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Abstract—Diamond clarity grading aims to automatically 

determine the quality of diamonds by analyzing visible inclusions 

and structural flaws using intelligent analysis methods. By 

integrating diamond cost prediction with clarity grading, a unified 

architecture can be employed for both quality examination and 

market value evaluation, where clarity attributes support the 

determination of the diamond's economic value. Traditional 

machine learning (ML) algorithms depend upon handcrafted 

characteristics that frequently miss composite structural and 

visual patterns. Deep learning (DL) enhances feature learning; 

however, it faces difficulties such as data imbalance, limited 

interpretability, and inadequate generalization. Consequently, the 

real-time diamond grading outcome remains limited. Therefore, 

this study proposes a SHAP-Guided Transformer Network (SGT-

Net) for diamond clarity grading. The proposed model includes a 

preprocessing stage that prepares the diamond grading dataset for 

effective and reliable model training. Moreover, feature 

engineering is carried out to enhance the representation of the 

dataset by deriving meaningful attributes from the raw diamond 

features. Moreover, SHAP-guided feature prioritization is applied 

to identify the most influential features in the data.  The 

transformer-based architecture processes the data using separate 

embeddings for numerical and categorical features, which are 

then passed through a transformer encoder with multi-head self-

attention. In this setup, SHAP is used to understand feature 

importance and guide the model to pay more attention to the most 

relevant features during learning. The resulting fused feature 

representations are then passed through a dense layer followed by 

a softmax classifier to predict diamond clarity into 8 distinct 

classes. For training, the model is optimized using the RAdam 

optimizer along with a weighted cross-entropy loss function. 

Experimental evaluation is conducted using the Diamond dataset 

with 8 clarity classes and 53940 samples from the Kaggle 

repository. The results demonstrate that the proposed SGT-Net 

effectively learns complex feature relationships and improves 

diamond clarity grading performance with enhanced accuracy of 

96.59%, making it suitable for resource valuation systems. 

Keywords—Diamond clarity grading; quality assessment; deep 

learning; multi-head self-attention; model optimization 

I. INTRODUCTION 

Diamond is the hardest natural material and is broadly 
utilized in industrial fields because of its distinctive physical 
characteristics. Since the 1960s, synthetic diamond technology 
has developed and matured, and it has completely substituted 
natural ones in industrial applications [1]. The unique physical 
characteristic of diamonds is closely associated with their crystal 
structure, which is considered a unique consumer product. 
Diamond is the hardest mineral, about 58 times harder than other 
types of minerals, and is utilized in several machines and other 
types of tools for cutting and slicing processes [2]. It is also one 
of the most expensive gemstones among the other gemstones; 
its popularity is mainly due to its unique optical characteristics. 
Additional factors include its durability, fashion, custom, and 
strong marketing by diamond producers [3]. However, quality 
assessments are still highly based on manual inspection through 
optical microscopes; this method of inspection is time-
consuming and prone to operator fatigue and subjectivity, with 
limited efficiency, reliability, and quantitative evaluation. With 
the growing demand for accuracy and automated systems, 
automated visual inspection is becoming an essential trend in 
industrial diamond processing [4]. 

A major factor that affects the rate of the diamond is its 
clarity, which is primarily assessed based on the number, type, 
position, and size of the internal inclusions [5]. It is a very costly 
and time-consuming process, and the result may vary depending 
on the operator's subjective experience. Achieving the accuracy 
and reproducibility of the outcomes requires proper training and 
verification by multiple experts, and standardized procedures 
are essential [6]. Over the past few years, Deep Learning (DL) 
models have delivered an innovative pathway for the automatic 
recognition of diamond inclusions. However, the current 
approaches mostly depend on target positioning and do not 
entirely incorporate the key features of diamond clarity [7]. 
These methods overlook the interpretability transformation from 
detection to grading, which makes the output of the model less 
suitable for industrial adoption. 

*Corresponding author. 
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Especially, based on the two limitations of low accuracy in 
micro-inclusion detection and unclear logic for defining clarity 
grades, developing an automatic grading system with higher 
precision and consistency remains a difficult task [8]. 

