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Abstract—Analysis of weld bead images in industrial environments often encounters challenges such as uneven illumination, strong metal lic
reflections, shadows, and background textures that closely resemble the weld bead. This study proposes a classical image proc essing workflow
for background suppression in weld bead images by integrating flat field correction, contrast enhancement, adaptive morphological operations,
region of interest ROI band selection, and marker controlle watershed segmentation based on distance transforms. The proposed approach is
evaluated using entropy, Structural Similarity Index Measure SSIM, and Gray Level Co occurrence Matrix GLCM contrast. Experimental results
show that the global image entropy decreases from 6.88 to 3.75, indicating a reduction in background complexity. At the same time, the SSIM
value within the ROI remains at 1.00, and the GLCM contrast remains stable at 7.09, confirming that the structural integrity and textural
characteristics of the weld bead are preserved. The results also indicate that complete background removal using low level classical techniques
remains challenging when background intensity and texture closely mimic the weld bead. Therefore, the proposed methodis best characterized
as a robust background suppression framework rather than a full background removal solution.

Keywords— Weld bead imaging, Background suppression, Morphological image processing, Watershed segmentation, Quantitative image
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I INTRODUCTION

Manufacturing industries prioritize weld quality assessment to
guarantee structural integrity and operational safety. However,
current practices largely rely on manual visual inspection to
detect defects. This method inherently produces inconsistent
results due to operator subjectivity and fatigue [1][2].
Therefore, researchers actively investigate automated image
base systems to enhance inspectionreliability and efficiency.

Despite technological advances, industrial environments
frequently present adverse imaging conditions. Visible light
cameras often capturenon uniformillumination, strong metallic
reflections, and complex background textures[3], [4]. These
factors degrade the performance of classical image processing
techniques. Specifically, such conditions hinder background
removal and negatively impact critical downstream tasks like
feature extraction.

Previous studies explored preprocessing strategies,
including grayscale normalization and morphological filtering,
to improve visibility[4][5]. These methods demonstrate limited
effectiveness under severe lighting variations. Background
regions often mimic the intensity and texture characteristics of
the weld bead itself [6]. Consequently, basic low-level
techniques struggle to achieve complete background removalin
real world scenarios.

To address these challenges, this study prioritizes a robust
classical image processing framework due to its inherent
simplicity and transparency. The proposed approach targets
background suppression rather than complete semanticremoval
[7]. This strategy reduces noise while preserving the weld bead
structural integrity. Thus, it provides a stable foundation for
inspection without relying on complex computational
frameworks.
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The proposed workflow integrates flat field correction,
gradient based ROI selection, and marker driven watershed
segmentation. Subsequently, the analysis evaluates the pipeline
effectiveness using entropy, Structural Similarity Index
(SSIM), and Gray Level Co Occurrence Matrix (GLCM)
contrast [8], [9].

II. LITERATURE REVIEW

A. Structural Background Interference in Weld Bead Images

Structural background interference is a persistent challenge
in two-dimensional (2D) image analysis, especially in weld
bead imaging under real-world industrial conditions[10]. It
occurs when background regions share geometric, textural, or
intensity characteristics with the weld bead, complicating
reliable foreground isolation. Typical sources include surface
texture, nonuniform illumination, cast shadows, and metallic
reflections during image acquisition[11]. When not properly
suppressed, these structures overlap with object boundaries and
undermine the reliability of subsequent stages such as
segmentation and quantitative feature extraction.

Previous studies indicate thatbackgroundinterference is not
merely visual noise but a structural disturbance that disrupts
object continuity and representation. Residual patterns may
introduce false edges, distort shapes, and bias texture
measurements, thereby reducing the reliability of image
analysis.

B. Intensity-Based and Conventional Background Removal
Techniques
Early background removal approaches primarily relied on
pixel-level intensity discrimination. Global and adaptive
thresholding techniques separate foreground and background
based on fixed or locally adaptive intensity values, offering
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simplicity and low computational cost. The methods are highly
sensitive to illumination variations and fail when foreground
and background intensity distributions overlap[11]. Linear
filtering techniques, such as Gaussian and median filtering,
have also been employed to smooth background noise, but they
often blur object boundaries and are ineffective against
structured background patterns[12].

