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A B S T R A C T

Surface geometric imperfections can be automatically inspected by machine vision systems. State-of-the-art
applications prefer resorting to image analysis by Convolutional Neural Networks (CNNs), rather than tradi-
tional traceable inspection methods. CNNs have the advantage of greater speed, flexibility and automation
but lack traceability, thus hindering quantitative quality controls and tolerances verification. This work pro-
poses a methodology to estimate the uncertainty of automated measurements of surface geometrical imper-
fections based on CNNs while establishing traceability by leveraging on a photogrammetric system. The
methodology is demonstrated on a gas metal arc welding of aluminium alloys for inspecting and measuring
the quality of surface pores.
© 2025 The Author(s). Published by Elsevier Ltd on behalf of CIRP. This is an open access article under the CC

BY license (http://creativecommons.org/licenses/by/4.0/)
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1. Introduction

On-machine measurements allow integrated metrology to identify
defects and verify tolerances, enabling closed-loop feedback control of
themanufacturing process by means of non-destructive quality controls
[1], thus fostering sustainable manufacturing [2]. Tolerance verification
within a metrological framework requires traceability and measure-
ment uncertainty evaluation [3]. Integrated metrology often controls
quality of part geometry and dimensions, leveraging optical inspection
techniques, which grant suitable flexibility and speed to copewith strin-
gent and increasing demand of high production efficiency.

Functionality of component is controlled by its surface layer proper-
ties [4], and the presence of geometrical imperfections can be detri-
mental for the application [5]. Thus, the inspection of surfaces’
geometrical imperfections is of primary relevance and is typically car-
ried out by visual inspection [6]. Automated visual inspection based on
machine vision systems (MVSs) have been developed to overcome lim-
its inherent in human visual inspection due to operators’ poor repro-
ducibility [6]. MVSs consists of hardware capable of producing images
and of a software processing pipeline of such images. MVSs find wide-
spread application in assembly, e.g. for part presence and orientation
recognition [7], and manufacturing processes for in-line quality con-
trols, e.g. in electronics for geometry and surface geometrical imperfec-
tions of printed circuit board and MEMS, e.g. delamination, pores,
scratches [8], and in welding processes, for monitoring the geometry of
the weld seam [9], molten pool and keyhole, and to detect the presence
of spatter and droplets [10].

Most conventional analysis of images collected by MVSs relies on
the application of a set of preprocessing, enhancement, and filtering
steps [11] possibly aided by various measurement conditions, e.g.,
bright and dark field, structured illumination [12]. Such set of very
complex operations can isolate specific features of the image, ulti-
mately detecting and classifying imperfections [6]. More recently,
thanks to Machine Learning and enabling technology as high-perfor-
mance and edge computing, learning approaches have been intro-
duced to identify and classify defects [13]. Learning approaches
mostly leverage Convolutional Neural Networks (CNNs) and provide
greater flexibility in handling complex detection problem by dispens-
ing the end user with the complex tasks of a priori designing the most
apt set of preprocessing and filtering pipelines [13,14].

Visual inspections should be distinguished in those aimed at the
detection and those at the measurement. In fact, despite surface geo-
metric imperfection detection is essential, the measurement step is
critical because in several applications, e.g. arc and laser welding
[15], an imperfection is considered a defect only if it exceeds specific
sizes [6]. Consequently, measuring the detected imperfections and
evaluating the measurement uncertainty [16], by propagating rele-
vant contributions, are mandatory to perform quantitative quality
control and tolerance verification [17], to reduce waste, unnecessary
quality costs related to I type errors, i.e., false positives, and image
loss costs due to poor quality related to II type errors, i.e., false nega-
tives. Accordingly, metrological measurement systems more
advanced than 2D-cameras and capable of measuring topographical
maps or point clouds are needed to achieve actual measurements
suitable for tolerance verification. Such approaches might require
extremely complex processing pipeline basing on curvature [18] and
topography segmentation [19], and are typically more expensive and
time consuming than CNN applied to 2D images. Furthermore, CNNs
were originally conceived for object detection, which does not allow
object dimensions measurement. Despite alternative routes for qual-
ity controls based on CNN features have been proposed [20], they do
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not target the measurand and hence do not allow for tolerance verifi-
cation. Conversely, the recent development of semantic segmenta-
tion, i.e. the extraction of edges of the detected object [13], enabled
the application of CNNs for surface geometric imperfection character-
isation towards quality control and tolerance verification. The semi-
nal paper of Wolfschl€ager et al. [14] provided a first attempt of
imperfection measurement on blanked components by semantic seg-
mentation. The possibility of implementing CNNs also for measuring
identified imperfections would allow a simpler alternative to other
measurement systems, e.g. for point cloud acquisition.

