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ABSTRACT 

Using neural networks for digital image-based defect inspection is fast emerging, especially 

for carbon fiber materials. However, the non-rigid nature and high reflectivity of the carbon 

fiber material makes it very difficult to perform robust digital image-based quality inspection. 

To overcome these issues, 1). this paper proposes multi-head, multi-task neural architecture 

with optimized convolutional layer that has shared embeddings for image classification and 

segmentation task for photometric stereo images, 2). using the defect segmentation output and 

class activation maps (CAM) as the attention mechanism and 3). benchmarked the performance 

of newly realized architecture through extensive experiments conducted on the publicly 

available dataset. This paper demonstrates that a CAM and segmentation supervised multi-

head neural network outperforms the benchmark. The realized classifier model achieves over 

30% higher accuracy compared to standard CNNs and transformer models and by 4.4% more 

than the previous benchmarks on the same topic. Both the dataset for classification task and its 

parser are available at https://zenodo.org/records/11203952. 

2. INTRODUCTION 

The tensile strength of manufactured carbon fiber components is significantly influenced by 

multiple factors, including fiber material type, manufacturing process, reinforcement status, 

and other critical parameters. These factors collectively impact the overall mechanical 

properties of the component. Moreover, the orientation of fibers within the carbon fiber 

material structure [1], [2], [3], [4] and inherent defects in the carbon fiber material that occur 

during layup [5], [6] also play a crucial role in determining its tensile strength.  

Given the significance of defect identification in ensuring the quality of carbon fiber materials, 

machine learning-based models have become an essential aspect in inspecting these 

components. The widespread adoption of such models has enabled faster inspection time [7], 

[8] and improved accuracy [9], [10], [11] compared to manual inspection. However, the 

development of effective defect classification and segmentation techniques remains a critical 

challenge with near real time capability. This paper specifically addresses this task through the 

application of photometric stereo imaging. This paper is an extension to the earlier paper [6].  

 

The proposed approach yields significant advancements in defect classification and 

segmentation, as demonstrated by the following key achievements: 

1. Development of a modular optical sensor: Designed and developed an extended 

modular camera sensor with photometric stereo capabilities. This sensor can measure 

the fiber’s azimuthal and polar orientations. 



SAMPE Europe Conference 2025 Amsterdam 
 

 

  
   

2 

2. Enhanced defect classification via class activation maps (CAMs): Proposal of CAMs 

and segmentation head as attention mechanism to improve defect classification 

accuracy. 

3. Multi-head and multitask architecture for concurrent image processing: Development 

of lightweight multi-head classification and segmentation architecture (see Figure 1). 

4. Performance evaluation on a publicly available dataset: Successfully evaluated the 

classification accuracy of our proposed model against existing state-of-the-art methods 

on publicly available benchmarking dataset, demonstrating better results in defect 

classification tasks. 

3. RESEARCH TESTS & EXPERIMENTS 

3.1 Aim 

Despite the proliferation of machine learning-based techniques for defect classification, 

existing solutions frequently struggle to achieve industrial-scale feasibility and optimal 

inference speed. This paper rectifies this oversight by developing a holistic framework that 

encompasses sensor design, real-time feature extraction, and neural network training, with a 

primary objective of crafting a robust and efficient system for near-instantaneous carbon fiber 

defect classification via segmentation and attention mechanisms.  

3.2 Similar Works 

Numerous techniques have been explored for defect identification, including thermography, 

ultrasound imaging, microwave strain gauges, and eddy current sensors. While these methods 

provide valuable insights into material integrity, this paper focuses exclusively on vision-based 

sensors operating within the visible spectrum, emphasizing their role in defect identification.  

Several approaches were adapted to performing quality inspection systems using machine 

learning (ML) techniques. Such approaches are broadly divided into two categories: supervised 
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Figure 1: An overview of proposed model which comprises of an encoder-decoder architecture (light violet) as a 

base model. The classification layers (light green and light blue) facilitating feature extraction and refinement, and 

a final classification layer (dark green) for input defect classification. The model also incorporates attention 

mechanisms via segmentation head (aqua colored block), class activation map (light red) block concatenated with 

concatenation layer (yellow block) and spatial resizing using a resize layer (light black). 
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and unsupervised methods. Each method comes with its own set of benefits and challenges, 

which are discussed in detail in sections 3.2.1 and 3.2.2.  

