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Image-based Metrics for Characterizing Drilling

Induced Defects in Fibre-Reinforced Composite

Chaoyue Niu1, Bin Chen1∗, Erica Smith2, Robert Bramley2, Oliver Hayes2, Pete Crawforth2,

Kevin Kerrigan2, Mahdi Mahfouf1 and Visakan Kadirkamanathan1

AbstractÐModern aircraft assembly involves drilling holes in
multi-material stacks, followed by fastening to create a structural
joint. Stringent quality requirements to ensure structural in-
tegrity necessitate accurate assessment of the hole quality. Carbon
fibre reinforced polymer (CFRP) is widely used in aircraft
structures, and delamination and uncut fibres are prominent
defects associated with CFRP drilling. Furthermore, metal-CFRP
composite structures, owing to their higher cost and hence the
need reduced waste, present even more stringent requirements on
hole quality. Defects such as delamination and uncut fibres in this
composite also differ in how they manifest. An automated eval-
uation framework and robust hole quality metrics are therefore
required to address this challenge. In this paper, an automated
image processing based evaluation framework for rapid and
objective assessment of delamination and uncut fibre defects is
developed. This robust framework introduces combined metrics,
leveraging a weighted p-norm approach to aggregate five factors
for delamination and five for uncut fibres with p = 1, 2 and
∞. A method to choose weights for the different p-norms is also
identified to create robust measures. Grayscale images captured
via optical microscopy serve as inputs, and the framework
outputs both the combined metrics and ten individual metrics for
detailed analysis. The multi-objective space with the associated
Pareto front and population based ranking derived from the
weighted p-norm based metrics are introduced as a means to
identify relative hole quality and to associate these with the
machining parameters. A dataset comprising 24 holes from two
metal-CFRP composite workpieces produced in a robotic drilling
operation is used for demonstration of the framework. The results
demonstrate the effectiveness of the proposed framework and its
utility for real-world applications.

Index TermsÐRobotic Drilling; Metal-CFRP Composite; Hole
Defects Assessment; Optical Metrology; Vision-Based Inspection.

I. INTRODUCTION

Aircraft assembly relies heavily on fasteners fitted into

precisely drilled holes to ensure structural integrity and secure

component connections. Each year, hundreds of millions of

holes are drilled in aircraft structures, all of which must

meet stringent quality standards to guarantee a proper fit for
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fasteners and maintain the overall durability of the joints.

However, achieving these quality requirements presents signif-

icant challenges. Factors such as multi-material components,

dynamic instability in robotic drilling systems, and the need to

meet high production rates can compromise hole quality and

make it difficult to ensure compliance with specifications.

Carbon Fiber Reinforced Polymer (CFRP) composites are

widely used in aerospace applications as their useful proper-

ties, including their high strength-to-weight ratios and resis-

tance to corrosion [1], [2]. However, CFRP drilling introduces

unique challenges, as the material is prone to defects such as

uncut fibres and delamination [3], [4]. Ensuring part quality

during drilling remains a critical concern in manufacturing.

Methods such as in-process error compensation [5] and prob-

abilistic frameworks [6] have been explored, but the measure-

ment and prediction of such defects remain open challenges.

Evaluating these defects is thus essential for optimizing aircraft

assembly processes and enhancing performance and safety.

Existing research on CFRP drilling [7]±[10] has primarily

focused on assessing delamination damage by considering

factors such as crack length and delamination area. However,

these studies often overlook the influence of uncut fibres

within the hole, which are equally problematic as they interfere

with the proper fitting of fasteners. Empirical studies [11], [12]

have shown that uncut fibres occur with a frequency similar

to delamination in CFRP drilling. When layers delaminate,

structural integrity can be compromised, causing fibres to

deflect under cutting forces instead of being cleanly cut,

leading to the formation of uncut fibres. Voû et al. [13]

proposed a unified characteristic that combines delamination

and uncut fibre parameters for assessing hole quality. Their

approach included two delamination factors and three uncut

fibre factors but left room for a more comprehensive eval-

uation. While numerous metrics for assessing hole quality

have been proposed and proven effective in specific studies,

there remains a lack of consensus regarding standardized

and reliable metrics for comprehensive defect evaluation. The

existing literature on CFRP hole defects bring with them

their own assumptions, resulting in an uncertainty over which

metrics are most suitable.

Several techniques for measuring delamination and uncut

fibres have been presented in the literature, including light

optical microscopy, scanning electron microscopy, and ultra-

sonic C-scan [13]±[15]. Manual evaluation of raw inspection

data introduces additional challenges, including subjectivity

and inefficiency. In contrast, vision-based methods [16], [17]

have gained considerable attention for industrial defect in-
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spection due to their speed and reliability. Digital image

processing techniques [18], particularly at the pixel level using

high-resolution images, offer a promising solution for the

quantitative analysis of defects. These methods enable rapid

inspection by identifying and tallying defect-associated pixels

and provide precise pixel coordinate data, simplifying the

detection of irregularities around drilled holes.

Current research on drilled-hole quality in CFRP covers

physics-based modelling, traditional non-destructive testing

(NDT), and increasingly, vision- and data-driven image anal-

ysis [19], but important gaps remain that motivate the present

work. Foundational studies established the mechanical ori-

gins of drilling-induced delamination and related metrics for

quantifying exit/entry damage (e.g., analytical treatment of

delamination [20]), and various delamination indices (e.g.,

adjusted delamination factors) have been widely used to relate

machining conditions to damage severity. Digital image anal-

ysis was introduced to obtain objective, repeatable measures

of delamination [9], [10], and more recent efforts have pro-

posed unified quality measures that explicitly include uncut-

fibre features alongside delamination [13], acknowledging that

uncut fibres and delamination are coupled failure modes in

CFRP drilling. Importantly, the extracted delamination and

uncut-fibre metrics can directly be related to the structural

integrity of the drilled holes, as defects such as delamination

have been shown to reduce residual flexural and compressive

strength in CFRP joints [4], [21], [22]. At the same time,

advances in vision-based and machine-learning inspection that

range from classical multi-light/thresholding pipelines to con-

volutional and hybrid deep models have demonstrated robust

detection and segmentation of hole-edge defects under con-

trolled imaging conditions [12], [23]. Complementary high-

resolution NDT approaches, such as ultrasonic C-scan, provide

volumetric confirmation of interlaminar damage but are less

convenient for rapid pixel-level quantification on production

lines [24]. Despite these advances, there is no broadly adopted

framework that (i) integrates both length- and area-based

metrics for delamination and uncut fibres, (ii) operates at

pixel scale on very high-resolution imagery to capture fine

uncut-fibre features, and (iii) is demonstrated with explicit

computational performance assessment of its suitability for

transfer to industrial settings. The need for such a framework

is equally important for metal-CFRP composite stacks where

the pattern of defects can be different.