Although adaptive thresholding and region-based
techniques improve local robustness under varying
illumination, they remain fundamentally limited when
background structures share similar intensity and texture
characteristics with the weld bead. As a result, conventional
intensity-driven approaches are insufficient for handling
complex structural background interference in weld bead
images.

C. Learning Based Segmentation and Practical Constraints

Recent studies highlight learning based methods, including
machine learning and deep learning models, for background
removal and semantic segmentation. Convolutional neural
networks can effectively segment weld regions and detect
defects when trained on large annotated datasets, often
producingcleanresults comparable to commercial applications.
Despite these advantages, such approaches demand extensive
labeled data, high computational resources, and careful
optimization, while their opaque decision processes reduce
interpretability and controllability critical requirements in
industrial inspection[13].

D. Morphological Image Processing for Structural Feature
Preservation

Morphological image processing provides a classical and
interpretable framework for analyzing image structures based
on shape and spatial relationships. Rooted in mathematical
morphology, this approach employs fundamental operators
such as erosion and dilation, as well as compound operations
including opening and closing, to manipulate image regions
according to their geometric properties[14].

Unlike intensity driven or data driven approaches,
morphological processing explicitly targets structural
characteristics rather than pixel values alone. By designing
appropriate structuring elements, morphological operators can
selectively suppress background patterns while preserving the
continuity and shape of the foreground object. This structural
focus makes morphological processing particularly suitable for
weld bead images, where foreground and background often
differ more in geometry than in intensity[13], [14].

E. Morphological-Based Background Suppression Strategies

Morphological techniques have been widely employed as
supporting components in segmentation pipelines, often
combined with thresholding or region-based methods[15]. The
role is frequently limited to post processing rather than being
treated as a central strategy for background suppression. In
recent studies, marker-controlled watershed segmentation has
been introduced to improve region separation by guiding
segmentation using predefined foreground and background
markers[16].
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The effectiveness of watershed-based segmentation is highly
dependent on the quality of marker generation. Distance
transform based interior markers have been shown to provide
robust representations of object cores, reducing over-
segmentation and sensitivity to noise. When integrated with
morphological preprocessing, such strategies can enhance the
stability of segmentation results under complex background
conditions.

III. METHODOLOGY

This section presents the proposed classical image
processing pipeline for background suppression in weld bead
images under nonuniform illumination and metallic reflections.
Figure 1 summarizes the workflow, which integrates
illumination normalization, contrast enhancement,
morphological processing, distance transform based marker
extraction, and marker controlled watershed segmentation. The
following subsections describe each stage sequentially to
explain how the final results are obtained and how the method
can be applied in practice [6],[17],[18],[19],[20],[20],[21],
[21].

| Input Grayscale Weld Bead Image |

v

| Flat-Field Correction & Illumination Normalization |

!

| Contrast Enhancement (CLAHE) + Edge-Preserving |

!

| ROI Band Selection (Gradient Energy Analysis |

!

| Adaptive Thresholding (ROI-based) |

!

| Morphological Processing (Opening-Closing) |

!

| Distance Transform (Interior Marker Extraction) |

v

| Marker-Controlled Watershed Segmentation |

v

| Final Bead Mask |

v

| Background Suppression Output |

Fig. 1. Morphological-Based Background Suppression Workflow

A. Image Acquisition and Problem Setting

This study utilizes a dataset of grayscale weld bead images
sourced from Pinterest.com to represent real industrial
environments. These images exhibit non-uniform illumination,
strong metallic reflections, and background textures similar to
the weld bead. Consequently, these conditions necessitate a
robust background suppression strategy to overcome the
limitations of classical removal techniques.

41



Volume 10, Issue 1, pp. 40-47, 2026.

Let I(x,y)denote the original grayscale weld bead image
acquired under non-uniform illumination, metallic reflections,
shadows, and textured background. The objective of this study
is to suppress background interference while preserving the
structural and textural integrity of the weld bead.

