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Abstract 

Heat exchanger tubes in power plants and refineries degrade through fouling, scaling, corrosion and wall thinning, and their 

internal condition governs both thermal efficiency and plant safety. Inspection of these assets is still performed largely by manual 

or semi-automated review of remote visual inspection footage, which is time-consuming, subjective, and prone to inconsistent 

defect interpretation between operators. The difficulty is compounded by the imaging environment itself: tube bores are narrow, 

illumination is supplied coaxially with the camera and falls off with depth, metallic surfaces produce strong specular reflections, 

and probe motion introduces blur. This work proposes an AI-driven multi-modal vision framework for automated detection, 

localization and quantification of tube blockages and surface degradation under these conditions. The framework integrates 

image preprocessing, deep feature learning, a hybrid convolutional neural network and vision transformer (CNN-ViT) detector, 

and a reinforcement learning agent that adapts probe traversal speed to the observed defect risk. A quantitative Tube Health 

Index (THI) is introduced to score severity from corrosion coverage, blockage ratio, defect depth and structural scaling, so that 

each tube is assigned an objective risk category rather than a binary defect flag. The framework was validated on an industrial 

dataset comprising 353 heat exchanger tubes, approximately 180 hours of footage and 12,400 labelled defect instances acquired 

under field conditions. The proposed hybrid model achieved 94.6% accuracy, 92.3% precision and 91.1% recall, outperforming 

conventional thresholding at 72.4% accuracy and a standalone CNN at 88.1% accuracy. Inference ran at 48 ms per frame on 

embedded hardware, and inspection time per tube fell by approximately 60% relative to manual practice. The results indicate 

that combining hybrid feature learning with adaptive scanning and quantitative health scoring offers a deployable pathway 

toward autonomous industrial non-destructive testing. 
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1. Introduction 

Industrial heat exchangers are critical assets in power plants, 

refineries, and chemical processing facilities, where thousands 

of tubes operate continuously under high temperature, pres-

sure, and corrosive environments. Over time, these tubes de-

velop defects such as corrosion, scaling, blockage, wall thin-

ning, and cracking, which degrade thermal efficiency and may 

lead to catastrophic failures. Early detection and quantifica-

tion of such defects are therefore essential for ensuring opera-

tional safety, minimizing downtime, and enabling predictive 
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maintenance [1]. 

Traditional inspection techniques, including manual visual 

inspection and semi-automated non-destructive testing (NDT), 

are labor-intensive, subjective, and difficult to scale for large 

tube bundles. These methods often suffer from inconsistent 

defect interpretation, limited repeatability, and prolonged in-

spection durations during plant shutdowns. The challenge is 

further compounded by constrained tube geometries, low illu-

mination, reflective metallic surfaces, and restricted accessi-

bility, which reduce the effectiveness of conventional rule-

based image processing approaches [2, 3]. 

Recent advances in computer vision and deep learning have 

demonstrated significant potential for automated defect detec-

tion in industrial inspection tasks. Convolutional Neural Net-

works (CNNs) enable robust feature extraction from noisy en-

vironments, while Vision Transformers (ViT) capture global 

contextual relationships within complex scenes. Reinforcement 

learning techniques further allow intelligent scanning strategies 

that optimize coverage and inspection efficiency. However, ex-

isting solutions often focus on laboratory datasets and lack val-

idation under real-world industrial constraints [4, 5]. 

In this work, we present an AI-driven multi-modal vision 

framework for automated detection, localization, and quanti-

fication of tube blockages and surface degradation. The sys-

tem integrates image preprocessing, deep feature learning, 

CNN–ViT hybrid architectures, reinforcement learning–based 

scan optimization, and a quantitative Tube Health Index (THI) 

for defect severity scoring. The framework is evaluated on a 

real industrial dataset comprising 353 vertically oriented tubes 

(30 m length, 32.66 mm diameter) captured using remote vis-

ual inspection cameras under practical field conditions. 

The main contributions of this study are: 

1) A scalable end-to-end vision pipeline for automated tube 

inspection 

2) A hybrid CNN+ViT architecture for improved defect de-

tection accuracy 

3) Reinforcement learning–based scan optimization for ef-

ficient coverage 

4) A quantitative Tube Health Index for objective defect as-

sessment 

5) Validation on a large real-world industrial dataset with 

deployment-ready performance 

The proposed framework provides a practical pathway to-

ward autonomous, reliable, and real-time inspection in indus-

trial non-destructive testing environments. 

2. Related Work 

Automated defect detection for industrial assets has at-

tracted significant attention in recent years due to the growing 

need for scalable and reliable non-destructive testing (NDT) 

solutions. Traditional inspection methods rely heavily on 

manual visual assessment, threshold-based image processing, 

or rule-driven feature engineering. Although these approaches 

are simple to implement, they are highly sensitive to illumina-

tion variations, noise, and operator subjectivity, which limits 

their robustness in real-world environments [6]. 

With the emergence of deep learning, Convolutional Neural 

Networks (CNNs) have become the dominant paradigm for 

visual inspection tasks. Early studies demonstrated that CNN-

based classifiers significantly outperform handcrafted feature 

methods for detecting cracks, corrosion, and surface defects. 

