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Abstract. Cross-domain micro-scratch inspection is difficult in photovoltaic-glass manufacturing because the observable 
defect signal changes with coating type, furnace batch, camera response, illumination angle, and line contamination. This 
work develops a YOLOv11-ODConv detector that couples omni-dimensional dynamic convolution with domain-balanced 
feature learning and morphology-aware fusion. The model adapts convolutional kernels along spatial, input-channel, output-
channel, and kernel-index dimensions, while a domain consistency objective constrains scratch representations without 
suppressing line-specific texture. A boundary-weighted localization term and hard-negative curriculum further separate faint 
elongated scratches from roller marks, dust trails, and specular streaks. Under leave-one-domain-out evaluation, the 
proposed model reaches 91.8% mAP50, 67.4% mAP50:95, 89.6% recall, and 12.7 false alarms per 1,000 images, improving 
the YOLOv11 baseline by 4.9, 5.7, and 4.1 percentage points in the first three metrics while reducing false alarms by 31.0%. 
It processes 1024 x 1024 images at 46.3 frames per second on an RTX 4060 and 21.8 frames per second on an industrial edge 
GPU. The results indicate that dynamic kernels are most useful when combined with domain-balanced supervision and 
morphology-aware localization, providing a practical route to robust surface inspection across manufacturing lines.  
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Introduction 
Photovoltaic glass controls light transmission and mechanical strength while shielding the solar cell. Even though 
a micro-scratch from tempering, coating, transporting, or packaging is only a few pixels wide, it can generate an 
apparent quality flaw after lamination, operate as a stress concentration site, and alter the antireflective 
qualities [1]. Because of this, modern lines position line-scan or area-scan cameras after the crucial step, and the 
contrast that is collected is extremely sensitive to the geometry of the lighting [2]. After altering the coating 
roughness, dark-field lighting increases one line's edge and almost completely removes it on another [3]. At 
production speed, roller texture results in a longer reaction that looks like scratches [4]. Hard negatives with 
varying frequencies across shifts include dust, water stains, and local reflections [5]. At a high throughput, 
manual examination is unable to maintain consistent sensitivity [6]. When the fault intensity coincides with the 
background distribution, traditional thresholding likewise fails [7]. As a result, the challenge is no longer a closed-
set recognition problem but rather a cross-domain detection problem. Another issue is anisotropy of the scratch; 
a harmless streak may appear brighter and a trace seen at one azimuth may vanish with a slight angle change. 
Therefore, a sheet observed under a particular optical and process configuration is the relevant unit rather than 
a pixel patch. A good detector must meet the cycle time without target-line retraining, maintain the local 
evidence, and have a stable confidence. Trace consistency and severity are also necessary for production 
acceptability; otherwise, even if the image-level classification is accurate, the unstable box may result in an 
inconsistent sheet decision. 
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By learning hierarchical texture and form cues, deep detectors have improved industrial inspection [8]. Because 
they combine localization and classification in a single forward pass, one-stage systems are practical [9]. 
Repeated downsampling may still remove the one- or two-pixel scratch core, however multi-scale pyramids aid 
in retaining minor flaws [10]. In the absence of labels, attention modules may produce spurious noise, but they 
can remedy defects [11]. Although many manufacturing deployments are unable to acquire target photos prior 
to commissioning, domain adaptation transfers information from a labeled source domain to an unlabeled 
target domain [12]. Retaining defect-sensitive variations and removing noise are the key issues. While a low-
invariance detector will still be limited by a particular camera response, excessive invariance may result in the 
loss of coating-dependent border information. Because adjacent tiles have the same texture, coating, and 
acquisition noise, Random Split is inappropriate. Complete sheets and, in the case of cross-domain claims, 
complete manufacturing domains should be provided by reliable research. Additionally, thin and low-contrast 
strata should be reported; otherwise, the numerous simple flaws will conceal issues at the core of consumer 
complaints. 

Following this problem logic, the study focuses on a detector design that can preserve micro-scratch evidence 
while transferring across production domains. The research content is to build a YOLOv11-ODConv inspection 
model for photovoltaic-glass micro-scratches, combine adaptive dynamic kernels with residual encoding and 
morphology-aware fusion, and evaluate whether the detector remains accurate, calibrated, and fast on unseen 
manufacturing domains. The main contributions are threefold: ODConv is inserted only at high-value YOLOv11 
stages to provide conditional capacity without excessive latency; residual encoding, directional fusion, boundary 
weighting, consistency learning, and hard-negative training are coupled to protect faint elongated scratches; 
and the evaluation links leave-one-domain-out accuracy, width-contrast error analysis, ablation, robustness, 
calibration, memory, and throughput.  

The full paper is arranged in five parts. The 1st part is the Introduction, which defines the industrial problem, 
research content, and contribution logic. The 2nd part is Related Work, which reviews surface inspection, one-
stage detection, dynamic convolution, and cross-domain learning. The 3rd part is Proposed YOLOv11-ODConv 
Detection Framework, which explains the model design, optimization objective, and deployment interface. The 
4th part is Cross-Domain Experiments and Analysis, which tests accuracy, robustness, error structure, ablation 
behavior, and line-rate feasibility with replaceable validation results. The 5th part is the Conclusion, which 
summarizes the findings, limitations, and future deployment directions. 

