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ABSTRACT
Radar on-site testing and performance verification marks a critical milestone in the delivery phase of a radar project. The
costs for field testing are usually much greater than that for factory tests and actual test conditions are difficult to control.
Live targets are usually limited and repeated tests utilise resources and manpower. Hence it is important to understand the
interpretation of the outcome of the trials against the backdrop of the number of runs and the specified performance limit.
This article aims to set out the methodology to derive the number of trials required to verify a certain radar performance
parameter. This is based on a certain confidence interval as well as the acceptable consumer’s and producer’s risk.
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INTRODUCTION
The word, ‘radar’, belongs to the category of words, called
palindromes, which is spelt the same forward and backward.
Examples include ‘civic’, ‘kayak’, ‘madam’ etc. Incidentally, this
holds a special meaning for radar too, as radar is the acronym
for RAdio Detection And Ranging, i.e. it senses targets by
transmitting forward wave as well as detecting and processing
the backscatter energy. Radar has been the leading player in
the field of remote sensing since World War II. Today, it still
retains this important position as a sensor capable of 24/7 allweather operations and all-round, long range surveillance for
different types of targets.
Indeed, the criticality of radar and the verification of its asinstalled performance cannot be overlooked. This is usually
conducted on site in the local environment using real, live
targets belonging to the buyer. It is an important milestone to
verify the performance of the radar in its operating environment.
The costs for field testing are usually much greater than that
for laboratory tests and also, actual test conditions are difficult
to control. Therefore, such testing using live targets is usually
limited to the critical radar performance parameters as it incurs
much time, manpower, resources and planning. Thus, the
number of trials is usually limited and it is therefore important
to understand the interpretation of the outcome of the trials
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against the backdrop of the number of runs and the specified
performance limit.
For example, when trying to determine the probability of
detection, Pd, of a radar during a radar on-site acceptance
test, nine successful detections out of 10 scans are obtained.
It cannot be safely concluded that the Pd of the radar is
0.9. It can, however, be said that with 10 trials, there is 80%
confidence that the Pd lies within the 0.66 to 0.99 interval.
Here, “0.66 to 0.99” indicates the confidence interval and if this
interval is to be narrowed down, either the sample size or the
number of trials would need to be increased.
How many samples are then needed? For example, if 90%
confidence that the Pd is 0.9 is desired, then 17 successes out
of 22 trials are needed. However, if only 10 trials are conducted
and nine successful detections are obtained, what does this
translate to?

AIM
This article aims to address the questions posed in the
scenario above and how results obtained from live trials
can be interpreted. It will first provide a primer on Bernoulli
trials and the Binomial distribution, and then introduce the
concept of confidence interval and the terms, producer’s risk

and consumer’s risk. It will also set out the methodology to
derive the number of trials required to verify a certain radar
performance parameter based on a certain confidence interval
as well as the acceptable consumer’s and producer’s risk.

BERNOULLI TRIALS AND THE
BINOMIAL DISTRIBUTION
A Bernoulli trial is a trial with a pass-fail criterion, i.e. there are
only two possible outcomes of the experiment – either a pass or
a fail. In radar testing, radar parameters are measured against
a threshold and a pass or success is considered if the returned
parameter crosses this threshold. For example, in testing the
detection range performance of a radar for a specified target,
the radiated energy returned is measured and the target
is considered detected if this energy measured is above a
threshold level. Hence most radar tests are pass-fail tests and
can be modelled by Bernoulli trials. Successive independent
Bernoulli trials are modelled by the Binomial distribution.
Let n be the total number of independent trials and m be the
total number of successes. The probability of success, p̂, is
m
then given by p̂= n . Note that p̂ denotes the probability of
success for the test and is different from the true probability of
success of the radar, which is denoted by p.
Now, denote the radar
variable X and assume
i.e. X
Bin(n,p) with
probability of getting
given as:

performance parameter by a random
that X follows a Binomial distribution,
true probability of success, p. The
exactly m successes in n trials is

where
. Note that this is also the probability
distribution function, p.d.f., of X. The cumulative distribution
function, c.d.f., is then given by:

Hence, as the number of trials, n, increases, the variance of p̂
will decrease proportionally, resulting in a better estimate of the
actual value p, the true radar parameter.