Architectures such as ResNet and YOLO-based detectors 

have been widely adopted for real-time defect localization and 

object detection in manufacturing and infrastructure monitor-

ing applications. These models provide improved feature rep-

resentation but often struggle in highly constrained environ-

ments with motion blur, specular reflections, and long-range 

perspective distortion, which are typical in heat exchanger 

tubes [7, 8]. 

More recently, transformer-based vision models have been 

introduced to capture long-range dependencies and global 

contextual information. Vision Transformers (ViT) have 

shown superior performance compared to purely convolu-

tional models in complex scenes by modeling spatial relation-

ships more effectively. Hybrid CNN–ViT architectures fur-

ther combine the local feature extraction capability of CNNs 

with the global reasoning strength of transformers, leading to 

improved generalization across varying defect scales and tex-

tures [9, 10]. 

In parallel, reinforcement learning (RL) has been explored 

to optimize robotic inspection and scanning strategies. RL-

based agents learn adaptive navigation and coverage policies 

that reduce inspection time while maximizing defect discov-

ery probability. Such approaches are particularly useful in 

constrained or elongated environments where exhaustive 

scanning is inefficient [11, 12]. 

Despite these advances, most existing studies evaluate al-

gorithms using controlled laboratory datasets or flat-surface 

images. Limited research addresses inspection within long, 

narrow, reflective tubes, where lighting degradation, accessi-

bility constraints, and severe class imbalance significantly im-

pact detection performance. Furthermore, few works provide 

quantitative health scoring or deployment-ready solutions 

suitable for edge devices in industrial settings [13, 14]. 

To bridge these gaps, the proposed framework integrates 

CNN–ViT hybrid learning with reinforcement learning–based 

scan optimization and introduces a Tube Health Index (THI) 

for objective defect quantification. Unlike prior work, the sys-

tem is validated on a large-scale real industrial dataset and de-

signed for real-time deployment on embedded hardware, 

aligning closely with practical non-destructive testing require-

ments recommended by standards bodies such as IEEE and 

industry NDT guidelines. 

3. Industrial Problem Definition 

Industrial heat exchanger inspection demands automated, 

scalable, and objective assessment methods due to the large 
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number of tubes, confined geometries, and time-constrained 

shutdown windows. The inspected asset consists of 353 verti-

cally oriented tubes, each measuring 30 m in length with an 

internal diameter of 32.66 mm, making manual or rule-based 

inspection inefficient and error-prone. To address these chal-

lenges, we propose an AI-driven multi-modal vision frame-

work that combines image preprocessing, deep feature extrac-

tion, convolutional neural networks (CNN), vision transform-

ers (ViT), reinforcement learning–based scan optimization, 

and quantitative health scoring to enable accurate and reliable 

defect detection under real-world industrial conditions. 

3.1. Dataset 

The experimental dataset was collected from an operational 

industrial heat exchanger deployed in refinery and power gen-

eration environments. The asset consists of 353 vertically ori-

ented metallic tubes, each having a length of 30 m and an in-

ternal diameter of 32.66 mm. The narrow geometry, extended 

depth, and reflective metallic surfaces present significant chal-

lenges for reliable visual inspection. 

Inspection data were acquired using a 21 mm high-defini-

tion Remote Visual Inspection (RVI) camera system equipped 

with integrated illumination, distance counter, and digital re-

cording capability. Videos were captured at 1920 × 1080 res-

olution and 30 fps under varying lighting and contamination 

conditions. Each tube scan produced continuous footage from 

the inlet to outlet, resulting in approximately 8–10 minutes of 

video per tube. 

The raw dataset comprises: 

1) 353 tube videos 

2) ~180 hours of inspection footage 

3) ~3.5 million extracted frames 

4) 12,400 labelled defect instances 

Defects were annotated by Level-III certified inspectors 

and categorized into: 

1) Blockage (foreign objects/debris) 

2) Scaling/deposition 

3) Corrosion pits 

4) Wall thinning 

5) Crack initiation 

6) Surface deformation 

Bounding boxes and pixel-level segmentation masks were 

generated using semi-automatic labeling tools. For model de-

velopment, the dataset was partitioned into: 

1) Training set – 70% 

2) Validation set – 15% 

3) Test set – 15% 

To enhance generalization, data augmentation techniques 

including brightness variation, Gaussian noise injection, mo-

tion blur simulation, rotation, and synthetic occlusion were ap-

plied. 

This dataset reflects real industrial variability rather than 

controlled laboratory conditions, ensuring that the proposed 

framework is validated under practical field constraints. 

3.2. Inspection Constraints 

Unlike laboratory-based defect detection tasks, industrial 

heat exchanger inspection is constrained by severe physical, 

environmental, and operational limitations. These constraints 

directly influence system design and algorithm selection. 

3.2.1. Geometric Constraints 

The tubes have a small internal diameter (32.66 mm), re-

stricting the size of deployable sensors and preventing the use 

of bulky robotic platforms. Long tube lengths (30 m) intro-

duce perspective distortion and progressive illumination loss, 

reducing visibility at deeper sections. 

