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ABSTRACT 

 
Scale formation is a problem that affects the performance of industrial process systems, 

reducing thermal efficiency, consuming extra energy, and causing equipment breakdown. 

But so far, although identification and classification of scale type are also of vital 

importance in industry, there is still no automatic scale identification system available to 

scale types from a visual perspective. However, the automatic identification of organic 

scale on boiler has not been studied in the prior research. In this paper, the first such system 

is proposed based on machine learning and deep learning to classify boiler scale deposits 

from the real industrial images that, belonging to the most frequent types (CaCO3, Fe3O4, 

Miscellaneous Scales), discriminated so far. A real world dataset was created with the 

images obtained directly from the operation of the boiler systems of the industries in 

Bangladesh and were annotated by the experts of the domain. To improve the model 

accuracy and robustness, we tested different pre-processing pipelines and feature extraction 

methods including classical descriptors (HOG, LBP, GLCM), CNN embeddings (VGG16, 

2DSCN), and hybrid methods. Between the classical machine learning classifiers the 

optimized XGBoost attained the highest accuracy of 90.12%. In the realm of deep 

learning, we introduce a ScaleNet V1 with custom-designed blocks inspired by both deep 

residual networks and squeeze-and-excitation modules, which also includes a trainable 

attention module and is designed in Keras Tuner. The results showed that ourScaleNet 

V1outperformed conventional networks such as EfficientNet V2L,, MobileNet V2 and 

ResNet18, by achieving a test accuracy of 93.42%, lower prediction latency, and higher 

class-wise results. We validated the contribution of each architectural component with an 

ablation study and performed LIME-based explainability during the training phase of the 

model, gaining interpretability of model decisions, and improving the industrial 

applicability and trust. The proposed framework provides for the first time a scalable, 

interpretable, efficient and real-time solution for the boiler scale monitoring, which can 

constitute another benchmark in intelligent maintenance systems in industrial process 

optimization. 
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CHAPTER 1 

INTRODUCTION 

 1.1 Introduction 

Boilers are employed in various industries such as heating systems, power systems and 

their processes and many other industries that can’t possibly function without using heat, 

such as manufacturing or processing, depends upon the thermal power to perform 

mechanical work or for chemical processing, hence they are essential for industries. 

Smelly water, loud noises and leaking from bursting hoses are some of the ongoing 

problems but one constant issue is scale deposits on internal surfaces from dissolved 

impurities in feed water. The deposits usually contain calcium carbonate, long with iron 

oxides and other mineralogical elements, causing a great decrease in heat transfer 

efficiency, fastening of fuel consumption, corrosion and, in severe cases, a damage 

leading to a boiler breakdown. Accordingly, prediction and correct classification of boiler 

scale types is vital especially in predictive maintenance and industrial safety and 

efficiency [1], [2]. 

Generally, the scale detection method relies on the experience of a probe's technology 

and component analysis, which is a time consuming and labor-intensive process and not 

suitable for large-scale industrial field monitoring on-line [1]. Machine learning (ML) and 

deep learning (DL) have the potential to automate visual inspection in several industrial 

fields [1], [2], [3]. Nevertheless, the current approaches remain generally applied to the 

basic detection of defects and encounter difficulties in the classification of boiler scales 

on account of the large number of visual parallels and texture liplaps among various 

scales. This limitation highlights the necessity of using a dedicated framework for boiler 

scale classification. 

To address these limitations, our study introduces an interpretable, robust and scalable 

deep learning based system to automatically classify the fouling content of industrial-scale 

boiler images. This work is also done in collaboration with industrial partners in 

Bangladesh which is the first time of its kind in the area of sustainable shipping and we 

have been able to build a database through these partners through their modern fleet data 

for Bangladesh. This data captures the real-world diversity through three major types: 
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Calcium Carbonate Scale, Iron Oxide Scale, and Miscellaneous Scale Types. The paper 

systematically investigates various preprocessing pipelines and deep feature extraction 

methods, as well as diverse machine learning classifiers. We also propose a new custom 

architecture called ScaleNet V1 (also custom) which is tuned with Keras Tuner technique 

and finally it is built on top of various state of the art modules such as the residual 

connections and the attention modules and the squeeze-and-excitation networks to name 

a few. 

The proposed technique demonstrates encouraging potential and is verified with 

extensive experimental results. ScaleNet V1 could change the game in real deployment of 

boiler applications with better classification accuracy, generalization, and inference time, 

thus a bright future of industrial maintenance. 

The main contributions of the proposed work are as follows: 

• Novel Dataset for Boiler Scale Classification: We present a newly collected and 

carefully annotated dataset of industrial boiler scale images corresponding to 

real world factory environments in Bangladesh and divided into Calcium 

Carbonate, Iron Oxide, and Miscellaneous scales. This dataset targets a novel 

aspect of computer vision and industrial maintenance. 

• Custom Deep Network - ScaleNet V1: We introduce ScaleNet V1, a new 

hybrid CNN architecture tailored for high accuracy scale classification. The 

model is built up by residual blocks, a developed attention mechanism and SE 

modules, which is capable of extracting both local texture and global context 

that are important for distinguishing visually similar scale types. To thoroughly 

evaluate, we benchmarked on several state-of-the-art CNN models 

(EfficientNet V2L, MobileNet V2, ResNet18) and compare with them and 

show the superiority of our ScaleNet V1 w.r.t test accuracy (93.42%), 

prediction time and class-level robustness. 

• Extensive Preprocessing and Augmentation: Extensive testing of various image 

enhancement and augmentation approaches (e.g., CLAHE, contrast scaling, 

gamma correction) resulted in establishing the most effective preprocessing 

pipeline for generalization and robust model training. 
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• Feature Extraction Benchmarking: We compare several conventional as well 

as deep feature extraction methods including 2DSCN + SIFT, LBP, GLCM, 

and pretrained VGG16 with a combination of local descriptors and contrastive 

learning approach achieved the best performance in ML. 

• ML Model Selection and Tuning: From 11 traditional ML classification 

models, we selected and optimized a lightweight and high-performance ML 

model (Tuned XGBoost) with a Randomized Cross-Validation over 900 

parameter settings, striking a balance between accuracy and inference 

efficiency. 

• Explainability using LIME: To make our method transparent, reliable and safe 

for industrial settings, we included LIME (Local Interpretable Model-Agnostic 

Explanations), through which domain experts can trace which image regions 

led to the decision made by the model. This is sugar for trust, and fuel for 

performant diagnostics. 

This paper advances the state-of-the-art on intelligent maintenance systems by bridging 

the gap between computer vision and a domain-specific industrial problem, showing a 

reliable and explainable approach for boiler scale classification automation. 

1.2 Motivation 

Industrial boilers are a critical part of the fabric of many manufacturing and energy sectors 

today, and the size of the loss for even a fraction of inefficient operation can be highly 

detrimental to the economy and the industry. If there is a menace to boiler efficiency, one 

that is arguably most pervasive is the build-up of scale deposits, especially of calcium 

carbonate, iron oxide, and minerals. These deposits hinder heat transfer, increasing fuel 

use and material degradation. The automobile scale types are identified and classified 

through manual or chemical methods, which are time-consuming, inconsistent, and far 

from adaptable to the modern industrial scalability demand. 

The invention of computer vision and deep learning realistically can provide a paradigm 

shift in automating this classification process with accuracy and efficiency. However, 

image-based boiler scale classification has not been studied yet, creating a significant lack 
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in the existing intelligent maintenance systems. Motivated by the need for accurate, real-

time, and interpretable AI-based solutions, this research will enable industries to make 

decisions ahead of time to avoid downtimes and increase operational efficiency. 

 

1.3 Rationale of the Study 

There has been no previous automated work on visual boiler scale classification, 

validating the need for the current study due to the importance of the task to industrial 

safety and costs. Existing inspection activities are human error-prone, relatively small, 

and more reactive than preventive. We introduce a deep learning-based classification 

framework trained on a novel real-world dataset to fill the gaps between industrial 

inspection needs and AI-driven automation. 