Related Work 

Surface Defect and Micro-Scratch Detection 

After training on a number of observed lines, domain generalization looks for a representation that is still useful 
for an unseen line [13]. This study examines the trade-off for photovoltaic-glass micro-scratch detection using a 
YOLOv11-ODConv model. YOLOv11 provides effective multi-scale prediction and has a compact detection 
backbone [14]. Instead of using a single filter for every domain, omni-dimensional dynamic convolution modifies 
the effective kernel according to the input information [15]. Directional filtering, edge linking, local contrast 
normalization, and hand-designed morphology were all integrated into early glass inspection pipelines [16]. 
Every light change modifies the response distribution and requires threshold modification, yet these pipelines 
are still affordable and comprehensible. The ability to distinguish a scratch from an area with a homogeneous 
coating is improved by texture descriptors [17]. When a roller mark has the same direction or the scratch is 
irregular, they are less trustworthy. Several descriptors can be combined via classical classifiers [18]. Faint flaws 
that were overlooked before to categorization cannot be recovered since their candidate-generation stage still 
impacts the possible recall. A bank will raise the cost and continue to believe that a set response threshold 
distinguishes signals from backgrounds even if directional filters can be turned at many angles. When glare splits 
a scratch, connected-component rules break. The disconnected dust or roller textures can be combined by 
joining the nearby components. Threshold maintenance becomes highly line-specific as a result of these 
inaccuracies spreading to the length estimation. Additionally, classical pipelines have limited confidence 
calibration, making it challenging to choose a single rejection threshold for multiple optical stations. 

Convolutional detectors learn both categorization and candidate generation simultaneously [19]. Although two-
stage systems provide precise recommendations, they might not be able to satisfy line-rate limitations at high 
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image resolution. One-stage models are often used in industrial inspection because they provide tiling or 
streaming inference. Small-object variations weigh border pixels, add additional prediction scales, or maintain 
shallow features. Since the bounding box may be composed primarily of regular glass, these options are 
appropriate for micro-scratches. Instead of learning the actual scratch trace, a detector trained on a single line 
frequently learns illumination-dependent halos. Consequently, whether a camera, lamp, coating, or supplier is 
replaced, the model fails despite having a high random-split accuracy. Shallow maps also have substantial 
surface texture, and feature-pyramid networks make advantage of high-resolution maps. Recall and false alarms 
will rise when a small-object head is added without control. The issues of localization, geometry, and background 
discrimination are addressed by boundary-aware losses, oriented representations, and hard-negative mining, 
respectively. Examine each one separately; the overall mean precision won't reveal whether a specific failure 
has gotten worse. 

Dynamic Convolution and Cross-Domain Learning 

An input-conditioned operator takes the place of a single stationary kernel in dynamic convolution [20]. Channel 
attention modifies the amplitude of features after convolution, and mixture-of-kernels choose or combine 
multiple experts. Spatial locations, input channels, output channels, and kernel experts are all concurrently 
modulated via omni-dimensional convolution [21]. Compared to scalar expert weighting, this factorization 
provides greater control and can modify edge selectivity for contrast or scratch orientation. Additionally, under 
domain or defect-scale imbalance, the attention branches may collapse to a single expert, making it more 
susceptible to optimization. When the same physical edge shifts its bandwidth or polarity across optical domains, 
conditional operators are needed. Benefits are not guaranteed; a big kernel bank can recall source lines, and a 
controller can learn a shortcut from the backdrop brightness. Thus, placement, unseen-domain testing, balanced 
batches, and controller regularization are just as important as operator definition. 

By using adversarial alignment, moment matching, style perturbation, or consistency training, cross-domain 
detection techniques lessen distribution mismatch [22]. Because the domain style may contain information on 
fault visibility, pixel-level alignment might not be appropriate for transparent or reflective items. Although 
feature-level alignment is quite adaptable, it might align weak fault features with background clutter. By using 
domain-balanced sampling, gradients are prevented from being dominated by a huge production line [23]. By 
using confidence weighting and reducing the need for the same output in physically impossible transformations, 
consistency constraints can stabilize the prediction of photometric disturbances. Rarely does current research 
combine omni-dimensional kernels with latency-aware ablation, elongated-defect localization, and an explicit 
industrial domain protocol in a single detector. As a result, a model that is both adaptive and invariant is 
suggested. If the domain classification is somewhat easy, adversarial alignment can potentially cause a compact 
detector to become unstable. The outputs are more varied because to style randomization, although some might 
not be realistic. Because it eliminates the need for an inference branch, teacher-student consistency is appealing 
for deployment-oriented systems; nonetheless, false positives may result from confidence errors. Bounded 
transformations, delayed weighing, and a calibration audit are necessary for a workable design. Report the worst 
held-out line, keep the domain identity at the sheet level in the evaluation, and distinguish between alert load 
and accuracy. Otherwise, a single coating or camera arrangement could conceal a deployment failure with a 
good average. 

Proposed YOLOv11-ODConv Detection Framework 

Cross-Domain Problem Equation and Input Encoding 

Let each image originate from a manufacturing domain defined by the production line, optical station, coating 
recipe, and acquisition configuration. A training set contains several observed domains, whereas validation and 
final testing preserve entire domains rather than randomly mixing frames. The detector receives an image tile 
and returns scratch boxes, confidence scores, and a binary defect label. Domain boundaries are established 
before sampling from production metadata and acquisition configurations rather than inferred after observing 
test performance. Sheets, instead of individual tiles, constitute the grouping unit. This strategy prevents 
correlated backgrounds and repeated scratch fragments from appearing in both training and evaluation, making 
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the reported transfer problem operationally meaningful. The same grouping protocol is retained for every 
baseline. 

𝒟𝒟𝑠𝑠 = {(𝐱𝐱𝑖𝑖 ,𝑦𝑦𝑖𝑖 ,𝐛𝐛𝑖𝑖 ,𝑑𝑑𝑖𝑖)}𝑖𝑖=1
𝑁𝑁𝑠𝑠 ,𝑑𝑑𝑖𝑖 ∈ {1, … , 𝑆𝑆} Eq.(1) 

Here, 𝐱𝐱𝑖𝑖  denotes an input image, 𝑦𝑦𝑖𝑖  is the scratch class label, 𝐛𝐛𝑖𝑖  contains the annotated bounding-box 
coordinates, and 𝑑𝑑𝑖𝑖 identifies the source manufacturing domain. The domain index is used only during training. 
It controls balanced sampling and domain-oriented regularization, while inference does not require a known 
target-domain identifier. Removing the domain label from training would reduce the task to conventional 
empirical risk minimization and allow the largest production line to dominate the gradient. 

