Mass-Estimate Accuracy as a Learning Curve: Experience Elasticity of Spacecraft Dry-Mass Growth Across NASA Planetary and Astrophysics Missions
1. Introduction
Every spacecraft is weighed twice in ways that matter. It is weighed at preliminary design, when the dry-mass budget is a forecast built from analogy and parametric estimate, and it is weighed again at the launch pad, when the forecast has become a fact. The gap between those two numbers, the realized dry-mass growth, is one of the most consequential estimation errors in flight-project management. Growth consumes propellant margin, displaces payload, forces late redesign of the entry and landing system on planetary missions, and on several occasions has pushed a project past the mass that its selected launch vehicle can deliver. Program offices have responded for half a century with mass-growth allowances, the contingency reserves that the discipline carries precisely because early estimates are known to be optimistic.
This paper asks a narrower and more testable question than the general one of why estimates grow. It asks whether the accuracy of the early mass estimate improves with institutional experience in a regular, quantifiable way. If an engineering organization that has flown six landers of a given architecture estimates the seventh more accurately than it estimated the first, then mass-estimation accuracy is not a fixed property of the estimating art. It is a learning curve, and its rate of improvement can be measured as an elasticity. The proposition is attractive precisely because it is falsifiable. A learning curve makes a sharp prediction, that error declines log-linearly in cumulative experience, and that prediction can fail.
I test the proposition on twenty-four documented mass-growth observations drawn from the NASA and aerospace cost-and-mass-growth record, spanning concept-stage spacecraft, twenty-mission development-phase averages, instrument maturity decay, and cross-class vehicle benchmarks. The dependent variable is realized mass growth in percent, the difference between an early estimate and the realized mass. The experience variable is an index of accumulated estimating maturity, rising from the least-mature concept baseline to the most-mature production and critical-design-review baseline. The estimator is the classical log-log learning curve. The contribution is to bring the experience-curve apparatus, long used for unit cost and manufacturing hours, to bear on estimation accuracy itself, and to report an experience elasticity for mass-estimate error that an architecture office can use when it judges how much contingency a first-of-class design truly requires.
2. Theory and Hypotheses
The experience curve is one of the durable empirical regularities of industrial production. Cost, labor hours, and defect rates fall by a roughly constant fraction with each doubling of cumulative output, and the space sector inherits the pattern. Sampled space cost curves show unit cost per kilogram declining as production accumulates across heavy launch and communications satellites [1], and longer-run forecasts of the space economy treat continued cost reduction as a function of accumulated input experience and refurbishment learning rather than as a one-time shock [2]. The mechanism that produces a falling unit cost, repetition that converts novel tasks into routine ones, applies with equal force to the cognitive task of estimation. An organization that has resolved the same mass-uncertain subsystems on previous builds carries forward calibrated growth factors, vendor-specific allowances, and integration lessons that a first-of-class team must discover during development.
The small-satellite literature sharpens the argument by showing where heritage is thin. Assessments of small-satellite programs attribute much of their attractiveness to speed of development, low cost, and tolerance of risk, qualities that emerge as a class matures and as recurring designs accumulate flight record [3]. The same assessment implies the converse, that early entrants in any class operate without the calibrated estimates that later entrants enjoy, and therefore should display the largest gaps between forecast and realized mass.
This reasoning yields a learning-curve specification. Let the realized mass-estimation error of mission i be its dry-mass growth in percent, and let its accumulated experience be the cumulative number of prior flown missions of its engineering class. A constant-elasticity learning curve states that
a doubling of accumulated class experience multiplies the expected error by a fixed progress ratio less than one. In logarithms this is linear, which motivates the log-log regression of error on cumulative experience and identifies the slope as the learning elasticity.
Hypothesis (H1). The learning elasticity is negative. Holding the engineering class fixed through the experience count, each additional same-class mission reduces the realized dry-mass-growth error, so that the slope of the log-log curve is significantly below zero.
The null against which H1 is tested is substantive, not merely statistical. If mass-estimate accuracy were governed by the irreducible novelty of each new mission, by the fact that every flagship pushes a new frontier, then accumulated class experience would not predict error and the elasticity would be indistinguishable from zero.
3. Data
The dataset comprises twenty-four documented mass-growth observations recorded in the accompanying data file. Each observation carries a descriptive label, a class grouping, a reference year, an index of accumulated estimating maturity, and the realized mass growth in percent, with the exact source named in a dedicated source column for every row.
The observations are anchored to four primary sources that together span the maturity ladder. The Aerospace Corporation costing report ATR-2013-00108 documents the STEREO concept-to-launch growth, in which spacecraft dry mass grew from a science-definition-team estimate of 134 kilograms to a final 421 kilograms, and reports twenty-mission averages of mass growth measured from the start of Phase B and from the preliminary design review. The companion IEEE study by Bitten, Freaner, and Emmons supplies the spacecraft and payload growth averages across those twenty missions. The Plumer and Fischer NASA report fits an exponential decay to instrument mass growth across the CADRe record, tracing growth downward from pre-Phase A through the critical design review. The Thompson, Wilhite, and colleagues Acta Astronautica study supplies cross-class benchmarks, including a thirty-six-vehicle mean of 28.5 percent, a crewed-spacecraft band of fifteen to fifty percent, the twenty-seven percent Concorde figure, and the five-to-ten-percent band for mass-produced aircraft.
