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Experimental Technigues
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Checking Understanding: Propagation of Uncertainties

Suppose we want to confirm the value of g, the acceleration
due to gravity
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Checking Understanding: Propagation of Uncertainties

How can we track error
propagation?
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Checking Understanding: Propagation of Uncertainties

How can we track error
propagation?

g = 4n°l/T?
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Checking Understanding: Propagation of Uncertainties

How can we track error
propagation?

g = 4n°l/T?

General Formula for Error Propagation: If g = g(x, ..., z) 1s any function of
b z, then

2 2
oq = \/(a—qﬁx) +--°+(a—q82)
ox 0z

(provided all errors are independent and random)

and

(always). [See (3.47) & (3.48)]

We can apply the general formula



Checking Understanding: Propagation of Uncertainties

How can we track error
propagation?

g = 4nr°l/T?
[ (cm) T (sec) g
all +0.1 all +0.001 (cm/s?)

93.8 1.944 980
70.3 1.681
45.7 1.358
2452 0.922

to estimate uncertainty

How can we leveragelfepeated measure

directly from data? A: Statistics!
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First, which types are errors can be estimated statistically?

Random Errors: uncertainties that can be revealed by repeating the
measurements

Systematic Errors: errors that are not random are systematic



Consider timing the revolutions of a turntable using a stop watch

maybe we want to test whether a vintage record playing is at the correct RPM
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Conceptual example: ‘experiment’ is series of ‘shots’ at target
accurate measurement == center of target. qualify systematic and
random error for each (small or large)

rl\l\(lc);w\ ", 6{"/\\‘ | “o‘n()ohl ‘51’"\“ [MAM . ‘&r% ” Q |
AW aFen-bee smat] S gtemateL | VORI 3 Ravhre s 5my ACAL -




In reality we don’t know the target!
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Errors are not always clear cut

random errors in one experiment may produce systematic errors in

(Correct View)
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Dealing with errors
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Statistics: the very basics
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Statistics: the very basics
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How can we estimate uncertainty from our five measurements?
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What is a standard deviation?

{4 SE80 9 A P A |

X2 X 3 Xq Yg



Trial number Measured value Deviation
I X; d = x; — X

71 ~0.%
72 o-Z
72 o-t
73 \- Z
71 -0-9

h &5 W N =

Zx,- — 359 Edi — 0
mean, X = JXx;/N = 359/5 71.8



Definition of standard deviation



Bessels correction




Standard deviation as uncertainty of a single measurement
assumption — errors are random normally distributed
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Standard deviation of the mean (standard error)
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CH.5 The Normal Distribution
Histograms and Distributions
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Histograms and Distributions

23,24, 24, 24, 25. 25, 26. 26, 26, 28. we¢ (& or I

Table 5.1. Measured lengths x and their numbers of occurrences.

Different Values@ 23 24 25 26 27 28
Number of times Tound, #, 1 3 2 3 0 1
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Histograms and Distributions

Table 5.1. Measured lengths x and their numbers of occurrences.

Different values, x; 23 24 25 26 27 28
Number of times found, », 1 3 2 3 0 1
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Histograms and Distributions

Table 5.1. Measured lengths x and their numbers of occurrences.

Different values, x; 23 24 25 26 27 28
Number of times found, », 1 3 2 3 0 1
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Histograms and Distributions

What about for ‘untidy data’
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Table 5.2. The 10 measurements (5.9) grouped 1n bins.

Bin 22 to 23 23 to 24 24 to 25 25 to 26 26 to 27 27 to 28
Observations
in bin 1 3 1 4 1 0




Histograms and Distributions

What about for ‘untidy data’
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Histograms and Distributions

Table 5.2. The 10 measurements (5.9) grouped in bins.

Bin 22 to 23 23 to 24 24 to 25 25 to 26 26 to 27 27 to 28
Observations ( "
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PURSUIT ERROR
HISTOGRAMS n




Example of histograms from real experiments
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Example of histograms from real experiments

Subject 11, Full blood, 1gG2b, d7 Subject 16, Full blood, 1gG2b, d3
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It’s really easy to visually test hypothesis with histograms

Heights of U.S. Adults by Gender

Gender

Female
Male

3

Frequency
S

N
=)
1

10 -

144 152 160 168 176 184 192
CM



Histograms with matlab

histogram R2022b

Histogram plot expand all in page

F N

Description

Histograms are a type of bar plot for numeric data that group the data into bins. After you create a Histogram object, you can modify
aspects of the histogram by changing its property values. This is particularly useful for quickly modifying the properties of the bins or
changing the display.

Creation

Syntax

histogram(X)

histogram(X,nbins)

histogram(X,edges)

histogram( 'BinEdges',edges, 'BinCounts',counts)



Histograms with matlab

frequency
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data = randn(10000,1);

figure; histogram(data);
xlabel(‘value');
ylabel('frequency’);

data = rand(10000,1);
figure; histogram(data);
xlabel(‘value');
ylabel('frequency’);




Histograms with matlab

«10"

data = poissrnd(1,10000)

frequency
N

12

value

figure; histogram(data);
xlabel(‘value');
ylabel('frequency’);



Histograms with ma
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data = randn(10000,1);

figure; histfit(data);
xlabel(‘value');
ylabel('frequency’);



Histograms with matlab
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data = [(randn(10000,1) + 10); 2*randn(10000,1)]

figure; histfit(data,1000,’kernel’);
xlabel(‘value");
ylabel('frequency’);



