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bias V~-I curve and calculate R, = AV/A7 from that tangent line. Report

R, and R,A.

nother measure of the “health’’ of
the diode and should be noted. Although jt is clear that breakdown is

occurring, the definition of V, is not universal. You may define it as the
voltage at which the slope is twice that in the reverse straight-line segment,

or where the slope or cuirent reaches some predetermined threshold.
Indicate ¥, and record it on your report.

5.2.3. V-IData for Photoconductors

do so. Instead, one measures or is given one or two volia
Or may only have the resistance values: R = V/J, These measurements
are often made at the blackbody test set while measuring signal and noise;

the primary Purpose is to determine and document the bias conditions
that maximize S/N.

Although not a normaj part of testing,
plot V-1 data for a photoconductor gver
voltages. The V—J curve is much more ge
tectors, but deviations from linearity do occur and

£¢, current pairs,

it is instructive to acquire and
a wide range of currents and

5.3. NOISE :

Noise measurements are essential ingredients of detector characteriza-
tion. Noise is defined as the rms deviation of the detector output from
its average value, It can be determined from a number of digita] samples
of the detector output, from an analog meter conaecied to the output, or
€ven estimated from a visual examination of ap oscilloscope trace.

5.3.1. Digita] Calculation :

Noise can be calculated from digitized sam

ples of the detector output: It
is the standard deviation of the population (

o) of the detector output volt-
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age (or current). Several algorithms for computing the standard deviation.
are available. These are usually implemented in software or firmware,

Direct Method. One way to determine noise is to apply the definition
directly. First, caiculate the sum of all the values, and the mean. Then
g0 back through the list of values, calculating the deviation from the mean,
the squares of the deviations, their sums, and the square root of the sum
divided by J - 1:

’

STANDARD DEVIATION OF THE POPULATION

where

(5.2

)

This process could be called a brute-force, or two-pass method, It is
straightforward but requires that we save or store all the values, then go
through the list of values twice: once for the mean value, once for the
deviations. In some situations this can be undesirable; it may take too
much time or too much data storage space. Once you have computed the
noise, the decision to include a few more values requires you to start over

and repeat the entire process with your new (larger} data set. Methods
are available that avoid this problem.

Sum and Sum of Squares. The standard
nipulated to provide an al
and sum of the squares.

deviation definition can be ma-
gebraic expression that requires only the sum

STANDARD DEVIATION FROM “SUM AND SUM OF SQUARES”’

J
23 - X2 T
J— 1 -

0_2

(3.3)




all the individual values—just
number of samples summed).
-asily. When enough samples have

- (The required number of sam-
ples is discussed in Section 5.3.2.)

The advantages of the sum and su
storage space is required and the calculation is fast. Additional samples
can be included without starting over, The only limitation is that the sum

of the squares can sometimes become a vary large number, overflowing
the availabie data storage capacity,

Sum and Sum of Squares, with an Offset, If We can estimate ahead of time
what the average value will be, we can offset all values by that estimate
before calculating the sum and sum of squares (Equation § -4}, This allows

numbers, perhaps avoiding the overflow problem,
The offset can be added back to the average value, and the noise needs

no correction since the deviation is unaffected by a constant offset,

STANDARD DEVIATION WITH AN OFFSET

o(x) = o(x") (5.4a)
=3 +C (5.46)
X; —VC {5.4¢)
C = offset used (5.44)

This is a usefu] techni
hand. One limitation i
and that inevitably in

que, even when calculating means and sigmas by
s that it requires some estimate of the final mean,
volves some loss in generality in the process,

5.3.2. Errorin Digital Noise Measurements

it, error
ation process (quantization error), and in the
computer itself (round-off error). In any noise determination (digital or

analog) there is error due to the fact that a finite data set provides only
an estimate of the noise associated with the entire population of output
values. In the following sections we discuss these three sources of error.

DETECTOR TESTING
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accumulate. This can be g limiting contribution to no

i ise accuracy, and in
fact, one can reach the point where acquisition and processing of more

and more samples, in an attempt to improve accuracy, can actually redyce
the accuracy. Analysis of these computer rejated errors and algorithms

by Hanson (1975}, Chang and Lewis

digitizer covers a range R (either zero to R, or from —R/2 to + R/2) with
K bits, the LSB is given by

LSB = — (5.3)

For ‘example, for 12 bits, 2% s 4096, s0 a 12-bit s

ystem Can represent g
10-V range with a resolution of 2,44 mVv:

0V
= —-—27
LSB 4096 2,44 mV

Digitization introduces a signal error whose absolute value is between
Zero and LSB/2.