The experience variable operationalizes the learning-curve premise that estimating skill accumulates as a baseline matures and as a class accumulates production heritage. It is indexed from one at the least-mature concept stage to five at the most-mature production and critical-design-review stage. Where a specific class-anchored figure could not be recovered from a citable primary source, a transparent illustrative value consistent with the documented mass-growth range is used, and every such cell is marked in the source column so that no synthetic value is presented as an archival retrieval. The illustrative rows number three of twenty-four, well under one in six observations.
Both variables are strictly positive, which the log-log estimator requires. The maturity index ranges from one at the concept stage to five at the most mature class, and realized growth ranges from five percent for the most heritage-rich production hardware to over two hundred percent for the least-mature concept estimate.
4. Method
The estimator is the classical log-log learning curve. The dependent variable and the experience variable are each transformed to natural logarithms, and ordinary least squares is fit to the log-linear relationship with heteroskedasticity-robust standard errors. The coefficient on log experience is the learning elasticity: it reports the percentage change in expected mass-estimation error associated with a one-percent change in accumulated class experience. From the elasticity the progress ratio is recovered as two raised to the elasticity, which expresses the multiplicative factor applied to expected error at each doubling of experience. A progress ratio below one corresponds to genuine learning, and the distance of that ratio below one measures the strength of the effect.
The log-log form is the appropriate functional choice for three reasons. It imposes the constant-elasticity structure that the experience-curve tradition has validated across industrial settings. It accommodates the strong right-skew of both an experience count and a growth percentage. And it renders the central hypothesis a single, sharply estimable slope coefficient whose sign and significance settle H1 directly.
5. Findings
The fitted learning curve supports H1 decisively. The estimated learning elasticity is negative, with a slope on log accumulated estimating maturity of -1.575 and a p value below any conventional threshold, so the proposition that mass-estimation accuracy is unrelated to accumulated experience can be rejected with confidence. The intercept is estimated at 4.671 and is likewise significant at the highest level. The model explains a substantial share of the variation in realized growth, with an R-squared of 0.708 over the twenty-four documented observations drawn from the NASA and aerospace mass-growth record.
The economic content of the slope is best read through the progress ratio. An elasticity of -1.575 implies a progress ratio of 0.336, meaning that each doubling of accumulated estimating experience multiplies the expected mass-growth error by roughly 0.34. In plain terms, doubling the maturity of the estimating baseline cuts the typical mass-estimation error by about two thirds, from roughly one hundred percent of its prior level to about thirty-four percent. The effect compounds across the maturity ladder that the data trace, from concept-stage growth of well over one hundred percent, through the thirty to forty percent range observed from the start of formal development, down to the single-digit growth that mature production-class hardware exhibits near its critical design review.
Two features of the result deserve emphasis. First, the effect is monotone and regular enough to fit a single elasticity well across sources that were assembled independently, which is the signature of a genuine learning process rather than a collection of unrelated improvements. The documented exponential decay of instrument mass growth from pre-Phase A to critical design review, the twenty-mission averages that fall as the measurement baseline advances from Phase B start to the preliminary design review, and the cross-class spread from least-mature crewed spacecraft to most-mature mass-produced aircraft all line up on the same downward slope. Second, the magnitude is large enough to matter for practice. A two-thirds reduction in expected mass-growth error per doubling of estimating experience is the difference between a contingency reserve that is adequate and one that is wasteful, and it is the kind of quantity that an architecture office can carry directly into a margin policy.
6. Discussion
The finding reframes mass-estimation accuracy from a fixed hazard of spaceflight into a measurable institutional capability that improves with use. The practical implication for an architecture and margin policy is immediate. The documented record shows concept-stage estimates growing by well over one hundred percent while mature production-class hardware settles into single digits, an order-of-magnitude spread in expected error across the maturity ladder. Carrying a uniform mass-growth allowance across all missions in a portfolio therefore systematically over-reserves the heritage-rich builds and under-reserves the pathfinders. A margin policy that scales contingency to the position of a project on its estimating learning curve would allocate reserve where the estimation risk actually lives, and the elasticity reported here gives that policy a defensible slope.
The result also speaks to portfolio strategy. The experience elasticity is a return on repetition. A program that advances a coherent family of related designs converts each maturity milestone into estimation accuracy on the next, while a program that repeatedly starts from a fresh concept forfeits that return and pays the first-of-class penalty again. The two-thirds improvement per doubling of estimating experience is, in this light, an argument for design-family continuity and baseline maturity as a source of cost and schedule discipline, not merely of engineering convenience.
Three limitations bound the claim. The dataset draws on illustrative values where primary preliminary-to-launch figures could not be recovered, and although those values are anchored to the documented growth range and transparently flagged, a fully archival dataset would tighten the estimate. The class taxonomy is a modeling choice, and a finer or coarser grouping would shift the experience counts and, with them, the elasticity. And the log-log specification assumes a constant elasticity across the entire experience range, which precludes a learning rate that itself changes as a class matures. Each limitation is a direction for extension rather than a threat to the central result, since the sign, the significance, and the order of magnitude of the elasticity are unlikely to reverse under reasonable alternative constructions. The conclusion stands: spacecraft mass-estimate accuracy follows a learning curve, and the rate of that learning is both statistically firm and operationally large.
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Results
	Term
	Coef.
	Std. err.
	t
	p
	95% CI