Since the development of AlexNet in 2012, convolutional 
neural networks (CNNs) have played a vital role in the rapid 
development of computer vision. Object detection techniques, 
including YOLO, Faster R-CNN5, and instance segmentation 
methods like Mask R-CNN, and a point-based mask refinement 
approach, such as PointRend, achieve effective object 
localization and feature extraction by capturing channel and 
spatial representations in local regions [9]. In recent times, 
lightweight CNN detectors are used for synthetic diamond 
quality analysis, with enriched YOLOv8n-driven approaches 
that have proven effective in capturing local morphological 
features in microscopic imaging systems [10]. Although anchor-
based one-stage detectors are efficient for real-time applications, 
they are primarily focused on local feature aggregation and 
scale-based fusion. Alternatively, the multi-head self-attention 
(MHSA) module in transformers is highly effective for 
capturing long-term dependencies and less capable of capturing 
local features [11]. 

Although diamonds are very highly valued for gemstone and 
industrial applications, their clarity grading remains largely 
accomplished by manual microscopic inspection, which is 
slower and more subjective. Conventional DL methodology 
mainly concentrates on identifying inclusions instead of directly 
mapping them to clarity grading. CNN-based strategy is 
efficient in extracting local attributes; however, it struggles to 
model global dependencies, whereas Transformers extract 
global context but are weak in delicate feature representation. 
Therefore, there is a requirement for an automatic and consistent 
methodology that combines both local and global feature 
learning for precise diamond clarity grades. To address these 
limitations, this research presents a SHAP-Guided Transformer 
Network (SGT-Net) for diamond clarity grading. The major 
contributions are outlined below: 

• Construct engineered features like diamond volume, 
carat-to-volume ratio, and depth percentage to enhance 
feature representation and capture intrinsic features. 

• Utilize SHAP-based feature prioritization to identify and 
emphasize the most influential features, enabling the 
model to focus on high-impact attributes during learning. 

• Design a Transformer-based model with a feature 
tokenizer (FT) that separately embeds numerical and 
categorical features, followed by multi-head self-
attention (MHSA) with SHAP-guided refinement to 
capture important feature interactions and improve 
learning efficiency, and a feature fusion layer to integrate 
the learned representations. 

• Apply a dense layer followed by a softmax classifier to 
predict diamond clarity into eight distinct classes. 

• Integrate the RAdam optimizer along with a weighted 
cross-entropy loss function to effectively optimize the 
model during training. 

• Conduct the experimental outcomes using numerous 
metrics, and the comparison analysis assures that the 
proposed SGT-Net model gains promising results 
compared to existing models. 

II. RELATED WORK 

This section presents a review of existing studies on diamond 
clarity grading and highlights the identified research gaps. Yan 
et al. [12] developed a target recognition technique specially 
created for quality estimation of synthetic diamonds, called 
Diamond-DETR, targeting to enhance identification precision 
and method generalization across constrained resource settings. 
The proposed model augments the backbone model to introduce 
a multi-scale feature representation and employs the 
RepFasterNet module to maximize inference speed and 
minimize computational complexity. Moreover, it combines an 
encoder part that depends on a higher-range screening-feature 
fusion that applies the channel attention system to fuse and filter 
attributes with distinct measures, thus improving the method's 
capability to identify the shortcomings of multiple dimensions. 
Zhang et al. [13] designed an improved YOLOv8n strategy for 
synthetic diamond identification and quality calculation, known 
as YOLOv8n-adamas. The author reshaped the architecture to 
enrich feature extractor abilities and enhance model 
performance. The dynamic detection head depends on the 
attention mechanisms (AM). Mahmood and Zia [14] examined 
the crucial characteristics to estimate the hardness of DLC 
coatings. To expand the small experimental data of DLC 
coatings, the conditional tabular generative adversarial networks 
(CTGANs) method has been applied. For predicting the 
hardness of DLCs, a range of 15 ML methodologies are utilized, 
and their efficiency is evaluated using 6 common error-based 
evaluation methods. 

