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Background: Stroud and Saeger (2003,2004)



Modeling Difficulties and Assumptions

e It is hard to get data for sensor readings (in particular for dangerous
containers).



Standard Sensor Model

frequency
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For every choice of thresholds 1 < 7 we can compute the proportion
(expected fraction) of containers which have their sensor readings in the
interval [r1, m]:

e p(a,7m,m) for Good containers, and

e £(a,m,m) for Bad containers.
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Modeling Difficulties and Assumptions

e It is hard to get data for sensor readings (in particular for dangerous
containers).
Standard Sensor Model: p(a,m1,m) and &(a, 71, 7)

e It is hard to get reliable estimate of cost of a false negative.

Handle separately inspection cost and detection rate.

e We did not see (yet) one Bad container.

Compute inspection costs, false positives, and
container delays only for Good containers.
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A Binary Decision Tree (BDT): choose a structure and one-one thresholds.

e More than s! 2(28/\/5) binary decision trees with s sensors!

Enumeration is possible for s < 4 (Stroud and Saeger, 2003).
e Why binary? Why not more than one threshold for some/all sensors?

e \WWhy a single decision tree? Why not a mixed strategy?
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Small Example
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Small Example

frequency Sensor a frequency Sensor b
to t1 sensor reading to sensor reading
60 36

Detection rate
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False Positives FP =

Average Cost

C =
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10 72

0.96
0.19

Co + 0.9C, +
0.19Copk

0.96
0.18

Co + 0.8Cy +
0.18CopgK



Large Scale MILP Model

Set of sensors: S = {a,b,c,d}
Number of containers: g (over a longer period; only for capacity planning)

Inspection strategy: decision tree D and threshold selection t

Decision variables: T(Dt) = fraction of containers inspected by (D, t)

MILP model:
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For a fixed order of the sensors and a fixed grid of possible threshold values we
can describe efficiently a polyhedron in a higher dimensional space, the vertices of
which are exactly the inspection strategies (D, t) in which sensors follow the fixed
order and t belongs to the fixed grid.
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Large Scale MILP Model
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For a fixed order of the sensors and a fixed grid of possible threshold values we
can describe efficiently a polyhedron in a higher dimensional space, the vertices of
which are exactly the inspection strategies (D, t) in which sensors follow the fixed

order and t belongs to the fixed grid.

Efficient column generation is possible!

LP-s can be solved faster than the time needed to write them down!



Typical output iIs a mixed strategy

é/ @\2 é/ @¥
1/ Y CHK 1/ \% CHK
) 6
RS R
@ @ HK

1/ R CHK 1/ g C
Y e

HK O HK



30 +
25

Sample Results with 4 Sensors
and up to 5 Thresholds for Each

Operating costs as function of detection rate
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Sample Results at a Fixed Budget of $3

Detection rate as a function of the number of thresholds (Budget = $3)
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Network Model

1120 0K 1120 CHK
- 1100 OK 1100 CHK

Flow values:

Throughputs:

1202O0K 1202 CHK

yr >0 forre F = X, x Xp X X¢e x Xz X {OK,CHK}
where Xs ={0,1,...,rs} (rs ranges s € {a,b,c,d}).

Good(m) = p(a,m1)p(b, m2)p(c, 73)p(d, 74)
§(a, m1)E(b, m2)E(c, m3)E(d, m4)

Bad(m)

where p(s,0) = £(s,0) = 1 for all sensors s
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Flow values: yr >0 forre F = X, x Xp X X¢e x Xz X {OK,CHK}

where Xs ={0,1,....,rs} (rs ranges for sensor s).

Initialization: Syr = 1 (we normalized by q)
meF

No skipping first: X, ={1,2,...,r.}.
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Flow values: yr >0 forre F = X, x Xp X X¢e x Xz X {OK,CHK}

where Xs ={0,1,....,rs} (rs ranges for sensor s).

Z yax < K(a)/q
ace X, \{0}

Capacity constraints: )~ Y Yase < K(b)/q
acX, BeX\{0}



Network Model
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Flow values: yr >0 forre F = X, x Xp X X¢e x Xz X {OK,CHK}

where Xs ={0,1,....,rs} (rs ranges for sensor s).

Operating Cost: > C(m)yn
meF
Bad
Detection Rate: > ad(r) Y
7 Good(m)
5 =CHK
False Positives: > un



Typical output

Result for n = 4 sensors with 1 — 1 thresholds T=[3; 1; 2; 3]:

1 2 3 4 decision
1 0 1 O ok
1 0 2 O chk
1 1 0 O ok
1 2 0 O chk
1 2 0 1 ok
1 2 0 2 chk
1 2 1 O ok
1 2 2 0 chk
2 0 0 O chk

Detection rate 0.778474
False positives 0.031250
Operating cost $10.42