This paper focuses on the development and evaluation of an

image-based framework for the rapid and robust identification

of two key drilling-induced defects in CFRP components of

a composite stack using optical imagery. The work addresses

the need for an automated and objective alternative to labour-

intensive, subjective visual inspection by establishing a repro-

ducible pipeline that extracts geometric defect metrics, aggre-

gates them into interpretable combined scores, and produces a

relative ranking of hole quality suitable for process evaluation.

The study, therefore, examines (i) how image-derived metrics

can reliably quantify drilling-induced defects; (ii) how multiple

defect metrics can be integrated into a unified assessment

method that reflects perceived hole quality; (iii) whether

these combined metrics can effectively discriminate between

hole quality levels, including those arising from variations

in machining parameters, while supporting practical decision-

making in industrial drilling and inspection workflows; and

(iv) what the computational cost of the framework would be,

for evaluating its feasibility for industry deployment.

The key contributions of this paper are as follows:

1) Inspired by delamination defect indices, two further

metrics are introduced as measures of uncut fibre defects

with an image processing pipeline involving millions of

pixels with precision and accuracy.

2) A set of combined metrics based on p-norm is intro-

duced to assess delamination damage and uncut fibre

defects, incorporating ten separate damage factors that

evaluate both length- and area-based defects.

3) Introduction of a multi-objective Pareto ranking-based

evaluation of relative hole quality within the population

of drilled holes and their association with machining

parameters.

4) Experiments are conducted using a retrospective man-

ufacturing trial dataset from a robotic drilling process

to demonstrate the feasibility and effectiveness of the

proposed metrics and image-processing framework for

hole quality evaluation.

The remainder of the paper is organized as follows. Section

II details the combined metrics for evaluating delamination and

uncut fibre defects and introduces a novel flexible weighted-

norm approach for hole quality assessment. This is followed

by the development of an image-processing framework to

estimate these metrics. Section III begins with a description

of the test images of drilled holes, followed by the analysis

of the overall performance of the combined metrics. The

quality ranking of drilled holes is visualized and quantified

using Pareto front plots along with their association with ma-

chining parameters. Section IV discusses the methodological

contributions, practical deployment considerations, validation

constraints, industrial applicability of the proposed image-

based assessment framework. Section V concludes this paper

and outlines future directions.

Declaration: This article is an extension of the proceedings

paper [25]. Some preliminary results on the defect metrics and

image processing framework have been published.

II. METHODS

A. Proposed Quality Metrics

The focus on available literature for assessing drilled hole

quality of CFRP components has primarily been on delamina-

tion defects with uncut fibre defects receiving only limited

attention. Analysing the available metrics for delamination

defects and comparing them to the metrics of uncut fibres

suggests that new metrics for uncut fibre defects can be defined

in a similar manner to the delamination defects. Specifically,

the delamination factors, such as Fed (Index 4) and Fd (Index

1), are adapted to define two new metrics to assess the uncut

fibres inside the drilled hole, complementing the existing

metrics FL,95%, Fn, and FAcov
(Indices 7, 8 and 9) listed

in Table I. The terms involved in the computation of these

metrics can be found in Figure 1.
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Fig. 1: Illustration of key parameters for metrics calculation. See Table I.

Drilling often results in irregularly shaped uncut fibres. The

first proposed uncut-fibre factor, Ffree (Index 10), is based on

it being a proportion of an equivalent diameter value derived

from the area not covered by uncut fibres to that of the nominal

hole diameter. The parameter Dfree is defined as the diameter

of the circle with area Afree, and computed as: Dfree =

2
√

Afree

π
. The metric Ffree is then calculated as: Ffree =

1 − Dfree

Dnom
, where Dnom is the nominal hole diameter. This

metric evaluates the presence of uncut fibres in terms of area.

The second uncut-fibre factor, Fid (Index 11), focuses on the

minimum distance Dmin between the center of the hole and

the closest uncut fibre point. The diameter difference between

the nominal diameter and the circle not covered by uncut fibres

is given by: Did = Dnom−2 ·Dmin. Finally, Fid is computed

as: Fid = Did

Dnom
. This factor provides an indication of the

length of uncut fibres in relation to the hole diameter.

The different factors aim to capture different types of defects

and so a single factor may not necessarily be sufficient to

characterise a particular defect. A holistic assessment of hole

quality can be obtained if all the factors can be used as defect

signature and then be combined into a single measure for

any decision-making on whether the hole quality satisfies the

requirements. Combining these factors is a challenge when

their value ranges differ. Hence a transformation is applied

to some of the delamination defect factors (Indices 1 ± 4 in

Table I) such that these factors map to a range of [0, 1]. This is

achieved by using the transformation function f(x) = 1−e1−x

for factors with indices 1, 3, 4 and the transformation function

f(x) = 1−e−x for the factor with index 2. Once these metrics

have all been transformed to lie in the range [0, 1], we can

view these as multi-objective criteria as shown in Figure 2, or

alternatively combined into a single measure using a weighted

norm approach.

Feature Vectors and Weight Vector: Two primary feature

vectors are first introduced, each representing a set of factors

relevant to hole quality. Ωde represents the factors associated

with the metric Qde ∈ (0, 1), where each component corre-

sponds to a different characteristic of delamination. Ωu encap-

sulates factors for the metric Qu ∈ (0, 1), each representing

different measure of uncut fibre defect. The weight vector

w = (w1 w2 · · · wm) ∈ ℜm where m are the number of

factors being weighted, assigns weights to each factor in the

respective vectors Ωde and Ωu. These are defined as:

Ωde =
(

F ′
d F ′

a F ′
da F ′

ed FAd

)

(1)

Ωu =
(

FL,95% Fn FAcov
Ffree Fid

)

(2)

Weighted p-norm: The p-norm [26] of a vector is a

generalization of the Euclidean norm, allowing different forms

of aggregation for the vector components. The weighted p-

norm is used here to combine the feature components of Ωde

and Ωu with their respective weights. They are defined as:

Q
(p)
∗ = ∥w ⊙ Ω∗∥p is the weighted p-norm (3)

where ⊙ denotes the Schur product, which is an element-wise

multiplication of vectors, the p-norm of the positive weight

vector (w ≥ 0), and ∗ is a placeholder for de and u. This

operation produces a new vector where each element is the

product of corresponding elements from w and the vector of

factors in (Ωde or Ωu). The parameter p determines the type

of norm used, affecting how the features are aggregated. The

normalisation of the weight vector needs to ensure that Q
(p)
∗ ∈

[0, 1] maps to the same range as the individual metrics, thus

allowing for a suitable comparison.

Specific Forms of p-Norms: The metrics Qde and Qu are

explored for different values of p, leading to distinct forms of

the norm that provide various insights into the hole quality.

For p = 1, 2,∞ (Weighted 1, 2,∞-Norm),

∥w ⊙ z∥1 = w1z1 + w2z2 + · · · + wmzm (4)

∥w ⊙ z∥2 =
√

(w1z1)2 + (w2z2)2 + · · · + (wmzm)2 (5)

∥w ⊙ z∥∞ = max{w1z1, w2z2, · · · , wmzm} (6)

The choice of the p-norms is motivated by the different

degree of importance we assign to the different defect factors.