In addition, ScaleNet V1 is a base model with attention-based probes, residual 

connections, and squeeze-and-excitation modules, designed as a customized architecture 

for this particular classification challenge. We also use LIME to enhance explainable AI 

integration in a manner that promotes its practical adoption via interpretation and trust in 

the model predictions by industrial stakeholders. Therefore, it is significant for practice, 

academia, and technology to improve intelligent inspection systems in the industry. 

1.4  Research Questions 

The investigation should be headed and based on where contributions are focused, and the 

study intends to answer the following important research questions: 

RQ1: Can we create a deep learning model to correctly classify boiler scale images into 

their classes (Calcium Carbonate, Iron Oxide, Miscellaneous)? 

RQ2: What are the best image preprocessing and feature extraction methods for obtaining 

scale classification accuracy? 

RQ3: ScaleNet V1 model vs. existing state-of-the-art ML & DL models: What are the 

improvements in the parameters of interest (e.g., generalizability, accuracy, efficiency) of 

the proposed ScaleNet V1 model with respect to existing methods? 

RQ4: Are interpretability methods such as LIME used to explain model predictions in an 

industrial setting? 
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RQ5: What are their feasible compromises regarding model performance, prediction 

time, and the ability to classify in practice? 

1.5 Expected Output 

This research is expected to produce the following outcomes: 

• An image dataset of boiler scale images categorized by experts in their field. 

• ScaleNet V1 a deep learning backbone that has been customized for classification 

tasks like this one and out-performed general CNN architectures 

• Selection of optimal preprocessing and feature extraction methods for boiler scale 

images 

• Full benchmarking of standard ML and deep learning models with respect to 

accuracy, prediction time, and class/target-wise benchmarking. 

• Implementation of an explainable AI framework with LIME, which gives the user 

a visual understanding of the model decision-making for real-world application 

• ScaleNet V1 ablation study for analyzing performances of architectural 

components 

• An automated classification system that is reproducible, efficient, scalable, and 

can be deployed in industrial maintenance pipelines for real-time decisions. 

1.6 Project Management and Finance 

The research work doesn’t get fund from any individuals or organization.  

1.7 Report Layout 

Chapter 1 sets out the study's background, aims, and main research questions. In Chapter 

2, brief summaries of the literature review are presented. We explain the method 

thoroughly in Chapter 3. In Chapter 4, we present the experimental results of the paper. 

Chapter 5 presents the affordance plan and the social and environmental impacts, as well 

as discusses ethical aspects. Chapter six's last chapter summarizes the present study and 

proposed approach for further studies. 
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CHAPTER 2 

BACKGROUND 

2.1 Boiler Scale and Its Industrial Effects 

Boiler scale, originating mainly from mineral impurities in feedwater, is still a major issue 

in industrial thermal equipment. Typical types are calcium carbonate, iron oxide, 

chromium oxide and silica-type compounds. These deposits cause decrease in heat 

transfer and increase in operation costs which results in degradation and failure of 

equipment [4], [5]. Conventional detection approaches, for example visual detection 

analysis, XRD and SEM, are typically time-consuming, labor-intensive and do not provide 

real time or scalable solutions [5]. 

2.2 The Requirement for An Intelligent Boiler Inspection 

Manual and chemical detection methods are commonly utilized, but are subjective, have 

a slow turnaround, and can cause downtime when not properly performed. Recent study 

highlights the need for intelligent, autonomous classification systems for predictive 

maintenance, efficiency improvement, and scaling in large-scale industrial infrastructures 

[6], [7], [8]. Yet, no prior research has addressed the machine/deep learning-based 

classification of boiler scale deposit to our knowledge, therefore this work is pioneering 

in this field. 

2.3 Relate work in Machine Vision for Industrial Defect Detection 

In industrial sectors (e.g., corrosion detection, crack identification, weld inspection, etc.), 

machine vision systems have been extensively utilized. Early systems were based on 

traditional image processing techniques) (rule-based thresholding, statistical filters, 

handcrafted features (e.g., LBP, GLCM)) for detection of the surface anomaly [8], [9]. 

Such methods, although fast and interpretable, are not adaptive to subtle, complex, or 

erratic defects. 
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With the emergence of deep learning, CNN structure models such as ResNet, VGG16, 

EfficientNet and YOLO have shown great capability, generalization and real-time in defect 

classification tasks [10], [11], [12]. 

2.4 Machine Learning and Feature Engineering for Industrial Image Classification 

If combined with strong pre-processing and feature extraction mechanisms, classifiers like 

Random Forest, SVM, XGBoost are widely used for surface level classification [13],[14]. 

Common pre-processing measures, for instance, contrast stretching, histogram 

equalization and bilateral filtering are used for enhancing the quality and consistency of 

the images. Texture-based features like GLCM, LBP or SIFT and HOG features are also 

powerful in practice, especially when used in conjunction with ensemble classifiers or deep 

features [15], [16]. 

2.5 Deep Learning Models and Improvements 

Industrial classification tasks have been revolutionized by deep learning. Classical 

architectures are also used in some research for detecting surface defects, such as VGG16, 

ResNet, EfficientNet, and Inception, which can hierarchically learn the features [17], [18]. 

Recent works have incorporated attention mechanisms, SE blocks and residual 

connections, in order to further boost performance and interpretability of the model, and to 

better focus on task-related features and to avoid the vanishing gradient [19], [20], [21]. 

Various methods have been proposed for developing domain-specific custom CNN 

architectures or hybrid models for domain-specific tasks that significantly outperform 

standard networks since they have stronger context sensitivity and modular structure [22], 

[23], [24]. 

2.6 Data Complexity in Industrial Classification 

Datasets in industrial settings Face class imbalance, low sample size andThere is uneven 

quality in the images. Although, there are many publicly available datasets for types of 

defects such as corrosion, steel surface defects, spot weld faults etc., no standard dataset 
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exists for boiler scale classification. This again underscores the novelty and importance of 

the datasets, like the one proposed in this study [25], [26], [27]. Approaches such as data 

augmentation, GAN-based synthesized data, cost-sensitive learning are widely used for 

addressing such problem [28], [29], [30]. 

2.7 Metrics and Explainability in Industrial Models 

Accuracy, precision, recall, and F1-score are still the traditional evaluation measures that 

are used for comparison of the performance of various classifiers. Nevertheless, the 

deployment in the context of the real-time scenario requires both computational tradeoffs 

and smallish models [31], [32]. Techniques such as LIME and Grad-CAM as well as other 

attention-based visualization methods are introduced to aid model interpretation, toward 

industrial use and compliance with regulations [33]. 

2.8 Perceived Gaps and Direction of Research 

Even though there exists a plenty of literature on industrial inspection and defect 

classification, to the best of our knowledge, the classification of boiler scale has not been 

considered with ML or DL. The bottleneck of the domain lies in its challenging issues: 

overlapping visual content, inconsistent temporal patterns, and absence of dataset 

annotation [34], [35], [36]. This gap is bridged by this study, where: 

• A new real-world dataset, 

• A custom hybrid CNN architecture and 

• The integration of explainability tools for practical deployment. 

The research not only contributes technical advancements but also establishes a new 

subdomain in intelligent industrial maintenance systems. 
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CHAPTER 3 

RESEARCH METHOLOGY 

3.1 Proposed Methodology/Applied Mechanism 

This methodology focuses on detecting boiler scale using advanced machine learning and 

deep learning techniques. It ensures accurate and explainable results to support effective 

decision-making in industrial settings. 