However, machine vision cameras typically adopted for imperfec-
tion segmentation are not actual measuring instruments [21]. Fur-
thermore, the literature tends to calibrate camera pixel size with
calibrated object micrometers [14,22] to obtain the scale conversion
factor to allow metric measurements. Such simplistic approach
neglects correcting optical aberrations, e.g. barrelling and pin-cush-
ion distortion typical of cameras, and sine errors, which are due to
the working distance of the objective lens from the measurand and
are critical and liable of severely amplifying the bias due to distor-
tions, if the relative position of measurand and the camera is not
highly precise and repeatable, condition hardly achievable for in-line
process control. Last, typical metrics of CNN performances [13], e.g.
Recall and Intersection-over-Union (IoU), are not useful to describe
metrological characteristics, e.g. accuracy and precision [21], of the
overall MVS for the measurement task. Mizutani et al. [23] first
attempted to estimate prediction uncertainty of NN, overcoming lim-
its of conventional metrics, and to optimize the NN structure.

This work, in Section 2, proposes a methodology to establish
traceability of MVS with a 2D-camera and CNN for segmentation and
automated measurements of surface geometrical imperfections.
Innovatively, this work introduces a method to estimate the mea-
surement uncertainty of MVS segmentation and measurement task.
Section 3 demonstrates the methodology on gas metal arc welding
case study for surface pores measurement on hybrid aluminium
joints. Section 4 draws conclusions.

2. Methodology

Fig. 1 outlines the proposed data workflow in the designed MVS.
Differently from related literature [6,14], multiple images of the com-
ponent are collected by the MVS camera and are processed in parallel
by photogrammetry and by an ad-hoc trained CNN.
Fig. 1. Flowchart of the proposed approach for automated segmentation and measure-
ment of surface geometrical imperfections on a weld bead. Most relevant steps are
highlighted: photographing the component (1), photogrammetric construction of the
metric point cloud and defect segmentation by CNN, performed contemporarily (2), the
automated extraction of the defects in the point cloud (3) and the measurement (4).
Multiple images can be obtained by relative repositioning of the
camera and the component limiting the application to in-line post-
process integrated metrology [3].

The most severe limitation of state-of-the-art solution, hindering
measurements of segmented surface geometrical imperfections, lies
in the calibration of camera of the MVS, as discussed in Section 1.
This work proposes to leverage photogrammetry to calibrate scale
and distortion parameters of the MVS camera to correct systematic
errors. The collected multiple images are exploited to solve collinear-
ity equations and self-calibrate [24] camera distortion parameters,
accounting for radial, tangential, and skewness distortions [25]. Pho-
togrammetry allows to obtain metric dimensions while correcting for
systematic optical errors. The photogrammetric system allows met-
rological characterisation of the segmented imperfections. Further-
more, the photogrammetric system calibration allows establishing
traceability for the MVS. This can be obtained by measuring with the
photogrammetric system an artefact calibrated with a Coordinate
Measuring Machine (CMM) [26]. Accordingly, the surface imperfec-
tion standard uncertainty contribution of the photogrammetric sys-
tem,uPhoto, includes several contributions combined as per the Law of
Propagation of Uncertainty (LPU) [16]:

u2
Photo ¼ u2

Trac þ
e2Photo
3

þ s2 ePhotoð Þ þ u2
fit; Photo ð1:1Þ

u2
Trac ¼

MPE2CMM

3
þ s2calib þ u2

Measurand ð1:2Þ

Firstly, the traceability uTrac, catering for the uncertainty of the CMM
calibration of the artefact. This includes: the CMM accuracy, estimated
from the Maximum Permissible Error (MPE) and propagated as a Type
B contribution with a uniform distribution; the reproducibility of the
calibration scalib, i.e. the standard deviation of replicated measurements
of the reference measurand with the CMM; and contributions due to
the variation of the measured workpiece uMeasurand, e.g. form deviation
[26,27]. Secondly, the metrological characteristics of the photogram-
metric system, estimated from replicated measurements in reproduc-
ibility conditions, e.g. changing the illumination, the number of images
and the relative position of the reference artefact with respect to the
camera [26]. In particular, the accuracy can be propagated from the
average measurement error ePhoto, with respect to the CMM calibration,
with a uniform distribution; the reproducibility as the standard devia-
tion of such error sðePhotoÞ; also, the random error of any fitting needed
for the feature measurement shall be included ufit;Photo, e.g. as the resid-
uals standard deviation.