3.2.1 Supervised learning-based defect identification approach 

In supervised defect identification, a labeled dataset undergoes curation and augmentation 

before being used to train a neural network model. The accuracy of the trained model depends 

on both the availability of diverse samples and the effectiveness of the curation process. Defect 

identification can be approached through classification, segmentation, or detection, each 

contributing to a comprehensive assessment of material integrity. 

Defect detection-based models: Researchers in [12] integrated convolutional neural networks 

(CNNs) with support vector machines (SVMs) to enhance defect identification and sorting in 

carbon fibers. In [13], a systematic comparison of various network architectures was conducted 

to evaluate their relative effectiveness in defect detection. Silenzi et al. [14] assessed ten 

pretrained classification models to distinguish between defect-free samples, components 

eligible for restoration, and irrecoverable defects. 

Modified versions of YOLOv5 and YOLOv7 have been applied to surface defect detection, 

achieving frame rates of 70 and 4 frames per second, respectively [15], [16]. Su et al. 

incorporated attention mechanisms into the YOLOv8s architecture for defect detection in 

unidirectional band carbon fiber prepregs. The introduced attention modules enable the 

detector to capture fine and elongated defects [17]. While this approach improves precision 

and recall in near real-time quality control, it requires extensive labeled datasets and may 

struggle to generalize beyond the targeted prepreg configuration. 

Chen et al. developed a synthetic dataset, employed a transformer-inspired feature fusion 

approach, and trained a DenseNet-based detection module [18], demonstrating that combining 

synthetic and real samples enhances defect identification performance. Wang et al. utilized 

image processing techniques—including morphological operations, Gabor filters, and integral 

images—to evaluate defect detection in woven materials, achieving an accuracy of 98% [19]. 

Defect classification and segmentation-based models: Defect classification and segmentation 

methodologies offer alternative strategies for defect identification. In [20], a ResNet-based 

fully convolutional network was used for initial segmentation, followed by a machine learning-

based classification process. While effective, this multistage approach introduces higher 

computational complexity. Similarly, [21] applied an image segmentation technique based on 

the U-Net architecture, incorporating synthetic sample generation to compensate for limited 

dataset sizes and improve training stability. 

Meister et al. [22] proposed best practices for enhancing synthetic datasets in fiber layup 

inspection, providing guidelines for dataset refinement. Additionally, Meister et al. reviewed 

segmentation-based defect detection across multiple studies [23], [24], offering insights into 

methodological advancements and practical considerations. 

Supervised learning methods depend significantly on the diversity of training samples, which 

poses practical limitations in real-world applications. Achieving a comprehensive dataset 

requires prior knowledge of potential defect types and the ability to synthesize representative 

defect samples which is an inherently complex and unpredictable task. Without such foresight, 
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adapting the model to newly emerging defect patterns necessitates frequent retraining, which 

is computationally expensive and inefficient for industrial-scale deployment. 

3.2.2 Unsupervised learning-based defect identification approach 

Unlike supervised learning methods, unsupervised defect identification operates without 

explicit defect samples in the training set. This approach addresses key challenges, including 

(1) the difficulty of mathematically modeling defects, (2) the limitations in designing a neural 

network capable of generalizing defect identification across diverse scenarios, and (3) the 

impracticality of collecting representative samples for all possible defect variations that may 

emerge during the layup process. By leveraging unsupervised learning, the system enhances 

adaptability and robustness in defect detection without relying on predefined defect examples. 

Szarski et al. [25] proposed a vision transformer (ViT) architecture integrated with a 

normalizing flow-based model for anomaly detection in dry carbon fiber textiles. To enhance 

interpretability, the authors employed visualization techniques to inspect the intermediate 

layers of ViT, facilitating human assessment of the classification process. Brysch et al. [26] 

developed a defect segmentation framework utilizing two Siamese networks—one for 

generating masks and the other for defect detection. This approach, although effective, is 

computationally intensive, and the virtual mask generation process significantly influences 

detection outcomes. 