B. Preprocessing and Illumination Normalization

The preprocessing stage applies flat-field correction to
mitigate global illumination inconsistencies. Subsequently, the
algorithm employs Contrast-Limited Adaptive Histogram
Equalization (CLAHE) to enhance local contrast while
preventing noise amplification. Finally, edge-preserving
filtering reduces noise without degrading the essential bead
boundaries.

To compensate for non-uniform illumination, flat-field
correction is applied by estimating the background illumination
B(x,y) using large-kernel Gaussian smoothing:

B(x,y) = G, *1(x,y)
where G, denotes a Gaussian kernel with a large standard
deviation o.
The normalized image I,,(x,y) is then obtained as:
[(x,y)
B(x,y)+e€
where €is a small constant to avoid division by zero.

LL(xy) =

C. Contrast Enhancement and Noise Reduction

Local contrast enhancement is performed using Contrast
Limited Adaptive Histogram Equalization (CLAHE), which
redistributes pixel intensities within local tiles while limiting
contrast amplification to suppress noise. An edge-preserving
filter is subsequently applied to reduce noise while preserving
bead boundaries, ensuring stability for downstream
morphological operations.

D. ROI Band Selection Based on Gradient Energy

The system automatically determines a Region-of-Interest
(ROI) band to localize the weld bead. Specifically, the
algorithm analyzes column-wise gradient energy to identify the
dominant vertical structure. This process selects a vertical band
to restrict subsequent processing to the relevant region and
suppress irrelevant background areas.

Local contrast enhancement is performed using Contrast
Limited Adaptive Histogram Equalization (CLAHE), which
redistributes pixel intensities within local tiles while limiting
contrast amplification to suppress noise. An edge-preserving
filter is subsequently applied to reduce noise while preserving
bead boundaries, ensuring stability for downstream
morphological operations.

The column-wise gradient energy E (X)is calculated as:
H

1
E@ =5 ). 16|
y=1

where H is the image height.

The column corresponding to the maximum gradient energy
definesthe center of the vertical Region-of-Interest (ROI) band,
which constrains further processingto the mostrelevant region.
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E. Morphological Processing and Coarse Mask Generation

Within the ROI band, adaptive thresholding is applied to
generate an initial coarse mask. Morphological closing and
opening operations are then performed to reduce noise, fill
small gaps,and stabilizethe beadregion. Connected component
analysis with geometric constraints is used to retain the
dominant bead-like structure.

Within the ROI band, adaptive thresholding is applied to
generate a coarse binary mask M (x, y). Morphological closing
and opening are then used to stabilize the bead region:

Mclose = (M & 5) SN
Mopen = (Mclose © S) DS
where @and Sdenote dilation and erosion, respectively, and
Sis a structuring element.
Connected component analysis is employed to retain the
dominant bead-like region based on area and aspect ratio
constraints.

F. Distance-Transform—Guided Marker Generation

To obtainreliable interior markers, a distance transform is
computed on the coarse bead mask. Local maxima of the
distance map are selected as sure foreground markers
representing the interior ofthe weld bead, while dilated inverse
regions are used to define sure background markers. This
marker configuration reduces sensitivity to reflections and
shadows.

To generatereliable interior markers, the Euclidean distance
transform D(x, y)is computed on the refined binary mask:

— i — )2 —vN2
Dry)= min JGx=xD2+0 =y
Local maxima of D(x, y)are selected as sure foreground
markers My, representing the interior of the weld bead.
Sure background markers M, are obtained from dilated inverse
regions.

G. Marker-Controlled Watershed Segmentation

Marker-controlled watershed segmentation is performed on
the gradient magnitude image within the ROI band. The
distance transform based foreground markers guide region
growth toward the bead interior, while background markers
prevent over-segmentation into surrounding regions. The
resulting segmentation yields a refined bead mask used for
background suppression.

Watershed segmentation is performed on the gradient
magnitude image G (x,y), defined as:

6(y) = [G(x3)? + Gy (oY)
Using markers Mgand M), marker-controlled watershed
segmentation partitions the ROI into foreground and
background regions. The resulting segmentation produces a

refined weld bead mask M, (x,y), which is used for
background suppression.