Conversely, the CNN allows segmenting imperfections, i.e. isolat-
ing in each image the pixels relevant to the surface imperfection. In
the next processing step, as depicted in Fig. 1, segmented pixels are
input in the calibrated collinearity equations to obtain metric point
clouds of the surface geometric imperfection, i.e. set P of cartesian tri-
ples pi ¼ xi; yi; zif g. Such point clouds can be exploited to measure
relevant dimensions.

The imperfection segmentation can be trained, following most
common state-of-the-art best practices, by transfer learning of pre-
existing CNN, e.g. U-Net [13,14]. This is performed by feeding to the
CNN a set of marked images highlighting the position of the imper-
fections by expert operators, i.e. ground truth (GT) masks. Transfer
learning modifies the weights of the network to minimize a loss func-
tion. Typical performance indicators are the number of the true posi-
tive (TP), true negative (TN), false positive (FP), and false negative
(FN) recognitions. It is worth noticing that FP are I type errors, and FN
are II type errors. Such metrics, computed pixel-wise, are customarily
aggregated in indexes typical in Machine Learning, e.g. the segmenta-
tion precision Precseg ¼ TP=ðTP þ FPÞ, the recall or true positive rate
TPR ¼ TP=ðTP þ FNÞ, the IoU ¼ TP=ðTP þ FN þ FPÞ, and the Dice loss ¼
1� 2�IoUð Þ=ð1þ IoUÞ [13]. Although such metrics are useful to sum-
marize aggregated performances, they are not readily exploitable for
metrological applications. Conversely, leveraging the proposed work-
flow, described in Fig. 1, it is possible to compare the point clouds of
the imperfections segmented based on the GT mask, PGT , and the pre-
dicted mask, PCNN , which are sets with cardinality # PGTð Þ ¼ m
and # PCNNð Þ ¼ n. Let the point-to-point cloud distances be



Fig. 2. (a) Arc welded parts. (b) Calibration artefact. (c) Experimental setup: camera
and rotary table. (d) Reconstructed mesh of the point cloud by photogrammetry, with
CNN-segmented surface pores shown in red and green inset at higher magnification.
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di;CNN ¼ min
j¼1;...;m

jjpi;CNN � pj;GT jj2
� �

and dj;GT ¼ min
i¼1;...;n

jjpj;GT � pi;CNN jj2
� �

,

where the k∎k2 operator indicates the L-2 norm, i.e. the Euclidean
distance. For how the distances have been built, dCNN includes errors
due to FP and dGT due to FN. The mixture d of dCNN and dGT caters for
both systematic errors and random errors of the model. Thus, it
allows estimating the metrological accuracy and precision due to the
CNN segmentation, respectively, as the average d and standard devia-
tion sðdÞ of the distances. The standard uncertainty due to the seg-
mentation, i.e. the CNN, uCNN can be written as:

u2
CNN ¼ d

2

3
þ s2 dð Þ ð2:1Þ

d ¼ #ðdCNNÞ
#ðdCNNÞ þ#ðdGT Þ dCNN þ #ðdGT Þ

#ðdCNNÞ þ#ðdGT Þ dGT ð2:2Þ

s2 dð Þ ¼ ðdCNNÞ
ðdCNNÞ þ ðdGT Þ

� �2

s2 dCNNð Þ þ ðdGT Þ
ðdCNNÞ þ ðdGT Þ

� �2

s2 dGTð Þ ð2:3Þ

The combined standard uncertainty of the MVS uc;MVS can be com-
puted compounding contributions from both the measurement, i.e.
the photogrammetric camera system, and the segmentation part:

uc;MVS ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
u2
Photo þ u2

CNN

q
ð3Þ
Table 1
Uncertainty contribution of the MV photogrammetric system.

