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Abstract
Interfacial load transfer governs composite action in concrete-filled steel tubes, yet the combined effects
of concrete strength and tube geometry remain difficult to quantify when experiments are limited. This
study evaluates the push-out bond strength of concrete-filled galvanized steel tubes using 27 reported
observations arranged as three concrete grades (nominal M40, M50, and M70) across a Taguchi L9
geometry matrix comprising tube diameters of 33.7–48.3 mm, wall thicknesses of 2.6-4.0 mm, and
length-to-diameter ratios of 12–16. The measured bond strength ranged from 0.830 to 2.062 MPa. Main-
effect analysis and analysis of variance identified L/D as the dominant factor (33.13% contribution, p < 
0.001), followed by wall thickness (19.43%, p = 0.003), concrete strength (17.44%, p = 0.004), and
diameter (8.86%, p = 0.043). To avoid optimistic model assessment, machine-learning models were
evaluated by nested, geometry-grouped cross-validation, in which all concrete grades sharing one L9
geometry were withheld together. Support vector regression provided the best generalization (R² = 0.719,
RMSE = 0.193 MPa, MAE = 0.157 MPa, and MAPE = 10.87%), whereas tree ensembles were less reliable
for this small structured dataset. Entropy-weighted MOORA and COPRAS analyses, together with the
Taguchi larger-the-better criterion, consistently selected D = 42.2 mm, t = 4.0 mm, and L/D = 12 as the
robust optimum; the corresponding bond strengths were 1.899, 1.915, and 1.802 MPa. The results show
that a short, thick-walled tube geometry provides the most stable interfacial resistance within the
investigated domain, while grouped validation is essential for credible data-driven prediction from
compact experimental designs.

1. Introduction
Concrete-filled steel tubular (CFST) members combine the tensile resistance and ductility of a steel shell
with the compressive resistance and stability of an infilled concrete core. Their structural efficiency has
led to widespread use in building columns, bridge piers, piles, industrial supports, and other members
subjected to high axial demand. The intended composite action, however, depends on the transfer of
longitudinal shear across the steel-concrete interface. If this interface slips or debonds, the steel tube
and concrete core cannot fully share load, local stress concentrations develop, and the stiffness and
resistance assumed in design may not be mobilized. Early work on composite action demonstrated that
interfacial shear transfer is therefore a governing aspect of load introduction and force redistribution in
concrete-filled tubes [1]. The bond of CFST members is created by chemical bonding, micromechanical
bonding, friction, radial pressure, and irregularities of the surfaces at the contact area. These
mechanisms are developed when loading. As the adhesion is lost, slip begins and the friction and
mechanical interlock take over as the main part of the residual response. The normal pressure and
effective contact condition at the interface can be changed due to concrete shrinkage, creep, geometry
of the tubes, curing history and confinement. These mechanisms can be isolated by using push-out
testing, as the concrete core can move relative to a supported steel tube, allowing full bond-slip
response and, if instrumented, the ultimate interfacial resistance to be measured [2–5]. If one material
property is proposed as a control, then experimental studies reveal that this is not the case. In this
regard, Tao et al. [2] tested several circular and rectangular CFSTs, and highlighted the importance of
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section size, interface length, concrete condition and surface preparation. Qu et al. [4] also reported that
the response of rectangular CFST can significantly change as a result of load-reversed push-out tests
considering interface treatment and cyclic slip history.