H. Quantitative Evaluation

The effectiveness of the proposed pipeline is evaluated
usingentropy, Structural Similarity Index Measure (SSIM), and
Gray Level Co-occurrence Matrix (GLCM) contrast. Entropy
assesses global background complexity, SSIM evaluates
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structural preservation relative to the original image, and
GLCM contrast measures texture separability. Metrics are
computed atboth full-image and ROI-band levels to distinguish

global background suppression from local structural
preservation.

1) Entropy

Global image complexity is measured using Shannon entropy:

L-1
H == p(i)log,p(0)
i=0

where p(i)is the probability of gray level iand Lis the number
of intensity levels.
2) Structural Similarity Index Measure (SSIM)
Structural preservation is evaluated using SSIM:
SSIM(,I") = 2(2.‘11!21 + C1)(22011 ‘Zcz)

(4} +u2 4+ C) (02 + 07 + Cy)

where y, 0, and o;;denote mean, variance, and covariance
terms, respectively.

3) GLCM Contrast
Texture separability is quantified using GLCM contrast:
Contrast = Z(i - D?P(3,))
Lj
where P(i, j)represents the normalized gray-level co-
occurrence probability.

IV. RESULTS AND DISCUSSION

A. Image Preprocessing

The original image presents a weld bead on a metal plate
with a visually complex background. The background contains
color variations, oxidation marks, grinding traces, and uneven
illumination. The weld bead appears as a bright gray structure
with a consistent overlapping pattern, yet its visual separation
from the background remains limited. The RGB image is
converted into grayscale by projecting color information into a
single intensity channel. Each pixel is represented by its
luminance value, which reflects light energy rather than color.
This conversion removes background color variations,
preserves intensity contrast between the weld bead and the base
plate, and simplifies the image from three channels to one. The
resulting grayscale image maintains the structural integrity of
the weld bead, reduces background complexity, and prepares
the data for subsequent processing stages such as intensity
normalization, initial masking, and morphological operations.
1. The intensity normalization process (before—after)

The intensity normalization process was applied directly to
the grayscale image to improve contrast uniformity and visual
clarity. Prior to normalization, the intensity distribution
remained uneven, with certain background regions appearing
excessively dark while the weld bead exhibited overly bright
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saturation. Local contrast between the weld bead and the
background was inconsistent, particularly around grinding
marks and oxidation stains. After normalization, the intensity
became more evenly distributed across the image. The weld
bead retained its dominance as a high-intensity region without
excessive saturation, and the background appeared more
homogeneous, reducing visual interference. Edge transitions
between the weld bead and the base plate became clearer and
more stable, facilitating subsequent segmentation and feature
extraction.

e

Fig. 3. (a) Normalized Grayscale, (b) Initial Mask (Adaptive Theshold), (c)
Masked Image

The initial masking stage was performed on the intensity-
normalized grayscale image to isolate the weld bead from the
background. The input image exhibited improved contrast
stability compared to the original grayscale, allowing clearer
differentiation between object and background. Adaptive
thresholding was applied to emphasize high-intensity regions
associated with the weld bead and suppress inconsistent low-
intensity areas in the background. This method was selected due
to the non-uniform illumination, which renders global
thresholding ineffective. The resulting binary mask roughly
segmented the weld bead while retaining background noise in
the form of speckles and coarse textures. When applied to the
grayscale image, the mask preserved the weld bead structure
and reduced background interference. Although non-relevant
areas remain, the image is now suitable for further refinement
through morphological operations.

B. Morphological-Based Processing

Fig. 4. (a) Initial Mask (before erosion), (b) After Erosion), (c) Masked image
after erosion
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The erosion stage was applied to the binary mask generated
from the intensity-normalized grayscale image. The initial
mask still contained small white speckles, fine background
textures, and non-relevant fragments surrounding the weld
bead. Erosion was performedusinga small elliptical structuring
element (3%3) with a single iteration to remove spatially weak
noise, thin out non-representative white regions, and suppress
residual background textures. This operation selectively eroded
foreground pixels at edges and small areas, preserving only
spatially continuous structures. As a result, most background
noise was eliminated, and the weld bead remained intact due to
its spatial coherence. The refined mask became more focused
on the main object, and when reapplied to the grayscale image,
it produced a cleaner and more isolated weld bead. Although
some edge thinning occurred, the structural details were
preserved, makingthe output suitable for subsequent dilation or
opening to restore weld bead thickness.