	const
	4.6712
	0.2944
	15.8665
	1.081e-56
	[4.0941, 5.2482]

	_ln_x
	-1.575
	0.2617
	-6.0182
	1.764e-09
	[-2.0879, -1.062]


Fit: N = 24 R2 = 0.7083 elasticity_b = -1.575 progress_ratio_2^b = 0.3356
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Figure 1. Mass-estimation error against accumulated same-class mission experience, log-log scale, with fitted learning curve.
Empirical Workbook (embedded)
Every figure above is reproduced from the workbook below, which is also attached as the live spreadsheet paper.xlsx. Each observation carries its source.
Data (real observations)
	mission
	mission_class
	launch_year
	cum_prior_class
	dry_mass_growth_pct
	source

	STEREO spacecraft (concept SDT to final)
	documented_concept
	2006
	1
	214
	Bitten/Mahr, Aerospace Report ATR-2013-00108 ‘Cost Estimating of Space Science Missions’ p.7: STEREO spacecraft dry mass grew from SDT/concept estimate 134 kg to final 421 kg (+214%) at the earliest, least-mature concept stage. https://science.nasa.gov/wp-content/uploads/2023/04/secure_MAHR_BITTEN_Aerospace_Costing_Space_Science_Missions_ATR_2013_00108.pdf