There has been a significant effort to enhance the radial contact force and increase the push-out
resistance by means of expansive concrete [5] and post-fire and elevated temperature tests have shown
that the interfacial mechanism can vary under such circumstances due to differential thermal
deformation and degradation of the materials [6, 7]. The use of recycled aggregate concrete, stainless
steel tubes, connectors, and the modification of the inner surfaces have also been studied to try to
improve or reinterpret bond transfer [8–11]. All of these studies suggest that these geometric variables
should not be evaluated separately, but in combination with specific properties. Galvanized steel tubes
provide a functional protection from corrosion and are appealing when it comes to exposed lightweight
and modular structural systems. The zinc coated interface is however unique from the untreated carbon-
steel: it is rougher, harder, less continuous and interacts with the cementitious pore solution which may
affect adhesion and friction. A strict interpretation would then call for an explicit report of the surface
condition and, preferably, comparison with an ungalvanized sample. The present data set includes only
galvanized tubes and so can measure the joint response of both concrete strength and geometry in that
system but cannot provide a measure of the galvanizing effect. Compact designs of experiments are
useful if the preparation of specimens and fullscale structural testing is costly. A Taguchi orthogonal
array is also efficient at distributing various levels of the factors and permits main-effect estimation to
be carried out in significantly less number of combinations than does a full factorial program [12].
Several response conditions can be combined using multi criteria decision methods. MOORA is based
on vector normalization and differentiates beneficial from non-beneficial criteria [13] while COPRAS
considers relative utility based on normalized weighted performance. The entropy weighting gives a
data-based index of the discriminatory information content of each response criterion [14]. The methods
can be used only if their intended direction and the interpretation of the weights are explicitly defined,
otherwise seemingly precise rankings can mask the real experimental trades off. In addition to the
conventional approach, machine learning (ML) provides an alternative way to estimate nonlinear
relationships between bond strength and the material and/or geometric parameters. Random forests,
gradient boosting and support vector regression (SVR) have been increasingly implemented to structural
datasets, and recently, other surrogate models, such as artificial neural networks have been tried in CFST
studies to predict capacity or interfacial performance [15–17]. Small data sets pose a special risk:
flexible models can fit the data that has been used and can produce good looking R-squared values, but
they do not generalize to an unseen geometry. Additionally, having the same observations being used for
both hyperparameter selection and performance reporting creates selection bias [18]. Random
observation level splitting also leaks geometry information between train and test sets in structured
experiments when the geometry is the same in multiple concrete grades. The grouping of the experiment
should therefore be maintained in the validation.

In this context, the present work revisits a dataset of 27 observations of push-out tests performed on
concrete-filled galvanized steel tubes (GFST) in a unified experimental/statistical/predictive approach.
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The objectives of this paper are to quantify the influence of concrete strength, tube diameter, thickness
of the tube wall and L/D ratio on ultimate interfacial bond strength, compare the regression models by
means of nested geometry-grouped validation and find a robust geometry for three concrete strengths
by applying Taguchi, entropy-weighted MOORA and COPRAS methods. The principal contribution is not a
universal design equation, but a clear small-data flow for going from apparent fit to generalization, from
factor effects to prediction to optimization, to the same fixed experimental evidence.

2. Materials and methods

2.1 Concrete and steel-tube variables
The three conventional concrete mixtures were prepared using the procedure for mix-design as reported
in IS 10262:2009. The nominal grades were M40, M50 and M70. The quantities of constituents, water-
cement ratio, average 28-day cube strengths and moduli of elasticity are summarized in Table 1. 150 mm
cubes were used for compressive strength tests as per IS 516. The average strengths measured were
41.60, 51.86 and 72.60 MPa, which is consistent with separation of the three levels of concrete. The
nominal values used for the models, 40, 50, and 70 MPa, are kept in the manuscript as inputs to the
models for the push-out results reported.

Table 1
Concrete mixture proportions and reported mechanical properties.

Property M40 M50 M70

Cement (kg/m³) 336 408 445

Fine aggregate (kg/m³) 940 880 860.5

Coarse aggregate (kg/m³) 674 632 617

Water (kg/m³) 168 184 187

Water/cement ratio 0.50 0.45 0.42

Cement:fine:coarse ratio 1:2.8:2.0 1:2.0:1.5 1:1.94:1.38

Average 28-day cube strength (MPa) 41.60 51.86 72.60

Young's modulus (MPa) 21,019 25,743 29,725

The outer diameters of the tubes tested were 33.7, 42.2 and 48.3 mm and the nominal wall thickness
was 2.6, 3.2 and 4.0 mm respectively. The coefficient of variation (CV) of these variables ranges from
8.43 to 18.58. The thickness of the zinc coat, the type of steel, yield strength, ultimate tensile strength,
elastic modulus and surface roughness of the internal surfaces were not provided in the experimental
record supplied, and should be entered prior to submission as these parameters have an impact on the
reproducibility and mechanics of the interface.

2.2 Taguchi L9 design and specimen matrix
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The geometric program used a three-factor, three-level Taguchi L9 orthogonal array. The nine geometries
were reproduced at each of the three nominal concrete strengths, yielding 27 unique reported
observations. Geometry groups G1-G9 were retained throughout the analysis so that results at different
concrete strengths but identical D, t, and L/D were treated as a physical family. The tube length was
defined by L = (L/D)D. Table 2 lists the matrix. One bond-strength value was available for each grade-
geometry cell; replicate-level measurements and within-cell uncertainty were not present in the source
record.

