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Purpose of the Presentation

« Define the concept of K-neighbors of Past Mission (PM) to the
Target Mission (TM).

« Define the concept of Multidimensional Vector to a Space
Missions.

« Introduce Computational of Multidimensional Distance Methods.
- Simple Example.

. Expert Systems Desires (Basic Inputs and Outputs).

» Conclusion & Recommendation.

« Challenges to applying this method at CSA

« Future Work




Concept of K-Neighbors Missions to Target
Mission

» Involves identifying key factors that influence the overall costs of past missions with
similarities to the target mission. In general, here are several cost drivers to be consider:

« Mission Complexity (Mission Classification, Mission Type, etc.)

« Payload and Instrumentation (PL Mass, PL Power, No of instruments, etc.)

« Spacecraft Development and Manufacturing (Total Mass, Total Power, Number of Models , etc.)
« Mission Operations and Ground Support ( Operation Life, Operation Type, etc.)

* Launch and Mission Assurance

« International Collaboration and Partnerships (many CSA projects has collaboration factor)

« Regulatory Compliance and Licensing

» Schedule and Timeline Constraints

« Technology Readiness and Level (TRL, etc.)

» The Goal of this article is to define k-nearest PM to TM for further Cost Esti
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Multidimensional Vector Definition

»Mathematical concept representing a quantity or data point
characterized by multiple attributes or components.

»In a more general context, a multidimensional vector can
have any number of components, and it is often represented
in @ vector space, where operations such as addition, scalar
multiplication, and dot products.

> It can be defined as:
e V=(vy,V,...,Vn)

* Where vy,v,,...,v» represent the scalar components of the vector along-each. .
dimension. . P g




Space Mission Multidimensional Vector (SMMV) .

»SMMYV is defined as Space Vector of Cost Drivers.

»Its components represent:
« Spacecraft Functional Cost Categories
« Spacecraft Subsystem Equipment
« programmatic cost drivers
»Main Cost drivers
« See Page 3.

» Has been proven out in limited scope application in the space
community

* NASA Cubesat cost model COMPACT

""""""
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»Define SMMV based on Cost Drivers (cost driver is one dimension)
« Real Value: Mass, Power, Payload Volume, etc.

* Processed Value: Development Plan, Technology Radi
(TRL), Optical Bench Complexity, Mission Assurance

Define:
N= Number of Past Missions
C = Cost Driver ith

Past Missions: Py, -f (Cni)
Target Mission: T =7 (Cj)



Multidimensional Distance Methods

« Used to measure the similarity or dissimilarity between objects in a
multidimensional space.

 They are commonly employed in fields like data mining, machine
learning, and pattern recognition to analyze and compare complex

data sets.
« Some popular multidimensional distance methods include:
1. Euclidean distance,
2. Manhattan distance, and
3. cosine similarity.

- Each method has its own mathematical formulatlon and |s-,_ _._;edfor
different types of data and applications. i




Manhattan Distance Computation

» Generally, Manhattan distance between two vectors A & B is

defined as

* Given that A & B have the same dimension.
« SMMV have multiple variables system

smMmv = F (Kg, W, m, mm?, Int., etc. )

- Dimension transformation is required to compute thee .
distance. e R




Coordinates Transformation Algorithm
1. Compute CER'’s for all Past missions (P) for every Cost Driver
C(% = CER (Cdb)

2. Compute the derivative of the CER with respect to Cost Drivers
d,, = O(CER),,
3. Define the transform function as:

asmy = K (8., 3., 8., etc.)