If the LSB is less than about two times the detector noise being mea-

+LsBr
€° de
f ~LSBA2 LSRB?

(rms error = ———____ LsSB*

f +1.5B/2 dE 12

—L3B2
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For LSB values that exceed about two times the detector noise, quan-
tization can distort the data in a way that is difficult to predict, The re-

EFFECTIVE NOISE DUE TO QUANTIZATION ERROR

Quantization noise =~ E\% ifLSB <2 x anticipated basic noise

(5.6)

Quantization noise becomes more unpredictable as LSB exceeds the basic
noise; it can be as large as LSB/2. or can be zero,

Effect of Sample Size on Error in Noise Measurements. If we calculate the
noise from J independent (as defined below) signal v
value of the deviations from the average ier,
uncertainty (1 o, or 1 standard deviatj i i

Mandel (1964, p. 236), as seen in Egs. 5.7 and 5.8.

Table 5.2 Uncertainty in Noise Measurements for Different
Numbers of Independent Samples

Probability (5%} That Noise Is within
Specified Percentage of "Correct™

Number of Value
Samples 68% 95% 99.7%

10 22 45 67

30 .13 26 39

100 7 14 21

300 4 8 12
1000 2 5 7
3000 1 3 4

For 100 samples there is a 68% probability that the result s within
7% of the “‘correct’ values, 1t requires 3000 samples for 95% con-
fidence that the value js within 3% of the “‘correct” value.

A Rl ke
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Anaiog voltage Digitized voltage

*—&—— ./ Apparent noise
M L4 is zero

L1,
1234586 771

f%'_ {a)
g — -
£ . . *-— J+1
& . .
% . ¢
¥ *—p - J  Apparent rms noise
1 2 3 4 5 5 1 2 3 4 5 5 is LSB/2
J-1
)]

Figure 5.3. Large quantization effects mask actug) noise; {a) overage near one digital level;
(b) average between digital levels,

UNCERTAINTY IN NOISE DUE TO FINITE NUMBER OF SAMPLES

noise .
Vo7 (5.7)

UNCERTAINTY EXPRESSED AS A RELATIVE NOISE ERRO

Thoise =

Onoise _ 1
noise  V2J 58

~ The 1, 2, and 3¢ values are
and figure are based on the
noise values and the normal

given in Table 5.2 and Figure 5.4. The table
formula above for the standard deviation of
curve of error (discussed in Chapter 6).

-
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100%

1%

i : 10 100 103 104
Numberofsarnples

Figure 5.4, Relative uncertainty in noise versus sample size,

Example I: If noise is determined from the rms dev

there is a 68% probability (sometimes referred to
* the result is within 7% (Table 5.2) of the **
ability that the result is within 145 of the *

iation of 100 samples,
as lo probability) that
true™” value, and a 95% prob-
‘true”’ value (Figure 5.4), "

Example 2: To be 95% certain {i.e., 20) that the noise is within 1% of

“‘correct™ requires about 20,000 samples (Figure 5.4). =

Mandel (1964) comments that ‘i is a deplorable misconception, based
on ignorance or disregard of elementary statistical fact, that small samples
are sufficient to obtain satisfactory estimates of variability.”’

The noise uncertainty expressions given above assume that normal or
gaussian statistics apply, and that the samples are independent. White
noise obeys gaussian statistics, but-other types may not. l/f noise is one
that does not,

Samples are independent as long as they are taken at a rate less than
2Af, where Af is the noise equivalent bandpass of the system. If the signal
is measured by an analog device that integrates for time ¢, the number of

independent samplesis ¢ x 2 X Af, and the integration time required to

include # independent samples is t = p/(2 Af)‘.
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Example: With a 20-Hz equivalent noise bandwidth we can take inde-
pendent data no faster than 40 samples per second. To acquire 20,000

samples would take 500 s, more than § min. a

3.3.3.  Analog Measurements of Noise: Meters and Their Errors

Analog meters with which one could attempt to measure noise fall into
three general types:

Meter 1 simply averages—it is called an average responding meter. It
is of no use to us as a noise meter; it always reads the average
value—either just the signal, or zero if there is no signal.