Table 2
Taguchi L9 geometry matrix used at each

concrete grade.
Group D (mm) t (mm) L/D L (mm)

G1 33.7 2.6 12 404.4

G2 33.7 3.2 14 471.8

G3 33.7 4.0 16 539.2

G4 42.2 2.6 14 590.8

G5 42.2 3.2 16 675.2

G6 42.2 4.0 12 506.4

G7 48.3 2.6 16 772.8

G8 48.3 3.2 12 579.6

G9 48.3 4.0 14 676.2

2.3 Push-out testing and bond-strength calculation
Push-out tests were conducted at a concrete age of 28 days using a reported 2000-ton-capacity testing
machine. As illustrated in Fig. 1, the steel tube was supported while the axial load was applied directly to
the concrete core through a loading block. A nominal 10 mm clearance at the lower end allowed relative
displacement of the core. The source description reports an initial loading rate of 0.2 kN/s up to the
onset of bond failure, followed by 2 kN/min until completion; the authors should verify this sequence
against the laboratory log because the stated rate decreases after initiation. The ultimate bond stress
was interpreted using the conventional uniform-interface expression

τu = Pu / (π Di Li),

where Li is the bonded interface length and Pu is the maximum push-out load. The response for all
subsequent analyses was the reported τu values. The precise diameter convention, the length of the
interface, the accuracy of the load cell, the slip-measurement set-up, and the number of replicate
specimens should be established from the original laboratory records.
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2.4 Statistical analysis
Pearson correlation coefficients were computed for the linear association between each pair of
variables. The L9 combinations were orthogonal, and repeated across the three concrete grades, so
therefore a main-effects analysis of variance (ANOVA) was executed, with the three levels of fck, D, t and
L/D first presented as categorical factors. The sum of squares for each factor was obtained from the
weighted deviation of the level means from the grand mean. The residual had unmodelled interactions
and experimental variation. The contributions were reported as a percentage of the sum of the squares
due to the factors over the sum of all the squares. The significance level of 0.05 was used. Because the
design is not conducive to reliable estimation of all interactions, p values are taken as screening
evidence, not as population-level inference.

2.5 Machine-learning models and leakage-resistant
validation
The predictors were nominal concrete strength fck, tube diameter D, wall thickness t, and L/D; the target
was ultimate bond strength τu. Five regression approaches were compared: ordinary linear regression,

ridge regression, radial-basis-function SVR, random forest regression, and gradient boosting regression.
Scaling was applied inside each training fold for linear, ridge, and SVR models. Hyperparameters were
selected only from the training data using an inner four-fold GroupKFold search. The outer validation
used nine GroupKFold splits defined by G1-G9: in each split, the three observations sharing one
geometry were withheld together. Thus, no test geometry appeared in the corresponding training data.
Predictions from all outer folds were pooled to calculate MAE, RMSE, MAPE, and R². This nested grouped
procedure prevents the geometry leakage and model-selection optimism that can occur with random or
in-sample assessment [18]. All derived analyses used fixed random seed 20260811 and standard
implementations consistent with scikit-learn [19].

2.6 Taguchi, MOORA, and COPRAS optimization
Each geometry was evaluated across the three concrete grades. For Taguchi ranking, bond strength was
treated as a beneficial response and the larger-the-better signal-to-noise ratio was computed as S/N =
-10 log10[(1/n)Σ(1/τu²)]. MOORA and COPRAS treated the M40, M50, and M70 bond strengths as three
beneficial criteria. Entropy weights were calculated from the normalized dispersion of each grade-
specific response. MOORA used vector normalization and the weighted sum of beneficial criteria.
COPRAS used column-sum normalization and reported utility relative to the highest priority score.
Because all responses were beneficial, no cost term was subtracted. Rank agreement across the three
methods was used as evidence of a robust rather than method-specific optimum.