Yang et al. [27] introduced an anomaly detection method based on an autoencoder's 

reconstruction error during the layup process. The error threshold is derived from the receiver 

operating characteristic (ROC) curve, and the identified region is further processed using 

Difference of Gaussians (DoG) filters to extract local maxima, representing potential defect 

locations. 

Unsupervised approaches such as these offer several advantages over supervised defect 

identification methods. Specifically, they (1) achieve relatively higher accuracy and (2) require 

fewer training samples. However, they tend to produce a higher rate of false positives compared 

to supervised models, limiting their reliability in certain industrial applications [28].  

3.3 Experimentation 

An open-sourced dataset was used [6] to train the network whose sample image (see ) is of the 

dimension of 512 x 512 x 5 i.e. rows x columns x channels are shown in the figure below: 

 

Figure 2. An illustration of all the five feature modalities of an image sample captured using the inhouse developed photometric 

stereo sensor. 
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All the five feature modalities shown in  are the inputs stacked channel wise to the proposed 

model. The dataset consists of 190 image samples including virgin fiber and recycled fibers, 

of which 99 samples consist of gap defect, 34 samples are with missing stitch defect and 57 are 

with fuzzball defect. This dataset was extended with manual defect segmentation labeling. 

Experiments were conducted on both the datasets for classification and segmentation for 

benchmarking purposes like scenarios reported in paper [6].  

 

An extended photometric stereo camera setup was designed and developed as illustrated in the 

Figure 3. The images captured from each individual sensor are later stitched and pre-processed 

for further analysis. Each individual sensor’s output consists of 5 feature modalities as shown 

in Figure 2. 

3.4 ML Architecture 

Classification architecture: The proposed architecture (see Figure 4) is shown in A base model 

with convolutional layers is realized where the tensor input of the dimension (512 x 512 x 5) 

is provided to two different parallel branches. In one branch the input is fed to the batch 

normalization layer followed by a convolutional layer. In the second branch is where the input 

is split into patches of size 64 x 64 x 320, i.e. (rows x columns x channels) image tensors and 

then fed to batch normalization layer followed by convolutional layer. This dual parallel branch 

approach is to improve the feature extraction. Given the height, width, number of channels of 

the input, the desired height and width of output patch are known then the number of output 

channels is computed as in eq. (1) below: 

   𝑁𝑐ℎ𝑎𝑛𝑛𝑒𝑙𝑠 =  
𝐻𝑒𝑖𝑔ℎ𝑡𝑖𝑛𝑝𝑢𝑡

𝐻𝑒𝑖𝑔ℎ𝑡𝑝𝑎𝑡𝑐ℎ
 ∗ 

𝑊𝑖𝑑𝑡ℎ𝑖𝑛𝑝𝑢𝑡
𝑊𝑖𝑑𝑡ℎ𝑝𝑎𝑡𝑐ℎ

 ∗ 𝐶ℎ𝑎𝑛𝑛𝑒𝑙𝑠𝑖𝑛𝑝𝑢𝑡𝑠   (1) 

Each of the features from these parallel branches are the passed to respective global average 

pooling layers which are later concatenated and followed by dense layers for the classification 

task (gray block starting from Dense Layer).  

 

Segmentation architecture: The transposed convolutional layer (gray block) was applied to the 

full convolutional layer branch output. This acts as a decoder layer and then passed to the 

Figure 3. illustrates an extended modular photometric stereo system developed in-house. The system comprises nine 

photometric stereo cameras, each positioned within a dedicated LED ring to enhance illumination consistency and depth 

perception. 
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segmentation output (gray block) and resized layer to extract the segmentation region of the 

convolutional features by passing it to the multiplication layer. The segmentation block is also 

used to finetune the output of the CAM layer. Thus, obtained segments from CAM layer are 

binarized and then used as masks for the extracted convolution features and concatenated with 

the feature masks from the segmented output. These concatenated features act as an attention 

mechanism for the defect classifier 2 (represented in green) and classifier 3 (represented in 

red).  