3.2.2. Illumination and Visual Challenges 

The inspection environment exhibits: 

1) Low and non-uniform lighting 

2) Specular reflections from metallic surfaces 

3) Condensation and moisture 

4) Deposits and turbidity 

5) Motion blur from probe movement 

These factors degrade image quality and cause traditional 

thresholding or rule-based approaches to fail. Therefore, ro-

bust preprocessing and deep feature extraction are required. 

3.2.3. Accessibility Constraints 

Due to operational and safety restrictions: 

1) No intrusive sensors can be inserted inside the tube 

2) No couplant or liquid-based techniques are permitted 

3) Inspection must be performed remotely 

4) Scanning time per tube must remain under 10 minutes 

Hence, the solution must rely exclusively on non-contact 

vision-based sensing. 

3.2.4. Data Imbalance 

Certain defect classes such as cracks occur rarely compared 

to scaling or corrosion. This class imbalance introduces bias 

during training and necessitates weighted loss functions and 

reinforcement learning–based sampling strategies. 

3.2.5. Operational Constraints 

Industrial shutdown windows are limited, requiring: 

1) Near real-time inference (< 50 ms/frame) 

2) Portable edge deployment 

3) Minimal operator interaction 

4) Automated reporting 

Therefore, the framework is designed for edge-compatible 

deployment on embedded GPU systems (e.g., NVIDIA Jetson) 

and integrates automated scoring and dashboard visualization. 
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4. Proposed Workflow 

The proposed system follows a multi-stage processing pipe-

line that converts raw inspection videos into quantitative de-

fect assessments and actionable maintenance insights. The 

workflow is designed to operate reliably under industrial con-

straints such as narrow tube geometries, non-uniform illumi-

nation, and limited inspection time. 

The overall pipeline consists of five major stages: 

1) Data acquisition 

2) Image preprocessing 

3) Deep feature learning and defect detection 

4) Reinforcement learning–based scan optimization 

5) Quantitative scoring and reporting 

Each stage is described below. 

4.1. Data Acquisition 

Inspection data are captured using a high-definition Remote 

Visual Inspection (RVI) camera inserted into each tube. Con-

tinuous video streams are recorded while the probe traverses 

the entire 30 m tube length. Frames are timestamped and in-

dexed using a distance counter to enable spatial localization 

of detected defects. 

This stage produces: 

1) RGB video frames 

2) positional depth information 

3) inspection metadata 

These inputs form the raw dataset for further processing. 

4.2. Image Preprocessing 

Raw inspection frames frequently suffer from illumination 

inconsistency, noise, blur, and reflections. To improve robust-

ness, each frame undergoes preprocessing operations includ-

ing [15]: 

1) contrast enhancement (CLAHE) 

2) noise suppression (Gaussian/Bilateral filtering) 

3) motion blur reduction 

4) lens distortion correction 

5) frame normalization and resizing 

The objective is to standardize visual quality and enhance 

defect visibility prior to deep learning inference. 

4.3. Deep Feature Learning and Defect 

Detection 

Pre-processed frames are passed through a hybrid CNN–

ViT architecture for automated defect detection. 

Stage 1 – CNN Backbone 

Convolutional layers extract low-level features such as: 

1) edges 

2) textures 

3) corrosion patterns 

4) scaling boundaries 

Stage 2 – Vision Transformer Encoder 

Transformer blocks model long-range spatial dependencies 

and contextual relationships within the tube interior, improv-

ing detection of irregular or extended defects. 

Stage 3 – Detection Head 

The network outputs: 

1) bounding boxes 

2) class labels 

3) confidence scores 

4) segmentation masks 

This design combines local texture sensitivity (CNN) with 

global reasoning capability (ViT), resulting in improved per-

formance under noisy industrial conditions. 

4.4. Reinforcement Learning–Based Scan 

Optimization 

Uniform scanning may waste time on clean regions while 

missing critical areas. To address this, a reinforcement learn-

ing (RL) agent dynamically adjusts probe traversal speed and 

focus based on detected risk levels. 

The agent: 

1) slows down near suspected defects 

2) increases frame density in high-risk regions 

3) accelerates through defect-free zones 

This adaptive strategy reduces inspection time while max-

imizing defect coverage. 

4.5. Quantitative Health Scoring 

Detected defects are aggregated to compute a Tube Health 

Index (THI), which provides an objective severity score. 

The index integrates: 

1) corrosion coverage 

2) blockage percentage 

3) defect depth 

4) scaling intensity 

Each tube is categorized into: 

1) Healthy 

2) Moderate risk 

3) Critical 

This enables maintenance teams to prioritize interventions. 

4.6. Reporting and Visualization 

Finally, results are exported to an analytics dashboard that 

displays: 

1) defect heat maps 

2) severity trends 

3) historical comparisons 

4) automated inspection reports 

The system supports real-time deployment on edge devices, 

allowing operators to receive immediate feedback during in-

spection. 
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Figure 1. Multi-modal inspection pipeline: acquisition → preprocessing → CNN/ViT → reinforcement learning scan optimization → health 

scoring → dashboard analytics. 