Triet et al. [15] investigated the incorporation of blockchain 
technology to overcome these limitations, exploiting the 
abilities of Fantom and BNB Smart Chain. To collect and signify 
vital data about each diamond, Non-Fungible Tokens (NFTs) are 
employed; our system improves traceability and transparency. 
Through the generation of the protective, immutable data of 
every diamond, blockchain technology can substantially 
enhance diamond quality management. In [16], a defective 
segmentation pipeline is presented by employing in-situ optical 
images to detect attributes that specify imperfect conditions, 
which are observed at the macro-scale. In this previous work, a 
semantic segmentation algorithm was used; these imperfect 
states and the corresponding derived characteristics are 
separated and categorized by the pixel masks. Yang et al. [17] 
discussed how to eradicate the inconsistency and subjectivity 
inherent in the standard International Association of Drilling 
Contractors (IADC), which relies heavily on the expertise of 
drilling engineers and frequently causes unstable performance. 
Utilizing improvements in CV and DL approaches for 
polycrystalline diamond compact (PDC) bit damage, this study 
proposed an automatic identification strategy. For finding the 
PDC bit cutters, YOLOv10 was applied, accompanied by a dual 
SqueezeNet system to perform wear type and wear rating 
categorizations. 
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Basha et al. [18] addressed diamond rates by WEKA's data 
mining software. In this study, diamond data is effectively used. 
These algorithms include Random Forest, M5P, Decision 
Stump, Multilayer Perceptron, M5Rules, and REP Trees. To 
evaluate the price of a diamond, cut quality, carat weight, and 
how well they have accessible size, such as depth, breadth, and 
the table's surface, diverse ML strategies are contrasted and 
compared. Randhawa et al. [19] proposed the use of a regression 
approach in ML to predict diamond costs. The dataset involves 
attributes like color, carat, clarity, and cut, with certain physical 
sizes, namely x, y, z, table, and depth, that are both continuous 
and categorical. Several categorical characteristics can be 
encoded as constant values to simplify and improve prediction. 

A. Research Gap 

Despite recent developments, numerous gaps remain in 
existing studies. Diamond-DETR focuses primarily on detection 
and not on direct clarity grading, thus making it of low value for 
final grading decisions. The YOLOv8n-adamas enriches feature 
extraction but still depends on CNNs, which reduces its 
capability to capture global relations required for precise clarity 
valuation. The segmentation-based techniques decrease labeling 
effort but rely on massive numbers of annotated datasets, and 
they cannot directly convert the defects into clarity grades. 
Existing tabular Transformer models mainly learn relationships 
between features through self-attention, but they do not directly 
use feature importance to give greater focus to the most relevant 
attributes. Gradient-boosting methods can learn nonlinear 

relationships among the input features, but they have limited 
ability to capture the wider dependencies between them. 
Therefore, existing methods may not sufficiently capture both 
the importance of individual features and their interactions, 
which can affect the accuracy of clarity classification. 
Accordingly, there is still a requirement for a combined and 
effective system for accurate diamond clarity grading. 

III. MATERIALS AND METHODS 

This study presents an SGT-Net approach for diamond 
clarity grading in smart mining. Fig. 1 represents the structural 
overview of the proposed SGT-Net approach. The proposed 
SGT-Net follows a multi-stage approach. First, data 
preprocessing is performed through median imputation, 
duplicate record removal, outlier detection, ordinal encoding for 
cut, color, and clarity, and feature standardization using 
RobustScaler. Then, the feature engineering process is 
performed to derive meaningful attributes from raw data. In 
addition, the SHAP-based features identify and rank the most 
influential features. The transformer-based architecture is 
processed using numerical and categorical feature embedding, 
transformer encoder, MHSA, SHAP-based refinement, and a 
feature fusion layer, followed by a dense classification head and 
softmax activation to predict 8 diamond clarity classes. Finally, 
the Adam optimizer with a weighted cross-entropy loss function 
is used to improve training stability.

 

Fig. 1. Structural overview of the proposed SGT-Net model.
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A. Dataset Used 

The proposed SGT-Net framework is evaluated using the 
diamonds dataset [20]. The dataset includes information about 
diamonds and is mainly used to estimate their market value 
based on various physical and quality-based features. It contains 
both numerical and categorical features that describe details of 
each diamond. Quality-related features, including cut, color, and 
clarity, describe the visual characteristics and grading of a 
diamond. Physical measurements such as depth provide further 
information about its proportions. Together, these features 
provide useful information for building predictive models for 
diamond pricing and clarity assessment in smart mining and 
resource valuation applications. 