3. Results and discussion

3.1 Experimental bond-strength response
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Across the 27 observations, τu ranged from 0.830 MPa (M50-G7: D = 48.3 mm, t = 2.6 mm, L/D = 16) to
2.062 MPa (M70-G9: D = 48.3 mm, t = 4.0 mm, L/D = 14). The grade-wise mean values were 1.396 MPa
for M40, 1.371 MPa for M50, and 1.705 MPa for M70. The slight increase from M40 to M50 indicates
that compressive strength alone was not sufficient to influence bond resistance, however, the M70 group
had a significant increase in the mean. This non-monotonic intermediate response is consistent with a
frictional interface where geometry, shrinkage and surface condition all play a part along with the radial
contact pressure. Geometry G6 has the highest cross grade mean (1.872 MPa) and the smallest range of
1.802–1.915 MPa. The mean value for G7 was the lowest (1.015 MPa). The three favorable changes that
occurred from G7 to G6 are a decrease in the L/D ratio, an increase in the wall thickness, and an
intermediate diameter that will add up to the 84.4% increase in mean bond strength. The outcome
should hence be considered as a multi-factors geometry effect and not to a single factor.

3.2 Main effects and ANOVA
The mean τu for the different t values in Fig. 2 increased with t increasing from 2.6 to 4.0 mm, with an
increase of 30.4% when t was increased from 2.6 to 4.0 mm. Thicker tube is less prone to local radial
deformations and is more capable of withstand larger confinement and interface pressure during push-
out. In contrast, increasing L/D from 12 to 16 reduced the mean from 1.750 to 1.238 MPa, a decrease of
29.3%. A longer interface provides more time for some regions to achieve more uniform shear transfer
and for separation from the interface to occur under shrinkage and for progressive debonding to occur;
therefore, the average stress across the entire interface may decrease as the total load transferred
increases. Diameter had a weaker, non-monotonic main effect: the means were 1.641, 1.391, and 1.440
MPa at 33.7, 42.2, and 48.3 mm, respectively. The answer is therefore NOT supporting the original draft
statement that size – diameter was the most important factor. The strength of concrete was also
impacted in a stepped and not entirely linear fashion, with the main improvement being at M70. These
patterns are consistent with the need for an orthogonal multi-factor analysis.

Table 3
Main-effects ANOVA for ultimate bond strength.

Factor df SS MS F p Contribution (%)

Concrete strength 2 0.6237 0.3118 7.427 0.004 17.44

Diameter, D 2 0.3167 0.1584 3.771 0.043 8.86

Thickness, t 2 0.6947 0.3473 8.272 0.003 19.43

L/D 2 1.1844 0.5922 14.104 < 0.001 33.13

Residual 18 0.7558 0.0420 - - 21.14

Total 26 3.5752 - - - 100.00

The ANOVA results quantify the visual trends. L/D made the largest contribution (33.13%, F = 14.10, p < 
0.001), followed by t (19.43%, p = 0.003), concrete strength (17.44%, p = 0.004), and D (8.86%, p = 0.043).
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The 21.14% residual contribution consists of interactions, experimental scatter and any effects of
unreported material and surface variables. The selected factors explain 78.86% of the observed
variation, which suggests that the response within the investigated domain is mainly due to the four
main effects, but the residual is too large to justify deriving a design rule exclusively from a deterministic
approach.

3.3 Correlation structure and linear benchmark
The orthogonal design generated almost no pairwise correlations between fck, D, t, and L/D (Fig. 3) so
that the associations of their corresponding marginals with τu could be read without predictor
collinearity. L/D showed the strongest correlation (r = -0.575), followed by t (r = 0.439), fck (r = 0.385),
and D (r = -0.243). The benchmark model used was a multiple linear model that was fitted.

τu = 2.3896 + 0.01122 fck − 0.01479 D + 0.27854 t − 0.12822 (L/D),

All dimensions given in MPa and mm as appropriate. The directions of the coefficients are consistent
with the main-effect results. The in-sample R2 was 0.731, which is a descriptive measure and was not a
predictive measure as the model was fitted with the in-sample observations. Next, the performance data
are grouped out-of-sample.