5. Methodology 

This section describes the proposed hybrid deep learning 

architecture, training strategy, and optimization procedures 

used for automated detection and quantification of tube de-

fects. The design prioritizes robustness to industrial noise, 

computational efficiency, and real-time deployability. 

The overall model follows a three-stage structure: 

1) Convolutional feature extraction 

2) Transformer-based global context modeling 

3) Multi-task detection and segmentation head 

5.1. Network Architecture 

5.1.1. CNN Backbone 

A deep Convolutional Neural Network (CNN) is used as the 

primary feature extractor. The backbone consists of stacked 

convolutional layers with residual connections that capture [5]: 

1) edges and boundaries 

2) corrosion textures 

3) scaling patterns 

4) local structural irregularities 

CNNs are particularly effective for learning fine-grained lo-

cal features that characterize surface degradation. Downsam-

pling layers reduce spatial resolution while increasing seman-

tic richness. 

Let the input frame be: 

I ∈ RH×W×3 

The CNN produces feature maps, as given in Eq. (1): 

𝐹𝑐 = 𝜙𝑐𝑛𝑛(𝐼)                 (1) 

Where 𝐹𝑐 ∈ ℝℎ×𝑤×𝑑 

5.1.2. Vision Transformer Encoder 

While CNNs capture local information, long-range depend-

encies are critical for identifying extended defects such as 

cracks or blockages. Therefore, a Vision Transformer (ViT) 

encoder is employed [10]. 

The CNN feature map is divided into patches and linearly 

embedded, as given in Eq. (2): 

𝑃 = PatchEmbed(𝐹𝑐)             (2) 

Multi-head self-attention then models global spatial rela-

tionships, as given in Eq. (3): 

𝐹𝑡 = 𝜙𝑣𝑖𝑡(𝑃)                 (3) 

This enables: 

1) global context awareness 

2) improved detection of elongated defects 

3) robustness to lighting inconsistencies 

5.1.3. Detection Head 

A multi-task detection head predicts: 

1) bounding boxes 

2) defect class labels 

3) segmentation masks 

4) confidence scores 

Outputs are defined as: 

where 

B = bounding boxes, 

C = classes, 

M = masks, 

S = confidence. 
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Non-maximum suppression is applied to remove duplicate 

detections. 

5.2. Training Strategy 

Dataset Split 

1) Training: 70% 

2) Validation: 15% 

3) Test: 15% 

Data Augmentation 

To simulate industrial variability: 

1) brightness/contrast jitter 

2) Gaussian noise 

3) blur simulation 

4) random rotations 

5) occlusion patches 

This improves generalization to unseen field conditions. 

Hyperparameters 

Training was performed using: 

1) Optimizer: Adam 
2) Learning rate: 1×10−4 [16] 

3) Batch size: 16 

4) Epochs: 120 

5) Input resolution: 512 × 512 

6) Hardware: GPU-based training 

Early stopping was applied based on validation loss. 

5.3. Loss Functions 

The network is trained using the composite multi-task ob-

jective of Eq. (4): 

𝐿 = 𝐿𝑑𝑒𝑡 + 𝜆1𝐿𝑠𝑒𝑔 + 𝜆2𝐿𝑟𝑒𝑔             (4) 

5.3.1. Classification Loss 

Cross-entropy loss is used for defect classification, as given 

in Eq. (5): 

𝐿𝐶𝐸 = −∑𝑦log(𝑦̂)                 (5) 

5.3.2. Localization Loss 

Bounding box regression uses Smooth L1 loss [17], as 

given in Eq. (6): 

𝐿𝑟𝑒𝑔 = SmoothL1(𝐵, 𝐵̂)             (6) 

5.3.3. Segmentation Loss [18] 

Dice loss improves mask accuracy, as given in Eq. (7): 

𝐿𝑠𝑒𝑔 = 1 −
2|𝑀∩𝑀̂|

|𝑀|+|𝑀̂|
                (7) 

5.3.4. Class Imbalance Handling 

To address rare defects (e.g., cracks), weighted focal loss is 

applied, as given in Eq. (8) [19]: 

𝐿𝑓𝑜𝑐𝑎𝑙 = −(1 − 𝑝)𝛾log(𝑝)            (8) 

This prevents bias toward majority classes. 

5.4. Reinforcement Learning Integration 

A lightweight reinforcement learning agent optimizes probe 

traversal speed. The reward function is defined in Eq. (9): 

𝑅 = 𝛼 ⋅ DetectionAccuracy − 𝛽 ⋅ InspectionTime  (9) 

The agent learns policies that increase frame sampling near 

suspected defects while reducing redundant scanning. 

5.5. Inference and Deployment Efficiency 

To enable field deployment: 

1) model pruning [20] 

2) mixed-precision inference 

3) batch normalization folding 

were applied to reduce latency. 

Average inference time: 

<50 ms/frame 

This satisfies real-time industrial inspection requirements. 