MPECMM
� ffiffi

3
p scalib uMeasurand

0.6 µm 1.6 µm 4.5 µm

uTrac 4.8 µm

ePhoto

. ffiffi
3

p sðePhotoÞ ufit;Photo

48.0 µm 15.0 µm 8.3 µm

uPhoto 50.9 µm
3. Case study

The methodology proposed in Section 2 is applied to a case study
for the quality control of a specific type of surface geometric imperfec-
tions in gas metal arc welding (GMAW) [28]. GMAW is largely the
object of the application of MV inspection [10] and of in-line integrated
metrology to achieve real-time control of the process [9]. Current chal-
lenges include welding of different materials or materials coming from
different manufacturing processes [29]. Surface pores, i.e. gas pores that
break the surface of the weld [30], are particularly critical for they can
act as seeding points for cracks propagation. Not all pores present on
the surface, i.e. geometric imperfections, have to be considered defects.
The maximum tolerable size of surface pores depends on the required
weld bead quality. Thus, they represent a suitable example of imper-
fection whose identification is not sufficient to determine the presence
of a defect, but they require a measurement.

3.1. Materials and experimental setup

In this work, the proposed methodology is applied to inspect the
quality of surface pores on a cast aluminium on rolled aluminium corner
joint for automotive applications. The most significant challenge lies in
the risk of generating large surface pores when the welding interacts
with inherent internal porosities of the cast component. Six parts,
shown in Fig. 2(a), with different length parallel to the weld bead were
manufactured at the J-Tech laboratory of Politecnico di Torino. The
rolled aluminium sheet has the smallest thickness, i.e. 3 mm. The joint
features a corner joint geometry with a nominal weld bead throat thick-
ness of the fillet weld of 4 mm. In such a condition, to ensure the maxi-
mum weld quality, i.e. quality level B, the maximum tolerable surface
pore shall not exceed 0.4 mm [15]. Thus, the expanded uncertainty shall
not exceed 33% of the maximum tolerable dimension, i.e. 0.133 mm, to
ensure adequate tolerance verification [17].

The photogrammetric setup, see Fig. 2(c), includes a rotary table,
and one camera Olympus OM-D E-M5 II equipped with an Olympus
14�150 mm f4�5.6 M.ZUIKO lens. Images were taken at a distance of
about 50 cm from the component, with a resolution of (4608£3456)
pixel. The rotary table features markers whose positions were cali-
brated, to allow collinearity equation scale parameters calibration
[25], by a Hexagon Global Image 070707 CMM (MPE of 1 µm) with 5
replications by 2 operators showing a standard deviation of 1 µm.
Photogrammetric reconstruction was performed relying on the
Python library of Agisoft� Metashape. The calibration artefact was a
turned aluminium step (diameter of 50 mm), see Fig. 2(b), with the
smallest step of 1.447 mm, calibrated with the CMM.
3.2. Photogrammetric system calibration

The photogrammetric system setup, hosted in the metrological
room of Mind4Lab at DIGEP � Politecnico di Torino, was calibrated to
evaluate uncertainty contribution reported in Eq. (1). The reference
artefact thickness was calibrated by randomly measuring 16 points
on each opposing plane six times. The contributions due to the trace-
ability, evaluated according to the methodology outlined in Section 2,
are reported in Table 1. The variability due to the measurand was
estimated as a type B contribution from the range of the residuals of
the fitting for the planarity. Then, the photogrammetric system met-
rological performance was evaluated. Specifically, two camera poses,
with and without artificial illumination, were used to take 68 pictures
of the calibration artefact. The average error ePhoto resulted of
82.7 µm, making the accuracy the most relevant contribution, while
other contributions are shown in Table 1.
3.3. CNN training

A dataset of 451 images was collected and manually annotated to
generate GT segmentation masks for each image, indicating the compo-
nent and the surface pores. The dataset was split with a 80%�10%�10%
ratio for training, validation and testing. The surface pore identification
was implemented as a series of two segmentation CNN models (see
Fig. 3). Firstly, a YOLO11 [31] for instance segmentation was trained to
segment the component. Training aimed to minimize a composed loss
function (box, segmentation, classification, and distribution focal losses),
resulting in an IoU on the test set of 0.9. The segmentation masks thus
created were used to reduce the image size to the second CNN require-
ment size without sacrificing the resolution by isolating the component
and then creating a tiled layout of (1024£1024) pixel tiles, resulting in
a final dataset consisting of 1345 tiles. On such dataset, the surface pore
segmentation was performed using a U-Net network with ResNet-18
encoder [13]. The U-Net was trained to minimize the Dice loss. Table 2
reports the training hyperparameters for both models. Data augmenta-
tion of the training dataset was performed using the Albumentations
Python library. Images were randomly flipped horizontally, vertically or



Fig. 3. Architecture of the CNN surface pore identification workflow used, based on
two CNN segmentation models running in series.

