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ABSTRACT

The quality control of aeronautics composite mialjiered materials and structures using non-destautgsting is the main focus
of this work. The study proposes a semi-automatit ear real-time mode-operated image processirigoaelogy developed
for frequency-modulated continuous-wave high-frespyemillimeter wave imagery with the center freqcies around: 100 GHz,
150 GHz and 300 GHz. Image processing is appliether8-D images to detect internal defects withi@ material, which are
almost transparent at these frequencies.
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1. Introduction

In various practical imagery-based applicationg thassification techniques are appropriate to different types of target
detection and each one matches particular targéiwes (e.g. spatial and frequency charactesistithe main condition for the
imagery data is to provide a suitable quality, wahis compatible with the detection algorithms amderence prototype
information. The principle of classification is Beg pixels of the target to a spatial group dégai(class membership) within the
image. This relationship is not a function, but km$e described more generally by a probabiligtriiution assuming that the
data contains independent samples. In unsuperelasdification any individual pixel is comparedetach discrete cluster, where
the classifier decideds which cluster is closesa bupervised classification the interpreter kntasgets are present in the image.
All pixels in the image are compared with the cldissriminates derived from the training sets. Tdwult is a map of established
classes which can be reasonably accurate, but pixels might be misclassified.

Data classification is performed by two main apphes: the first one considers only a dichotomossrdition between the two
classes (K-Means [1]); the second one attemptsddeinthe probability of class membership (Maximuikelihood [2] and
Bayesian classifier [3]). In practice, most of hractical applications are known to be dichotomswservised, as they require a
representative database to support the reliabjettaletection. However, this approach would nognglicable to the detection of
unknown or poorly determined targets. In case ofiglly available information (e.g. dimensions agehneral characteristics) a
three-dimensional (3-D) mathematical model of #rgét can be generated and undergo the semi-ss@érapproach. Else, the
data should be introduced to the unsupervised igabs.

Nowadays there has been a significant interesmipl@ying high-frequency millimeter wave (mmW) imagdor many industrial
oriented and security applications [4-6]. Amongst 6f possible applications, quality control ofr@autics composite multi-
layered materials and structures through Non-Destmi Testing (NDT) was proposed [7-8]. In the damaf microwave NDT
systems [9-13], mmW waves could be used detectlimiand evaluate hidden internal defects withim tomposite material
under test by exploiting 3-D imaging and the tramepcy property of most non-metal objects in thb-BHz range. One
exception is the visualization of carbon fiber casipes for which only surface and subsurface defeatild be recognized.

The present study proposes semi-supervised andreabtime mode-operated image processing methgglodteveloped for
Frequency-Modulated Continuous-Wave (FMCW) mmW iesgvith center frequencies around 100 GHz, 150 @itz 300
GHz. The quality control of aeronautics compositdtiayered materials and structures (e.g. lan@gafiberglass, Rohacell etc.)
using NDT is the main focus of this work. The prepd chain of image processing consists of follovdatp investigation: pre-
processing to calculate descriptive statistics]iegiion of a multi-phase process to detect intetagets and post-processing to
evaluate the overall accuracy of detection. Thehoslogy is applied on real data, containing mactufd calibration
materials, which are commonly used in aeronautigs @erospace industries. The rest of this paperganized as follows:
Section 2 presents the methodology by introduchegdoncept of image process and target detectieaul® are reported in
Section 3. Discussions and conclusions are inclindéae final section.



2. Methodology

The hierarchically structured image processing oelogy is exclusively developed to extract andssify the internal (in-
depth) defects within the 3-D composite materidleis method is executed on the 3-D FMCW imageryaioied for the
manufactured calibration objécby validated focus imagery system in terms of isien, accuracy, sensitivity, specificity,
uncertainty and robustness. The general terminalegyesented in Figure 1 and distinguishes betf@eground (related to the
object under investigation) and background parthefimage and presents three potential faces §yiéw detailed process and
analysis: front-, top- and profile- views.
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Figure 1. Visualization of the terminology usingeneric environment. The 3-D imagery provides thessible views: front, top and profile. Global-éév
segmentation produces general imagery backgrouhdoaeground corresponding to the multi-layerecygcale) object under investigation. Local-level
classification provides clusters (dashed areasgtasses (colored areas).