DETERMINING THE MINIMUM
NUMBER OF TRIALS
The minimum number of trials needed to satisfy a particular
confidence level is given by Gilliam, Leigh, Rukhin, and
Strawderman (2009) and the idea is generalised below.
Assume that the radar parameter of interest is the probability of
detection, Pd. Each trial is then a Bernoulli trial (i.e. either hit or
miss / success or failure) and the distribution of successive trials
is a Binomial distribution. Let n be the number of trials and m
be the number of successes. Assume it is needed to be shown
that the Pd is above a specified value denoted here as Pdsp.
The confidence level, CL, is then the likelihood that Pd≥Pdsp.
That is:

CL

Noting that m can take on values between 0 and n, i.e.
0 ≤ m ≤ n, then:

Hence:

CL
After simplification, the following relationship is derived:

CL)
The mean, E[X], and variance, Var[X], of X are given by np and
np(1-p) respectively, i.e. E[X]=np and Var[X]=np(1-p).
The mean, E[p̂], and variance, Var[p̂], for p̂ (where p̂ is
the unbiased estimate of p) are given by E[p̂]=p and
Var[p̂] =
.

where nmin is the minimum number of trials required to establish
the specified Pdsp for a desired CL. The following tables list the
minimum number of trials, nmin, for varying confidence level,
CL in %, and the specified probability of detection, Pdsp.
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Confidence Level (%)
		
(for Pdsp = 80%)

50

68

80

90

95

95.5

96

98

99

99.75

nmin

4

6

8

11

14

14

15

18

21

27

Table 1. Minimum number of trials required for a 80% probability of detection with varying confidence level

Confidence Level (%)
		
(for Pdsp = 90%)

50

68

80

90

95

95.5

96

98

99

99.75

nmin

7

11

16

22

29

30

31

38

44

57

Table 2. Minimum number of trials required for a 90% probability of detection with varying confidence level

Confidence Level (%)
		
(for Pdsp = 95%)

50

68

80

90

95

95.5

96

98

99

99.75

nmin

14

23

32

45

59

61

63

77

90

117

Table 3. Minimum number of trials required for a 95% probability of detection with varying confidence level

Note that the tables are based on the consumer’s risk, , and
are only for a right-tail test and Binomial distribution.

DETERMINING THE MINIMUM
NUMBER OF SUCCESSES
As most radar tests are right-tailed, the null hypothesis to be
tested should be for the radar parameter p, to be equal to its
estimate, p against the alternative that p≥p. In order for the
null hypothesis to be accepted with confidence level of CL, the
following has to be true with L defined as the upper limit of the
confidence interval.

HYPOTHESIS TESTING
What then, are the risks to the producer and consumer by
accepting the radar based on the above trial parameters? To
answer these questions, the topic of hypothesis testing needs
to be discussed.
Hypothesis testing is a methodology for testing a claim about
a parameter in a population, by using test data measured
from sampling. The idea behind hypothesis testing, as its
name suggests, is to come up with a hypothesis regarding a
population parameter and to test whether the hypothesis is
true by determining the likelihood that a sample statistic could
have been selected.
The four main steps in hypothesis testing are (i) Defining the
hypothesis, (ii) Determining the criteria to accept or reject the
criteria, (iii) Collecting data and computing the test statistic,
and finally (iv) Making a decision.

Thus the integer value of L which satisfies the above inequality
gives the minimum number of successes required. Starting with
the minimum of trials as required from the previous section,
Figures 1 to 3 plot the minimum number of successful trials
required to satisfy a given confidence level for a predetermined
number of trials in a test (Note that for each Pd line, it will only
start from some minimum point and this point corresponds to
the minimum number of trials required to be conducted based
on the desired CL and Pd).
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Step 1 - Defining the Hypothesis
In hypothesis testing, the claim about a population parameter
is often called the null hypothesis (H0). The null hypothesis is
always first assumed to be true, i.e. that the parameter about
the population is assumed to be true. The null hypothesis
serves as a starting point and it is then tested as to whether the
claim stated in the null hypothesis is likely to be true.