If any decision about the presence of a defect is to be made

from the worst outcome measure, then the use of ∞-norm is

advocated. If all features are treated as providing the same

amount of information for the presence of defects then the

1-norm is chosen. The 2-norm gives more importance to

larger factor values whilst also allowing contribution across all

factors, and thus skews the decision boundary towards more

abnormal feature values.

Choice of Weights: Recognising that weights provide

a balanced integration across the different factors, the un-

normalised weight vector α will be chosen based on the

distribution of the factor values. For each factor i (e.g., F ′
d)

in Ωde or Ωu, let v(j) denote the vector of its values across

jth instance (hole) and v
(j)
i the value of the ith factor. The

choice of median, mean and the mode of the distribution will

be an appropriate information to be used in the choice of

weights for p = 1, 2,∞ respectively. To avoid the scenario

of the median, mean and the mode resulting in very small

values with high quality holes, a lower threshold (µ) is

imposed. Hence, for p = 1, the choice of unnormalised

weights for the ith factor α
(1)
i = min{ 1

medianj(v
(j)
i

)
, 1
µ
}; for

p = 2, α
(2)
i = min{ 1

meanj(v
(j)
i

))
, 1
µ
}; for p = ∞, α

(∞)
i =

min{ 1

modej(v
(j)
i

))
, 1
µ
}. The normalised weight vector associated
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TABLE I: Parameters and equations for quantification of hole quality. In the ªParameter Descriptionº column, [ρ]: length of one pixel; [ρ2]: square area of
one pixel multiplied by one pixel. See diagram illustration in Figure 1 for parameters. References are listed solely for the equation that is first proposed.

Index Metrics Equation Transformed Equation Parameter Description

Delamination (vicinity of the hole):

1 Fd [7] Fd = Dmax
Dnom

,∈ [1,∞) F ′

d = 1− e1−Fd ,∈ [0, 1) Dmax: maximum diameter in delamina-
tion zone [ρ]; Dnom: nominal diameter of
hole [ρ].

2 Fa [8] Fa = Ad

Anom
,∈ [0,∞) F ′

a = 1− e−Fa ,∈ [0, 1) Ad: Area of delamination around vicinity
of the hole [ρ2]; Anom: nominal circular
hole area [ρ2].

3 Fda [9] Fda = Fd +
Ad(F2

d−Fd)
Amax−Anom

,∈ [1,∞) F ′

da = 1−e1−Fda ,∈ [0, 1) Amax: circular area of diameter Dmax [ρ2].

4 Fed [10] Fed = 1
Dnom

√

4(Ad+Anom )
π

,∈ [1,∞) F ′

ed = 1− e1−Fed ,∈ [0, 1)

5 FAd
[13] FAd

= Ad

Amax−Anom
,∈ (0, 1] -

6 Qde Q
(p)
de = ∥w ⊙ Ωde∥p - Ωde = (F ′

d, F
′

a, F
′

da, F
′

ed, FAd
)

Uncut fibres (inside the hole):

7 FL,95%

[13]
FL,95% =

L95%−Lf,95%

L95%
,∈ [0, 1] - L95%: complete circumferential length

at 95% of diameter Dnom [ρ]; L95% −
Lf,95%: arc length covered by uncut fi-
bres at 95% of diameter Dnom [ρ]

8 Fn [13] Fn = tanh
(

nuncut

15

)

,∈ [0, 1) - nuncut: number of uncut fibres

9 FAcov [13] FAcov = 1− Afree

Anom
,∈ [0, 1] - Afree : inside hole area uncovered by un-

cut fibres [ρ2]

10 Ffree Ffree = 1−
Dfree

Dnom
,∈ [0, 1] -

11 Fid Fid = Dnom−2×Dmin

Dnom
,∈ [0, 1] - Dmin: minimum distance between the cir-

cle center and uncut fibres [ρ]

12 Qu Q
(p)
u = ∥w ⊙ Ωde∥p - Ωu = (FL,95%, Fn, FAcov , Ffree, Fid)

with the p-norm is given by,

w
(p) = α(p)/

(

∥α(p)∥p
)

1
p

(7)

The threshold µ = 0.05 was selected after evaluating different

choices of µ, as a balance between sensitivity to feature

variation and robustness against excessive weight disparity.

The choice of median, mean, and mode for weight deter-

mination is motivated by both the characteristics of the p-

norms. For the 1-norm, the median provides a robust central

tendency that mitigates the influence of outliers, ensuring that

it balances the different defect characteristics. For the 2-norm,

the mean captures the average magnitude of factors, allowing

larger defects to be emphasized and reducing sensitivity to

smaller defects. For the ∞-norm, the mode represents the most

frequently observed value, aligning the weighting with the

worst-case assessment while discounting other smaller defects.

This approach yields interpretable weights that adapt to the

intended decision logic of hole quality evaluation. This allows

practitioners to select the formulation that best matches the

intended decision logic or risk posture of the inspection task.

B. Image Processing Algorithm for Evaluation

The proposed algorithm performs numerical pixel-level

computation that exploits the high-resolution images of drilled

holes where quantisation effects of boundaries become negligi-

ble. It consists of three stages, with stage 1 taking a grayscale

image as input and represents it in a suitable format for

analysis and visualization. Stage 2 then computes relevant

parameters related to the hole quality, and finally stage 3

generates the output in the form of evaluation metrics. The im-

plementation of the numerical computation and visualization

were carried out using Python libraries - Numpy, Matplotlib,

OpenCV and Pandas. The stages of the proposed algorithm

(see flowchart in Figure 3) implementing the analytics are

described in detail through Figure 2 with each panel within

the Figure being described within the three stages:

1) Stage 1. Image Description

A. The initial input consists of a high-resolution grayscale

image, captured at a resolution of 7804 × 7804 pixels using an

Alicona™ µCMM (optical coordinate measuring machine1).

1https://www.alicona.com/en/products/optical-cmm-machine
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Stage 1: Image Description Stage 2: Parameters Estimation with Image Processing Stage 3: Metrics
Computation

A. Raw grayscale image (Resolution:
7804 × 7804 pixels in this example)

C. Hole (black area) and Uncut Fibres
(long white patch)

D. X, Y coordinates (25,302 pixels) of
contour for Hole and Fibres

Fitted circle center = (3,698, 3,640)
Dnom = 4,140 , Anom = 13,461,410

E. Fibres at 95% Dnom
Dmin= 1,062, L95%= 12,356

L95% - Lf,95% (Sum of Arcs) = 1,420

I. Evaluation MetricsB. Third-person view image
F. Fitted Two Circles

Dmax = 5,548, Amax = 24,178,884
G. Area of Delamination

Ad= 1,793,565 (Number of black pixels
around the hole)

H. Uncovered Hole Area
Afree= 12,891,767 (Number of white

pixels inside the hole)

Fig. 2: Results from the image processing pipeline described in section II for hole quality evaluation.