Table 2
Hyperparameters for the YOLO11 and U-Net networks.

Hyperparameters YOLO11m-seg [31] U-Net [13]

Image size (640£640) px (1024£1024) px
Pre-training dataset COCO-Seg ImageNet
Epochs 250 150
Batch size 10 8
Optimizer AdamW (learning rate=2e-3,

momentum=0.9)
Adam (learning rate=5e-4)

Learning rate 0.01 5e-4
Validation metric Precision, Recall, mean Aver-

age Precision
IoU, Precision, Recall

Table 3
MVS metrological performance comparison for GMAW surface pore automated
measurement. Quality level as per ISO 10042:2018 [15].

Camera Basler Olympus

uPhoto / µm 50.8 50.9
CNN LinkNet U-Net LinkNet U-Net
IoU 0.704 0.694 0.658 0.665
uCNN / µm 129.9 80.5 54.4 42.1
UMVS / µm 279.0 190.4 149.0 132.2
Quality Level D C C B
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rotated, to remove possible bias of the segmentation network to learn
pattern based on the component orientation which should not influ-
ence the segmentation; similarly, random modifications to brightness,
hue and saturation were applied to simulate different lighting configu-
rations during images acquisition.

The implementation, training and evaluation of the whole CNN
framework was performed using PyTorch 2.1.1+cu121 and Python
3.11, on a Linux machine with one NVIDIA Quadro P5000 and 16 GB
of VRAM. Training for the YOLO11 network took around 33 s/epoch,
and 125 s/epoch for the U-Net. Fig. 4 shows the evolution reaching
stabilization of the training loss and validation metrics during train-
ing for the U-Net. Using the trained models, the surface pores seg-
mentation for each image can be performed. The binary masks thus
created can be transformed into three-dimensional point clouds
through the photogrammetry projection matrices per each image.
Point-to-point cloud distances are evaluated to estimate metrologi-
cal performances of the trained CNN. According to Section 2, the
distance error resulted with average d ¼ 8.1 µm and standard devi-
ation s dð Þ ¼ 41.8 µm. This yielded an overall standard uncertainty
contribution of the pore dimension measurement due to the seg-
mentation of uCNN of 42.1 µm.

3.4. Results discussion

Fig. 2(d) shows the point cloud of a component with the
highlighted automatically segmented surface pores thanks to the
CNN. Combining the photogrammetric system and the segmentation
uncertainty contribution, a combined standard uncertainty of the
Fig. 4. Loss function and metrics during training of the U-Net network.
MVS uc;MVS resulted of 66.1 µm. Thus, a measurement uncertainty
with a coverage factor k = 2, results of UMVS ¼ 132.2 µm, suitable for
tolerance verification of the considered measured task. Furthermore,
the proposed methodology allows comparing performances of differ-
ent MVSs within a metrological framework. In particular, the pre-
sented methodology was applied to the same case study, considering
a combination of two alternative cameras, i.e. the already mentioned
Olympus and a machine vision camera Basler acA2500�14uc with
lower resolution [26] for the photogrammetric system, with two
alternative CNNs for the pore segmentation, i.e. the U-Net and the
LinkNet (with Resnet18 encoder) [13,14]. Results are summarised in
Table 3, showing that both contribution of the photogrammetric sys-
tem, i.e. the metrological measuring instrument, and the CNN impact
on the overall uncertainty. Also, results highlight that, with similar
metrological performance of the photogrammetric system, despite
the comparable IoU, the significantly different pixel resolution
greatly affects overall performances.
4. Conclusions

This work proposed a methodology to establish traceability of
automated defects identification in MVS by coupling photogramme-
try and CNN. Innovatively, thanks to the use of photogrammetry,
traceable measurements of segmented defects by CNN were
achieved. Thanks to the introduced methodology, uncertainty evalua-
tion combining contribution from both the measurement and the
segmentation was performed. The proposed methodology was
applied to a case study to verify the quality of arc welding of alumin-
ium joints, while proving capable of comparing metrological per-
formances of different MVS solutions. Future works will focus on
improving measurement uncertainty of the MVS, on testing the
methodology on components with known and calibrated defects and
on applying the methodology to multiple imperfections including a
classification task.
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