 10 iterations. Left: non-uniform, center: corrected, right: residual.

Figure 21: After 19 iterations. Left: non-uniform, center: corrected, right: residual.

Figure 22: After 31 iterations. Left: non-uniform, center: corrected, right: residual.

Figure 23: After 61 iterations. Left: non-uniform, center: corrected, right: residual.
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Figure 24: After 121 iterations. Left: non-uniform, center: corrected, right: residual.

Residual non-uniformity

25

20

o A
AN
L

I:l T T T T T T T T T T T T T T T T T T T T T T T T T T T T T T T

— m Pk~ W M = m Pk M = @M kM = W
— ™ ™M = = Wy w0 ~ 0 o m O —
- = o~

residual error

iterations

|—glnbalscnre —— loczalzcare

Figure 25: The residual error (standard deviation units) of global and local non-uniformity along time.

2. The results are based on processing of sequence 2 frames 1 — 200 (out of 200 frames). Pattern

2 was added to the original sequence. Figures 26 — 34 illustrate the output of the application of

the correction algorithm.

Figure 26: After 1 iteration. Left: non-uniform, center: corrected, right: residual.
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Figure 30: After 16 iterations. Left: non-uniform, center: corrected, right: residual.
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Figure 32: After 61 iterations. Left: non-uniform, center: corrected, right: residual.

Figure 34: After 166 iterations. Left: non-uniform, center: corrected, right: residual.
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3. The results are based on processing sequence 1, frames 250 - 450. Pattern 3 was added to the
original sequence. The correction was applied on a portion of 160 x 160 elements out of 320 x 240
elements, while using 6 x 6 tiles with 30 x 30 elements in each tile. The tile overlap width was
set to 4 elements. As can be seen in Figs. 35 - 37 the non-uniformity of all spatial frequencies

was corrected.

Figure 35: After 7 iterations. Left: non-uniform, center: corrected, right: residual.

Figure 36: After 31 iterations. Left: non-uniform, center: corrected, right: residual.

Figure 37: After 131 iterations. Left: non-uniform, center: corrected, right: residual.
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Figure 38: Residual error (standard deviation units) of global and local non-uniformity along time.

We can see that as the number of iterations increases the residual error decreases.

6 Conclusions and future work

This paper introduces an algorithm for correcting one point non-uniformity. The correction algorithm
is scene based and relies only on the camera’s video sequence for the correction procedure. The
correction is accomplished by utilizing image registration and Kalman filtering. The Kalman filter
is used in order to track the correction values evolved in time. The algorithm does not utilize any
low pass filters that reduce the performance of the detector. No visible artifacts or unwanted features
are produced after the application of the algorithm. The correction algorithm has a high convergence
rate. Experimental results indicate that most of the non-uniformity is removed within 30 iterations
of the algorithm (less then 1 second at sampling rate of 30H z). A window based variant of the base-
line Kalman correction algorithm was also introduced. This modification improved the algorithms
execution speed without demaging the correction quality. A parallel implementation of this window
based correction algorithm is also possible. Both the base-line and the window based correction
algorithms have a linear memory and computational requirements.

This work can be extended to a number of directions. The correction algorithm and the correction
program can be extended to support more complex registration models like affine transformations and
optical flow. It is also interesting to extend the algorithm to support non-stationary scenes (scenes that
contain moving objects). The non-uniformity correction model can be extended from offset correction
to linear correction and even to non-linear models. This direction is relevant for the implementation of

a Kalman based correction to different types of cameras and to different types of distortions. Another
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possible research direction is the development of a realtime implementation of this algorithmn (probably

hardware based).
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