High Resolution Grayscale Image (Optical Microscopy). Represent as Matrix

Binarization + Background Noise Removal → Binary Image

Circle Fitting (LS + RANSAC) on Hole Boundary → Dnom, Anom, CTR (θx, θy)

Uncut Fibres Analysis inside Circle 
(0.95 Dnom) → Dmin, L95% - Lf,95%, nuncut

Maximum Circle around 
Delamination → Dmax, Amax

Delamination Area Extraction (count 
black pixels) → Ad

Free Hole Area (count white pixels 
inside,  excluding fibres) → Afree 

Metrics Computation: Delamination Metrics Ωde, Uncut Fibre Metrics Ωu → 
Weighted p-norm Metrics 

Fig. 3: Flowchart of the proposed image-processing pipeline for automated
evaluation of hole quality in CFRP. LS: Least Squares. RANSAC: Random
Sample Consensus. CTR: Circle Center Coordinates. See Figure 2 for the
result demonstration.

The image exhibits a variety of features, including the hole,

represented as a set of black pixels (Ihole), surrounded by

uncut fibres (Iuncut) and delamination areas (Idelam), both

encoded as gray-scale pixels. The CFRP stack surface is

depicted by the majority of the image pixels, which are

white (ICFRP ) and appear as background. The image can be

represented as a matrix I where each element Ii,j corresponds

to the intensity value of the pixel at coordinates (i, j), within

the domain of the image, denoted as I ∈ R
7804×7804.

B. An auxiliary image, captured from a third-person per-

spective, is used to capture additional visual information

regarding the uncut fibres within the hole. It highlights uncut

fibres (Iuncut) and provides context for their location relative

to the hole.

2) Stage 2. Parameter Estimation with Image Processing

C. The initial step in processing the grayscale image

focuses on extracting hole quality metrics associated with

uncut fibres. This involves the removal of gray pixels, which

possess intensity values in the range [1, 254], noting that a

value of 0 denotes a black pixel and 255 denotes a white

pixel. This operation highlights the underlying features of the

drilled hole and fibres, resulting in a binary image Ib, where:

Ib(i, j) =

{

1 if I(i, j) ∈ [1, 255]

0 otherwise

This image reveals the contours of both the hole and the

surrounding fibres, where the black pixels correspond to the

hole, and the white pixels within the region of the nominal hole

correspond to the uncut fibres. This transformation isolates the

relevant features for subsequent geometric analysis.

D. To compute the geometric properties of the drilled hole,

the X and Y coordinates of the boundary pixels (black pixels

adjacent to white pixels) are extracted and stored in the set

V = {(X0,Y0)}, respectively. This set represents the pixel

locations that form the boundary of the drilled hole and uncut

fibres, and the subsequent least squares [27] and random

sample consensus (RANSAC) [28] algorithms are used to fit a

circle to these coordinates. RANSAC filters out outliers (uncut

fibres and irregularities), and then the circle parameters are

computed from the non-outliers using algebraic least squares.

The objective function for the least squares method is given by:

minθ,r
∑

(xi,yi)∈V
(√

(xi−θx)2+(yi−θy)2−r
)2 where (θx, θy) is

the center coordinates of the circle, and r is the radius of

the circle. The solution to this minimization provides the

optimal center coordinate (θ̂x, θ̂y) and the nominal diameter

Dnom = 2r, which leads to the nominal area Anom = πr2.

The red circle in the processed image corresponds to the

nominal hole, and the green circle, with a diameter 0.95Dnom,
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is used to identify the region of interest for subsequent analysis

of uncut fibres (as depicted in Figure 2D).

E. In the next step, the minimum distance Dmin between the

center of the nominal hole circle (θ̂x, θ̂y) and the uncut fibres

within the green circle (with diameter 0.95Dnom) is computed

and the hole region defined. The uncut fibres coordinates as

represented with black pixels in this region are stored in the

set U = {(Xu × Yu)}. The minimum distance Dmin is cal-

culated as: Dmin = min(xi,yi)∈U

√

(xi − θ̂x)2 + (yi − θ̂y)2.

This distance defines the proximity of the uncut fibres to the

center of the hole. The total circumferential length at 95% of

the nominal diameter is given by: L95% = 0.95 · πDnom.

The length of the circumferential region covered by uncut

fibres is computed as the difference: L95% − Lf,95% where

Lf,95% represents the length of the circumferential arc that

is blocked by the uncut fibres, It is determined by counting

the number of uncut fibres that intersect the arc defined by

the green circle (as shown by the red points in Figure 2E).

The calculation process is as follows: Let B = {(Xb,Yb)} be

the set containing the X and Y coordinates of the boundary

pixels of uncut fibers (black pixels adjacent to white pixels),

and let H95% = {(Xh,Yh)} be the set containing the X and

Y coordinates of the boundary of the green circle with a

95% nominal diameter. The intersection points between the

uncut fibre boundaries and the green circle are determined as

P = {(x, y) | (x, y) ∈ B∩H95%}, where P represents the set

of crosspoints, which are marked in red and stored for further

calculations. Given red intersection points (xi, yi) on a circle

with center (xc, yc) and radius r, the angle corresponding to

each point is computed as θi = arctan 2(yi−yc, xi−xc). The

arc length between two red points (xi, yi) and (xi+1, yi+1) is

given by Li = 2πr× |θi+1−θi|
2π = r|θi+1−θi|, where |θi+1−θi|

is the absolute angular difference between them in radians.

The total arc length is computed as the sum L =
∑

Li. The

number of uncut fibers, nuncut, is given by nuncut = |P|
2 ,

since each uncut fiber contributes exactly two crosspoints on

the circular boundary.

F. The image background removal technique is applied

to isolate the uncut fibre area within the hole region. A

connectivity-based algorithm identifies all the pixels related to

the fibres, and the maximum circle Dmax that encompasses all

these pixels is determined. The center of Dmax coincides with

the center of the nominal hole, and the area of the maximum

circle is denoted as Amax, computed as: Amax = 1
4πD

2
max.

This circle is shown in Figure 2F as the green circle, while

the red circle represents the nominal hole circle Dnom.

G. The next step involves isolating the delamination area

from the image obtained from step A. To achieve this, the

regions within the nominal circle Dnom and the maximum

circle Dmax, estimated in step D, are removed. This results in

the black pixels being those related to delamination regions.

The delamination area (i.e., Ad), is then computed by counting

the number of black pixels remaining in the image. This area

is given by: Ad =
∑

(i,j)∈Id
Ib(i, j) where Id represents the

set of pixel indices within the delamination region.

H. Finally, the area of the hole that is not covered by fibres,

denoted as Afree, is computed by counting the number of

TABLE II: Runtime and memory requirements of the processing pipeline on
images of increasing resolution. Bold text shows the original image resolution
captured by optical microscopy.