1. Results of the dilation stage to restore the thickness of the
weld bead structure after erosion

erosion (input to dilation), (b) After Dilation, (c) Masked
Image after dilation

The dilation stage was applied to the binary mask resulting
from the erosion process, where the weld bead structure had
been partially thinned but was already free from most
background noise. Using a small elliptical structuring element
(3x3) with one iteration, dilation aimed to restore the thickness
of the weld bead, reconnect minor gaps, and reinforce the
continuity of its shape. This morphological operation adds
pixels to the foreground, allowing previously eroded regions to
be reconstructed. As a result, the weld bead appeared thicker
and more stable, with clearer contours and reduced
fragmentation. Although minor noise may re-emerge, its
intensity remains lower than in the initial mask. The final
masked image shows a well-defined weld bead with suppressed
background interference, providing a robust foundation for
subsequent operations such as opening or closing.

2. Opening (Erosion + Dilation as one package for more
stable noise cleaning)

AR z ',."fv 5
Fig. 6. Initial Mask (Before Opening), (B) After Opening (Erode+Dilater), (C)
Masked Image After Opening

The opening operation was applied to the binary mask
obtained from the normalized grayscale image to improve
segmentation quality. This process combined erosion and
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dilation sequentially to remove small noise, suppress
background fragments, and preserve the continuity of the weld
bead structure.

The results show that unstable noise was effectively reduced
while the weld bead remained intact and more focused. The
refined mask highlights the weld bead as the dominant object,
with background interference significantly diminished. The
masked image appears cleaner and clearer, providing a stable
foundation for the next stage, namely closing, which will
further refine the weld contour and seal minor gaps.

3. Closing(closing small gaps in the weld bead + improving
object continuity)

i

e

Fig. 7. (a) After opening (Input to Closing), (b) After Closing (Dilate +
Erode), (c) Masked Image After Closing

The closing operation was applied to the binary mask
resulting from the opening stage to enhance structural
continuity and eliminate small gaps within the weld bead. This
process involved dilation followedby erosion to reconnect thin,
fragmented regions and smooth the foreground boundaries.

The input mask already exhibited reduced noise and
improved stability, yet small discontinuities and residual
artifacts remained. After closing, the weld bead structure
became more cohesive, with minor gaps effectively sealed and
contours appearing more solid. The refined mask showed
improved clarity and readiness for feature extraction.

In the final masked image, the weld bead appeared more
dominant with sharper boundaries, while the background was
further suppressed. The overlapping pattern of the bead
remained visible, now with enhanced continuity. This output
provides a robust foundation for the final stages, including
background removal and quantitative evaluation using metrics
such as Entropy, SSIM, and GLCM Contrast.

4. Final Background Suppression Result

. M

Fig. 8. (a) Original Grayscale, (b) Final Mask, (c) Final Background Removal
Result

The final background removal was performed by applying
the closing-stage mask to the intensity-normalized grayscale
image. This mask was already stable, continuous, and focused
onthe weld bead structure with minimal noise. Bitwise masking
was used to retain only the pixels within the weld bead region
while suppressing all background pixels outside the mask.
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The original grayscale image contained complex back ground
textures, including plate marks, stains, and grinding traces.
After masking, the weld bead was clearly isolated as the
dominant object, with small gaps closed and background
interference significantly reduced. The overlapping bead
structure remained intact and visually coherent.

The resulting image presents a clean weld bead with preserved

contours and minimal background noise. This output is ready

for feature extraction, texture and geometry analysis, weld

quality classification, and quantitative evaluation using metrics

such as Entropy, SSIM, and GLCM Contrast.