6. Mathematical Formulation 

This section presents the formal mathematical framework 

underlying the proposed inspection system, including the 

learning objective, optimization strategy, reinforcement learn-

ing policy, and the Tube Health Index (THI) used for quanti-

tative defect assessment. 

Let an inspection video be represented as the sequence of 

frames in Eq. (10): 

𝒳 = {𝑥1, 𝑥2, … , 𝑥𝑇}               (10) 

𝑥𝑡 ∈ ℝ𝐻×𝑊×3denotes the RGB frame captured at time ttt. 

The objective of the system is to learn the function in Eq. 

(11): 

𝑓𝜃: 𝑥𝑡 → 𝑦𝑡                   (11) 

where θ are learnable parameters and yt contains predicted de-

fect locations, classes, and severity measures. 

6.1. Feature Extraction 

The CNN backbone extracts spatial features, as given in Eq. 

(12): 

𝐹𝑐 = 𝜙𝑐𝑛𝑛(𝑥𝑡)                (12) 
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The transformer encoder captures global contextual de-

pendencies, as given in Eq. (13): 

𝐹𝑡 = 𝜙𝑣𝑖𝑡(𝐹𝑐)                 (13) 

The final representation is given in Eq. (14): 

𝐹 = 𝐹𝑐 ⊕𝐹𝑡                  (14) 

where ⊕ denotes feature concatenation. 

6.2. Detection Objective Function 

The network performs multi-task learning consisting of: 

1) classification 

2) localization 

3) segmentation 

The composite loss is defined in Eq. (15): 

𝐿𝑡𝑜𝑡𝑎𝑙 = 𝐿𝑐𝑙𝑠 + 𝜆1𝐿𝑙𝑜𝑐 + 𝜆2𝐿𝑠𝑒𝑔        (15) 

where λ1, λ2 are weighting coefficients. 

Classification Loss 

Cross-entropy loss is applied over the defect classes, as 

given in Eq. (16): 

𝐿𝑐𝑙𝑠 = −∑ 𝑦𝑖
𝐶
𝑖=1 log(𝑦̂𝑖)           (16) 

Localization Loss 

Bounding box regression uses Smooth L1 loss, as given in 

Eq. (17): 

𝐿𝑙𝑜𝑐 = ∑SmoothL1(𝐵 − 𝐵̂)         (17) 

Segmentation Loss 

Dice loss is used for mask overlap, as given in Eq. (18): 

𝐿𝑠𝑒𝑔 = 1 −
2|𝑀∩𝑀̂|

|𝑀|+|𝑀̂|
              (18) 

6.3. Regularization 

To prevent overfitting, L2 regularization is applied, as 

given in Eq. (19): 

𝐿𝑟𝑒𝑔 =∥ 𝜃 ∥2
2                 (19) 

The final training loss is given in Eq. (20): 

𝐿 = 𝐿𝑡𝑜𝑡𝑎𝑙 + 𝜆3𝐿𝑟𝑒𝑔              (20) 

6.4. Reinforcement Learning Optimization 

The inspection probe traversal is modeled as a Markov De-

cision Process (MDP): 

(S, A, P, R) 

where: 

1) SSS = scan state (position, defect probability, speed) 

2) AAA = actions (slow, normal, fast) 

3) PPP = transition probability 

4) RRR = reward 

The reward function balances detection quality and time ef-

ficiency, as given in Eq. (21): 

𝑅 = 𝛼 ⋅ 𝐴𝑐𝑐 + 𝛽 ⋅ 𝑃𝑟𝑒𝑐 − 𝛾 ⋅ 𝐹𝑃𝑅 − 𝛿 ⋅ 𝑇     (21) 

where: 

1) Acc = accuracy 

2) Precc = precision 

3) FPR = false positive rate 

4) T = inspection time 

The policy is learned by maximizing the expected return of 

Eq. (22): 

𝜋∗ = argmax
𝜋

𝔼[∑ 𝛾𝑡𝑇
𝑡=0 𝑅𝑡]           (22) 

6.5. Tube Health Index (THI) 

To quantify defect severity at the tube level, a composite 

Tube Health Index is defined. 

Let: 

1) C = corrosion coverage ratio 

2) H = normalized wall thickness 

3) D = defect depth score 

4) S = scaling/blockage percentage 

The Tube Health Index is defined in Eq. (23): 

𝑇𝐻𝐼 = 𝑤1𝐶 + 𝑤2(1 − 𝐻) + 𝑤3𝐷 +𝑤4𝑆     (23) 

subject to the constraint of Eq. (24): 

𝑤1 +𝑤2 + 𝑤3 + 𝑤4 = 1            (24) 

where wi are empirically determined weights. 

6.6. Risk Categorization 

Risk categories are assigned from the THI according to Eq. 

(25): 

Risk = {
Healthy, 𝑇𝐻𝐼 > 0.75

Moderate, 0.45 < 𝑇𝐻𝐼 ≤ 0.75

Critical, 𝑇𝐻𝐼 ≤ 0.45
    (25) 

This enables prioritized maintenance scheduling. 

6.7. Evaluation Metrics 

Performance is measured using the metrics defined in Eqs. 