Image resolu-

tion

Megapixels Processing

time [s]

Peak RAM

(MB)

582 × 582 0.3 0.29 3

1165 × 1165 1.4 1.2 11

2331 × 2331 5.4 5 46

4662 × 4662 21.7 19 166

9324 × 9324 86.9 82 705

13986 × 13986 195.6 186 1140

18648 × 18648 347.7 332 1595

white pixels inside the nominal circle Dnom that are not part of

the uncut fibres. This uncovered area is calculated as: Afree =
∑

(i,j)∈Ifree
Ib(i, j) where Ifree represents the set of pixel

indices corresponding to the uncovered area inside the nominal

circle. This area is depicted in Figure 2H.

3) Stage 3. Metrics Computation

I. The metrics for evaluating delamination damage and

uncut fibres are computed using the formulae given in Table I.

The p-norm with p = 1 was used in Figure 2 radar charts for

visualization. In practice, other values of p would also be used.

The upper radar chart displays metrics related to delamination,

while the lower radar chart shows metrics concerning uncut

fibres. All metrics are scaled to the range [0, 1] as indicated in

Table I, where lower values correspond to better performance.

Reference values for each metric are also included, where

ªreferenceº denotes the values corresponding to the upper

limits of delamination and uncut fibres, respectively.

C. Computational Performance and Scalability

Although the proposed framework is applied offline in the

post-processing stage of robotic drilling and is therefore not

subject to real-time constraints, we evaluated its computational

requirements to facilitate practical deployment. Measurements

were performed on an AMD Ryzen 7 7700X CPU. Table II

reports the processing time and peak memory consumption

of the pipeline for square images of increasing resolution

derived from our industrial 9324 × 9324 pixel (86.9 Mpixel)

dataset. Higher-resolution images were generated using Lanc-

zos resampling [29], whereas lower-resolution images were

obtained via area-averaging [30]. The algorithm exhibits near-

linear scaling with the number of pixels. On production-

resolution images of 9324 × 9324 pixels (approximately 87

million pixels), the entire pipeline completes in approximately

80 seconds while consuming around 700 MB of RAM. These

performances are suggestive of their suitability for supporting

identification of image/vision system requirements and limita-

tions for offline vs. inline systems, based on process runtime

requirements.

III. EXPERIMENTS AND RESULTS

A. Robotic Drilling Platform and Hole Properties

The purpose of the drilling trials was to feed into a large

dataset of drilling process factors, hole quality responses,
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(a) Drilling platform and fixture.

(b) Example workpiece mounted in the fixture.

Fig. 4: Equipment set-up of the machining platform.

and in-process signals. This derives from the knowledge that

mechanical performance of structures is affected by the hole

quality measures, which in turn are influenced by the drilling

process factors [21]. In this paper, data from these trials is

being used to develop and test methods for delamination and

uncut fibre assessment and some analysis to relate drilling

parameters to metrics. The robotic drilling platform utilizes

a Loxin ªTriceptº, a five-axis parallel kinematic machine and

is illustrated in Figure 4a. This system is equipped with a

custom end effector that features a pressure foot and a spindle

mounted on a quill axis. The workpiece is securely held by a

precision clamping system, which is fixed to a robust metallic

base, as shown in Figure 4b. The alignment points which serve

as reference markers for proper orientation are labeled TR, TL,

BR, and BL, corresponding to the top-right, top-left, bottom-

right, and bottom-left corners of the workpiece, respectively.

The workpieces utilized in the study consist of a layered

stack of Titanium (Ti) and Carbon Fiber Reinforced Polymer

(CFRP), with Ti as the top layer and CFRP as the bottom

layer. A thin interlayer gap representative of assembled stack

components, filled with wet replica sealant, separates the two

materials. The primary focus of the assessment was the defects

at the CFRP hole exit part. The test involved two workpieces,

labeled ª105º and ª106º on which 24 holes were drilled

across the stacks, with workpiece ª105º has 10 holes, while

workpiece ª106º has 14 holes. The manufacturing process

conditions for the drilling operation were used varying feed

rates and spindle speeds, as detailed in Table III. Additionally,

different drills were also employed for the holes, introducing

some variability in the drilling process.

TABLE III: Drilling parameter and properties for workpieces 105 and 106.

Attributes Group 1 Group 2 Group 3

Hole index 106: C1 105: A1, A2,
A3, A4, B1,
B2, B3, B4,
C1, C2; 106:
C2, C3, C4,
D3, D4

106: A1,
A2, A3,
A4, B1,
B2, B3,
B4

Feed rate [mm/min] 214 345 600
Spindle speed
[Rev/min]

3568 5764 6000

Number of holes
with uncut fibres

0 5 7

Number of holes 1 15 8
Percentage of holes
with uncut fibres

0% 33.3% 87.5%

B. Experimental Results

The application of the image processing algorithm and

the resulting computed metrics on the two work pieces and

selected holes are shown in Figure 5. The Figure shows

grayscale images of hole exits as well as their correspond-

ing radar charts of the quality parameters for delamination

and uncut fibre defects. The images displayed in Figure 5

(106C1, 105B2, 105B3, 106D3, 106A4) show a progressive de-

terioration in hole exit quality. This decline is characterized by

an increasing presence of uncut fibres and to a larger extent

of delamination damage.

Uncut fibres are not seen in the images of holes 106C1 and

105B2 and hence only the radar charts for delamination are

presented. The delamination is characterized by two small,

distinct patches located in the upper right and lower left

regions for the hole 106C1. In contrast, hole 105B2 exhibits

two slightly larger delamination patches positioned on the top

and bottom of the hole. The Qde computed for these two

holes shows their sensitivity to low levels of delamination

noting that the value for 106C1 (0.0327) is lower than that of

105B2 (0.0645). Similarly, a comparison of the delamination

defects of the hole 105B3 and 106A4 shows that for the former,

delamination manifests as several small patches located at

the top of hole, while for the latter, a large patch on the

left side and additional thin branches extending around the

hole. The delamination for the hole 106D3 is somewhat

more pronounced, with three distinct delamination patches

encircling the hole are observed. The Qde values computed

for these three holes are 0.0870 (105B3), 0.1102 (106A4),

and 0.1199 (106D3) and are relatively consistent with the

expectations of the delamination quality measure. Figure 5B

presents the delamination metrics Qde for five different holes,

revealing a clear trend: as the visible extent of delamination

damage increases, the corresponding Qde values also rise,

underscoring the sensitivity of the metric to variations in

delamination severity.

Analysis of the uncut fibre defects for the five holes consid-

ered are also analysed. As seen in the BW Image in Figure 5,
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Fig. 5: A. Images and radar charts depicting hole exit quality. Alicona µCMM imaging system was used to obtain grayscale images. Image processing
framework was used to remove background and noise to obtain the black-and-white (BW) images, that serve to highlight the delamination and uncut fibres.