3.4 Machine-learning generalization
Table 4

Performance under nested geometry-grouped cross-validation.
Model MAE (MPa) RMSE (MPa) MAPE (%) R²

Support vector regression 0.157 0.193 10.87 0.719

Ridge regression 0.187 0.212 13.19 0.661

Linear regression 0.189 0.215 13.31 0.652

Gradient boosting 0.265 0.301 20.32 0.317

Random forest 0.296 0.341 22.33 0.124

SVR was the best model under the leakage-resistant assessment, with R² = 0.719, RMSE = 0.193 MPa,
MAE = 0.157 MPa, and MAPE = 10.87%. The dominant response is relatively smooth, low-dimensional,
and was followed by ridge and ordinary linear regression (R 2 = 0.661 and 0.652), respectively. Gradient
boosting and random forest took a huge hit with R² values of 0.317 and 0.124 respectively. As predicted,
they compressed their test predictions towards the training mean when they were required to extrapolate
to a combination of geometries not present in the training. This ranking is a change from the original
draft, where apparent fit metrics were used, and the original draft conclusion was that Random Forest's
R² was approximately 0.91. The difference is not cosmetic, but methodologic: Original model predictions
closely matched the data for the models that were developed, while the present test requires the model
to predict an unseen geometry. Grouped result is more representative estimation of generalization for
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structured dataset with 27 observations. Deep neural networks and convolutional neural networks were
therefore not considered; they require much larger external databases to be parameterized in a way that
is defensible with this sample size and tabular input. The value obtained from the SVR is encouraging,
but should be applied only for interpolation in the range of the tested values.

3.5 Multi-criteria optimization
Table 5

Cross-grade performance and optimization ranks.
Geometry D (mm) t (mm) L/D Mean τu (MPa) Taguchi MOORA COPRAS

G1 33.7 2.6 12 1.713 3 4 4

G2 33.7 3.2 14 1.662 2 2 2

G3 33.7 4.0 16 1.549 6 6 6

G4 42.2 2.6 14 1.152 7 7 7

G5 42.2 3.2 16 1.149 8 8 8

G6 42.2 4.0 12 1.872 1 1 1

G7 48.3 2.6 16 1.015 9 9 9

G8 48.3 3.2 12 1.667 4 3 3

G9 48.3 4.0 14 1.637 5 5 5

The entropy weights assigned to the M40, M50, and M70 responses were 0.4168, 0.4638, and 0.1194,
respectively. The numbers reflect the ability of the grade level geometry-specific responses to
discriminate among the geometry, not the importance of the grades in the physical world. The largest
S/N ratio (5.437 dB), MOORA score (0.4329), and COPRAS utility (1.000) were obtained by G6. It also had
the highest mean score of 1.872 MPa across grades. The three grade-specific values were within 0.113
MPa of each other, indicating that the chosen geometry was not only highly resistant to grade, but also
highly resistant. In a positive data set, the orderings resulting from the normalizations of MOORA and
COPRAS were the same since all three criteria are desirable and employed the same entropy weights.
Taguchi was able to agree to the best and worst geometries, although he switched some of the
intermediate values due to the greater penalties incurred by the low values by the larger-the-better S/N
ratio. The order of the first rank of G6 is therefore well preserved with both the decision rules. The worst
geometry was G7 (D = 48.3 mm, t = 2.6 mm, L/D = 16), with mean τu = 1.015 MPa, MOORA score 0.2058,
and COPRAS utility 0.4747.

3.6 Engineering implications and limitations
As far as the range investigated is concerned, the geometry which is most reliable to improve interfacial
resistance is to reduce L/D and increase wall thickness. This leads to physically consistent shorter
transfer length, slower debonding progression, and greater radial restraint. The strength of concrete is
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useful primarily at the M70 level; the diameter should not be considered a monotonic design variable.
The optimum is an observed, not a mathematically-derived one, and should not be extrapolated outside
of the ranges of D = 33.7–48.3 mm, t = 2.6-4.0 mm, L/D = 12–16, or fck = 40–70 MPa. There are a few
restrictions that limit the next experimental step. First of all, there is no data available at a replicate level,
which means that repeatability and confidence intervals cannot be quantified. Secondly, no load-slip
curves, local strain measurements, failure photographs, steel properties, galvanizing thickness, surface
roughness or shrinkage information is provided as part of this record. Thirdly, the lack of an
ungalvanized control does not allow for separating the coating effect from the geometry. Fourth, 27
observations are enough to be screened, but not enough to be used for a general ML design model. A
more rigorous validation program should repeat the L9 cells, incorporate control surface conditions,
quantify the complete bond-slip response, and evaluate an external geometry set, not developed with the
model.