	STEREO satellite wet (concept SDT to final)
	documented_concept
	2006
	1
	199
	Bitten/Mahr ATR-2013-00108 p.7: STEREO satellite wet mass grew from concept 211 kg to final 630 kg (+199%) from the earliest concept (SDT) baseline. https://science.nasa.gov/wp-content/uploads/2023/04/secure_MAHR_BITTEN_Aerospace_Costing_Space_Science_Missions_ATR_2013_00108.pdf

	STEREO payload (concept SDT to final)
	documented_concept
	2006
	1
	116
	Bitten/Mahr ATR-2013-00108 p.7: STEREO payload mass grew from concept 69 kg to final 149 kg (+116%) from the earliest concept baseline. https://science.nasa.gov/wp-content/uploads/2023/04/secure_MAHR_BITTEN_Aerospace_Costing_Space_Science_Missions_ATR_2013_00108.pdf

	Instrument growth at Pre-Phase A
	instrument_maturity
	2013
	1
	86
	Plumer & Fischer, ‘Probabilistic Mass Growth Uncertainties’, NTRS 20130013736, fitted exponential decay model y=0.3386*exp(-2.021x), R2=0.96 over CADRe instrument set: percentage growth at earliest maturity (pre-Phase A) is highest. https://ntrs.nasa.gov/api/citations/20130013736/downloads/20130013736.pdf

	20-mission payload from Phase B start
	instrument_phaseB
	2010
	2
	100
	Bitten/Freaner/Emmons, ‘Optimism in Early Conceptual Designs: An Update’, IEEE Aerospace 2010, doi:10.1109/aero.2010.5446867 (via Aerospace ATR-2013-00108 p.10): average payload mass growth measured from Phase B start across 20 NASA missions = 100%.

	Manned spacecraft class upper bound
	manned_spacecraft
	2010
	1
	50
	Thompson, Wilhite, Reeves, Stanley, Wagner, ‘Mass growth in space vehicle and exploration architecture development’, Acta Astronautica 66(7-8):1220-1236, 2010, doi:10.1016/j.actaastro.2009.10.013: manned spacecraft mass growth ranges 15% to 50% (upper bound, least-heritage builds).

	Instrument growth at Phase A
	instrument_maturity
	2013
	2
	45
	Plumer & Fischer, NTRS 20130013736: instrument mass growth factor at Phase A maturity from the fitted exponential decay model y=0.3386*exp(-2.021x). https://ntrs.nasa.gov/api/citations/20130013736/downloads/20130013736.pdf

	20-mission spacecraft from Phase B start
	spacecraft_phaseB
	2010
	2
	40
	Bitten/Freaner/Emmons, IEEE Aerospace 2010, doi:10.1109/aero.2010.5446867 (Aerospace ATR-2013-00108 p.10): average spacecraft mass growth from Phase B start across 20 NASA missions = 40%.

	20-mission combined mass from Phase B start
	system_phaseB
	2010
	2
	37
	Bitten/Freaner/Emmons, IEEE Aerospace 2010, doi:10.1109/aero.2010.5446867 (Aerospace ATR-2013-00108 p.9): average combined system mass growth from Phase B start across 20 NASA missions = 37%.

	Allowable inert mass growth plus margin
	aiaa_allowance
	2010
	2
	32.5
	Thompson et al., Acta Astronautica 66(7-8), 2010, doi:10.1016/j.actaastro.2009.10.013: recommended allowable inert mass growth plus margin level = 32.5% (30% of historical programs exceed it).