 

Figure 4. Illustration of the multi head and multitask architecture. The blue blocks represent one branch of the feature 

extraction and processing. The orange blocks are features from the patches. The yellow blocks are the feature concatenation 

layers. The red block is the class activation map (CAM) from the classifier 2. The muliplication symbols are the dot products 

between the extracted convolutional features and their corresponding binarized CAM or the segmentation layer output which 

is represented by gray blocks. The gray, green and red dense layers belong to the respective dense classification layers.   

The overall proposed architecture is optimized for less MAC operations, reduced VRAM 

utilization and higher throughput. This is apart from having advantages of using self-supervised 

multi-task architecture. This model is trained with the same loss functions as stated in the paper 

[6]. An additional mean square error loss (MSE), represented in dark blue block (see Figure 4), 

is used between the segmentation output and the CAM output block.  

3.5 Performance Evaluation 

Given the limited size of the dataset, 100-fold cross-validation was performed, and the mean 

accuracy was reported in this study. The dataset was divided into training and validation sets 

using an 80–20% split. To evaluate the classifier's performance, the top-K accuracy metric was 

also computed. This metric assesses whether the true class is among the K highest probability 

predictions of the classifier during inference; if so, the sample is considered a true positive [29]. 

The segmentation head’s performance was measured using mean squared error. In this paper, 

segmentation is used solely for attention and not as a primary task, so improving its metrics is 

not a focus. All experiments were conducted using TensorFlow 2.15, running on an Nvidia 

V100 GPU with 16GB of VRAM. The training process was configured with the following 

hyperparameters: Adam optimizer, a learning rate of 0.001, a batch size of 16, and a total of 

200 epochs. Early stopping was enabled, with a patience threshold set to 20. 
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4. RESULTS 

Several neural networks, including Xception, Inception, MobileNet V2, and compact 

convolutional transformers, were fine-tuned via transfer learning on the same dataset, enabling 

a fair comparative evaluation of the proposed model’s accuracy, efficiency, and generalization. 

4.1 Accuracy of Classifier only Model 

This section analyzes the classifier’s performance independently, without incorporating the 

segmentation attention mechanism. Consequently, the accuracy of classifier 1 (see Figure 4, 

gray block classifier output) cannot be evaluated in isolation, as classifier 2 and classifier 3 

also contribute to the decision-making process, influencing its overall performance. Table 1 

presents the original results of the classifier 1-only model, which excludes both the 

segmentation and CAM attention mechanisms and operates with only three input features as 

channels in the neural network with virgin and recycled fibers combined. These results are 

reported in paper [6]. 

Table 1. Accuracy-based performance benchmark for defect classification. 

Model Size Parameters Accuracy (%) 
Xception 88MB 22.9M 40.00 
InceptionV3 92MB 23.9M 60.00 
MobileNet V2 14MB 3.5M 40.00 
Compact Convolutional Transformers† 2.68 

MB 

0.7M 42.00 
CompactConvNet (ours) 143.64 

KB 

36,771 77.59 
CompactConvNet + activity regularizer 
(ours) 

143.64 

KB 

36,771 77.79 
†  one input channel used during training to avoid out-of-memory issues 

The classifier's accuracy improved by 4.2% when all five feature modalities were applied 

consisting of virgin fiber only (see Table 2). Incorporating both virgin and recycled fibers in 

the training process further enhanced accuracy by approximately 1%, reaching a final 

classification accuracy of 82.99%. This improvement can be attributed to the inclusion of 

recycled materials, which contributed to model robustness through enhanced discriminant 

feature extraction and an increased sample count. Table 2 presents a detailed analysis of the 

influence of feature modalities and fiber types, demonstrating that the highest accuracy was 

achieved when all five features were used with a combined dataset of virgin and recycled fibers. 

Table 2. Accuracy of the models with respect to number of input channels and type of fibers to the neural network. 