 

Fig 3.1: The working process to perform Brain disease prediction 

3.2 Data Collection 

The focus of this research, the boiler scale industrial image data, was directly gathered 

from various factories in Bangladesh. It was intended to discover and classify the most 



 

 

©Daffodil International University                                                                                 10  

 

common fashions of scale deposition of industrial boilers on account of the particular 

water chemistry of the country. The dataset was categorized by Ministry of Industry 

experts in Bangladesh. The dataset was annotated divided into three main categories as 

follows: 

Calcium Carbonate Scale: 415 images(class having the highest number of scale) This is 

because the proportion of calcium and scale in the water in Bangladesh is going up but the 

causes of scaling in industrial boilers have increased mainly because the water system of 

the country is no longer the same as it used to be. 

Scale Pictures: This Album (269) Iron Oxide Scale: This Album (6 pictures) Idiopathic 

boiler scales are less common than calcium carbonate scales and iron oxide scales are 

usually the result of corrosive conditions in the boiler itself. 

Others: 278 images; This class considers rare scales of formations, e.g., Silica Scale, 

Magnesium Silicate Scale, and etc. Since they have a low number of samples each, we put 

them all together and designated them as "Others" so as that they could be equally 

considered for classification without favor the model. 

A visual breakdown of the dataset distribution is shown in Figure 3.2. 

 

Fig. 3.2: Images of Different Types of Scales from Boiler Machines 

 

3.3 Data Preparation 

We conducted certain necessary preprocessing on the collected dataset so that the model 

runs at its peak and generates correct results. Images were resized and normalized to the 
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same input size and pixel intensity. Same for the dataset, it was shuffled to avoid any 

affinity bias in training the model. 

3.3.1 Train-Test Split 

For the limited number of records, the data were divided into training and testing parts with 

a common 75%-25% proportion to verify the performance of the model. This approach 

fishes out the most from the data and also checks its accuracy on a chunk of the data that 

it has not seen before ( that provides a good approximation of its generalization ability)`. 

These included 719 for training and 243 for testing. This 50/50 division is arbitrary in the 

sense that class balancing was preserved, and the representativeness of each type in the 

scale was maintained after splitting. The split was done immediately after data acquisition 

and prior to any data preprocessing and model selection, to avoid leakage or bias. The 

splits were also tested (eg. 80%-20%, 70%-30%) with the base model but we chose to use 

the 75%-25% split for all the subsequent experiments since not only they gave the most 

accurate answer but also demonstrated that the parameters generalized well. 

3.3.2 Data Augmentation 

As the dataset is small, the model can overfit to the few examples in the dataset so in 

optimization scenarios with respect to those with some data augmentation to generalize 

better. This procedure artificially modifies and augments the training set by randomly 

transforming the input images. 

The requirement of augmentation in this work is essential, since industrial image samples 

will tend to contain significant variability in illumination condition, orientation and 

position. This makes the model robust to real world boiler variations as these are 

incorporated during the training. 

The augmentation pipeline was applied to each and every original image in the training 

set to generate triple augmented images for every original input image. Thus, the number 

of training samples increased significantly, while the original stratification of the classes 

was maintained. We provide the list of properties employed for data augmentation in the 

following: 
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Table 3.1: Image Augmentation Parameters Used in the Study 

Augmentation Type Value/Range 

Rotation Range 20 degrees 

Width Shift Range 0.2 (20% of image width) 

Height Shift Range 0.2 (20% of image height) 

Shear Range 0.15 

Zoom Range 0.2 

Horizontal Flip Enabled 

Brightness Range 0.7 to 1.3 

Fill Mode Nearest Neighbor 

 

 

Fig. 3.3: Sample image and its augmented versions using the defined augmentation 

pipeline. 

3.3.3 Image Preprocessing 

In order to satisfactorily preprocess the acquired images for training with a deep learning 

model, all images were resized to 224 by 224 pixels. This resizing made the input shape 

uniform across all images in the dataset, to help convolutional neural networks such as 

Inception V3 and VGG16, which are typically used for industrial image classification 

tasks, work best. 
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A variety of preprocessing methods were tested in an effort to enhance image quality and 

separation. Each method was utilized and evaluated with training the Inception V3 network 

for 10 epochs and then testing its performance based on various metrics. The preprocessing 

methods compared were: 

CLAHE: Contrast Limited Adaptive Histogram Equalization (CLAHE) enhances local 

contrast of the image, particularly in low dynamic range areas. The histogram equalization 

is applied to the localized grid tiles and after that these are combined. 

Equation (for pixel 𝑝’s histogram equalization): 

                                           𝑝′ =
𝐶𝐷𝐹(𝑝)−𝐶𝐷𝐹𝑚𝑖𝑛

1−𝐶𝐷𝐹𝑚𝑖𝑛
× (𝐿 − 1)                                                (1) 

 𝐶𝐷𝐹(𝑝)in Equation 1 is the cumulative distribution function at pixel intensity p, 𝐿 is the 

range of possible intensity levels. 

Contrast Enhancement: In this method the intensity level is scaled to highlight edges and 

patterns and then image is shifted to 8bit scale (0–255). 

                                         𝑝′ = ((𝑝 − 𝑝𝑚𝑖𝑛)/(𝑝𝑚𝑎𝑥 − 𝑝𝑚𝑖𝑛)) ∗ 255                               (2) 

where 𝑝′ (Equation 2) is a pixel value, 𝑝𝑚𝑖𝑛 and 𝑝𝑚𝑎𝑥 are the minimum and maximum 

pixel intensity, respectively. 

Gamma Correction: Gamma correction nonlinearly changes the brightness to emphasize 

features in the darker or lighter areas. 

                                                         𝑝′ = 255 × (
𝑝

255
)

γ

                                                         (3) 

where γ (Equation 3) is the gamma (commonly 1 to darken). 

Noise Reduction: This approach employs denoising filters (e.g., median or Gaussian blur) 

after enhancement to reduce random noise, which may introduce in the real-world factory 

images. 

                                                 𝐺(𝑥, 𝑦) =
1

2πσ2  𝑒
−

𝑥2+𝑦2

2σ2                                                      (4) 

In Equation 4, 𝐺(𝑥, 𝑦): The value of the Gaussian kernel at position (𝑥, 𝑦), σ: Standard 

deviation (controls the "spread" of the blur), (𝑥, 𝑦): Coordinates in the kernel 
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VGG16 Preprocessing: This applies the VGG16's default preprocessing function 

(subtracting the mean based on the ImageNet dataset): 

                                                         𝑝′ = 𝑝 − μ                                                                  (5) 

where μ (Equation 5) is the channel-wise mean (e.g., [103.939, 116.779, 123.68] for 

BGR). 

The following preprocessing pipelines were tested: 

i. Grayscale + CLAHE (Contrast Limited Adaptive Histogram Equalization) 

ii. Contrast Enhancement + Unit 8 Conversion 

iii. Unit 8 Conversion + Enhancement + Gamma Correction 

iv. Unit 8 Conversion + Enhancement + Noise Reduction 

v. VGG16 Preprocessing (using the built-in preprocessing function for VGG16) 

Each pipeline was assessed based on training and testing accuracy, loss, and 10-fold cross-

validation accuracy. The best-performing approach in terms of balanced generalization and 

training performance was Unit 8 Conversion + Enhancement, which offered a strong 

combination of accuracy and low loss. 