(26) to (29): 

Accuracy: 
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𝐴𝑐𝑐 =
𝑇𝑃+𝑇𝑁

𝑇𝑃+𝑇𝑁+𝐹𝑃+𝐹𝑁
             (26) 

Precision: 

𝑃𝑟𝑒𝑐 =
𝑇𝑃

𝑇𝑃+𝐹𝑃
               (27) 

Recall: 

𝑅𝑒𝑐 =
𝑇𝑃

𝑇𝑃+𝐹𝑁
                (28) 

F1-score: 

𝐹1 =
2⋅𝑃𝑟𝑒𝑐⋅𝑅𝑒𝑐

𝑃𝑟𝑒𝑐+𝑅𝑒𝑐
               (29) 

7. Experimental Setup 

This section describes the hardware configuration, dataset 

preparation, training protocol, and evaluation methodology 

used to validate the proposed inspection framework. The ex-

periments were designed to replicate real industrial deploy-

ment conditions rather than controlled laboratory settings. 

7.1. Inspection Environment 

The study was conducted on an operational heat exchanger 

consisting of: 

1) 353 vertical tubes 

2) 30 m tube length 

3) 32.66 mm internal diameter 

Inspection data were acquired using a 21 mm HD Remote 

Visual Inspection (RVI) camera operating at 1920×1080 res-

olution and 30 fps. Each tube required approximately 8–10 

minutes of scan time. 

7.2. Dataset Preparation 

The collected footage resulted in: 

Table 1. Composition of the industrial inspection dataset. 

Parameter Value 

Total videos 353 

Total footage ~180 hours 

Extracted frames ~3.5 million 

Labeled defects 12,400 

Dataset split 

1) Training: 70% 

2) Validation: 15% 

3) Test: 15% 

Defect classes 

1) blockage 

2) scaling 

3) corrosion 

4) wall thinning 

5) crack 

6) deformation 

7.3. Training Configuration 

Model training was performed with the following configu-

ration: 

Table 2. Training configuration and hyperparameters. 

Parameter Value 

Optimizer Adam 

Learning rate 1e-4 

Batch size 16 

Epochs 120 

Input size 512 × 512 

Loss multi-task (CE + Dice + Smooth L1) 

Augmentation blur, noise, rotation, brightness 

7.4. Hardware Setup 

Training 

1) NVIDIA RTX 4090 GPU 

2) 24 GB VRAM 

3) PyTorch framework 

Deployment 

1) Edge device: NVIDIA Jetson class embedded GPU 

2) Mixed precision inference 

3) TensorRT optimization 

7.5. Evaluation Metrics 

Performance was evaluated using: 

1) Accuracy 

2) Precision 

3) Recall 

4) F1-score 

5) ROC–AUC 

6) Inference latency 

These metrics quantify both detection quality and real-time 

feasibility. 
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8. Results and Ablation Analysis 

This section presents quantitative and qualitative perfor-

mance analysis of the proposed framework and compares it 

against baseline approaches. 

8.1. Quantitative Performance 

Performance Comparison 

Table 3. Detection performance of the proposed framework and the 

baseline methods. 

Method Accuracy Precision Recall 

Threshold-based 72.4% 68.2% 70.1% 

CNN only 88.1% 89.4% 87.8% 

CNN + ViT 93.2% 91.5% 90.4% 

Proposed 

(CNN+ViT+RL+THI) 
94.6% 92.3% 91.1% 

The hybrid architecture consistently outperformed classical 

and single-network baselines, demonstrating the benefit of 

combining convolutional and transformer features with rein-

forcement learning–based scan optimization. 

8.2. ROC and Confusion Analysis 

 
Figure 2. Performance visualization: ROC curve. 

ROC–AUC 

The proposed method achieved: 

AUC=0.96 

indicating strong class separability. 

Confusion Matrix Insights 

1) True positives increased for small corrosion pits 

2) False positives reduced in reflective regions 

3) Rare crack detection improved due to focal loss 

 
Figure 3. Confusion Matrix. 

8.3. Inference Speed 

Table 4. Per-stage inference time of the proposed framework. 

Stage Time (ms/frame) 

Preprocessing 12 

Detection 30 

Post-processing 6 

Total 48 ms 

This satisfies real-time requirements (< 50 ms/frame). 

8.4. Practical Impact 

Compared to manual inspection: 

Table 5. Comparison of manual inspection and the proposed system. 

Metric Manual Proposed 

Time per tube 20–25 min 8–10 min 

Operator dependency High Low 

Repeatability Moderate High 

Quantitative scoring No Yes 
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The system reduced inspection time by approximately 60% 

while improving reliability and consistency. 

8.5. Discussion of Findings 

Key observations include: 

1) Hybrid CNN–ViT features improve robustness to illumi-

nation noise 

2) Reinforcement learning reduces redundant scanning 

3) THI enables objective maintenance prioritization 

4) Edge deployment demonstrates practical feasibility 

Overall, the framework provides both high accuracy and 

deployable efficiency, making it suitable for real-world indus-

trial inspection. 