ON-SITE RADAR PERFORMANCE VERIFICATION TESTING

Confidence Level of 80%

Figure 1. Minimum number of successes required to satisfy a 80% confidence level for a predetermined number of trials in a test

Confidence Level of 90%

Figure 2. Minimum number of successes required to satisfy a 90% confidence level for a predetermined number of trials in a test

Confidence Level of 95%

Figure 3. Minimum number of successes required to satisfy a 95% confidence level for a predetermined number of trials in a test
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The alternative hypothesis (H1) is a statement that directly
contradicts the null hypothesis. The alternative hypothesis
serves as a conclusion in the event that the null hypothesis
turns out to be wrong, i.e. the null hypothesis is rejected.

Step 2 - Determining the Test Criteria
In determining the criteria for a decision, the level of
significance for a test must first be stated. The confidence
level, CL, expressed as a percentage, is closely related to the
producer’s risk, . The confidence interval is the range of values
of a population parameter used to indicate the probability that
the true value of the population parameter will fall within this
range of values at the confidence level from many repeated,
separate data analyses of experiments. In general, the greater
the population variance, the larger the confidence intervals will
be, and hence, the less precise the estimates of the population
parameter will be.
The sampling distribution (i.e. the statistical distribution of how
the samples are distributed) tends towards a normal distribution
as more sampling is carried out. Note that this tendency for
the samples to be normally distributed is regardless of the
distribution of the population. This makes it convenient to
use the standard normal distribution table to determine the
confidence intervals for large sample sizes.

Step 3 - Collecting the Data
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a) Decision A – This decision is to keep the null hypothesis
when the null hypothesis is indeed true. This leads to a correct
decision being made.
b) Decision B – The decision is to reject the null hypothesis
when the null hypothesis is actually true. This is also known
as producer’s risk, Type I error or False Negative. This error
involves rejecting previous notions of truth that are in fact
true. The larger the absolute value of the critical value, zc, the
smaller the Type I error.
c) Decision C – The decision is to keep the null hypothesis
when the null hypothesis is actually false. This is also known as
consumer’s risk, Type II error or False Positive. In this decision,
it is decided (erroneously) to retain previous notions of truth
which are in fact false; that is, nothing is done and the null
hypothesis is retained (when it is actually false). To minimise
making a Type II error, re-tests and more studies can be
conducted.
d) Decision D – The decision is to reject the null hypothesis
when the null hypothesis is indeed false. This leads to a correct
decision being made and is normally called the power of the

decision making process, 1- , where is the consumer’s risk.
Since the null hypothesis is only being tested because it is
thought to be wrong, the ability to reject a false null hypothesis
reflects the power to accurately reject false notions about the
truth.

After determining the null hypothesis and the test criteria,
the test is carried out and the data is collected from the test
sample. In general, the sample mean is assumed to be an
unbiased estimate of the population mean which translates to
the assumption that any randomly selected sample will have
an expected mean equal to the population. Hence, if the null
hypothesis is true, any random sample selected from a given
population will have an expected sample mean equal to the
value stated in the null hypothesis.

The decisions are summarised in Table 4 below:

Step 4 - Making a Decision

One-Tailed Tests Versus Two-Tailed Tests

After collecting the data, there could be a risk in making a wrong
conclusion as to whether to retain or reject the null hypothesis.
This is because a sample is being observed instead of the entire
population and an inference is being made from the sampling
results. The four decision alternatives regarding the truth and
falsity of the decision about the null hypothesis are as follows:

Two-tailed tests are generally more conservative as they make
it more difficult to reject the null hypothesis. One-tailed tests,
on the other hand, are associated with greater power because if
the value stated in the null hypothesis is false, then a one-tailed
test will make it easier to detect this (i.e. leads to a decision to
reject the null hypothesis).
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Decision
		

Keep null		

Null Hypothesis
(or truth about
population)

Correct (A)		 Type I error (B)

True
False

Type II error (C)		

Reject null

Correct (D)

Table 4. Possible decisions of hypothesis testing
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Producer’s Risk (Type I Error) Versus
Consumer’s Risk (Type II Error)

A CASE STUDY FOR RADAR TESTING
APPLICATION

To recollect, producer’s risk is the probability of loss from
rejecting a batch which, in fact, should have been accepted.
Consumer’s risk is the probability of loss from accepting a batch
from the producer which, in fact, should have been rejected.