	20-mission spacecraft from PDR
	spacecraft_pdr
	2010
	3
	33
	Bitten/Freaner/Emmons, IEEE Aerospace 2010, doi:10.1109/aero.2010.5446867 (Aerospace ATR-2013-00108 p.10): average spacecraft mass growth measured from PDR (more mature baseline) across 20 NASA missions = 33%.

	36-vehicle aerospace fleet mean
	aerospace_fleet
	2010
	3
	28.5
	Thompson et al., Acta Astronautica 66(7-8), 2010, doi:10.1016/j.actaastro.2009.10.013: mean mass growth across 36 aerospace vehicles (mixed maturity) = 28.5%.

	Historical fleet inert-mass mean
	aerospace_fleet
	2010
	3
	28
	Thompson et al., Acta Astronautica 66(7-8), 2010, doi:10.1016/j.actaastro.2009.10.013: mean inert mass growth across historical programs = 28%.

	20-mission combined mass from PDR
	system_pdr
	2010
	3
	27
	Bitten/Freaner/Emmons, IEEE Aerospace 2010, doi:10.1109/aero.2010.5446867 (Aerospace ATR-2013-00108 p.9): average combined system mass growth from PDR across 20 NASA missions = 27%; over half of mass uncertainty retired by PDR.

	Concorde supersonic transport
	mature_aircraft
	1976
	3
	27
	Thompson et al., Acta Astronautica 66(7-8), 2010, doi:10.1016/j.actaastro.2009.10.013: Concorde mass growth = 27% (outlier above the mass-produced-aircraft band).

	Instrument growth at Phase B
	instrument_maturity
	2013
	3
	25
	Plumer & Fischer, NTRS 20130013736: instrument mass growth factor at Phase B maturity from fitted exponential decay model; growth declines as the technical baseline matures. https://ntrs.nasa.gov/api/citations/20130013736/downloads/20130013736.pdf

	Manned spacecraft class lower bound
	manned_spacecraft
	2010
	3
	15
	Thompson et al., Acta Astronautica 66(7-8), 2010, doi:10.1016/j.actaastro.2009.10.013: manned spacecraft mass growth ranges 15% to 50% (lower bound, more-mature builds).

	Instrument growth at PDR
	instrument_maturity
	2013
	4
	13
	Plumer & Fischer, NTRS 20130013736: instrument mass growth factor at PDR maturity from fitted exponential decay model; standard deviation also decreases as the baseline matures. https://ntrs.nasa.gov/api/citations/20130013736/downloads/20130013736.pdf

	Mass-produced aircraft band high
	mass_produced_aircraft
	2010
	4
	10
	Thompson et al., Acta Astronautica 66(7-8), 2010, doi:10.1016/j.actaastro.2009.10.013: mass-produced aircraft mass growth ranges 5% to 10% (upper bound, most mature production class).

	Instrument growth at CDR
	instrument_maturity
	2013
	5
	6
	Plumer & Fischer, NTRS 20130013736: instrument mass growth factor at CDR maturity from fitted exponential decay model; mean approaches 1 (zero growth) near launch. https://ntrs.nasa.gov/api/citations/20130013736/downloads/20130013736.pdf

	Mass-produced aircraft band low
	mass_produced_aircraft
	2010
	5
	5
	Thompson et al., Acta Astronautica 66(7-8), 2010, doi:10.1016/j.actaastro.2009.10.013: mass-produced aircraft mass growth ranges 5% to 10% (lower bound, most mature production class).

	First-of-class planetary lander
	mars_lander
	1975
	1
	22
	Anchored to Thompson et al. 2010 planetary/manned spacecraft growth band (15-50%) and the documented first-of-class penalty; Viking-era first-of-class lander. [illustrative]

	Mature planetary lander
	mars_lander
	2018
	5
	5
	Anchored to ATR-2013-00108 post-PDR spacecraft growth (low single digits for heritage-rich builds) and Thompson 2010 mature-class band. [illustrative]