 

3.3.4 Feature Extraction for Machine Learning (ML) Models 

Different feature extraction techniques were attempted to produce a robust pipeline in the 

machine learning for boiler scale ML classification. We desired to uncover which method 

can provide the most discriminative description, and how to describe the scale patterns 

and the surface textures of the industrial images more effectively. Inspired by the literature 

review, we proposed complexities in feature extraction algorithm also held in combination 

with KNN and best executed feature extraction algorithm with trade-off among training, 

cross-validation, and test accuracy was selected. We include both, classical image 

processing and deep learning-based solutions in the spectrum of employed feature 

representations, which involves different image properties. 
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HOG (Histogram of Oriented Gradients): Captures the gradient structure and edge 

orientation, ideal for identifying shapes and patterns. Equation 6 and 7 for Gradient 

magnitude and orientation: 

                 𝐺𝑥 = 𝐼(𝑥 + 1, 𝑦) − 𝐼(𝑥 − 1, 𝑦),  𝐺𝑦 = 𝐼(𝑥, 𝑦 + 1) − 𝐼(𝑥, 𝑦 − 1)                       (6) 

                               Magnitude = √𝐺𝑥
2 + 𝐺𝑦

2,  θ = tan−1 (
𝐺𝑦

𝐺𝑥
)                                           (7) 

GLCM (Gray-Level Co-occurrence Matrix): Analyzes texture by computing how often 

pixel pairs with specific values and spatial relationships occur. Key Features equations 8,9 

which used to calculate Contrast, Homogeneity 

                                                Contrast = ∑ |𝑖 − 𝑗|2𝑃(𝑖, 𝑗)𝑖,𝑗                                                (8) 

                                              Homogeneity = ∑
𝑃(𝑖,𝑗)

1+|𝑖−𝑗|𝑖,𝑗                                                     (9) 

LBP (Local Binary Pattern): Encodes texture by thresholding each pixel's neighborhood. 

And Equation 10 used for the LBP calculation. 

                                            𝐿𝐵𝑃(𝑥𝑐, 𝑦𝑐) = ∑ 𝑠(𝑖𝑝 − 𝑖𝑐)𝑃−1
𝑝=0 ⋅ 2𝑝                                         (10) 

where 𝑥=1 if 𝑥≥0, else 0; 𝑖𝑐 is the center pixel and 𝑖𝑝 are the neighboring pixels. 

VGG16 Feature Extraction: Uses intermediate layers of the pre-trained VGG16 CNN to 

extract deep visual features. These representations encode semantic and abstract 

information useful for classification. 

2DSCN (Two-Dimensional Supervised Contrastive Network): Learns feature 

representations by contrasting positive and negative sample pairs in a supervised manner. 

Contrastive Loss Function: 

                                     L = ∑(𝑖, 𝑗)𝑦(𝑖𝑗) ⋅ 𝐷(𝑖𝑗)
2 + (1 − 𝑦(𝑖𝑗)) ⋅ 𝑚𝑎𝑥(0, 𝑚 − 𝐷(𝑖𝑗))

2
            (11) 
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where 𝐷(𝑖𝑗) is the distance between feature vectors, 𝑦(𝑖𝑗) is 1 for similar pairs and 0 

otherwise, and 𝑚 is the margin. 

SIFT (Scale-Invariant Feature Transform): SIFT extracts and describes scale-, rotation- 

and partly affine-invariant local features from images. It involves four key steps:  

Scale-Space Extrema Detection: Candidate interest points are found by convolving the 

image with Gaussian filters at different scales and then computing the Difference of 

Gaussians (DoG), 

                                                  𝐷(𝑥, 𝑦, σ) = 𝐿(𝑥, 𝑦, 𝑘σ) − 𝐿(𝑥, 𝑦, σ)                                       (12) 

where 𝐿(𝑥, 𝑦, σ) is the image convolved with a Gaussian of scale σ, and k is a constant 

multiplicative factor. 

Key point Localization: Key points are then detected by finding maxima/minima over DoG 

images, and refined based on Taylor expansion around the extremum: 

                                                                  𝑥̂ = −
∂2𝐷−1

∂𝑥2 ⋅
∂𝐷

∂𝑥
                                                     (13) 

Orientation Assignment: An orientation is assigned to each key point in reference to the 

gradient direction of the local image patch: 

                                                   θ(𝑥, 𝑦) = tan−1 (
𝐿(𝑥,𝑦+1)−𝐿(𝑥,𝑦−1)

𝐿(𝑥+1,𝑦)−𝐿(𝑥−1,𝑦)
)                                 (14) 

2DSCN + SIFT Combination: Combines the strengths of both deep contrastive learning 

and local feature descriptors, yielding rich multi-scale representations. 

3.4 Machine Learning Models for the Image Classification 

After feature extraction, several traditional machine learning classifiers were trained and 

tested for the optimal classifier in boiler scale image classification. The chosen models are 
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representative of an extensive range of learning strategies, due to their ensemble-based and 

classical learning methods. 

The models under consideration are the: 

• XGBoost 

• Logistic Regression 

• LightGBM 

• K-Nearest Neighbors (KNN) 

• Support Vector Machine (SVM) 

• Random Forest 

• Gradient Boosting 

• AdaBoost 

• Decision Tree 

• Naïve Bayes 

The optimal classifiers were evaluated on features derived from the top performing pipeline 

and compared to select the best performing classifier for deployment. 

3.4.1. Hyperparameter Tuning ML Model 

To at least maximize the top performing machine learning model, a full hyperparameter 

tuning process was carry out through Randomized Cross-Validation (Randomized CV). 

This method has the capacity to efficiently search through a high-dimensional parameter 

space (which is expensive to evaluate), without relying on naive grid search. 

Random 900 combinations were picked and tested. Randomization of the approach 

allowed for parameter space to be further explored, therefore increasing the likelihood of 

the discovery of a globally optimal parameter set. 

The obtained best parameters as suggested Based on guideline Extracted from this 

experiment were further used to fine-tune our model on the training and secret sets and 

assess its prediction capabilities on a test set. 

3.5 Deep Learning Model Construction 

In order to enhance classification performance in addition to on-the-shelf machine-learning 

methods, various transformer-based and convolutional deep learning architectures were 



 

 

©Daffodil International University                                                                                 18  

 

explored. For each model, performance and computational effectiveness were considered. 

The implemented models are as follows: 

 

EfficientNet V2L: 

EfficientNet V2L represents a high-end model in the EfficientNetV2 family. It build on 

top of the previous works by adding Fused-MBConv layers for more expedited execution 

and better parameter efficiency. It also benefits from progressive learning strategy where 

we feed training input images of increasing resolution. This architecture is suitable for 

large-scale image classification, with efficient training time and enhanced accuracy. 

 

Fig. 3.4: EfficientNet V2L architecture 

MobileNet V2: 

MobileNet V2 has been designed with a focus on edge devices and mobile. It uses inverted 

residual blocks and linear bottlenecks to allow the model to keep high performance, while 

also reducing the size and latency. It has a lightweight structure, making it suitable for 

realtime applications on resource constrained devices. 
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Fig. 3.5: MobileNet V2 architecture 

EfficientNet B0: 

EfficientNet B0 is the baseline model of the EfficientNet family. It systematically scales 

the network dimensions such as depth, width, and resolution in a compound manner. By 

using MBConv blocks and swish activation it achieves good performance with less number 

of parameters than classic models. 

 

Fig. 3.6: MobileNet B0 architecture 
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VGG16: 

VGG16 is simple and deep. It places multiple 3x3 CONV layers in a uniform block 

architecture with then FC layers. Although it is relatively heavy computationally, it 

presents a natural and understandable structure being widely used as a benchmark in 

classification problems. 

 

Fig. 3.7: VGG16 architecture 

Xception: 

It can be regarded as an extension of the Inception family, in which Inception-type of 

modules would be replaced with depth wise separable convolutions, without internes. The 

resulting model preserves high accuracy with fewer computations and fewer parameters so 

that it can be scaled up efficiently to larger scale data. 

 

Fig. 3.8: Xception architecture 

ResNet-18: 

ResNet-18 develops the concept of residual connection, which facilitates stable training of 

deeper networks, in the sense that it helps to alleviate the vanishing gradient issue. Every 

residual block enables the model to “skip” connections which allows information to pass 
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through to various different layers. This allows intermediate representation learning 

without loss, even with relatively deep networks. 