Radar charts for metrics Q
(1)
de

and Q
(1)
u represent delamination and uncut fibres respectively. The reference values for Q

(1)
de

and Q
(1)
u are set to 1. B. Bar

and line charts for delamination metrics and Uncut-fibre metrics.
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Fig. 6: Combined metrics Q
(1)
de

and Q
(1)
u for all test images. The 24 holes are categorized into three groups based on machining parametersÐfeed rate and

spindle speed, as shown in Table III. Bar charts display the uniform metrics Qde and Qu for hole quality, divided into three categories by two bold black
dashed lines. The red, green and blue bars represent holes drilled at a feed rate of 214 mm/min and spindle speed of 3568 Rev/min, holes drilled at a feed
rate of 345 mm/min and spindle speed of 5764 Rev/min, and holes drilled at a feed rate of 600 mm/min and spindle speed of 6000 Rev/min respectively.

a single slender uncut fibre is positioned towards the top of the

hole in hole 105B3, while two short uncut fibres are seen in

hole 106A4. In hole 106D3, however, four long fibres and some

shorter fibres are clearly visible inside the hole. The computed

uncut-fibre metrics (Qu) for these three holes are presented in

Figure 5B. The measure Qu for the hole 106D3, where the

presence of uncut fibres is significantly more pronounced, is

computed to be approximately three times greater than those

for the holes 105B3 and 106A4, which have smaller areas

associated with uncut fibres.

The complete set of results from the analysis of all test

images of the drilled holes were evaluated using the combined

metrics Qde and Qu, and shown in Figure 6 (p = 1) and Table

IV (p = 1, 2,∞). The metric Qu effectively differentiates

uncut fibres across various holes, irrespective of their size,

provided the fibres fall within a circular area with a diameter

corresponding to 95% of Dnom, as specified for evaluation.

Fibres outside this circle are excluded from further analysis, as

demonstrated in Figure 2E. Notably, Qu also excels at distin-

guishing larger size uncut fibres (such as those in 106D3) from

smaller ones. Similarly, Qde proves its ability to differentiate

holes based on the extent of delamination damage, enabling a

nuanced assessment of delamination severity.

To more effectively differentiate hole quality using p-norm

metrics, we employ the Pareto front to quantify the number of

instances that each hole dominates. For example in the hole

106C1, since both its Q
(1)
de and Q

(1)
u (See Table IV) values are

lower than those of other 23 holes, it dominates 23 other holes.

Therefore, the Pareto front statistic for 106C1 is 23. A higher

value indicates a better quality of the hole. Table V shows the

statistics of 24 holes using p-norm metrics. Additionally, to

further analyze the impact of machining parametersÐsuch as

spindle speed and feed rateÐon hole quality, we categorized

24 holes into three groups and computed the mean Pareto

front statistics for each group. The results indicate that higher

machining parameters are associated with worse hole quality.

Using different p-norms (1, 2 and ∞) allows us to capture

diverse aspects of the defect features, such as if there is a single
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TABLE IV: p-norm (p = 1, 2,∞) metrics Qde and Qu for all 24 test images.

Holes Q
(1)
de

Q
(2)
de

Q
(∞)
de

Q
(1)
u Q

(2)
u Q

(∞)
u

105A1 0.0703 0.0743 0.0622 0 0 0
105A2 0.1174 0.1049 0.0953 0.0272 0.0274 0.0666
105A3 0.1048 0.0905 0.0838 0 0 0
105A4 0.0938 0.0809 0.0709 0 0 0
105B1 0.0960 0.0947 0.0758 0 0 0
105B2 0.0707 0.0615 0.0465 0 0 0
105B3 0.0893 0.0782 0.0639 0.0306 0.0362 0.0676
105B4 0.0815 0.0707 0.0570 0 0 0
105C1 0.1033 0.0897 0.0804 0 0 0
105C2 0.1162 0.1004 0.0972 0 0 0
106A1 0.0741 0.0708 0.0558 0 0 0
106A2 0.0777 0.0685 0.0515 0.0558 0.0563 0.1974
106A3 0.0749 0.0695 0.0663 0.0604 0.0604 0.1974
106A4 0.1174 0.1046 0.0924 0.0360 0.0456 0.1974
106B1 0.0606 0.0544 0.0474 0.0261 0.0265 0.0666
106B2 0.0752 0.0656 0.0502 0.0443 0.0433 0.1325
106B3 0.1082 0.0961 0.0825 0.0444 0.0449 0.1325
106B4 0.0904 0.0829 0.0763 0.0315 0.0314 0.0666
106C1 0.0347 0.0317 0.0240 0 0 0
106C2 0.0825 0.0787 0.0783 0.0298 0.0339 0.0666
106C3 0.0856 0.0747 0.0605 0.0459 0.0498 0.0757
106C4 0.0785 0.0708 0.0630 0 0 0
106D3 0.1202 0.1052 0.0991 0.1255 0.1194 0.2605
106D4 0.0868 0.0765 0.0606 0 0 0

TABLE V: Pareto front statistics for 24 holes. Columns ºp = 1º, ºp = 2º, and
ºp = ∞º show how many instances each hole dominates based on metrics in
Table IV. Figure 7 visualizes these statistics. Red, green, and blue represent
distinct machining parameter sets (Figure 6). Each ºMeanº column gives the
average for the respective colour group.

Holes p = 1 Mean p = 2 Mean p = ∞ Mean

106C1 23 23.0 23 23.0 23 23.0

105A1 21 8.1 14 7.8 14 8.3
105A2 1 1 1
105A3 5 6 4
105A4 8 9 10
105B1 7 5 9
105B2 20 21 22
105B3 4 3 4
105B4 14 17 17
105C1 6 7 6
105C2 3 3 1
106C2 6 3 4
106C3 1 1 4
106C4 15 15 13
106D3 0 0 0
106D4 11 12 15

106A1 19 5.1 16 5.3 18 5.9
106A2 1 2 3
106A3 1 1 2
106A4 1 1 1
106B1 11 11 11
106B2 4 6 5
106B3 1 2 2
106B4 3 3 5

large defect or defects uniformly found in all regions. For the

former, the p = ∞ norm will be high and p = 1 norm will

be low whereas for the latter, the p = ∞ norm will be lower

and the p = 1 norm will be higher. The results for each p-

norm across holes illustrate these characteristics well and also

seen in terms of the Pareto dominance counts based ranking.

For instance in Table V, hole 106C1 consistently dominates

with counts of 23 (out of 24) across all norms, indicating

strong overall high quality with only low-magnitude defects,

suggesting it would pass any quality inspection. On the other

end, hole 106D3 has zero dominance counts for all norms

reflecting high defect levels, which emphasizes the poor hole

quality across all quality metrics.