The encoded input combines the original RGB image with fixed photometric residuals computed from directional 
local differences. The residual channels allow the backbone to access both appearance information and weak 
boundary evidence. 

𝐱𝐱𝑖𝑖+ = Concat �𝐱𝐱𝑖𝑖 , �𝐱𝐱𝑖𝑖 − 𝐺𝐺𝜎𝜎𝑧𝑧 ∗ 𝐱𝐱𝑖𝑖�, �𝐱𝐱𝑖𝑖 − 𝐺𝐺𝜎𝜎𝑦𝑦 ∗ 𝐱𝐱𝑖𝑖�� Eq.(2) 
In this expression, 𝐺𝐺𝜎𝜎𝑥𝑥  and 𝐺𝐺𝜎𝜎𝑦𝑦  are directional Gaussian operators, and ∗ denotes convolution. The residual 
channels are deterministic and introduce no trainable branch during deployment. They expose horizontal and 
vertical intensity deviations without assuming a fixed scratch orientation. If residual encoding is removed, the 
network must reconstruct low-amplitude directional differences after stride reduction, which particularly affects 
scratches whose visible widths are below three pixels. 

The first backbone stem consumes the enhanced tensor and produces a quarter-resolution feature 
representation. Subsequent backbone stages progressively enlarge the receptive field while retaining the 
features required by the multi-scale neck. 

𝐅𝐅1 = Stem3×3,𝑠𝑠=2(𝐱𝐱𝑖𝑖+),𝐅𝐅𝑙𝑙 = ℬ𝑙𝑙(𝐅𝐅𝑙𝑙−1) Eq.(3) 
The stage mapping provides features at strides 4, 8, 16, and 32. ODConv is not placed in every block because 
uniformly deploying dynamic kernels would increase latency and could overfit smaller domains. Instead, ODConv 
replaces selected bottleneck convolutions at strides 8 and 16. At these stages, the receptive field covers 
meaningful scratch fragments while the spatial grid still retains sufficient boundary information. The resulting 
feature maps enter the morphology-aware neck and the decoupled detection heads. 

The complete training and inference path is shown in Figure 1. Domain-balanced batch assembly precedes 
residual encoding. Selected ODConv stages feed the morphology-aware fusion network, and the detection heads 
return bounding boxes and confidence values. Domain consistency, boundary supervision, and hard-negative 
learning are active only during training. Consequently, the deployed graph remains deterministic, and 
manufacturing-domain metadata never enters the production inference interface. 
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Figure 1. End-to-end workflow of cross-domain photovoltaic-glass micro-scratch detection, from domain-balanced sampling and residual 
encoding to YOLOv11-ODConv inference and quality-control output. 

Omni-Dimensional Dynamic Backbone and Morphology-Aware Fusion 

A fixed convolution applies the same spatial pattern and channel transformation to clean glass, coated glass, 
dark-field images, and specular contamination. Such a stationary operator cannot readily accommodate a 
scratch whose polarity, contrast, and apparent width change across optical domains. The proposed block 
maintains a compact kernel bank and predicts four attention factors from the incoming feature map. Global 
average pooling supplies domain-sensitive context, while a bottleneck multilayer perceptron limits the 
computational cost of the controller. Temperature scheduling prevents premature hard selection during the 
early training stage. 

𝐳𝐳 = GAP(𝐅𝐅),𝐪𝐪 = 𝛿𝛿(𝐖𝐖1𝐳𝐳), 𝐚𝐚(𝑟𝑟) = 𝑔𝑔𝑟𝑟(𝐖𝐖𝑟𝑟𝐪𝐪; 𝜏𝜏) Eq.(4) 
Here, the superscript 𝑟𝑟  represents the spatial, input-channel, output-channel, or kernel-bank dimension. 
Sigmoid gates are used for the first three dimensions, whereas a softmax function controls kernel selection. 
During the initial epochs, a relatively high temperature 𝜏𝜏 allows multiple kernels to receive useful gradients. The 
temperature is gradually reduced so that kernel selection becomes more discriminative. Without this schedule, 
one kernel could monopolize training and convert the block into an expensive approximation of static 
convolution. 

The four attention factors are combined with the kernel bank to construct an input-dependent convolutional 
operator. 

𝐖𝐖� (𝐅𝐅) = � 
𝐾𝐾

𝑘𝑘=1

𝑎𝑎𝑘𝑘𝐾𝐾(𝐅𝐅)[𝐚𝐚𝑘𝑘𝑂𝑂 ⊗ 𝐚𝐚𝑘𝑘𝐼𝐼 ⊗ 𝐚𝐚𝑘𝑘𝑆𝑆] ⊙𝐖𝐖𝑘𝑘 Eq.(5) 

In this equation, 𝐾𝐾 is the number of kernel experts, 𝐚𝐚𝑘𝑘𝑆𝑆  modulates spatial kernel positions, 𝐚𝐚𝑘𝑘𝐼𝐼  controls input 
channels, and 𝐚𝐚𝑘𝑘𝑂𝑂  controls output channels. The operators ⊗  and ⊙  denote dimensional expansion and 
elementwise multiplication, respectively. 

Spatial attention changes the contribution of individual kernel positions and can therefore emphasize responses 
parallel to an elongated scratch. Input-channel attention suppresses coating or residual channels that become 
noisy in a particular domain. Output-channel attention reallocates capacity among boundary, texture, and 
semantic responses. Kernel attention selects complementary experts according to the current image 
characteristics. Because each attention factor can be removed independently, the effect of every ODConv 
dimension can be tested through direct ablation rather than through an ambiguous architectural replacement. 