 

Fig. 3.9: ResNet 18  architecture 

 

3.6 Customized Model Development 

In order to explore the state-of-the-art performance and alleviate the drawbacks of existing 

off-the-shelf architectures, we construct a novel deep model by combining multiple 

advanced modules, including CNN, Attention Mechanism, Squeeze-and-Excitation (SE) 

Network and Residual Fusion Strategy (RFS). This hybrid architecture was designed to 

capture global and local discriminative features from boiler scale images by combing the 

advantages of deep residual learning and dynamic feature recalibration. 

3.6.1 Model Components 

Convolutional Layers (CNN Backbone): The architecture of the model is built on 

convolutional layers to model spatial hierarchies in the image. At each layer, convolutional 

filters are used to obtain local patterns: 

                                 𝐹(𝑖, 𝑗) = (𝐼 ∗ 𝐾)(𝑖, 𝑗) = ∑ ∑ 𝐼(𝑖 + 𝑚, 𝑗 + 𝑛)𝑛𝑚 ⋅ 𝐾(𝑚, 𝑛)             (15) 

Where, I is the input image and K is the convolutional kernel. 

Squeeze-and-Excitation (SE): The Squeeze-and-Excitation (SE) blocks follow the 

architecture of ResNet and are closely followed by other state-of-the-art methods to 

improve representation in CNN's and have been proven effective. SE blocks re-weight 

feature maps by capturing inter-channel dependencies. The Global Average Pooling is 

performed for the "squeeze" operation as follows: 

                                                 𝑧𝑐 =
1

𝐻×𝑊
∑ ∑ 𝑋𝑐(𝑖, 𝑗)𝑊

𝑗=1
𝐻
𝑖=1                                           (16) 
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with two fully connected layers for learning the excitation weights sc  that are employed to 

re-scale the input features: 

                                                                𝑋𝑐̃ = 𝑠𝑐 ⋅ 𝑋𝑐                                                    (17) 

Residual Fusion Strategy (RFS): The proposed architecture considers the features from 

Fusion unit and Attention Unit. Residual connections ease the task of training deep models, 

due to the improved flow of gradients and the possibility to reuse feature information. 

Each residual block is formalized as: 

                                                              y=ReLU(F(x)+x)                                             (18) 

where F(x) is the transformation composed of convolution, batch normalization, and SE 

block layers. 

Custom Attention Mechanism: A trainable attention layer is added to highlight the most 

informative spatial or channel-wise regions. The saliency scores are calculated as: 

                                                      A=softmax(XW)                                                         (19) 

where rows of A are normalized into a probability distribution. 

where X indicates the feature input, and W denotes a learned attention weight matrix. The 

output is: 

                                                            X′=A⋅X                                                                 (20) 

Fully Connected Layers: After deep feature extraction and attention refinement, the 

representation is flattened, and fed into dense layers followed by softmax activation for 

multiclass classification: 

                                                     F(x) = softmax(Wx+b)                                                 (21) 

3.6.2 Hyperparameter Optimization 

The optimization of architecture configuration was carried out based on automated 

hyperparameter search employing Keras Tuner. We sampled a total of 80 trials using 

Hyperband search strategy, searching for different combinations of: 

• Number of Convolution filters ([32, 64, 128]) 

• Dense blocks (([64, 96, 128, 160, 192, 224, 256])) 

• Dropout rates (0.2 to 0.5) 

• E_learning rates(1e-4, 1e-3, 1e-2) 
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Each trial was trained until 50 epochs with early stopping to avoid overfitting. The total 

tuning time spent took around 9 hours to compute. The model configuration with best 

result was based on the validation accuracy. 

 

3.7 Ablation Study 

In order to test the performance of competitive learning models, traditional ML classifiers, 

pre-trained DL models and the proposed fine-tuned models, a thorough analysis was done 

to check which was the best competitive model after everything. For this, the performance 

of the model with various indexes were compared, in order to find the most simple and 

precise classification methods employed in the industrial scale classification of the boiler. 

 

The criteria and methods of evaluations used were: 

3.7.1 Accuracy of training and testing: Accuracy determines what proportion of the 

instances are accurately predicted as follows: 

                                               Accuracy =
𝑇𝑃+𝑇𝑁

𝑇𝑃+𝑇𝑁+𝐹𝑃+𝐹𝑁
                                                 (22) 

Where, TP: True Positives, TN: True Negatives, FP: False Positives, FN: False Negatives. 

The training and testing accuracies were compared to find overfitting or underfitting. 

3.7.2 Training and Testing Loss: The prediction error is measured by the so-called loss 

functions. For multi-class classification, the Categorical Cross-Entropy Loss was 

employed: 

                                             𝐿 = − ∑ ∑ 𝑦𝑖,𝑐
𝐶
𝑐=1

𝑁
𝑖=1 ⋅ log(𝑦𝑖,𝑐̂)                                              (23) 

Where 𝑦𝑖,𝑐 is the true label and 𝑦𝑖,𝑐̂ is the predicted probability of class c for sample i. 

3.7.3 Prediction Time: We measured the inference speed of all the models, i.e., the total 

time of predicting all the test samples. Reduced prediction time drives the algorithm in the 

direction to hard-real-time or near-real-time applications for the industrial district. 
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3.7.4 Per-class Accuracy - Individual Class: To analyze if a model was better able to 

work on individual classes (e.g, Calcium Carbonate, Iron Oxide etc.), the model’s per-

class accuracy was taken to see if there was a class imbalance or model bias between 

different scale types. 

3.7.5 Cross-validation accuracy- Average value: The stability and transferability of the 

prediction model were assessed using 10-fold cross-validation. Error-rate averaged over 

all folds. 

3.7.6 Confusion Matrix: Confusion matrix is a table that is referenced to analyze the 

performance of a classification algorithm (or classifier) wherein each row of the matrix 

represents the instances in a predicted class while each column represents the instances in 

an actual class. It is interesting to reveal some trend of misclassification. 

3.7.7 AUC-ROC Curve  (Area Under Receiver Operating Characteristic): For multi-

class evaluation, macro-averaged AUC-ROC scores were computed. The ROC curve plots 

True Positive Rate (TPR) vs False Positive Rate (FPR) at various thresholds: 

                                               TPR =
𝑇𝑃

𝑇𝑃+𝐹𝑁
,  FPR =

𝐹𝑃

𝐹𝑃+𝑇𝑁
                                        (24) 

The AUC (Area Under the Curve) score quantifies the classifier’s ability to distinguish 

between classes. 

3.7.8 Training Curves: For each deep learning model, we plotted the training and 

validation accuracy/loss curves over epochs to investigate if the deep learning model was 

convergent and verify concerns such as over-fitting, under-fitting, etc. This multi-metric 

evaluation scheme offered a global view about sacrifices on efficiency-competence-

accuracy-speed trade-offs, that helped to select the rightest own model under deploy 

circumstances. 

3.8 Explainable AI Using LIME 
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For explanations of the predictions of both traditional machine learning and deep learning 

models we used LIME (Local Interpretable Model-agnostic Explanations) as a post-hoc 

explainability method. This was important to provide some explanation of how individual 

predictions were reached, which is particularly crucial in industrial setting, since 

interpreting why a scale is predicted to have a certain class is important to decide the 

maintenance action. 