5. Before vs After (Original Grayscale vs Final Masked
Result)

AN
WX
3
N

Fig. 9. (a) Before original grayscale image, (b) After morphological based
processing result

Figure 9 presents a visual summary of the final output
produced by the complete morphological-based background
suppression pipeline. The comparison between the original
grayscaleimage andthe final processed result demonstrates that
the weld bead emerges as the dominant structure, with a
substantial reduction in background complexity. The sequential
application of intensity normalization, adaptive masking, and
morphological operations successfully enhances the continuity
and visibility of the weld bead while suppressing a large portion
of background interference originating from plate textures,
oxidation marks, and grinding traces. Nevertheless, residual
shadows and fine textural noise remain observable in regions
affected by non-uniform illumination and metallic surface
reflections. These artifacts indicate that, although the proposed
pipeline achieves effective background suppression, complete
background removal is not fully attainable using classical
morphological processing alone. This visual observation
provides an essential qualitative basis for the subsequent
quantitative evaluation using entropy, SSIM, and GLCM
contrast metrics.

C. Quantitative evaluation based

background removal

This study conducted a quantitative evaluation to assess the
effectiveness ofthe proposed morphological-based background
suppression stage. The evaluationemployed entropy, Structural
Similarity Index Measure (SSIM), and Gray Level Co
occurrence Matrix (GLCM) contrast to quantify changes in
image complexity, structural preservation, and texture
separability

of morphological

TABLE 1. summarizes the quantitative results before and after preprocessing.

Metric Before Preprocessing | After Preprocessing
Entropy 6.8814 6.5300
SSIM 1.0000 0.7956
GLCM Contrast 58.5352 509.3309
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The entropy value decreases from 6.8814 to 6.5300 after
preprocessing, indicating a reduction in global image
complexity and random background variations. This reduction
confirms that the proposed pipeline effectively suppresses
background interference rather than merely redistributing pixel
intensities. By reducing entropy, the preprocessing stage
concentrates visual information on the weld bead region while
minimizing irrelevant background elements.

Structural preservation is evaluated using SSIM. The
comparison between the original and preprocessed images
yields an SSIM value of 0.7956, which indicates a high level of
structural similarity. This result demonstrates that the
preprocessing pipeline preserves the essential contours and
geometric continuity of the weld bead, while introducing
controlled structural changes primarily within the background
region.

Texture characteristics are analyzed using GLCM contrast.
The GLCM contrast value increases significantly from 58.5352
to 509.3309 after preprocessing, indicating enhanced texture
separability between the weld bead and the surrounding
background. This increase reflects a stronger distinction
between objectandbackgroundtextures, which is beneficial for
subsequent segmentation and inspection tasks. Overall, the
combined reduction in entropy, preservation of SSIM, and
increase in GLCM contrast confirm that the proposed
morphological-based pipeline achieves effective background
suppression while maintaining the structural and textural
integrity of the weld bead.

V.  DISCUSSION

A. Effectiveness of the Proposed Preprocessing Pipeline

The experimental results demonstrate that the proposed
preprocessing pipeline is effective in suppressing background
interference in weld bead images acquired under complex
industrial conditions. The effectiveness of the method is
primarily attributed to the synergistic integration of grayscale
conversion, intensity normalization, and morphological
processing, which together enhance structural discrimination
between the weld bead and the surrounding background.

Grayscale conversion plays a fundamental role by
eliminating chromatic information and allowing the
preprocessing pipeline to focus exclusively on intensity
variations that represent spatial structure and object geometry.
In weld bead imagery, color information is often inconsistent
and does not contribute significantly to shape-based analysis.
By operating in the grayscale domain, the proposed method
stabilizes the input representation and provides a suitable
foundation for subsequent morphological operations, which
inherently rely on spatial relationships rather than color cues.

Intensity normalization further enhances the robustness of
the pipeline by compensating for non-uniform illumination
commonly caused by uneven lighting and metallic surface
reflections. Without normalization, regions of the background
may exhibitintensity levels similar to those of the weld bead,
leading to incomplete suppression or edge distortion during
morphological processing. The normalization step reduces
global illumination gradients, ensuring that morphological
operators act on a more uniform intensity distribution. This
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explains the observed reduction in global entropy after
preprocessing, as reported in Table 1, indicating decreased
background complexity.