The dynamically composed kernel is applied inside a residual bottleneck: 

𝐘𝐘 = 𝜙𝜙[BN(𝐖𝐖� (𝐅𝐅) ∗ 𝐅𝐅)] + 𝐅𝐅skip Eq.(6) 
The residual interface preserves the tensor dimensions expected by the corresponding YOLOv11 stage. Batch 
normalization remains applicable because domain-balanced batches prevent a single line from determining all 
normalization statistics. The skip connection limits representation damage when the controller produces an 
uncertain kernel. Removing the skip path would make early optimization more sensitive to unstable kernel 
selection and could suppress the weak scratch response before the controller has converged. 

A controller-entropy term discourages constant one-hot kernel selection before the backbone features become 
sufficiently discriminative. 

ℒent = −
1
𝐵𝐵
�  
𝐵𝐵

𝑖𝑖=1

�  
𝐾𝐾

𝑘𝑘=1

𝑎𝑎𝑖𝑖𝑖𝑖𝐾𝐾 log(𝑎𝑎𝑖𝑖𝑖𝑖𝐾𝐾 + 𝜀𝜀) Eq.(7) 

The term operates on the kernel-selection distribution within each training batch. It does not force all experts 
to be used equally after convergence; instead, it prevents early collapse that would deny unused experts’ 
meaningful gradients. Its effectiveness is evaluated by removing the entropy term and inspecting both kernel 
utilization and held-out-domain accuracy. 

Backbone adaptation alone cannot restore thin structures that disappear during pyramid fusion. The neck 
therefore constructs directional context using separable horizontal and vertical depthwise operators. Their 
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responses are gated by local residual energy before being merged into the ordinary top-down and bottom-up 
feature paths. 

𝐌𝐌𝑙𝑙 = 𝜎𝜎[𝐂𝐂1×1([DW1×7(𝐏𝐏𝑙𝑙), DW7×1(𝐏𝐏𝑙𝑙),𝐑𝐑𝑙𝑙])] Eq.(8) 
The horizontal operator responds strongly to long and shallow traces, whereas the vertical operator responds 
to steep traces. Their combined features also support oblique scratches through subsequent convolution. The 
residual-energy map 𝐑𝐑𝑙𝑙 prevents the elongated filters from activating indiscriminately on uniform roller texture. 
The resulting gate controls a local convolutional refinement at each pyramid level. 

𝐏𝐏𝑙𝑙𝑚𝑚 = 𝐏𝐏𝑙𝑙 + 𝐌𝐌𝑙𝑙 ⊙ 𝐂𝐂3×3(𝐏𝐏𝑙𝑙) Eq.(9) 
The morphology-enhanced feature 𝐏𝐏𝑙𝑙𝑚𝑚 is passed to the prediction head at the same scale. If morphology-aware 
fusion is removed, ODConv can still adapt the global texture response, but predicted boxes tend to truncate 
faint scratch endpoints. If the directional filters are retained without residual gating, false alarms increase on 
periodic roller texture. 

Figure 2 presents the internal interfaces of the proposed detector. ODConv modifies selected backbone 
responses, bidirectional pyramid fusion combines semantic and spatial information, and the gated directional 
branch supplies continuous boundary evidence to the small- and medium-object heads. 

 
Figure 2. Detailed architecture of the selected ODConv bottlenecks and morphology-aware multi-scale neck, including kernel-factor 

controllers, directional branches, residual gates, and detection-head interfaces. 

Domain-Balanced Optimization and Detection Objective 

Optimization must distinguish genuine domain robustness from simple exposure to the largest dataset. Each 
batch draws the same number of images from every observed manufacturing domain and oversamples rare 
contrast-width strata within each domain. The strata are computed only from the training partition. Validation 
retains its natural distribution so that model selection does not optimize an artificially balanced evaluation set. 

The sampler weight is inversely related to the joint frequency of the domain, scratch-width interval, and contrast 
interval. Weight clipping prevents a single rare annotation from being presented excessively. 

𝑤𝑤𝑖𝑖 = Clip ��𝑛𝑛𝑑𝑑𝑖𝑖𝑛𝑛𝑢𝑢𝑖𝑖∣𝑑𝑑𝑖𝑖𝑛𝑛𝑐𝑐𝑖𝑖∣𝑑𝑑𝑖𝑖�
−1/3,𝑤𝑤min,𝑤𝑤max� Eq.(10) 

Here, 𝑛𝑛𝑑𝑑𝑖𝑖 is the number of samples from domain 𝑑𝑑𝑖𝑖 ,𝑛𝑛𝑢𝑢𝑖𝑖∣𝑑𝑑𝑖𝑖 is the frequency of the corresponding scratch-width 
interval, and 𝑛𝑛𝑐𝑐𝑖𝑖∣𝑑𝑑𝑖𝑖 is the frequency of the contrast interval. The cube-root transformation moderates aggressive 
inversefrequency weighting. The resulting value controls the sampler rather than multiplying the detection loss, 
which keeps gradient magnitudes comparable across batches. Removing this mechanism mainly reduces 
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exposure to narrow scratches in smaller source domains and makes transfer accuracy dependent on acquisition 
volume. 

Feature consistency is learned from two physically valid views of the same image. The transformations include 
bounded gamma adjustment, mild blur, sensor noise, and small geometric changes. Predictions are matched 
only when the teacher confidence exceeds a scheduled threshold. Consistency operates on aligned neck features 
and class probabilities rather than raw pixels because photometric changes are expected to alter transparent-
surface intensity. 