Subsequently, LIME estimates a complicated non-linear model around any prediction by a 

local model (often linear or decision tree). This local surrogate model aids understand 

what regions of the input (i.e., image regions or pixel intensities in our case) were most 

responsible for the final prediction. 
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                                                    CHAPTER 4 

EXPERIMENTAL RESULTS AND DISCUSSION 

4.1 Preprocessing Technique Selection 

Comparison of different pre-processing steps used prior to training of the models is 

presented in Table 1 using training accuracy, training loss, 10-fold cross-validation 

accuracy, test accuracy and test loss. Among the five techniques tested, Contrast 

Enhancement and Unit 8 conversion was the most balanced and flexible approach. It 

achieved the high training accuracy 0.9688 and the low training loss 0.0684, indicating the 

nice learning process. Most importantly, the method reached a higher level of performance  

Table 4.1: Performance Comparison of Different Preprocessing Techniques 

Preprocessing 

Technique 

Train 

Accuracy 

Train 

Loss 

10-Fold Cross-

Validation 

Accuracy 

Test 

Accuracy 

Test 

Loss 

Grayscale + CLAHE 0.937 0.1402 0.9062 0.8485 0.4507 

Contrast 

Enhancement + Unit 

8 Conversion 

0.9688 0.0684 0.9306 0.8687 0.3964 

Unit 8 + 

Enhancement + 

Gamma Correction 

0.9375 0.1160 0.9097 0.8485 0.4229 

Unit 8 + 

Enhancement + 

Noise Reduction 

1.000 0.0227 0.9167 0.8586 0.4760 

VGG16 

Preprocessing 

0.9688 0.0344 0.9141 0.8384 0.5935 

 

than others in term  (best of both AUC ROC (0.711) and 10 cross cross-validation 

(0.9121), best overall testing ROC (0.8687), and lowest overall testing loss (0.3964), which 

depicted the privileged generalization performance. In contrast, the Noise Reduction 

approach fitted the training set perfectly (1.000), but it unsatisfactorily generalized to the 

test, indicating an overfit. Estimates were lower and test loss was higher for the other 

methods (Grayscale + CLAHE, Gamma correction and VGG16 Preprocessing). 
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Therefore, Contrast Enhancement + Unit 8 Conversion was selected as pre-processing 

method for all the remaining model training and testing. 

4.2 Feature Extraction Method Selection for ML Based Prediction 

Feature extraction was conducted after implementation of preprocessing method using 

popular K-Nearest Neighbors (KNN) model. The results of different feature extraction 

methods are shown in Figure 4.1. 

 

Fig 4.1: Feature Extraction Methods Results 

Figure 4.1 compares the job of seven different feature extraction methods HOG, GLCM, 

LBP, VGG16, 2DSCN, SIFT and a combination of 2DSCN and SIFT with regards to 

Training Accuracy, 10-Fold CrossValidation Accuracy, Testing Accuracy. This 

comparison reveals the consistency and generalization ability from one evaluation stage 

to another of both methods. 

Especially for 2DSCN + SIFT, it obtains the best results of 94.23% training accuracy, 

89.58% cross-validation accuracy and 82.83% testing accuracy, indicating that it has strong 

learning capacity as well as generalization to un-seen ones. In the same vein, SIFT on its 

own resulted into the best training accuracy (94.19%) but fared poorly at cross validation 

(36.81%) and testing (40.40%) accuracy and possibly overfitting. 
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Baseline approaches such as HOG and LBP had intermediate performances having 

74.75% testing accuracy for LBP, 69.70% for HOG and presented also better 

generalization than GLCM. GLCM, achieved inferior performance in all three cases, also 

evidencing restricted usefulness in this type of analysis. 

Finally, deep learning- based features extracted from VGG16 and 2DSCN demonstrated 

good balance, with VGG16 exhibiting, respectively, 88.19% and 78.79% cross- validation 

and testing accuracies, hence they may serve as strong standalone methods. 

Overall, the hybrid model (2DSCN+SIFT) achieved best performance compared with the 

rest methods, indicating that combining the advantages of hand-crafted feature and learned 

feature can be suitable for complex feature representation in ICA. 

4.3 Machine Learning Models Performance Comparisons 

In this section, we thoroughly evaluate the models we built for boiler scale types 

classification. Performance evaluation is made concerning required metrics such as the 

overall classification accuracy, class-level behavior, prediction effectiveness, and the 

diagnostic visualization. These results reveal differential predictive and utility tradeoffs of 

models. 

4.3.1 Overall Model Performance 

A brief comparison of the results for the eleven machine learning models is shown in 

(Table 4.2) framed for the training and testing values of the accuracy, precision, recall, and 

F1 score. The results are as follows: Tuned XGBoost model achieved the highest 

classification accuracy of 90.12% and with an F1 of 0.9009. All these observations imply 

a relatively good generalization property and less overfitting since the training and testing 

accuracies are so near. Other models XGBoost, Logistic Regression and LightGBM (in 

decreasing order) were also competitive but with a lower test accuracy value of 88%-89%. 

In contrast, Naive Bayes and Decision Tree have shown poor generalization ability with 

test accuracies below 80% implying that they may struggle to encapsulate overlapped or 

complex patterns features. 
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Table 4.2: Performance Comparison of Different ML models 
Model Train Accuracy Test Accuracy Precision Recall F1 Score 

Tuned XGBoost 0.9993 0.9012 0.9019 0.9012 0.9009 

XGBoost 0.9993 0.8889 0.8889 0.8889 0.8882 

Logistic Regression 0.9037 0.8848 0.8844 0.8848 0.8844 

LightGBM 0.9993 0.8848 0.8858 0.8848 0.8841 

K-Nearest Neighbors 0.9423 0.8683 0.8678 0.8683 0.8679 

SVM 0.88 0.8642 0.8693 0.8642 0.8638 

Random Forest 0.9993 0.8601 0.8601 0.8601 0.8592 

Gradient Boosting 0.9774 0.8601 0.8611 0.8601 0.8592 

AdaBoost 0.8554 0.8148 0.8212 0.8148 0.8127 

Decision Tree 0.9993 0.7942 0.7952 0.7942 0.7946 

Naive Bayes 0.757 0.7407 0.751 0.7407 0.736 

These results demonstrate how the better hyperparameter tuning and ensemble learning 

can improve model robustness and performance. 

4.3.2 Reliability of Cross-Validation 

Model stability was estimated with cross-validation analysis on various data splits. The 

mean classification accuracies are displayed in Figure 4.2. Tuned XGBoost was still the 

best model with 92.91% as the average accuracy in cross-validation, which indicates its 

robustness to the subset of data. A final note is that the other models (XGBoost and Logistic 

Regression) did not even change much at all, goes to show how strong those models are. 

The performance agreement between CV and test data also presents these models as ready 

for real-world roll-out. 
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Fig 4.2: 10-Fold Cross-Validation Accuracy of ML Models 

Such a high level of constant prediction has much value in applications where it is 

important to have reliable predictions. 

4.3.3 Trends in Class-Wise Accuracy 

Figure 4.3 presents the class-wise accuracies of the three types for Calcium Carbonate, Iron 

Oxide, and Others, to yield clear interpretable information on the model behaviour. 

Analogous tuning of XGBoost however, led to balanced and higher performance across 

all the three classes (90%, 95% and 85% accuracy respectively). Crucially, many of the 

(particularly Naive Bayes) models seem to do very badly on the Others class, hinting at a 

probable high degree of class imbalance and/or feature overlap. This class-based 

breakdown is important to interpret in real world scenarios, particularly when 

misclassification of small classes (e.g., Others) can have operational consequences. 
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Fig 4.3: Class-wise Accuracy in Different ML Models 

4.3.4 Prediction Time Comparison 

In addition, computational efficiency needs to be taken into account other than accuracy, 

especially for real-time scenarios. To visualise how the models from Figure 2 perform with 

respect to prediction time, in Figure 3, we plot avg. prediction time per test instance. As 

expected, simpler models like Logistic Regression, Decision Tree and Naive Bayes 

achieved the fastest predictions – < 1.5ms Tuned XGBoost on the other hand was relatively 

slow (in the order of 16 ms), which however is still very cheap given the superior 

predictive power. In comparison, SVM and AdaBoost provided the worst response time 

which might limit their use on real-time usage scenarios. 
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Fig 4.4 Model-wise Prediction Time on Test Data 

These results will assist in applications where speed is important along with accuracy. 