Enhance Manhattan Distance (EMD) Computation

« Redefine the Manhattan Distance to be presented as:

D= K|#() - $(P)]
=1

Di = 321 Ocq ‘Td—Pid ‘ deT

« Where d is cost driver
« K-Nearest Missions: Have small D
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Simple Example

* Provide the K-Nearest Past Missions:

Missions Cost 23Y S/C Mass  Est. Est. Est. TRL
Kg Power Payload
w Mass
Kg
P-1 $611.59 2100 10000 800 3
P-2 $99.49 115 180 60 2
P-3 $138.14 183 265 87 3
P-4 $96.78 130 180 80 4
P-5 $465.34 6740 2000 2000 3
P-6 $209.98 6100 13000 2500 3
P-7 $202.63 720 850 500 4

« For the following Target Mission

Missions Cost 23Y S/C Mass  Est. Est. Est. TRL
Kg Power Payload

W Mass

Kg

T ?7? 150 60 75




Cogt

Compute Linear Regressions -
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Compute Linear Regressions :,:

Dataset Untitled
Y =Cost X = Payload_Mass

Y vs X Linear Regression Plot

Cost vs. Payload_Mass
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Enhance Manhattan Distance Outcome

OUTPUT of EMD
Delta S/C | Delta S/C Delta Distance
Mass Power Payload
Mass
65.72 65.72 65.72 197.15
1.11 1.11 1.11 3.34
0.67 0.67 0.67 2.02
222.08 222.08 222.08 666.25
200.52 200.52 200.52 601.55
19.21 19.21 19.21 57.63

INPUT to EMD
Missions [ Cost24Y |S/CMass Est. Est.
$M Kg Power Payload
w Mass
Kg
P-1 $611.59 2100 10000 800
P-3 $138.14 183 265 87
P-4 $96.78 130 180 80
P-5 $465.34 6740 2000 2000
P-6 $209.98 6100 13000 2500
P-7 $202.63 720 850 500
Derivative 0.0337 0.018 0.084
T ?? 150 60 75
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Expert Systems Desires

« Basic Inputs:

»Data Base with detailed Cost information for Past Missions
% Include System Engineering data & Cost (CWBS, Product Tree, Engineering Budget, etc).
“Lessons Learned, Risk Reports

»Target Mission Multidimensional Vector (TMV).

» Basic Outputs:

» K Nearest Past Missions distance to Target Mission.
“*Enhance Manhattan Distance (EMD).

»Best Missions for Analogy /Parametric method (2-3 / 10-15 Nearest Missions) .
»Related Lessons Learned, Risk Reports.
»Uncertainty = )% _; 0cq where d&T

15



Conclusion & Recommmendation

« Space Mission Historical Database must include details on cost
drivers.

« A Target Mission should define as much as possible Cost drivers.

« Defining K-Neighbors mission will enhance the regression analysis
results.

* Produce specific CER for the target mission based on Past
Missions share similar multiple cost drivers.

« It reduces the need for complex CER’s with multlple cost drlvers
(Ca > 2). | T s

16



Challenges to applying this method at CSA

 Limited historical data collection.
 Limited acquisition scope - lots of international partnerships

 Limited analytical background
»We've not done something like this before!
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Future Work

» Working on the CSA cost historical data

« Working on the Processed Cost Derivers Value such as:
Development Plan, Technology Radiance level (TRL),etc.

« Seeking NASA & CSA approval to collaborate and improve
cost estimating techniques.

« CSA will approach ESA at SCEC Space Cost Engineering
Conference 3-4 October with the same proposal.

« CSA is seeking MOU with NASA & ESA to share Cost
Estimation experience and methods - -~ o

18






	Slide 1: The use of Multidimensional Vector for Space Missions Cost Estimations   
	Slide 2: Purpose of the Presentation
	Slide 3: Concept of K-Neighbors Missions to Target Mission
	Slide 4: Multidimensional Vector Definition
	Slide 5: Space Mission Multidimensional Vector (SMMV) ½
	Slide 6: Space Mission Multidimensional Vector (SMMV) 2/2
	Slide 7: Multidimensional Distance Methods 
	Slide 8: Manhattan Distance Computation
	Slide 9: Coordinates Transformation Algorithm
	Slide 10: Enhance Manhattan Distance (EMD) Computation
	Slide 11: Simple Example
	Slide 12: Compute Linear Regressions ½
	Slide 13: Compute Linear Regressions 2/2
	Slide 14: Enhance Manhattan Distance Outcome
	Slide 15: Expert Systems Desires
	Slide 16: Conclusion & Recommendation
	Slide 17: Challenges to applying this method at CSA
	Slide 18: Future Work
	Slide 19