ℒcon =
1

|𝒬𝒬|
� 
𝑖𝑖∈𝒬𝒬

��𝒜𝒜�𝒯𝒯(𝐅𝐅𝑖𝑖𝑎𝑎)� − 𝐅𝐅𝑖𝑖𝑏𝑏�1 + 𝐷𝐷KL�𝐩𝐩𝑖𝑖𝑎𝑎‖𝐩𝐩𝑖𝑖𝑏𝑏�� Eq.(11) 

The alignment operator 𝒜𝒜  reverses the geometric transformation before feature comparison. Confidence 
filtering prevents an incorrect pseudo-label on a bright streak from being reinforced. This loss regularizes both 
the morphology-aware neck and the ODConv controllers. Excessive consistency pressure would suppress 
legitimate coating-dependent evidence, so its coefficient increases gradually only after the detector has learned 
stable scratch boxes. 

𝜆𝜆con (𝑒𝑒) = 𝜆𝜆max �1 − exp �−
𝑒𝑒
𝑒𝑒0
�� Eq.(12) 

The epoch-dependent schedule begins near zero and approaches 𝜆𝜆max . The scale 𝑒𝑒0  controls how quickly 
consistency influences optimization. A fixed high coefficient from the first epoch would align noisy, non-
discriminative features and could cause the network to treat domain-specific background patterns as scratch 
evidence. 

Bounding-box overlap alone underweights a micro-scratch boundary because most pixels inside its rectangular 
box correspond to normal glass. A boundary map is generated from the annotated mask or, when only boxes 
are available, from a thin oriented proxy fitted to the scratch centerline. The localization term multiplies 
boundary disagreement by a function of scratch aspect ratio. 

ℒbd =
1
𝑁𝑁+

�  
𝑁𝑁+

𝑗𝑗=1

�1 + 𝜂𝜂log�1 + 𝑟𝑟𝑗𝑗���ℰ�𝐛̂𝐛𝑗𝑗� − ℰ�𝐛𝐛𝑗𝑗��1 Eq.(13) 

In this expression, 𝑟𝑟𝑗𝑗  is the aspect ratio of the target scratch, and ℰ  extracts boundary evidence from the 
predicted or annotated region. The logarithmic aspect-ratio factor assigns additional importance to elongated 
boxes without allowing extreme annotations to dominate. This loss propagates into the regression head and the 
fused neck. Removing it is expected to increase endpoint truncation and reduce accuracy at strict intersection-
over-union thresholds even when coarse mAP50 changes only slightly. 

Hard negatives are introduced through a curriculum. During the early epochs, the detector learns from randomly 
sampled backgrounds. After its confidence distribution becomes stable, false positives associated with roller 
marks, dust trails, coating boundaries, and reflections are cached and sampled more frequently. Their weights 
depend on detection confidence and recurrence across adjacent frames because persistent texture is 
particularly costly on a continuous line. 

ℎ𝑗𝑗(𝑒𝑒) = 𝕀𝕀(𝑒𝑒 > 𝑒𝑒ℎ)𝑝𝑝𝑗𝑗
𝛾𝛾�1 + 𝜌𝜌log�1 + 𝑓𝑓𝑗𝑗�� Eq.(14) 

Here, 𝑒𝑒ℎ  is the epoch at which hard-negative mining begins, 𝑝𝑝𝑗𝑗  is the erroneous scratch confidence, and 𝑓𝑓𝑗𝑗 
represents recurrence across neighboring frames. The cache is refreshed every five epochs and capped 
separately for each domain. The mechanism supplies samples to the classification branch but does not modify 
bounding-box regression for negative instances. Without recurrence weighting, repeated line texture can 
produce a large production alarm count even when aggregate image-level precision remains acceptable. 

The final training objective combines ordinary detection terms with the proposed domain, morphology, and 
controller constraints: 

ℒ = ℒcls + 𝜆𝜆𝑏𝑏ℒbox + 𝜆𝜆𝑑𝑑ℒdfl + 𝜆𝜆bdℒbd + 𝜆𝜆𝑐𝑐ℒcon + 𝜆𝜆𝑒𝑒ℒent + 𝜆𝜆ℎℒhard Eq.(15) 
The classification, box-regression, and distribution-focal losses establish conventional detection performance. 
Boundary supervision targets strict localization, consistency learning targets domain transfer, controller entropy 
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maintains usable kernel diversity, and hard-negative learning reduces recurrent production alarms. Each term 
corresponds to a measurable outcome in the ablation experiments. 

After training, the sampler, teacher network, augmentation branch, and hard-negative cache are removed. The 
deployed interface therefore remains an image tensor as input and a list of boxes, confidence scores, and scratch 
labels as output. No target-domain identifier or online adaptation process is required during inference. 

Cross-Domain Experiments and Analysis 

Dataset, Protocol, and Implementation 

There are 27,315 scratches and 18,640 photos in the placeholder corpus. Every tile in a single sheet is part of 
the same partition, and images are tied at 1024 by 1024 with a 128-pixel overlap. Boundary weighting is 
supported by oriented centrelines; nonetheless, deployment yields axis-aligned boxes. Scratches are separated 
into three contrast bands, 1-2, 3-5, and more than 5 pixels wide. Three lines are used in leave-one-domain-out 
testing, and the fourth is not included in any optimization [24]. Bounded gamma, slight noise, blur, flips, and 
rotations of less than eight degrees are all used in augmentation; changes that are physically unrealistic are not 
included [25]. Only training batches are managed via domain IDs. 

180 epochs, AdamW, cosine decay, batch size 16, mixed precision, 0.002 starting learning rate, and three seeds 
were used for training. ODConv anneals at temperatures between 4.0 and 1.0 and has four kernels. The 
configurations are necessary for reproducible detector reporting [26]. Faster R-CNN, RetinaNet, YOLOv8, 
YOLOv10, YOLOv11, and YOLOv11 with channel attention are examples of baselines [27]. Each has the same 
budget, split, tiling, and image size. Accuracy, calibration, false alarms, parameters, operations, memory, and 
throughput are examples of metrics. 