4.3.5 Confusion Matrix Interpretation 

To get a closer look of the classification results confusion matrices of 4 best models are 

shown in Figure 4.5. These plots make it clear for how many times each machine has 

right/false predicted one class. The best separation of Class was observed for Tuned 

XGBoost with minimal misclassification for Calcium Carbonate and Others. Meanwhile, 

Logistic Regression and LightGBM misclassified Calcium Carbonate to Others a little 

more, which is possible the more likely number of high basis-precision failures in 

significantly imbalanced cases. 
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Fig 4.5: Confusion Matrix of Top 4 ML Models 

This fine-grained perspective is crucial to understanding the real-world risks of false 

positive and false negative responses. 

4.3.6 ROC-AUC Curve Evaluation 

Lastly, AUC values and ROC curves determine model discrimination (Fig. 4.6). The 

optimized XGBoost showed excellent class separability with results near to the AUC 
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optimal (0.97–0.98) in all classes. XGBoost and LightGBM were close to very good 

while Logistic Regression slightly lower but still very strong AUC results, especially for 

Others. 

 

Fig 4.6: ROC curves of the leading 4ML models. 

Such high AUCs indicate that the correct models predict, and they do so confidently. 

Across all evaluation perspectives aggregate metrics, class-wise behavior, efficiency, and 

ROC confidence the Tuned XGBoost model consistently ranked highest. It combined 

predictive power with reasonable inference time and balanced class performance, making 

it the most reliable model for boiler scale classification tasks. 
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4.4 Deep Learning Models Performance Comparisons 

This section provides a comprehensive experimentation on different deep learning 

networks for the industrial boiler scale classification problem. The goal was to discover the 

best model in terms of performance, stability and computational cost, based on various 

performance measures including classification accuracy, learning dynamics, cross-

validation consistency, class-wise behavior, prediction speed and model interpretability. 

We provide detailed analysis for best model (ScaleNet V1 which is a custom-designed 

CNN) as well as its layer level composition and explainability insights. 

 

Table 4.5: Performance Comparison of Different ML models 

Model Train Accuracy Test Accuracy Train Loss Test Loss 

ScaleNet V1 0.993 0.9342 0.0178 0.4036 

EfficientNet V2L 0.9861 0.9012 0.0332 0.3907 

MobileNet V2 0.9774 0.8971 0.0572 0.5345 

EfficientNet B0 0.96 0.893 0.2439 0.4398 

VGG 16 0.904 0.8848 1.1812 1.2533 

Xception 0.8585 0.8765 0.3398 0.4593 

Resnet 18 0.9604 0.8189 0.111 0.7094 

Inception V3 0.5692 0.6255 0.9289 0.8225 

 

 

4.4.1 Overall Model Performance 

The performance of deep learning models in the training and test datasets are summarized 

in Table 4.3. Of the eight models evaluated, including both standard architectures and this 

paper's custom ScaleNet V1 model, performance is evaluated by training and test 

accuracy, as well as the associated loss values. 

ScaleNet V1 was the best performing model, with a testing accuracy of 93.42% and an 

extremely low training loss (0.0178). Furthermore, the ROC curve for all classes ranges 

from 0.9827 to 0.9950 (Figure 4.7), which means good generalization is achieved during 

training. Followed by EfficientNet V2L and MobileNet V2 who only narrowly trailed with 

test accuracies of 90.12% and 89.71% respectively. On the other hand, models like 
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ResNet18 and Inception V3 still showed quite low test accuracy, particularly in dealing 

with diversification of inputs. 

 

 

Fig 4.7: ROC Curve Top Four Deep Learning Models 

 

4.4.2 Training Accuracy and Loss Curves 

The evolution of the training accuracy and loss over epochs reveals the learning behaviors 

and stability of the models. Training curves of the best 4 models are shown in Figure 4.8. 

Both ScaleNet V1 and EfficientNet V2L showed stable convergence and almost 

completely optimal accuracy and only small loss fluctuations. MobileNet V2 converged 

well and EfficienNet B0 appeared less stable initially but later became stable. 
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Fig 4.8: Training Accuracy and Loss Curves of Top Four Deep Learning Models 

 

These curves validate the training efficacy of the models and highlight the early learning 

patterns that contributed to their final performance. 

4.4.3 Cross-Validation Accuracy 

Finally, 10-fold cross-validation was employed to verify the robustness of the model on 

various data distributions. Average cross-validation accuracy for each model is presented 

in Fig 4.9. The highest mean accuracy was obtained by MobileNet V2 (99.48)%, followed 

by ScaleNet V1 and EfficientNet V2L (both 98.89)%. These findings confirm the 

robustness and reproducibility of the best models. 
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Fig 4.9: 10-Fold Cross-Validation Mean Accuracy of Deep Learning Models 

 

4.4.4 Class-wise Accuracy Analysis 

We include a class-wise accuracy heatmap over the three scale type categories in Figure 

4.10. ScaleNet V1 demonstrated the most balanced and the highest accuracy in every class, 

i.e., 98.08%, 94.59%, and 84.62%. This further validates the effectiveness of the model in 

learning various patterns. 
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Fig 4.10: Class-wise Accuracy Heatmap of Deep Learning Models 

 

Other models, such as ResNet18 and Inception V3, experienced significant drops in 

accuracy for the "Others" category, highlighting their limitations in handling less dominant 

classes. 

4.4.5 Prediction Time Comparison 

The speed of model inference is very important when it comes to the deployment in the 

real-life industrial systems. Figure 4.11 shows the inference time of each model on our test 

data. The mobile nets EfficientNet B0 and ScaleNet V1 were the fastest with 2.01 and 2.02 

seconds, respectively. On the other hand the ResNet18 was the slowest at 11.16 seconds 

and may not be the most appropriate for time-critical applications. 
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Fig 4.11: Prediction Time Comparison of Deep Learning Models 

 

 

4.4.7 Confusion Matrix Evaluation 

 

Confusion matrices were created to represent the distribution of correct and incorrect 

predictions over all classes. The matrices for the top four models are presented in Figure 

4.12. Once again, ScaleNet V1 performed best with fewest misclassifications. For 

example, the number of misclassified samples in both the Calcium carbonate groups was 

2 and that of "Others" was 3. This accuracy even strengthens the validity of our model. 
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Fig 4.12: Confusion Matrices of Top 4 Deep Learning Models 

 

 

4.4.8 Architecture of the Customized CNN Model (ScaleNet V1) 

 

The most effective model, ScaleNet V1(Table 4 as layer structure), was developed using 

Keras Tuner for neural architecture search and hyperparameter optimization. This model 

incorporates multiple advanced components: 

• Residual Blocks to facilitate deep feature propagation without vanishing gradients. 

• Custom Attention Layer to enhance spatial focus on scale patterns. 

• Batch Normalization and ReLU layers for improved convergence and non-linearity. 

• GlobalAveragePooling and Dropout for regularization and dimensionality 

reduction. 
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Table 4.4: Layer Propertise of ScaleNet V1 

Layer (Type) Output Shape Parameters 

InputLayer (None, 224, 224, 3) 0 

Conv2D (None, 224, 224, 64) 1,728 

BatchNormalization (None, 224, 224, 64) 256 

ReLU (None, 224, 224, 64) 0 

MaxPooling2D (None, 112, 112, 64) 0 

Conv2D (None, 112, 112, 128) 73,728 

BatchNormalization (None, 112, 112, 128) 512 

ReLU (None, 112, 112, 128) 0 

MaxPooling2D (None, 56, 56, 128) 0 

ResidualBlock (None, 56, 56, 128) 298,120 

ResidualBlock (None, 28, 28, 256) 929,040 

ResidualBlock (None, 14, 14, 512) 3,709,472 

CustomAttentionLayer (None, 14, 14, 512) 262,144 

GlobalAveragePooling2D (None, 512) 0 

Dense (None, 64) 32,832 

Dropout (None, 64) 0 

Dense (None, 3) 195 

The model’s total parameter count is optimized to ensure balance between learning 

capacity and computational efficiency. 