4. Conclusions
1. The 27 reported push-out observations produced ultimate interfacial bond strengths from 0.830 to

2.062 MPa. Geometry G6 (D = 42.2 mm, t = 4.0 mm, L/D = 12) delivered the highest and most stable
cross-grade response: 1.899, 1.915, and 1.802 MPa for M40, M50, and M70, respectively.

2. L/D was the dominant main effect, contributing 33.13% of the total variation. Wall thickness
(19.43%) and concrete strength (17.44%) were also significant, while diameter had a smaller and
non-monotonic contribution (8.86%).

3. Increasing wall thickness from 2.6 to 4.0 mm increased the mean bond strength by 30.4%, whereas
increasing L/D from 12 to 16 reduced it by 29.3%. These trends support the use of short, thick-
walled geometries when interfacial transfer is critical.

4. Under nested geometry-grouped validation, SVR generalized best (R² = 0.719, RMSE = 0.193 MPa,
MAPE = 10.87%). Random Forest did not retain the high performance suggested by in-sample fitting,
demonstrating the importance of leakage-resistant validation for compact orthogonal designs.

5. Taguchi, entropy-weighted MOORA, and COPRAS unanimously ranked G6 first. Agreement among
the methods confirms that its selection is not an artifact of a single normalization or decision rule.

6. The findings are applicable only within the tested ranges and cannot isolate the effect of
galvanizing. Replicated push-out tests, complete bond-slip curves, steel/coating characterization,
and independent external validation are required before developing a general design equation.
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Appendix

Appendix A. Experimental dataset
Table A1 reproduces the 27 reported bond-strength observations used in every derived analysis. Values
are preserved from the source results table; no experimental response has been invented or imputed.
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Table A1
Verified experimental dataset.

Specimen fck (MPa) D (mm) t (mm) L/D τu (MPa)

C40-G1 40 33.7 2.6 12 1.770

C40-G2 40 33.7 3.2 14 1.541

C40-G3 40 33.7 4.0 16 1.558

C40-G4 40 42.2 2.6 14 0.991

C40-G5 40 42.2 3.2 16 0.923

C40-G6 40 42.2 4.0 12 1.899

C40-G7 40 48.3 2.6 16 0.878

C40-G8 40 48.3 3.2 12 1.372

C40-G9 40 48.3 4.0 14 1.631

C50-G1 50 33.7 2.6 12 1.360

C50-G2 50 33.7 3.2 14 1.781

C50-G3 50 33.7 4.0 16 1.282

C50-G4 50 42.2 2.6 14 1.083

C50-G5 50 42.2 3.2 16 0.979

C50-G6 50 42.2 4.0 12 1.915

C50-G7 50 48.3 2.6 16 0.830

C50-G8 50 48.3 3.2 12 1.888

C50-G9 50 48.3 4.0 14 1.219

C70-G1 70 33.7 2.6 12 2.008

C70-G2 70 33.7 3.2 14 1.664

C70-G3 70 33.7 4.0 16 1.806

C70-G4 70 42.2 2.6 14 1.381

C70-G5 70 42.2 3.2 16 1.545

C70-G6 70 42.2 4.0 12 1.802

C70-G7 70 48.3 2.6 16 1.337

C70-G8 70 48.3 3.2 12 1.740
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Specimen fck (MPa) D (mm) t (mm) L/D τu (MPa)

C70-G9 70 48.3 4.0 14 2.062

Figures

Figure 1

Schematic of the push-out loading principle used to mobilize relative slip between the concrete core and
galvanized steel tube. The drawing has been redrafted from the experimental schematic supplied with
the source manuscript.
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Figure 2

Main effects for ultimate bond strength for nominal concrete strength, tube diameter, wall thickness and
L/D ratio. Level means are indicated by markers and error bars represent the standard deviation of the
nine observations for each level.
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Figure 3

Pearson correlation matrix for the four predictors and measured ultimate bond strength. Orthogonality of
the L9 design is reflected by near-zero correlations among geometric predictors.
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Figure 4

Measured versus predicted bond strength from nested geometry-grouped cross-validation. Each outer
fold withheld all three concrete grades associated with one L9 geometry. The dashed line denotes
perfect agreement.
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Figure 5

Comparison of Taguchi larger-the-better, entropy-weighted MOORA, and COPRAS results. All three
methods identify G6 (D = 42.2 mm, t = 4.0 mm, L/D = 12) as the preferred geometry.
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