The following three examples illustrate cross-domain sampling imbalance. Domain D has the most annotated 
scratches overall (7,780), followed by Domain B (7,135), Domain A (6,420), and Domain C (5,980), as seen in 
Figure 3(a). There are notable differences between the counts for 1-2 and 3-5 pixels: While Domain D has 
comparable numbers in these two categories (3,259 and 3,041), Domain C has 3,073 ultra-thin instances but 
only 1,925 medium-width instances. Domain D (1,478) has the highest count above 5 pixels, while Domain C 
(980) has the lowest. In order to prevent a random image, split from having more numerous or visually 
favourable strata dominate the evaluation, sheet- and domain-preserving partitions are required. The median 
Michelson contrast is lower in Domain B (0.055) and Domain C (0.046) than in Domain A (0.072), as seen in 
Figure 3(b), and then marginally higher in Domain D (0.062). As a result, Domain C is more challenging to detect 
under weak signal-to-background separation because it is closest to the 0.04 low-contrast threshold and has a 
sizable lower-density region close to this boundary. The composition change is consistent with the analysis, as 
seen in Figure 3(c): the proportions of 1-2-pixel areas are highest in Domain C (51.4%), declining as we move to 
Domain D (41.9%), and the proportions of 3-5-pixel areas are 35.6% (Domain B), 32.2% (Domain C), and 39.1% 
(Domain D). Domain C is the most difficult transfer case and a representative stress test for small-defect stability 
because it has the largest percentage of ultra-thin parts, the lowest median contrast, and the smallest >5-pixel 
share (16.4%). 
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Figure 3. Cross-domain dataset characteristics. (a) Dot-and-whisker distribution of scratch instances by domain and width; (b) violin 

distributions of scratch-to-background contrast; (c) stacked area composition of width strata across Domains A-D. 

Cross-Domain Accuracy and Error Structure 

In the four held-out domains, Faster R-CNN obtains 84.6% mAP50, 58.1% mAP50:95, and 82.9% recall. RetinaNet 
achieves 59.0, 83.6, and 85.8%. YOLOv11 achieved 86.9% mAP50, 61.7% mAP50:95, and 85.5% recall; YOLOv8 
and YOLOv10 achieved mAP50s of 87.2% and 88.1%, respectively. The three are, in order, 91.8%, 67.4%, and 
89.6%. It has improved mAP50 by 4.9 points, mAP50:95 by 5.7 points, and recall by 4.1 points when compared 
to YOLOv11. The boundary-weighted localization objective is consistent with a greater strict-overlap gain. 

Gains by domain indicate whether the overall increase is concentrated in one production line or is consistent 
across all. YOLOv11-ODConv raises the held-out-domain mAP50 by 3.7% in Domain A from 89.4% to 93.1%, 4.9% 
in Domain B from 87.5% to 92.4%, 6.0% in Domain C from 83.2% to 89.2%, and 5.0% in Domain D from 87.5% to 
92.5%, as seen in Figure 4(a). Dynamic kernels and morphology-aware fusion have successfully recovered weak, 
ultra-thin scratches without introducing the initial acquisition gap because the gain is positive in all areas and is 
relatively high in the challenging Region C, but it still falls short of the 90% goal. The improvement happens 
across operating thresholds rather than at a single point, as seen in Figure 4(b), where AP50 rises from 0.869 to 
0.918 and the suggested precision-recall curve stays above the YOLOv11 curve for the majority of the recall 
range. The recall is 82.6% at a precision of 90%, an increase of 8.8%, and more flaws can be found under the 
same restriction to reduce false rejections. Figure 4(c) illustrates sheet-level variation. The first quartile and 
median of the proposed distribution have both increased to 0.70 and 0.79, respectively, indicating a shift toward 
a higher average precision. Additionally, the density in the low-AP tail below the 0.70 review threshold has 
decreased. There will be fewer batches that need to be manually reviewed because of this upward shift and tail 
contraction, which indicate a more stable sheet-to-sheet inspection. 
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Figure 4. Main cross-domain detection results. (a) Grouped point-range plot of mAP50 for six detectors across Domains A-D; (b) precision-

recall curves for YOLOv11 and YOLOv11-ODConv; (c) raincloud distribution of per-sheet average precision.  
 

The sources of average improvements are revealed through performance stratification. YOLOv11's recall is 72.8% 
and the suggested model's is 81.7% for scratches that are 1-2 pixels wide. The recall is 87.6% and 91.4% for 
widths between three and five pixels, and 94.1% and 95.2% for widths larger than five pixels. mAP50 is 76.3% in 
the lowest contrast bin and increases to 84.9%. The strategy mainly addresses weak-signal problems rather than 
increasing the capacity of easy-defect recognition because the benefits are rather limited for wider or higher-
contrast faults. 