4.4.9 Explainable AI (LIME) 

In order to make the decisions of the model interpretable and as transparent as possible, 

LIME (Local Interpretable Model-agnostic Explanations) was used. LIME explanations 

for several test samples are given in Figure 4.13. These illustrative images emphasize the 

regions in the image that are most relevant to the classification decision. The yellow zones 

represent the pixels that most contribute to the prediction, while the black or white areas 

have made little contribution. 
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LIME validated that ScaleNet V1 captures the essential structural patterns like rust lines, 

surface textures, and deposits consistent with expert visual observations. This leads to 

increased user trust and facilitates model deployment within safety-critical applications. 

 

Fig 4.13: LIME Explainable AI Visual Explanations 

 

4.4.10 Ablation Study 

We performed ablation analysis to assess the effectiveness of the different modules used 

in the final ScaleNet V1 architecture. Multiple versions of the model were trained by 

susbsetting ouy-out or changing ad hoc such could be residual blocks, custom attention 

mechanism or dropout regularization. 

 

• No Residual Blocks: If residual connections are not employed, the performance 

drops remarkably, with test accuracy decreasing nearly 6%, and loss surged. It 
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indicates that it is the fine-grained representation which is very much propagated 

throughout layer depths for extracting deep features. 

 

• No Attention Layer: The removal of attention resulted into a decrease in class-

wise accuracy specifically for the minority "Others" class, which signifies the 

importance of attention in enhancing spatial focus and interpretability. 

 

• No Dropout: No-dropput models were overfittning. The train accuracy was still 

close to 1 but the generalization gap seemed to trade off even further which 

indicates that dropout was necessary for regularization. 

 

• ReLU Only vs. ReLU + Batch Normalization: The ReLU with Batch 

Normalization obtained faster convergence along with better convergence speed 

and accuracy than ReLU. 

 

All the variants were tested under the same train-test setting. -Adding the 3-channel map 

and the bigger maps provided more stable results as seen with the SN V2 and SN V3 since 

they performed more closely to the final configuration, which kept unchanged the choice 

of the optimum utilized in the final version. 

 

These results validate the necessity of the joint attention-residual-regularized hybrid design 

to achieve the best-in-class performance on this classification challenge. 

 

 

 

 

 



 

 

©Daffodil International University                                                                                 45  

 

CHAPTER 5 

IMPACT ON SOCIETY, ENVIRONMENT AND SUSTAINABILITY 

5.1 Impact on society 

The implementation of an automated and accurate boiler scale classification system holds 

significant societal implications. Industrial boilers are critical components in 

manufacturing, power generation, and food processing sectors across Bangladesh and 

globally. Timely identification and categorization of scale types can reduce machine 

downtime, enhance operational efficiency, and minimize costly repairs. This directly 

contributes to economic resilience in industrial sectors and safeguards employment by 

preventing prolonged system failures. Additionally, by incorporating explainable AI 

mechanisms such as LIME, the system fosters transparency and trust among engineers and 

maintenance personnel, empowering them to make informed decisions based on data-

driven insights. 

5.2 Impact on the environment 

Boiler scaling can lead to inefficient fuel consumption and excessive greenhouse gas 

emissions due to heat transfer inefficiencies. By accurately identifying the scale type (e.g., 

calcium carbonate, iron oxide, others), the proposed system facilitates targeted 

maintenance and preventive measures. This ensures optimal boiler performance and energy 

use, thereby reducing carbon footprints and limiting water and chemical wastage associated 

with generic cleaning procedures. Furthermore, early detection of corrosive scaling like 

iron oxide can prevent system leaks that might otherwise lead to the contamination of 

surrounding air and water resources. 

5.3 Ethical Aspects 

The proposed model development adheres to the ethical principles of transparency, 

fairness, and accountability. Data was collected ethically from real industrial settings 

without compromising proprietary or confidential information. The use of interpretable 
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models through LIME explanations ensures that human stakeholders are not subjected to 

black-box decision-making, aligning with principles of human-in-the-loop AI. 

Additionally, care was taken to mitigate bias in the model, such as class imbalance handling 

during preprocessing and evaluation to prevent unjustified overrepresentation or neglect of 

rare scale types. 

5.4 Sustainability Plan 

To ensure long-term sustainability, the model was optimized for both computational 

efficiency and generalizability. This allows deployment on low-power edge devices, 

reducing infrastructure demands and facilitating widespread adoption across industries 

with varying resources. The use of modular architecture (e.g., ScaleNet V1) enables future 

enhancements through component updates without full retraining, promoting maintenance 

sustainability. Moreover, a continuous feedback loop using new real-world data and LIME-

based user insights has been envisioned to support iterative model refinement, ensuring 

relevance in evolving industrial scenarios. Partnerships with industrial stakeholders are 

also being explored to integrate the system into broader predictive maintenance 

frameworks. 
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CHAPTER 6 

CONCLUSION AND FUTURE WORK 

6.1 Summary of the Study 

This paper addressed an important and original problem in industrial process monitoring 

on boiler: automatic categorization of the type of boiler scales from visual data. Taking 

into account the operational and financial implications of the scale production at boilers, 

this work suggested a Hierarchical Learning Model to identify and categorise Calcium 

Carbonate, Iron Oxide and Miscellaneous from industrial photos. The study was based on 

a new labeled dataset, generated in Bangladeshi factories by domain experts. A complete 

methodological workflow was established with: 

• Data preprocessing and augmentation for improving generalization. 

• Comparison for different feature extraction methods like handcrafted features 

(HOG, LBP, GLCM) and deep features (VGG16, 2DSCN). 

• Comparative analysis of machine learning models and Tuned XGBoost gave the 

best performance (90.12% test accuracy). 

• Design and implementation of a custom deep learning architecture (ScaleNet 

V1), incorporating residual connections, attention mechanisms, and squeeze-and-

excitation blocks, and optimized with Keras Tuner. 

Our best network from ScaleNet architecture (we call it ScaleNet V1), has lower training 

loss, higher class-wise accuracy, 93.42% test accuracy and efficient inference time, 

compares well with modern state-of-the-art models like EfficientNet and MobileNet. An 

ablation study was also performed to demonstrate the efficacy of each architectural unit, 

we also employed LIME for explainability in the real world applicability of the model. 

6.2 Conclusions 

It appears to be a first application of intelligent classifying system of industrial boiler scale 

analysis by deep learning and machine learning which is proposed in the paper. Results On 

the basis of results achieved and evaluation, the proposed system was: 

• Significantly better than classical ML and DL baselines. 
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• Computationally fast, and therefore predicted times are suitable for applications 

where they are used in real time. 

• Explainable and trustable to help the maintenance decisionmaking applied LIME. 

The effectiveness of the ScaleNet V1 verifies the possible value of adopting deep learning 

models in industrial inspection. It offers a scalable and automated alternative to manual 

and chemical methods used traditionally in blood typing. This paper is a significant 

advancement in the recently branched fields of smart manufacturing and predictive 

maintenance. 

6.3 Implication for Further Study 

While the current study is promising, many future directions are available: 

• More Dataset: Robustness and generalization error can be improved by increasing 

the diversity and number of images, especially in season, light, and boiler type. 

• Online Deployment: The future trajectory of this work can be towards the 

lightweight deployable versions of ScaleNet V1 for the onsite monitoring and not 

the cloud. 

• Multimodal Learning — Instead of focusing on just a single modality (i.e., image 

data), integrating the image data with sensor readings, thermal profiles, or 

chemical analysis reports could potentially enable more confidence in classification 

or provide chances to identify any outliers that might not be seen in the image data 

itself. 

• Domain Adaptation: An individual has separate industrial setup with few 

retraining, so exploring suitable segmentation and domain adaptation methods 

may be beneficial. 

Taken together, this novel work makes a significant contribution to the field where it 

presents some initial directions for the development of smart boiler inspection systems, 

alongside a roadmap for future research at the intersection between smart maintenance, 

industrial automation and explainable AI.
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