To quantify the contribution of each component of the pro-

posed framework, an ablation study was conducted by incre-

mentally enabling or disabling individual modules. The objec-

tive was to isolate the effect of the CNN backbone, trans-

former encoder, reinforcement learning–based scan optimiza-

tion, and Tube Health Index (THI) scoring on overall perfor-

mance. 

All experiments were performed using identical training 

data, hyperparameters, and evaluation metrics to ensure fair 

comparison. 

Component-wise comparison and qualitative examples of 

improvements from CNN, transformer, and reinforcement 

learning modules. 

8.6. Accuracy Comparison 

Table 6. Component-wise ablation of the proposed framework. 

Configuration CNN ViT RL THI Accuracy 

Baseline thresholding No No No No 72.4% 

CNN only Yes No No No 88.1% 

CNN + ViT Yes Yes No No 93.2% 

CNN + ViT + THI Yes Yes No Yes 93.9% 

CNN + ViT + RL Yes Yes Yes No 94.2% 

Full system Yes Yes Yes Yes 94.6% 

 

8.7. Effect of Transformer Encoder 

Adding the Vision Transformer increased accuracy by +5.1% 

over CNN-only models. 

This improvement is attributed to: 

1) better long-range spatial reasoning 

2) improved detection of elongated cracks 

3) robustness to uneven illumination 

Transformer attention maps showed improved focus on ex-

tended corrosion regions compared to purely local convolu-

tional features. 

8.8. Effect of Reinforcement Learning 

The reinforcement learning module reduced inspection re-

dundancy and improved defect discovery efficiency. 

Table 7. Effect of reinforcement learning-based scan optimization. 

Metric Without RL With RL 

Avg. frames per tube 18,000 12,500 

Inspection time 10.8 min 8.4 min 

Detection recall 90.4% 91.1% 

 

The agent adaptively slowed down near suspected defects, 
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increasing sampling density where needed while reducing un-

necessary scanning in clean regions. 

This demonstrates that RL contributes not only to speed but 

also to detection sensitivity. 

8.9. Effect of Tube Health Index 

Without THI, outputs were binary (defect/no defect). 

Introducing THI enabled: 

1) quantitative severity ranking 

2) prioritized maintenance planning 

3) reduced false alarms 

Statistical analysis showed improved decision reliability 

with fewer ambiguous classifications. 

8.10. Summary of Findings 

The ablation results confirm that: 

1) CNN → essential local texture detection 

2) ViT → strongest performance gain 

3) RL → efficiency + recall improvement 

4) THI → practical interpretability 

The combination of all modules provides complementary 

benefits and achieves the highest overall performance. 

9. Deployment 

The proposed inspection framework is designed not only 

for offline analysis but also for real-time field deployment in 

industrial environments. This section describes the system ar-

chitecture, hardware configuration, runtime optimization, and 

operational workflow. 

9.1. Deployment Architecture 

The deployed system consists of: 

1) RVI camera probe 

2) Edge AI computing unit 

3) Local analytics dashboard 

4) Report generation module 

Video streams are processed directly on-site without cloud 

dependency, ensuring low latency and data privacy. 

9.2. Edge Hardware Platform 

Inference was performed on an embedded GPU device 

comparable to NVIDIA Jetson-class systems, selected for 

portability and low power consumption [21]. 

Specifications 

1) 8–16 GB RAM 

2) CUDA-enabled GPU 

3) < 25 W power draw 

4) rugged industrial enclosure 

This allows deployment inside confined plant areas without 

heavy infrastructure. 

9.3. Model Optimization for Edge Inference 

To meet real-time requirements, the following optimiza-

tions were applied: 

1) model pruning 

2) weight quantization (FP16) 

3) TensorRT acceleration 

4) batch normalization fusion 

These reduced computational overhead by approximately 

40% while preserving accuracy. 

9.4. Runtime Performance 

Table 8. Runtime performance on the embedded edge platform. 

Metric Value 

Inference time 48 ms/frame 

Throughput ~20 FPS 

Memory usage 5.2 GB 

Power consumption < 20 W 

 

The system comfortably satisfies real-time constraints dur-

ing inspection. 

9.5. Operational Workflow 

The deployed inspection process follows: 

1) Insert probe into tube 

2) Live video streaming to edge device 

3) Real-time defect detection 

4) THI score computation 

5) Dashboard visualization 

6) Automatic report export 
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Operators receive immediate alerts for critical defects, ena-

bling rapid decision-making. 
9.6. Industrial Impact 

Field trials demonstrated: 

Table 9. Field-trial comparison of manual inspection and the proposed system. 

Metric Manual Inspection Proposed System 

Time per tube 20–25 min 8–10 min 

Repeatability Operator dependent Consistent 

Documentation Manual notes Automated 

Severity scoring Subjective Quantitative 

 

The deployment reduced inspection time by nearly 60%, 

minimized human bias, and enabled standardized reporting. 

9.7. Scalability 

Because the system runs entirely on edge hardware: 

1) multiple units can operate in parallel 

2) no internet dependency 

3) minimal setup time 

4) easily transferable between sites 

This makes the framework suitable for large-scale indus-

trial adoption. 