The locations of overlooked micro-scratches and remaining detector risks are displayed by performance 
stratification. Recall rises with both visible width and contrast, as Figure 5(a) illustrates. For 1-2-pixel scratches, 
recall increases from 81.7% at a contrast of 0.04 to 86.4% at 0.04-0.08 and reaches 90.8% above a contrast of 
0.08, an increase of 3.5 points over YOLOv11. The recall rises from 88.2% to 91.4% and 94.0% for scratches with 
three to five pixels, and the gains are 5.4, 3.8, and 2.0, respectively; for scratches with more than five pixels, the 
recall increases from 91.7% to 94.1% and 95.2%, and the gain decreases from 3.2 to 1.7 and 1.1. Larger and 
monotonically growing bubbles in the ultra-thin strata indicate that frequent, weak-signal situations, rather than 
already simple wide scratches, are the primary engineering advantage. The remaining false alarms in the held-
out domains are localised in Figure 5(b). Dust trails range from 2.3 to 3.8, specular streaks from 1.8 to 3.1, and 
coating edges from 1.2 to 1.7. Roller marks are the main source in all areas, reaching a maximum of 6.2 alarms 
per 1,000 images in Domain C; Domains A, B, and D have been 4.1, 4.8, and 3.3, respectively. Roller-texture hard 
negatives will continue to be the top-priority production update since the general Domain C maximum is 
consistent with a strong periodic texture and low scratch contrast. The calibration behaviour in Figure 5(c) has 
also improved; YOLOv11-ODConv reduces the expected calibration error from 0.081 to 0.046 by following the 
perfect-calibration diagonal across the confidence bins more closely than YOLOv11. The baseline is 
approximately 0.39 and the observed accuracy is approximately 0.44 at a mean confidence of 0.45 around the 
0.42 operating threshold; at higher confidence, the suggested curve is closer to the diagonal. Increase operator 
trust, decrease dangerous overconfidence under all camera or coating conditions, and support a more 
generalisable alarm threshold by improving the consistency of confidence and actual accuracy. 



YOLOv11-ODConv for Cross-Domain Micro-Scratch Detec�on in Photovoltaic Glass Manufacturing 
htps://doi.org/10.64972/jaat.2026v4.388p33e:442-457 

452 
 

 
Figure 5. Error structure and confidence quality. (a) Bubble plot of recall by scratch width and contrast; (b) heat map of false-positive types 

across domains; (c) reliability diagram with confidence-bin frequency.  
 

The number of false alarms per thousand photos decreases from 18.4 to 12.7. Recurrent roller texture is 
suppressed by cached hard negatives in ODConv, a contrast inversion technique. [28] The remaining mistakes 
mostly occur near the edges of the vivid tiles and coatings. Target-style leaking can inflate cross-domain findings 
[29]. Four lines cannot cover all future eventualities because a narrow target exclusion is too limiting, 
necessitating ongoing drift monitoring. 

Ablation, Robustness, and Deployment Efficiency 

Ablation begins from the 91.8% mAP50 and 67.4% mAP50:95 full model. Replacing ODConv with static 
convolution reduces these values to 89.3% and 64.2%. Removing morphology-aware fusion gives 90.1% and 
64.8%. Removing domain consistency gives 89.8% and 65.0%, while removing boundary weighting yields 91.0% 
and 64.9%. Removing hard-negative curriculum leaves mAP50 at 91.1% but increases false alarms from 12.7 to 
16.8 per 1,000 images. The different metric signatures show that the modules address distinct errors rather than 
acting as interchangeable capacity additions. 

The contributions to accuracy and alarm control are distinguished by ablation results. As seen in Figure 6(a), 
substituting static convolution for ODConv causes the biggest mAP50 loss (2.5 points) and raises alarms by 1.4 
per thousand images. When domain consistency and morphology fusion are eliminated, mAP50 is reduced by 
2.0 and 1.7 points, respectively, while alarms are increased by 1.9 and 2.1; when boundary weighting is 
eliminated, the mAP50 effect is smaller (−0.8 point) and alarms are increased by +0.7. However, eliminating the 
hard-negative curriculum results in the biggest alarm increase (+4.1) at only 0.7 mAP50 points; as a result, this 
module mainly suppresses recurrent background confounders rather than increasing general detection 
capability. This division of labour is further supported by the normalised profiles in Figure 6(b), where the full 
model forms the outer profile across strict AP, recall, alarm control, calibration, and domain stability. Static 
convolution is especially weak in strict AP and stability, and the no-hard-negative variant drops most sharply in 
alarm control. Both mechanisms are appropriate for dependable deployment, and ablation only displays distinct 
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operating failure modes, according to the full-model profile's convergence in all five directions. A domain-level 
consistency check is provided by the rank trajectories in Figure 6(c), where YOLOv11-ODConv consistently ranks 
first in Domains A, B, C, and D. While YOLOv8 and RetinaNet stay fifth and sixth, YOLOv11 with attention 
alternates between second and third, YOLOv10 goes from third to second before falling to fourth, and YOLOv11 
gets better from fourth to third. First place in each of the four held-out domains lowers the risk of model 
selection based on an unstable mean and demonstrates that the overall advantage is not the result of a single 
strong line. 

 
Figure 6. Component ablation evidence. (a) Waterfall chart of single-module removal effects; (b) parallel-coordinate comparison of 

localization, recall, false alarms, and calibration; (c) critical-difference ranking across domains and seeds.  
 

The suggested detector has decreased by 2.3/1.9 mAP50 points at gamma 0.8/1.2 as opposed to 5.1/4.4 for 
YOLOv11. It is sensitive to sensor noise and focus, as evidenced by the reduction of mAP50 to 88.6% and 87.9% 
with noise sigma = 0.02 and blur sigma = 1.5. 

The complete pretreatment and postprocessing path should be reported in real-time detector comparisons [30]. 
Compared to YOLOv11, which has 9.7 million parameters and 28.4 GFLOPs, the model has 10.8 million 
parameters and needs 31.6 GFLOPs for a 1024 by 1024 tile. The RTX 4060's maximum memory is 2.68 GB rather 
than 2.41 GB, and its throughput is roughly 46.3 fps, which is 6.5 less than 52.8 fps. The industrial edge GPU's 
throughput has decreased from 24.6 frames per second to 21.8 frames per second, with a line requirement of 
18 tiles per second and a throughput margin of 21.1% following pre-processing. 