Another example, hole 106A1 has a higher 1-norm dom-

inance count (19) compared to its 2-norm and ∞-norm

dominance counts (16 and 18), indicating balanced defect

levels without excelling in high-value defect metrics. This

demonstrates the 1-norm’s usefulness in providing a general

aggregation of the metrics, preventing any single metric with

high value from dominating the final quality measure. In

contrast, hole 105B4 has a dominance count of 14 for the

1-norm and, 17 for the 2- and ∞- norms. This is reflective of

the fact that some or a small set of the quality metrics having

large values associated with defects with other metrics being

small. The 1-norm, 2-norm and ∞-norm thus offer different

perspectives of the hole defects as described by the quality

metrics: the 1-norm captures overall balanced performance

across all metrics; the 2-norm emphasizes higher-magnitude

defects but tries to also give importance to all metrics; and

the ∞-norm focuses solely on the largest defect metric, high-

lighting worst-case scenarios. This adaptable approach allows

for tailored defect assessments aligned with specific evaluation

goals, ensuring a thorough analysis across all possible cases.

Additionally, based on visual assessments of hole quality,

we propose establishing thresholds along with specific func-

tions to categorize holes into several groups (see Figure 7). As

shown in Figure 7B, the dotted red line defined by the function
√

0.12 · (Qde)2 + 0.03 · (Qu)2 = 0.06, while the green solid

line defined by the function
√

0.12 · (Qde)2 + 0.12 · (Qu)2 =
0.12, effectively segmenting all 24 data points into three

groups and distinguishing between high, moderate and low-

quality holes. The hole quality categorized by the proposed

functions and thresholds closely aligns with visual judgment,

offering a new alternative automated image processing based

method for evaluating hole quality.

The influence of machining parameters on delamination was

also investigated. The findings suggest that higher spindle

speeds lead to increased values of Qde, indicating a greater

impact on delamination (See Figure 8). We also examined the

effect of machining parameters on uncut fibres and found that

higher feed rates are potentially associated with an increased

number of holes containing uncut fibres and a higher Qu value,

except for hole 106C1 (See Figure 9).

The combined metrics were analyzed in relation to the

machining parameters for potential correlations. Preliminary

observations suggest that higher values of machining param-

eters, such as feed rate and spindle speed, may contribute to

an increased occurrence of holes with uncut fibres (evidenced

by higher Qu values), as inferred from Table III and Figure 6.

However, no similar trend was observed for Qde, with the

exception of the lowest parameter setting. It is important to

note that factors such as vibration and tool wear, both of

which are known to impact hole quality, were present during

the drilling trials and the inclusion of these with the image

data for analysis can lead to improved quality assessment.

Furthermore, these trials were not specifically designed to

establish direct correlations between machining parameters

and delamination, and therefore, drawing definitive conclu-
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Fig. 7: The p-norm (p = 1, 2,∞) metrics for Qde and Qu are classified using the boundary equation ||wQ ⊙Q||p = c, where Q = [Qde, Qu] and wQ is

the weight. The weight-boundary pairs can be expressed as ([w
(p)
Qde

, w
(p)
Qu

], c(p)). For p = 1 with thresholds τ1 = 0.07 and τ2 = 0.14, classification uses

four weight-boundary pairs: ([1, 1], 0.07), ([0.5, 2], 0.07), ([1, 1], 0.14), and ([1.3, 0.5], 0.14). For p = 2 with τ1 = 0.06 and τ2 = 0.12, classification
applies ([0.06, 0.06], 0.06), ([0.12, 0.03], 0.06), ([0.12, 0.12], 0.12), and ([0.12, 0.14], 0.12). For p = ∞ with τ1 = 0.07 and τ2 = 0.10, classification
includes ([0, 1], 0.07), ([1, 0], 0.07), ([0, 1], 0.10), and ([1, 0], 0.10), segmenting 24 metrics. The black dashed line Qde = Qu serves as a reference for
data trends, with points colored by Pareto front dominance.
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Fig. 8: p-norm metrics for Qde and spindle speed. The figure shows the relationship between p-norm Qde metrics and spindle speed. Scatters are colour-
mapped by the number of dominated instances from Pareto front statistics.

0.00 0.05 0.10
Q(1)
u

200

300

400

500

600

Fe
ed

 r
at

e 
[m

m
/m

in
]

A. 1-Norm

106D3
105A2
106A3
106A4
106C3
106A2
105B3
106B2

106B4
106B3
105C2
106C2
105A3
105C1
105B1
106B1

105A4
106D4
106C4
105B4
106A1
105B2
105A1
106C1

0.00 0.05 0.10
Q(2)
u

200

300

400

500

600
B. 2-Norm

106D3
105A2
106A3
106A4
106C3
106A2
105B3
106B3

106B4
105C2
106B2
106C2
105B1
105A3
105C1
106B1

105A4
106D4
106A1
106C4
105B4
105A1
105B2
106C1

0.0 0.1 0.2
Q( )
u

200

300

400

500

600
C. -Norm

106D3
105A2
106A4
106A2
106C3
105B3
105C2
106A3

106B3
106B4
106B2
105A3
105B1
105C1
106C2
105A4

106A1
106B1
105A1
106D4
106C4
105B4
105B2
106C1

Fig. 9: p-norm metrics for Qu and feed rate. The figure shows the relationship between p-norm Qu metrics and feed rate. Scatters are colour-mapped by the
number of dominated instances from Pareto front statistics.

sions about causal relationships based on this limited dataset

is not recommended. The framework presented has real-world

application for automated quantification of delamination and

uncut fibres, incorporating various individual metrics.

IV. DISCUSSION

The scientific contribution of this work lies in establishing

a unified image-processing framework that integrates multiple

defect metrics through a principled multi-criteria formulation,

rather than relying on a single metric as commonly adopted

in existing studies. While prior works typically focus on one

defect factor, the proposed approach recognises that different

metrics capture complementary physical characteristics of

drilling-induced defects. By combining these metrics using

weighted p-norm aggregation and analysing their trade-offs

via Pareto-front exploration, the framework provides a more

holistic and robust assessment of hole quality.

The experimental dataset in this study analyses 24 drilled

holes that appear limited at first instance. However, collection

of robust datasets is currently a major challenge for stack

machining applications. This study was a feasibility study

to demonstrate an analysis pipeline with a view to further
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validation and testing on larger datasets in the future. The key

issues with any limited dataset are the coverage of potential

defects and their sensitivity to detection and quantification.

The defect coverage was induced through the variation of

the drilling process parameters. The robust combined metric

for defect quantification and the Pareto front analyses have

shown promise, although their generalizability demands that

large datasets be used across multiple production batches,

varying process conditions, and different material types. Com-

prehensive comparative studies with established techniques

such as 3D microscopy, ultrasonic C-scan, and expert manual

evaluations need to be conducted to benchmark accuracy,

repeatability, and efficiency, as well as to establish quantitative

correlations with mechanical performance.

The proposed framework, although initially developed and

benchmarked using a dataset, is fully designed for deployment

in real manufacturing environments. It operates on inputs that

are routinely obtainable in industrial drilling processes, i.e.,

end-face images, and its algorithms are independent of dataset-

specific characteristics. The modular structure of the frame-

work enables seamless integration with inline machine vision

systems, allowing direct inference without additional special-

ized hardware. These features ensure that the methodology is

readily transferable to real-world robotic drilling operations,

supporting practical applicability beyond controlled experi-

mental conditions. While it has generic applicability, instances

where optical microscopy instrumentation cannot be placed

within the manufacturing setup may limit its universality.