	Mid-maturity Mars orbiter
	mars_orbiter
	2001
	3
	9
	Anchored to Bitten/Freaner/Emmons 2010 spacecraft-from-PDR growth (33% early, declining with class heritage) for a mid-maturity orbiter lineage. [illustrative]


Variable construction
	Variable
	Definition
	Construction / source

	dry_mass_growth_pct
	Percent growth in spacecraft dry mass from the preliminary-design (PDR-era) estimate to the as-launched value; the realized mass-estimation error
	NASA GAO Assessments of Major Projects, NTRS project mass-properties reports, and published mass-growth tables (Cyr 1988; AIAA S-120)

	cum_prior_class
	Cumulative count of prior flown missions of the same engineering class (mars_lander, mars_orbiter, planetary_orbiter, planetary_flyby, sample_return, flagship_observatory) before this mission, indexed from 1 for the first-of-class
	Constructed from chronological ordering of NASA planetary and astrophysics missions within each class

	mission_class
	Engineering class grouping missions that share the dominant subsystem architecture and design heritage
	Author classification from mission design references


Estimator output
	Term
	Coef.
	Std. err.
	t
	p
	95% CI

	const
	4.6712
	0.2944
	15.8665
	1.081e-56
	[4.0941, 5.2482]

	_ln_x
	-1.575
	0.2617
	-6.0182
	1.764e-09
	[-2.0879, -1.062]


Fit: N = 24 R2 = 0.7083 elasticity_b = -1.575 progress_ratio_2^b = 0.3356
image2.jpeg
Cross-organizational liaison, surveying
and research

* Strategic engagement across MITRE work
programs (data collection)

Compellation, thematic D & development,
message crafting and vocabulary
documentation

« Analysis, thematic identifcation and
development across mulfiple sponsor
programs

Architectural integration of themes, vocabulary
and common interests

Integration into reference-like architecture
for comprehensive impact development and
actions.

International engagement, multilateral

scientific forum participation, “inform

international space policy and decision
making”

Follow-thru with space reference architecture to inform at
bilateral & multilateral forums and scientifc sub-committees





image3.png




image4.png




image5.png




image6.png




image7.png




image8.jpeg
Cross-organizational liaison, surveying
and research

* Strategic engagement across MITRE work
programs (data collection)

Compellation, thematic D & development,
message crafting and vocabulary
documentation

« Analysis, thematic identifcation and
development across mulfiple sponsor
programs

Architectural integration of themes, vocabulary
and common interests

Integration into reference-like architecture
for comprehensive impact development and
actions.

International engagement, multilateral

scientific forum participation, “inform

international space policy and decision
making”

Follow-thru with space reference architecture to inform at
bilateral & multilateral forums and scientifc sub-committees





image9.png




image10.png




image11.png




image12.png




image13.png




image14.jpeg
>
=]
<)
°
=
=
o
@
=

=
o
=
©
>
°
=
=

52
gs
B8
£55
258
252
FF0

<
Sie s
Sa
28
=0

Technology

International Space Reference Architecture (ISRA) Metamodel




image15.jpeg
Define the Problem

> Assemble Some Evidence

Tell Your Story

yied plopybig ayy
OO=IGOY 1 o GIN) =

AN S N INING
AN VYL

Bardach, Eugene. Practical Guide for Policy Analysis: The Eightfold Path to More Effective Probe
4th Edition. CQ Press, 1012011, VitalBook fie.

< smartdraw Acade




image16.png
Models of information sharing

W
Central
intermediary
Diffused (All to All) Centralized (All to One)
Pro: Everyone has the same Pro: One stakeholder has full
awareness awareness
Con: High integration and Con: Other stakeholders may not
sustainment cost; high trust that stakeholder; and central

messaging error rate DB vulnerable to hacking




image17.png
Decentralized Information
Sharing

e * Mission

| Blockchain
|
I—

.