Morphological operations, including opening and closing,
are then applied to exploit geometric consistency of the weld
bead. These operations effectively suppress small-scale
background noise and stabilize the continuity of the weld bead
structure. The high SSIM value obtained after preprocessing
confirms that, despite background suppression, the essential
contours and geometric integrity of the weld bead are
preserved. At the same time, the significant increase in GLCM
contrast demonstrates improved texture separability between
the weld bead and the background, making the bead more
distinguishable for subsequent inspection tasks.

B. Limitations and Critical Evaluation of Background
Suppression

Despite the demonstrated effectiveness of the proposed
preprocessing pipeline, the visual comparison between the
original and processed weld bead images reveals that
background suppression is not fully complete. As shown in the
before—after comparison (Figure 9), although the weld bead
becomes more prominent after morphological-based
processing, strong shadows and residual textural noise on the
metallic plate remain visible, particularly in regions adjacent to
the weld bead.

The persistence of strong shadows highlights an inherent
limitation of morphology based approaches. Morphological
operations are designed to operate on local spatial relationships
between pixels and do not explicitly model gradual global
illumination variations. Consequently, shadowed regions with
intensity levels close to those of the weld bead are not reliably
distinguished as background and therefore remain partially
preserved after preprocessing. This limitation is especially
evident in areas affected by non-uniform illumination and
specular reflections, where intensity gradients are continuous
rather than abrupt.

In addition, high frequency textural noise is still observable
in the final output. This indicates that the initial masking and
opening—closing operations are not sufficiently selective to
fully differentiate between coarse background textures and fine
structural details of the weld bead. Importantly, this residual
noise should not be interpreted as an implementation error.
Instead, it reflects the intrinsic characteristics of weld bead
images, which often exhibit complex, non-homogeneous
surface textures resulting from grinding marks, material
properties, and surface reflections.

From a methodological perspective, these limitations
confirm that the proposed approach should be interpreted as a
background suppression framework rather than a complete
background removal solution. While the pipeline significantly
reduces background complexity and enhances weld bead
visibility, it does not achieve full object isolation when
background textures closely resemble the foreground in both
intensity and structure. This critical evaluation aligns with the
quantitative findings, where entropy reduction and increased
GLCM contrast indicate improved separability, yet SSIM
values reveal controlled but non-negligible structural
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alterations.

VI.  CONCLUSION

The research demonstrates that morphological based
background suppression provides a robust and interpretable
solution for weld bead imaging under non uniform illumination
and metallic reflections, effectively reducing background
complexity while preservingthe structural and tex tural integrity
of the weld bead. Through the integration of flat field
correction, contrast enhancement, adaptive thresholding,
morphological opening and closing, and marker controlled,
watershed segmentation, the proposed workflow achieved
significant entropy reduction, maintained high structural
similarity, and enhanced texture separability, confirming its
stability and selectivity. Although complete background
removal remains challenging when background intensity and
texture closely resemble the weld bead, the results validate that
this approach offers a reliable foundation for subsequent
analytical tasks such as feature extraction and weld quality
classification, thereby strengthening the potential of automated
inspection systems to deliver consistent and objective weld
quality assessment in industrial environments.

VII. FUTURE WORK

The remaining shadows, metallic reflections, and
background textures observed in the final results indicate
limitations of purely morphology-based processing under
complex illumination conditions. Future work will integrate
illumination-aware modeling, including Retinex based
decomposition and flat field correction, to explicitly separate
reflectance from illumination and reduce strong shadows. To
suppress specular highlights while preserving weld bead
boundaries, edge-preserving filtering methods, such as guided
filtering and anisotropic diffusion, will be incorporated.
Furthermore, to overcome the inability of low-level processing
to distinguish weld bead regions from structurally similar
backgrounds, a hybrid segmentation framework will be
developed, where the current background suppression masks
serve as structural priors or weak supervision for semantic
segmentation models such as U-Net or attention-based
architectures. These extensions aim to achieve more reliable
object isolation while retaining the interpretability and stability
of the proposed classical pipeline
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