The use of optical microscopy in this study reflects the

constraints of the available dataset rather than a require-

ment of the proposed framework, which does not depend

on microscopic resolution. The defect metrics extracted are

derived from 2D geometric information that can be obtained

using standard industrial vision systems, such as end-effector-

mounted cameras integrated into bespoke aerospace drilling

and assembly platforms. Consequently, the framework is well

positioned for translation to a shop-floor environment, where

it can also be used to determine minimum image-quality

requirements (e.g. minimum x resolution at y size) to guide

the specification of practical in-line inspection hardware.

The accuracy and metrological traceability of image-based

assessment in composite drilling critically depend on the

calibration and performance of the imaging system. Pixel-scale

calibration must be rigorously validated to ensure that defect

metrics, such as delamination and uncut-fibre dimensions, ac-

curately reflect physical measurements. Achieving reliable and

repeatable measurements requires industrial-grade imaging

systems combined with consistent acquisition protocols and

validation against certified reference standards. By providing

quantitative, image-derived metrics, the proposed framework

enables systematic defect evaluation while also supporting the

development of standardized vision-based inspection proce-

dures. When integrated with established metrological guide-

lines and documentation of calibration and uncertainty, such a

framework has the potential to contribute to future standard-

ization efforts for composite drilling quality assessment.

The proposed ranking framework provides a systematic and

efficient approach for assessing hole quality by integrating

multiple defect metrics, such as delamination size, uncut-

fibre area, and defect length, into a single aggregated score.

The use of p-norm aggregation emphasizes the most severe

defects, allowing rapid identification of holes that are likely

to have the greatest impact on structural performance. While

the framework produces relative rankings rather than abso-

lute quality thresholds, it offers practical utility for process

evaluation and comparative studies, enabling early identifi-

cation of critical defects and guiding process optimization.

Furthermore, by correlating aggregated defect scores with

structural performance metrics, such as residual strength or

fatigue life, the framework has potential to be a foundation for

establishing preliminary acceptance guidelines and informing

the development of application-specific quality criteria. This

integrated approach bridges experimental observations and

engineering requirements, facilitating more informed decision-

making in defect assessment and quality control.

The proposed framework demonstrates strong potential for

practical, on-site deployment in industrial composite drilling

by enabling quantitative, image-based assessment of hole

quality. It is compatible with machine-mounted vision systems,

such as cameras integrated with robotic end effectors, which

could capture images in-process or immediately post-process

to support rapid defect evaluation. Although the current study

focuses on controlled, post-process measurements, prior work

[31] has shown that correlations between visualized defect

metrics and in-process sensing signals, such as acoustic emis-

sions, can facilitate the development of predictive models for

real-time hole quality estimation. Effective integration with

manufacturing execution systems and shop-floor workflows

would require further development, including synchronization

with robotic operations, standardized imaging protocols, and

real-time data processing.

Despite the encouraging results, several limitations of the

present work should be acknowledged. (i) The experimental

validation is based on a limited number of drilled holes from

a single dataset, which constrains statistical generalisation

across different materials, tooling configurations, and produc-

tion batches. (ii) The proposed framework provides relative

defect rankings rather than absolute acceptance thresholds, as

direct correlations with mechanical performance (e.g., residual

strength or fatigue life) were not established. (iii) The current

analysis is performed on post-process images acquired under

controlled conditions, whereas in-process or inline deployment

introduces challenges related to imaging variability, calibration

stability, and real-time computation.

V. CONCLUSION

This study addresses challenges in the quantitative assess-

ment of drilling-induced defects in metal-CFRP composite

materials and proposes a novel evaluation and decision-making

framework. To cope with defect types of fundamentally dif-

ferent morphology and physical mechanisms, such as delami-

nation and uncut fibres, a multi-metric synchronous extraction

framework and a weighted p-norm fusion strategy are devel-

oped. These enable diverse defect descriptors to be integrated

into a single, configurable quantitative quality measure. Then,
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by introducing multi-objective decision-making concepts, a

systematic evaluation framework based on Pareto-front anal-

ysis and explicit quality-level partitioning is established. This

allows objective ranking and grading of hole quality across

batch samples. Also, it reveals the relationships between defect

severity and machining parameters to support process under-

standing and optimisation. The specific contributions of this

paper are as follows: (i) Different image-derived metrics were

introduced to quantify delamination and uncut fibre defects,

extending established defect factors through a high-resolution,

pixel-based image-processing pipeline. (ii) A set of combined

defect metrics was developed using p-norm aggregation to

integrate ten complementary length- and area-based damage

factors for holistic defect assessment. (iii) A multi-objective

Pareto-ranking approach was proposed to evaluate relative hole

quality within a population of drilled holes and to analyse

trade-offs between competing defect metrics in relation to

machining parameters. (iv) The feasibility and effectiveness of

the proposed framework were demonstrated using a retrospec-

tive robotic metal-CFRP composite drilling dataset, supporting

automated and data-driven quality assessment in high-value

manufacturing.

Weighted aggregated scores using p-norms (p = 1, 2,∞)

were proposed towards enhancing comparability across dif-

ferent defect types. The use of different norm-based measure

allows the different hole quality factors to be combined into

a summary quality measure while giving different degrees of

emphasis on the defect characteristics that may be captured

by the factors. The Pareto-front analysis ranks the quality of

drilled holes by quantifying dominance counts, providing a ro-

bust, multi-criteria based evaluation. Additionally, association

between spindle speed, feed rate, and the defect metrics were

analysed, providing further information on process parameters’

impact on drilled hole quality. This novel framework allows

the integration of multi-dimensional defect factors whose

application can extend beyond the analysis of delamination

and uncut fibre defects to other features and defects.

Future work to overcome the current limitations of this

study will focus on carrying out large scale multi-batch drilling

operations from which to assess robustness and repeatability

of the methodologies. Integrating mechanical testing to derive

performance-linked quality criteria would further validate the

proposed approaches. Finally, exploring the existence of a

relationship between in-process sensor signals [32], [33] and

the quality of drilled holes as measured by the proposed hole

quality metrics can offer optimised drilling operation with

reduced defects.

Further work to advance the methods will explore the use

of different weightings that can be determined from a more

detailed set of experiments to identify the sensitivities of

the individual factors used. These could be combined in a

Bayesian setting with a priori choice of weights chosen from

the individual factor and the structural analysis based on defect

geometry. Use of 3D scan data instead of the 2D images

which may not fully capture lifting type delamination could be

investigated. Additionally, use of thermography [34], a tech-

nique for in-process detection of subsurface defects such as

internal delamination and microcracks that also reveal hidden

structural issues in multi-composite materials can be used

that are not limited to surface inspection at post-processing

stage like optical methods. This post-processing has shown

success in detecting defects in CFRP [35], which could also

be explored in future work.
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