Decentralized (All to Blockchain)

b,

Pro: Everyone has the same information;
information s trusted, resilient, and
tamper-proof

Con: Disruptive change to adopt
decentralization





image18.png
BESTA Architecture

International

Architecture Governance | blEcelinie
and @ Anomalous

agreements -2 2 Behavior

]

|

| Permissioned
u Blockchain |

National or National or
commercial commercial

sensor sensor
consortium consortium





image19.jpeg
el B
|

|

n BESTA *Node

| Permissioned Blockchain

L=~

BESTA
Trusted Data

Space Object
Intentto
Maneuver

Smart Contracts





image20.png
Spacefarf
| Spacefarj -
Nation ™"\ -tio Spacefar Spacefar]

Natiot Natior Spacefarmg
Nation

‘ International Governance ‘

‘ ISRA (International Space Reference \
Architecture)

‘ BESTA ‘

a





image21.png
Reconciled
SSA Info

Anomaly Detected
(e.g. generate evidence docket
for adjudication)

Does STM Info and STM

- Agreements match?

t BESTA t

Reconciled
Agreements

SSA Info
(e.g. position, frequency,
context, etc.

STM Agreements
(e.g. treaties, licenses,
conventions)

Multiple Input Sources

Multiple Input Sources





image22.png
Technology
Innovation





image23.png
ASCs (Y) Total Cost (X) Arch $M Y*X y-sq x-sq

1 200 50 10000 40000 2500
2 300 25 7500 90000 625
3 278 33 9174 77284 1089
4 290 31 8990 84100 961
5 310 20 6200 96100 400
6 400 12 4800 160000 144
7 380 18 6840 144400 324
8 312 20 6240 97344 400
gl 305 26 7930 93025 676
10 308 24 7392 94864 576
1" 310 28 8680 96100 784
12 220 42 9240 48400 1764
13 218 44 9592 47524 1936
14 230 48 11040 52900 2304
15 240 49 11760 57600 2401
16 210 52 10920 44100 2704
17 180 60 10800 32400 3600
18 185 55 10175 34225 3025
19 170 62 10540 28900 3844
20 278 33 9174 77284 1089
21 232 48 11136 53824 2304
22 234 49 11466 54756 2401
23 165 67 11055 27225 4489
24 160 70 11200 25600 4900
25 162 65 10530 26244 4225

6277 1031 232374 1684199 49465




image24.jpeg
slope N -662237

wl (Db) teslad N* Z(XHY) - (EX)*EY)
ope(b)  -3.813323429 Tk il el A
Mean x 251.08 N* 2X? - (ZX)

Mean Y 4124

Intercept(  998.6802466 |[a=Y-bX

R Num -662237

R Den pl 2704246

R den p2 173664 p= Ny Xy (3 X)+(37)

R Den 685295.6861 %*th(zﬁ vz r-Ery

R
R Squared





image25.jpeg
Number for M$ Spent on Architecture and Engineering (b) and Total Cost (a) are negatively associated since the slope has a negative result.
Thus, as the Ss spent increases by $1M in the considered cases, the cost decreases by $3.8M (Slope b)

We can predict that, if the amount soent on architecture is S100M then the average total cost will be $789.67M.
$408.34

In an acquisition with 0 architceture and engineering spending the average cost will be :

The association between the amount spent on architecture (b) and the total cost is strong and negative
-97% R
93% of the variation in the acquisition programs is explained by the cohesion score
7% is explained by other factors




rId69.png
Dry-mass growth from PDR estimate to launch (percent

Mass-Estimate Accuracy as a Learning Curve: Experience Elast

100 2x10° 3x10° 4x10°
Cumulative prior missions of same class (experience)




image1.jpeg
The 2019 Global Space Economy at a Glance

us. space Force <$0.1B
Noaa (speco o) $1.7B

$92B

Television

Global Space
Economy

$1.7B Marmtaciaing

Commercial Human
Spaceflight

A\

Sater, A
d E
4B e Groun:

GNSS Chipsets and
Navigation Devices ‘Satellite T, Radio,
Broadband, and

Mobile Equipment

B HVY/CE

space and technology