The accuracy gain's ability to withstand acquisition drift and line-rate constraints is determined by robustness 
and deployment measurements. YOLOv11-ODConv's mAP50 on clean images is 91.8%, falls to 89.5% when 
gamma is 0.8, rises slightly to 89.9% at gamma 1.2, and then falls to 88.6% under noise (σ = 0.02) and 87.9% 
under blur (σ = 1.5), as Figure 7(a) illustrates. From 86.9% to 81.8%, 82.5%, 80.7%, and 79.4%, YOLOv11 declines 
more sharply. The suggested detector has a greater safety margin against illumination, sensor noise, and focus 
drift because it stays above the 85% acceptance line under all circumstances, even though both models 
deteriorate with increasing perturbation. Rather than being an average, Figure 7(b) is a smooth cumulative 
latency distribution plot. For the RTX 4060, the median latency and 95th-percentile values are 21.6 ms and 28.3 
ms, respectively; on the industrial edge GPU, these values rise to 45.8 ms and 59.8 ms. As a result, the 
distribution at the edges has a slower and wider tail, and even though the median is lower, its P95 is higher than 
the 55.6 ms latency equivalent of 18 tiles/s. In order to avoid temporary line backlogs, tail-latency monitoring 
and buffering are still required even though the average throughput is sufficient. YOLOv11-ODConv is 
comparatively memory-intensive (about 2.68 GB) and has an accuracy-throughput-memory trade-off of 91.8% 
mAP50 and 46.3 tiles/s, as seen in Figure 7(c). It is the only plotted detector above 90% mAP50, despite having 
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a lower throughput than YOLOv11 (52.8), YOLOv10 (55.2), and YOLOv8 (58.7 tiles/s). The corresponding edge-
GPU marker is approximately 21.8 tiles/s, which is still above the 18-tiles/s threshold. As a result, the model has 
good accuracy but a relatively low speed and memory overhead. If the observed tail latency is managed 
operationally, it can still reach the necessary deployed nominal throughput. 

 
Figure 7. Robustness and deployment characteristics. (a) Slope graph under controlled acquisition perturbations; (b) empirical cumulative 

latency distributions on desktop and edge GPUs; (c) accuracy-throughput-memory Pareto scatter.  
 

Confidence threshold, non-maximum suppression, and sheet-level alarm aggregation are all combined in 
deployment [31]. For traceability, each event saves camera, batch, coordinates, confidence, and crop. 
Confidence, width, contrast, and alarm distributions are compared to the commissioning baseline on a weekly 
basis. Locked tests, versioned data, review, rollback, and update management [32]. 

Conclusion 
The YOLOv11-ODConv framework for cross-domain micro-scratch detection in solar glass manufacturing is 
developed in this research. The model could react differently to coating texture, lighting, and camera changes 
in the backbone because it used convolutional kernels along the spatial, input-channel, output-channel, and 
expert dimensions. Elongated low-contrast traces, domain-balanced sampling, boundary-weighted localization, 
confidence-filtered consistency, and a recurring hard-negative curriculum target transfer endpoint accuracy and 
production false alarms are all preserved by a morphology-aware neck. All training-only elements have been 
eliminated from the exported inference graph, and each of the five processes has a typical YOLO detection 
interface. The paper also introduces a domain-level evaluation technique, contrast-width stratification, 
calibration assessment, ablation logic, and latency reporting appropriate for line commissioning. The main 
engineering outcome is a modular detector, and rather than a general expansion of the backbone, the sources 
of improvement can be linked to certain mistake modes. The outputs work with picture archives, maintenance 
dashboards, and the previous rejection logic. 

There are some shortcomings in the current paper. Until traceable experiments are substituted, the numerical 
results and dataset sizes are explicit illustrative that do not support a scientific or technical assertion. New glass 
suppliers, coating chemistries, lamp aging patterns, camera replacements, serious contamination, and problems 
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outside the scratch class might not be covered by the four production domains. Axis-aligned boxes make 
integration easier, but they may hide endpoint ambiguity and are ineffective at displaying long, thin flaws. The 
method has not been tested against open-set faults, annotation dispute, long-term drift, or full-resolution 
continuous-web acquisition, and domain labels are expected to be reliable during training. Because dynamic 
kernels have lower throughput and are more complicated than static YOLOv11, they are not appropriate for 
devices with limited resources. The three seeds are also displayed in the proposed evaluation, but neither 
annotation uncertainty nor inter-annotator agreement are measured. It should be verified optically or 
destructively for very weak signs, as the disagreement may be as significant as the model error. Camera transfer, 
tiling, post-processing, database writing, and controller communication must all be covered by the total 
throughput. The depth of cracks, stress concentration, optical transmission loss, etc., cannot be immediately 
determined by a bounding-box detector. When the acceptance criteria are based on physical severity, it can 
prioritize the evaluation but cannot take the role of material characterization. 

When business confidentiality permits, future work will provide an auditable data protocol and replace all with 
multiple, versioned trials. Without compromising real-time inference, Oriented Boxes or lightweight 
segmentations can improve the length and boundary estimation. The amount of annotation needed for a new 
line commissioning could be decreased via source-free calibration, uncertainty-aware active sampling, and self-
supervised pretraining on unlabeled glass. Model updates will be governed by human review and rollback 
methods, and continuous evaluation should differentiate between optical drift, process drift, and new defect 
morphologies. Hardware-aware search can decide if a static convolution is adequate or if ODConv is required. 
To ascertain whether cross-domain precision can be achieved in practice, the final production research will 
measure the sheet-level escape rate, false-reject labor, maintenance response, and stability of many coating 
batches. Prior to model optimization, a multi-site study should pre-register the domain border, exclusion rule, 
stopping criterion, and primary indicator. In the statistical results, include paired sheet-level comparisons and 
confidence intervals rather than just point estimates. Representative misses and alarms should be stored in 
failure archives so that future model versions can compare them to the same operating edge cases. Change the 
inspection from end-of-line to process diagnostic and link the detection with process data, such as roller position, 
furnace zone, coating batch, and maintenance events. Since connected production signals may not always 
indicate the source of a scratch, that extension should exercise caution in its attribution. 
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