The suggested image processing methodology is imitet! by the scanning acquisition system in terofissetup (optics
components), scanning mode (reflection/transmi$sioroperational frequency (100 GHz, 150 GHz or 8&Mz) and it allows
both 2-D and 3-D processing. The complete methagu(E 2) is a semi-supervised process, which allsutgective intervention
in three stages: (i) selection of a suitable prsiogsmethod, (i) training of classifiers by prowig manually selected sets of area
of interest and (iii) choice of suitable sets fatalintegration and fusion which leads to accuidgatification of the targets and
tested by the post-processing stage. The systematopés requested to identify the nature of thgecb(type of material and
overall shape) under investigation at the beginwifhthe image processing chain, and the naturbeofdrgets (potential defects a
priori categorized based on patterns and shapstsh@fiore the analysis stage.

The pre-processing step is a univariate data asalygng basic and descriptive (Figure 2). The Waton of mean, standard
deviation, variance, skewness, t-test and F-testriboites additional information to the image preqessing. The investigation
of outliers is prompted by large skewness scoresitas evaluated as an uncertainty level of thagm The first phase of image
processing performs segmentation (the split-andgenégchnique [14]) computed as an independent manisie solution to the
global and nonintersecting noisy background anddgmund regions of the image. The second phaseagfeé processing consists
of estimating the Area Of Interest (AOI) associangth the different clusters. The multilevel segragion is adopting a series of
consecutively applied unsupervised and semi-supeiviearning classification methods [15-16]. Thecpssed top- and profile-
(in-depth) view images are gathered into 3-D volumagery. The reconstructed Volume Of Interest (M/&ntaining the results
of the AOI detection stage in general and the teiflsegmentation/classification process in paldic The 3-D location of each
class is extracted from the volume imagery and #odaprojected on the 2-D front-view image using ititernal geometry and
dimensions of the scanned object. Finally, the irsaltirce (different setups, scanning modes andatipeal frequencies) data
are registered by the feature-based registraticimique.
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Figure 2. Flow-chart for image processing methogiplo

! The calibration sample is a sandwich-structured Rohacell sample between glass fiber layers with foreign inclusions on specific locations. The sample size is
399x199 mm and the total thickness is between 7 to 8mm. The defects are represented by several types of materials including Teflon, paper sheets,
polyethylene, films and air and their sizes are vary between 6x6 mm, 12x12 mm and 25x25 mm.



3. Results

The obtained results illustrate the potential oagm analysis to detect and extract defects andnmebgeneities (targets) within
the manufactured calibration samples (objects). Jthecture of this section is representative to titearchical methodology,
where each subsection presents and compares thi@aibtresults for each stage of the analysis. Magngluation of detected
targets is performed by calculating probabilitiésdetection (PD) and false alarms. PD was defiredha number of detected
classes divided by the total number of manufactateiécts. False alarms are defined as the numbfais# alarm classes. A
quantitative assessment of the method’s performamseprovided by using the confusion matrices betweumber of pixels in
each detected class and manual classification meefib by an expert and considered as a ground truth.

3.1 Image Processing Phase 1 - Segmentation

The proposed algorithm [15-16] computes an indepehdonstructive solution to the global backgroamd non-intersecting
noisy areas (stationary level) of the image. Hh¢e to operate in parallel by multiple propagatiegtours that correspond to the
boundaries of the expanding foreground, whereabalokground is equal to zero. All image pixelseitber zero or carry a value
of significance of detection for the possible boanyd The results are the reconstructed 3-D foremtoand object boundaries
based on 2-D top and profiles views at 1-mm sliterval images.

3.2 Image Processing Phase 2 - Area of Interest Detection

The overall process is composed of segmentatiorckasdification tasks executed on 2-D top and [@®efviews at 1-mm slice
interval images. The proposed technique uses foeniation about the class membership and its miatd a certain cluster in
order to classify new unknown candidates in onthefknown classes. For that purpose, two assungpliane been made: a. the
general description is a disk-shape cluster; bntimaber of classes can be predefined. The firgeseperformed by applying the
k-Nearest Neighbors (kNN) algorithm, which segmailit pixels included within the previously detectbdundaries. The
classification is adjusted by expectation-maximaatEM) algorithms (combining supervised maximuielihood (ML-EM)
and unsupervised K-Means and vote rule decisionriugchniques) to maximize the posterior probgbdf detection (Figure 4).
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Figure 4. Image Processing Phase 2 — Flow chaddssification process.

Due to trade-offs regarding speed, accuracy armmhaatton, the classification depends on the traisieig(known input data) and
its selection (manual or automatic). In the proposteidy the automatic training was executed bysdias iterations and is a part
of an automatic learning technique. Whenever thauahbselection is done, the system operator usgedacated program for
visual detection and marks on the multilevel segatémn product.