Meter 2 actually averages the square of the wave, then takes the square
root—it is a rrue rms meter. It is ideal, and we should always use
such a true rms meter if we can get it,

Meter 3 averages a rectified wave., It can be used, but will read gaussian
noise low by a factor of 2/\/= {about 1.128). This occurs because a
meter like this is generally calibrated so that it displays directly the
true rms vaiue of sinusoids. To do this, the scale is “fudged™ to
display a value % V2/4 (about 1.1T) times the average of the full
wave rectified deviation. The rms of noise with a gaussian distri-
bution is V22 (about 1.25) times greater than the average of the
rectified deviation. Thus readings gaussian noise made with such a

meter must be multiplied by an additional factor of 2/V'ar (about
1.128).*

5.3.4. Bandwidth for Noise Calculations

The bandwidth of electrical circuits afects the noise that passes through -
the circuit. For a perfect square filter the bandwidth is clear, but for a
filter that *‘turns on™ and “‘off” more gradually, the equivalent noise
bandwidth must be calculated from the circuit gain as a function of fre-
quency. This equation is given by Hudson (1969) in terms of the power
gain G(f), and by Jones et al, (1960) in terms of the voltage gain g(f). It
appears here as Eq. 5.9. One way to do the indicated calculation is to
plot (on linear paper) the square .of the voltage gain versus frequency,
determine the area under the curve, and construct a rectangle of height

* Jones et al, {1960, Sec. 3.7) comments on this source of error, but states that the meter
will read Jow by 0.9003. This is apparently an error; the 1,128 value is well documented

" elsewhere (Hudson, 1968. pp. 317, 318; General Radio Company, 1963, p. 4; Marconi In-
struments, 1965, pp. 18-22), .
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Same area as the curve, The width
¢ bandwidth (see Figure 5.5),

EQUIVALENT NOISE BANDWIDTH FROM VOLTAGE GAIN
| . (Teth)?
Af = L [go ] af | ©9)

where g(f) is the voltage gain at frequency f and 8o is the maximum

voltage gain.

gh frequencies at 3 4B
€ to a voltage pulse is a

EQUIVALENT NOISE BANDWIDTH;: SINGLE-

POLE FILTER

i
4

(5.1

g5

2
2 -~ Sout{£).
£ [S-m(f)}

Figure 5.5,

Equivalent noise bandwidih,
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5.3,
EQUIVALENT NOISE BANDWIDTH: INTEGRATOR - .
Af = I 5.1
f= 7 . (5.11)

5.3.5. Characterization of Low-Frequency Noise

Most semiconductors exhibit increased pojse atlow frequencies, as shown
in Figure 5.6, For some devices this excess noise spectral density fits the
following equations:

power =x ch (5.12a)

Noise that fits those equations is 1/f noise. (Note that 1/f nejse voltage
varies as one over the square root of frequency.) Very often we refer to

of 1/f noise can afso be conveyed by a single number—the frequency that
divides the €XCess noise region from the white noise region. The higher
this frequency, the higher the iow~frequency noise will be (see Figure
5.6), .

The critical frequency can be defined and determined in several ways,
Since the results will not be the same (unless the nojse obeys the assumed
1/f relationship exactly) it i important thai fveryone involved reach
agreement on which method will be used.

The real need is not for 1/ f corner frequency. Remember that the cus-
tomer’s ultimate concern js probably not really the 1/f corner frequency,
but rather Some system-leve] effect {(such as flicker, or uniformity drift)
which we know ig related to low—frequency noise, but whose dependence
on low-frequency noise is complex and generally only poorly understood.
The corner freque_ncy'is Jjust an altempt to get handle on a more com-

of time refining the 1/f corner frequency definition unti] the real system
need is equally wel] identified and characterized,
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Low-frequency naise
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Figure 5.6. Noise spectral density,

This is particularly trie since 1/f noise i
reliably sj

required between 50 and 300 Hz the pre
further complicate detecto

sence of 60-Hz line noise wi]l
r 1/f nojse characterization.

oy
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The most complete and accurate way to
ise is with g plot of noi

S g gt .

3-dB Freguency. We are sometimes requested to condense the low-fre-
quency noise information into just

one number. One way to do that is to
provide the 3-4B Jregquency fian: the frequency below which the excess
noise is 3 dB* above the white noise (see Figure 5.7). This definition works
even if the noise does not obey ¢

he 1/f equation.
Determination of fadp as defined here requires narrowband noise mea-

near the expected fiqp,

e Ly

*“3dB" and “a square root of 2 in voltage ratip™
speaking, 3 dB is g voltage ratio of 10 to the 3/20
0.1% of the square root of 2. For most purposes 1

are often used interchangeably. Strictly

power (14125 ., .); this is within about
his is entirely adequate,
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Figure 5.7, 3-dB frequency can be defined even if n(f) does not obey simple equation.'