No. of feature channels for network’s input layer  Accuracy 
(%) 3 (virgin + recycled fibers) 77.79 

4 (virgin + recycled fibers) 80.39 

5 (virgin + recycled fibers) 82.99 

5 (raw input images only)  70.80 

5 (virgin fibers only) 81.95 

 
5 + 5 (raw input images) 81.79 

 
6‡ (virgin + recycled fibers) 82.00 

 

 

 

 

 

‡ The azimuthal feature channel was decomposed into its cosine and sine components, 

generating two distinct feature modalities. As a result, a total of six feature modalities were 

formulated and subsequently utilized as an input tensor to the network. 
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4.2 Accuracy of Segmentation Supervised Classifier 

The proposed neural network's performance was evaluated using two segmentation 

approaches: a pretrained U-Net and a single-layer transpose convolutional layer trained 

alongside the classifier. The latter demonstrated a 9% improvement over the former. To further 

validate the model, several architectures were benchmarked, including classifier-only, 

pretrained segmentation network with classifier, jointly trained segmentation and classifier, 

top-K classifier, and the proposed model. As shown in Table 3, the proposed model 

outperformed all other architectures, particularly surpassing the jointly trained segmentation 

and classifier network (see Figure 4). The mean square error for the segmentation task is 

0.1133. 

Table 3. Accuracy comparison of training a classifier alone vs training in combination with segmentation and attention. 

Scenario Mean Accuracy (%) for 100-fold  

Segmentation Pretrained + Classifier 81.05 

Classifier only (virgin fibers only) 81.95 

Classifier only (virgin + recycled fibers) 82.99 

Segmentation + Classifier Trained Together 92.36 

Top-K Classifier only 95.78 

Proposed Model 96.84 

5. CONCLUSIONS 

This paper presented a comprehensive approach to advancing defect classification through the 

development of a modular optical sensor, attention-based classification enhancements, and a 

lightweight multi-head architecture. The proposed extended modular camera sensor, equipped 

with photometric stereo capabilities, enables precise measurements of fiber azimuthal and polar 

orientations, contributing to improved material analysis. Furthermore, the integration of class 

activation maps (CAMs) and segmentation heads as attention mechanisms enhances defect 

classification accuracy, refining predictive reliability in industrial applications. 

5.1 Discussion 

To enhance efficiency and throughput, we developed a lightweight multi-head architecture that 

integrates class activation maps (CAMs) and segmentation as attention mechanisms for the 

classifier. This architecture concurrently performs classification and segmentation, enabling 

multitask learning for defect detection and fiber orientation analysis. The proposed approach 

was rigorously evaluated on a publicly available benchmarking dataset, demonstrating superior 

classification performance compared to state-of-the-art methods. These advancements 

contribute to the development of scalable, robust, and accurate defect analysis systems, further 

strengthening industrial automation and quality control processes. Notably, the proposed model 

achieved a 4.48% improvement in classification accuracy over previous works on the same 

open-source dataset, reaching an overall accuracy of 96.84%. 

5.2 Limitations 

The number of samples used in the experiments is limited due to the restricted availability of 

defective samples. Additionally, reproducing these defects is both costly and impractical for 

industrial partners. As a result, the small dataset may affect the robustness of the model and 
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limit its ability to generalize across diverse industrial scenarios. To address this limitation, 

future work will focus on training an image generator using few-shot learning, enabling the 

synthesis of realistic defect samples to enhance model reliability and scalability. 

5.3 Future work 

In the future, the authors will focus on extending this framework to more complex datasets, 

refining segmentation strategies, and optimizing computational efficiency for real-time 

deployment. The insights gained from this research lay a foundation for continued 

improvements in optical sensing, neural network architectures, and defect classification 

methodologies. 

5.4 Outcome 

This work demonstrated extended hardware development for measuring the fiber orientations 

in virgin fibers and recycled materials. Demonstrated the improvement of deep learning 

model’s enhanced performance using segmentation and CAM based attention mechanism.  

Thus, reducing the dependency of using larger number of samples as it is a constraint to obtain 

larger number of samples in the near real-world scenarios. 
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