To see how this can apply to radar field testing, consider the
testing of the detection range performance for an F5 aircraft
target in a clear environment. The null hypothesis is that the
radar has a 90% Pd performance of 100nm against an F5
target. The Pd trial is conducted based on counts of detection
of the F5 at 100nm for that particular trial. A particular trial is
considered a pass if the radar is able to detect the target. The
trial is then repeated to get a better estimate of the population
parameter.

Generally, Type I errors can be reduced by increasing the
absolute value of the critical value, | zc |. However, increasing
| zc | also increases Type II errors.
The Operating Characteristics (OC) Curve gives the probability
of acceptance for an individual lot coming from a finite
production or continuous process. There are several ways of
calculating the OC. For example, if a Binomial distribution is used
to model the OC, then the producer’s risk, , and the consumer’s
risk, , are given by:

– Equation (1)
– Equation (2)

where c is the number of “defects” in the lot, AQL is the
acceptable quality level (determined by the producer) and RQL
is the rejectable quality level (determined by the consumer).
An illustrative OC Curve is given in Figure 4 below.

First, assume that the radar can be accepted at a confidence
level of 95%. From Table 2, it can be inferred that at least
29 trials are required for a 90% Pd at 95% confidence level.
From Figure 3, it can be seen that 29 successful trials out of
the 29 trials conducted are required in order to conclude that
the radar satisfies a 90% Pd at 95% confidence level, i.e. the
null hypothesis is retained. Supposing the radar only manages
to accumulate 28 or less successful trials out of the 29 trials
conducted, the null hypothesis is rejected and the alternative
hypothesis is accepted instead. It is then concluded that at
95% confidence level, the radar is not capable of detecting an
F5 aircraft target at 100nm with a Pd of 90% (i.e. the Pd is
probably less than 90%).

Figure 4. An illustrative Operating Characteristics (OC) Curve
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Next, how the consumer’s risk and producer’s risk are applied in
this case is examined. Based on the Binomial distribution model
for the OC, 29 successes out of 29 trials (or 0 “defects” out of 29
trials) at a RQL of 10%, will result in a consumer’s risk of 0.0471
or 4.71% using Equation (1). To reduce the consumer’s risk,
the number of trials carried out can be increased. Referring to
Figure 3 again, if 60 trials are conducted and a minimum of 59
successes are required to pass the 90% Pd at 95% confidence
level, the consumer’s risk reduces to 0.0138 or 1.38%. The risk
can be further lowered by reducing the number of “defects”
criteria. Keeping to 60 trials conducted, if 0 “defects” out of
the 60 trials are allowed, i.e. 60 successes out of the 60 trials
are required, then the consumer’s risk is reduced to 0.0018 or
0.18% using Equation (1) to compute again.

CONCLUSION

In terms of producer’s risk, if the producer decides on an
AQL similar to RQL, then the result is a zero-sum game, i.e.
the producer’s risk is one minus the consumer’s risk. Hence,
29 successes out of 29 trials will translate to a producer’s risk
of 0.9529 or 95.29%. Fifty-nine successes out of the 60 trials
will translate to a producer’s risk of 0.9862 or 98.62%. Sixty
successes out of 60 trials will translate to a producer’s risk of
0.9982 or 99.82%. Note that this figure is very high. Hence the
producer may decide on a lower AQL to lower his risk.
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to Table 2, the confidence level drops to 80%. Based on
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As can be seen from the above, while the number of trials
and lower confidence level limits can be derived based on the
confidence level, the risk to the consumer by following these
parameters can be high. To reduce the consumer’s risk, either
the number of trials or the pass-fail criteria has to increase (i.e.
increase the number of successes required for a determined
number of trials) when designing the test plan. But if the number
of trials that can be conducted is limited, the confidence level is
reduced and the consumer’s risk will increase.
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In this article, it has been shown how statistical theory can be
applied to radar field testing. It is important that radar engineers
be familiar with this methodology and design radar trials using
the limited resources accorded in order to maximise the
information gained. When conducting radar field performance
tests under a contract with limited trials, the project manager
has to be aware of the confidence interval, the consumer’s risk
and the producer’s risk. The project manager also has to design
the tests such that the confidence of the user will be enhanced.
Because both parties (the producer and the consumer) will
want to minimise their risks, there will in the end be some
trade-off or agreement based on the limited resources.
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