Corner Frequency. Another way to characterize low-frequency noise with
one number is to provide the corner frequency f.. To visualize this defi-
nition (and to determine f. graphically), plot the noise spectral density
on log paper and draw two straight-line approximations: one for low fre-
quencies and a horizontal one for the high frequency (white noise), as in
Figure 5.8. The corner frequency is the frequency at which the straight-
line approximations meet. This ‘“works™ if the noise can be approximated
by straight lines on log paper, which is equivalent to saying that the noise
obeys a power law: The square of the noise voltage varies as 1/f to some
exponent a. {a is 1 for true 1/f noise.) If this is not true (see Figure 5.7,
for example). the corner frequency is ambiguous and not a very useful
figure of merit.

If the corner frequency can be defined. and if the noise varies smoothly,
the corner frequency and the 3-dB frequency are equal: At the corner
frequency the 1/f and white noise are equal, so the total noise speciral

fe - iog 7

Figure 5.8. Corner frequency can be defined only if log #n’ versus log f is linear at high
and low frequencies. ' '
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, n? —n2
n - 17
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Figure 5,9, Noise measured in two narrow bandpasses allows determination of corper
frequency, '

density equals the square root of two times the white noise spectral den-
sity; this is 3 dB {within acceptable error).
If the foregoing conditions are met, the total noise spectral density is

given by
n* o= nzwhitc [(?) + 1] (513)

where a is the €xponent mentioned earlier.

Corner Frequency from Two Data Points. If the noise obeys a known
power law (including, but not limited to 1/f} the corner frequency can be
determined without measuring the complete

The equations are most easily derived if we know the noise spectral
densities at two discrete frequencies (see Equation 5.14¢ and 5.1454).

RO 28 At Ty < 43 ety

1/f CORNER FREQUENCY FROM TWO NOISE SPECTRAL
DENSITIES '
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2
fe=1i (%) if fi << fcand £, > f, (5.145)
2 .

where f and f, are the center frequencies of the narrowbands, and #,
and n; are the corresponding noise spectral densities.

It is not essential t0 measure the noise spectral density using narrow-
bandpass filters. The bandpasses of Figure 5.10 could be used, for ex-
ample. In that case the formulas are more complex and depend on the
shape of the electrical filter characteristics, Once again, all these methods

will yield different values uniess the actual nojse obeys our ““ideal”’ for-
‘mula,

Considerations in Selecting the Bandpasses for 1/f Determination
1. Integration times for any desired accuracy are less if wide band-
widths are used.

2. Equations are simpler, derivations are easier. and accuracy is bet-
ter if

a. One measurement is limited to frequencies much less than f.,
and one much greater than f.

b. A narrow bandpass is used for the low-frequency filter.

. If a narrow frequency bandpass is used, noise at discrete frequen-
cies (60 Hz, for example) can contaminate the results easily, The

SRR R T iy

w
L]

{i—
L

logn

Filter 1 Filter 2

e e ey,

II
z \ ' / \.

logf

Figure 5.10. Wide bandpass electrical filters can be used to determine corner frequenéy,
but the analysis is more complicated.
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L

Actual £, Inferred Fe fog F

Figure 5.11. Error in determining corner frequency results if the n(f) dependence is not
as assumed,

e e e e e vt

wider the bandpass, the less effect a discrete frequency probiem
will have,

Figure 5.10 shows a filter combination that works well. The low-fre-
quency filter has a bandpass that is about 25% of the expected corner
fequency and is centered well below the expected corner
high-frequency filter has a broad band
I/f corner frequency and wel] below 3
The closer the spectral density is t quation. the better
different methods wij] agree, Generally, detectors of the same type wil]
istics, and ainy one method will allow

B

gree to determine an *“‘effectjve" corner

ying one of thege algorithms to our data, withour gues-
shape of the noise spectral density, The resulting am-

biguity or loss of accuracy is the price we pay for attempting to describe
a spectral phenomena with Jjust one number. See Figure 5.11 for an ex-

ample of such an error,
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5.4. BLACKBODY SIGNAL AND RESPONSIVITY
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