The result of this process distinguishes betwedeantial classes (related to the further targetaiete and recognition) within the
object and its general area (foreground) based-bBnt@ and profile views sliced images. The images generated into 3-D
volume imagery (Figure 5) using a Simultaneous Big& Reconstruction Technique (SART) [17].

Figure 5. The generated 3-D results of the procke2de top-view (in-depth) image. A is the produttite segmentation stage, B is the detected classtxp of
the segmentation, C is the detected classes.

3.3 Image Processing Phase 3 — Image Registration and Integration

The detected in-depth classes are gathered into3dd volume image following several combinatiodess The vote rule
decision fusion algorithm is a simplest technigpelied on multiple classifiers assuming that outpath classifier is a single
class label [20]. This method applies general axipration, which expresses the strength (in relatwegght system) of belief that
the given object truly belongs to the particulaustér/class. In the boundary-based approach (KNNMin-EM), vote values
(relative weights) are computed in a straight-fadviainary confidences calculation. In practice th#put classes are expressed
as decision vectok = [k, ..., k,]Y (N is a total number of classes) whéree {class;, ..., class,, rejction} and the general
voting routine determined by binary characterifiiection: 1 ifk; = class;; O if k; # class;.



The obtained 3-D volume imagery are used to dedadt extract the in-depth location of each class fandard project it
(corresponding generation [18] or object-order ezimdy technique [19]) on the 2-D front-view imageng the internal geometry
and dimensions of the scanned object. Consecutittetydetected volumes of interest were marked restangular label on the
2-D front-view images.

The feature-based automatic registration techniquesge applied on the multi-source imagery data.esehmethods generally
consist of four steps: 1. control points (CPs) aotion, 2. transformation model determination,3age transformation and re-
sampling, and 4. registration accuracy assessmbatCPs were chosen by three algorithms: 1. autorHairris corner detector,
2. SIFT-based sequence registration (Scale InvaFieature Transform) and 3. Speeded-Up Robust Fe=a(6URF) applied on
the front-view images and re-sampled foregroundhdaties. The results of SIFT and SURF are hightyetated and are equally
different from the results of an automatic Harreerer detector. The possible explanation for thaghibe the dependency
between the performance of the Harris corner detenid the image quality. Results shown in Tabtodfirm that both SIFT

and SURF registration performances are more aecthiah the Harris corner detector compared to thengl truth data.

Table 1. The registration results evaluated byotrerall accuracy and Kappa coeffici®i]. The illustrated results are in range of matied agreement (0.4-0.6)
and substantial agreement (0.61-0.8).

Harris SIFT SURF
Overall Accuracy (%) 51 86 85
Kappa Coefficient (k) 0.42 0.7 0.68

Figure 6 shows the 2-D projected results of thitassifiers (K-Means, ML-EM Euclidean distance, MMBVianhattan distance)
applied on kNN segmented 300 GHz reflection imadege 1) of the calibration sample accompaniechéygtound truth and a
digital photo of the sample. The classificationdqurots and the ground truth were registered applhegSIFT-based technique.
The main differences between the detected clagseretated to the nature of the classification mdsh The unsupervised K-
Means approach is more sensitive to the overalitgua the segmentation product, and thus the cetéclasses are less accurate
(Table 2). The ML-EM is an iterative technique &gtimizing the probability of detection. This cldis performed equally well
for both automatic and manual training set selesti®Results shown in Table 2 confirm that ML-EMfpemed slightly better by
calculation of Euclidian distance rather than Matdradistance.
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Figure 6. The 2-D classes of the 3-D volume ofregeprojected by object-order rendering techniduis.the product of classification stage — RethesK-
Means, Blue is the ML-EM Manhattan distance ande@iis the ML-EM Euclidean distance; B is the grotmuih; C is a digital photo of the calibration gzim

Table 2. The classification results evaluated leyaberall accuracy and Kappa coefficient. The fitkted results are in range of substantial agree(0esil-0.8).

K-Means ML-EM Manhattan ML-EM Euclidean
Overall Accuracy (%) 73 84 86
Kappa Coefficient 0.54 0.69 0.7
PD (%) 95 100 100
False Alarm 2 2 1

4. Conclusions and Future Work

The proposed technique is able to detect inteinadépth) defects within the 3-D multi-layer comjtesnaterials without any a
priori knowledge of the targets. Using the multeph process that first extract foreground areatefést and then apply multi-
stage semi-supervised classification techniqueblersato detect the targets even in case of rougbgmented (poor quality)
images. Detection of targets based on fully integteinformation and target identification are imjaot issues that must be
addressed in a future work.
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