10. Discussion and Conclusion 

10.1. Discussion 

The experimental results demonstrate that integrating deep 

learning, transformer-based context modeling, and reinforce-

ment learning–driven scan optimization significantly improves 

the reliability and efficiency of industrial tube inspection. The 

proposed framework consistently outperformed traditional 

threshold-based and single-network baselines across all evalua-

tion metrics, achieving higher detection accuracy while simul-

taneously reducing inspection time. The hybrid CNN–ViT ar-

chitecture proved particularly effective in handling challenging 

industrial conditions such as low illumination, specular reflec-

tions, and motion blur. While convolutional layers captured 

fine-grained corrosion textures and local surface irregularities, 

the transformer encoder provided global contextual reasoning 

that improved detection of elongated and irregular defects, in-

cluding cracks and extended scaling regions. This complemen-

tary behavior explains the substantial accuracy gain observed 

over CNN-only models. The reinforcement learning module 

contributed primarily to operational efficiency. Instead of uni-

formly scanning the entire tube, the agent dynamically allocated 

attention to high-risk regions, increasing sampling density near 

suspected defects while accelerating through clean areas. This 

adaptive strategy reduced redundant frame processing and 

shortened inspection time without compromising recall. From a 

practical perspective, this balance between speed and detection 

reliability is critical during time-constrained industrial shut-

downs. Another important outcome is the introduction of the 

Tube Health Index (THI), which transforms raw detections into 

an interpretable severity score. Unlike binary defect classifica-

tion, the THI provides quantitative prioritization, enabling 

maintenance teams to schedule repairs based on risk level rather 

than subjective judgment. This bridges the gap between com-

puter vision outputs and actionable engineering decisions. De-

spite these strengths, certain limitations remain. Detection per-

formance for extremely small defects is constrained by camera 

resolution and lighting variability. Additionally, rare defect 

classes such as micro-cracks remain underrepresented in the da-

taset, which may affect generalization. These observations mo-

tivate further enhancements discussed in the next section. 

Overall, the results confirm that combining data-driven in-

telligence with domain-aware design leads to a practical and 

scalable solution for real-world non-destructive testing. 

10.2. Future Work 

Although the proposed framework demonstrates strong per-

formance under real industrial conditions, several directions re-

main for further improvement and expansion. First, incorporat-

ing multi-modal sensing could enhance defect characterization. 

Combining visual data with ultrasonic, eddy current, or infrared 

modalities may improve detection of subsurface or early-stage 

defects that are not visually apparent. Sensor fusion techniques 

could provide complementary information and increase overall 

reliability. Second, future work will explore self-supervised and 

semi-supervised learning strategies to reduce dependence on 

manual annotations. Industrial inspection datasets are costly to 

label, and leveraging unlabeled video streams could signifi-

cantly scale training efficiency. Third, model compression and 

hardware-aware optimization will be investigated to further re-

duce latency and power consumption on embedded devices. 

Techniques such as knowledge distillation, neural architecture 
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search, and lightweight transformer designs may enable faster 

inference while maintaining accuracy. Fourth, temporal model-

ing approaches such as video transformers or recurrent net-

works may better exploit sequential information across frames. 

Tracking defect evolution over time could improve localization 

consistency and reduce false positives. Finally, expanding the 

dataset across multiple plants, materials, and operating condi-

tions will strengthen generalization and enable cross-site de-

ployment. Large-scale validation will support development of 

standardized inspection benchmarks for industrial non-destruc-

tive testing. 

These enhancements will move the system closer to fully 

autonomous, intelligent inspection capable of operating con-

tinuously with minimal human intervention. 

10.3. Conclusion 

This paper presented an AI-driven multi-modal vision 

framework for automated detection and quantification of tube 

blockages and surface defects in industrial heat exchangers. 

The proposed system integrates image preprocessing, hybrid 

CNN–ViT feature learning, reinforcement learning–based 

scan optimization, and a quantitative Tube Health Index to de-

liver accurate, scalable, and objective inspection outcomes. 

Validation on a real-world dataset comprising 353 heat ex-

changer tubes demonstrated that the approach significantly 

outperforms traditional and single-model baselines, achieving 

94.6% detection accuracy while reducing inspection time by 

approximately 60%. The framework enables real-time edge 

deployment, minimizes operator dependency, and provides 

actionable health scoring for maintenance prioritization. 

By combining advanced computer vision with practical en-

gineering constraints, the proposed solution bridges the gap 

between academic research and industrial application. The 

system offers a deployable pathway toward reliable, autono-

mous, and cost-effective non-destructive testing in large-scale 

energy and process industries. 

Overall, the results highlight the potential of intelligent in-

spection technologies to improve safety, reduce downtime, 

and enhance asset longevity across critical infrastructure 

systems. 

Abbreviations 

AI Artificial Intelligence 

CNN Convolutional Neural Network 

ViT Vision Transformer 

RVI Remote Visual Inspection 

NDT Non-Destructive Testing 

THI Tube Health Index 

FPR False Positive Rate 
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