Table I presents the distribution of 53,940 diamond samples 
across eight clarity classes. The clarity grades range from I1, 
representing the lowest grade, to IF, representing the highest 
grade. Among these classes, SI1 has the largest number of 
samples (13,065), followed by VS2 (12,258) and SI2 (9,194), 
providing good representation of diamonds with moderate 
clarity levels. Overall, the dataset covers all eight clarity grades 
and provides sufficient samples for training and evaluating the 
classification model. 

TABLE I.  DATA DISTRIBUTION OF DIAMOND CLARITY CLASSES 

Clarity Classes Description No. of Samples 

I1 Included 1 (worst clarity) 741 

SI1 Slightly Included 2 13065 

SI2 Slightly Included 1 9194 

VS1 Very Slightly Included 2 8171 

VS2 Very Slightly Included 1 12258 

VVS1 Very Very Slightly Included 2 3655 

VVS2 Very Very Slightly Included 1 5066 

IF Internally Flawless (best clarity) 1790 

Total Samples 53940 

 

Fig. 2. Distribution of diamond price. 

Fig. 2 presents the distribution of diamond prices in the 
dataset. The histogram shows that most diamonds have low to 
moderate prices, while only a small number of samples have 

higher prices, resulting in a right-skewed distribution. This 
pattern gives a clear view of the price variation in the dataset and 
provides a useful basis for further analysis. 

 

Fig. 3. Relationship between carat weight and diamond price. 

Fig. 3 displays the relationship between the carat weight and 
diamond price. The scatter plot shows a strong positive 
relationship between carat weight and diamond price, indicating 
that the diamond price grows gradually with higher carat values. 
This visualization represents the importance of carat weight in 
defining overall pricing. 

B. Data Preprocessing 

Data preprocessing is a vital step that improves data quality 
and makes the dataset suitable for model training. It includes 
median imputation for missing values, removing duplicate 
records, detecting and handling outliers, encoding features like 
cut, color, and clarity, and scaling numerical features using 
RobustScaler. 

1) Median imputation: Median imputation fills missing 

entries using the median value calculated from the 

corresponding feature. Median imputation replaces missing 

values with the median value of the respective attribute within 

the specified class [21]. 

𝑥̂𝑖𝑗 = 𝑚𝑒𝑑𝑖𝑎𝑛(𝑥𝑖𝑗 : 𝑥𝑖𝑗 ∈ 𝐶𝑘)                    (1) 

The imputation method can be improved by using class-wise 
median values to better preserve the data distribution and reduce 
the influence of outliers. 

2) Duplicate record removal: It is performed to confirm the 

quality of data and prevent repetition in the dataset. Recurrent 

occurrence of the same documents is detected and removed, 

thereby ensuring that every record contributes exclusively to 

the learning process. This stage helps avoid bias in model 

training and enhances the consistency of the dataset. 

3) Outlier removal using IQR method: Outliers are 

eliminated by the Interquartile Range (IQR) strategy to 

minimize the effect of extreme values and enhance data 

consistency. The system recognizes anomalous data points that 

lie substantially outside the central distribution of every 

numerical attribute. These extreme values are eliminated to 

guarantee that the dataset replicates the true underlying patterns 

and improves method consistency. 
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4) Ordinal encoding: Ordinal encoding is employed for 

categorical characteristics, namely, color, clarity, and cut, by 

transferring them into numerical values that depend on their 

inherent order. Every category is allotted a rank based on its 

level of quality, maintaining the natural hierarchy presented in 

the information. This convention facilitates the method to 

effectively interpret categorical data in a structured numerical 

form. 

5) Numerical feature standardization: RobustScaler is a 

feature scaling technique applied in data preprocessing that 

removes the median and scales numerical attributes based on 

the IQR. It is remarkably efficient for datasets including 

outliers, due to the fact that, unlike Min-Max Scaling or 

Standardization, it is not affected by extreme values. 

x′ =
𝑥 −𝑀𝑒𝑑𝑖𝑎𝑛(𝑋)

𝑄3 − 𝑄1
                         (2) 

Here x refers to the scaled value, and 𝑥 denotes the original 
feature value. 

C. Feature Engineering 

Feature engineering includes valuable features from raw 
diamond information to enhance method learning, including 
evaluating diamond volume (x × y × z), capturing the carat-to-
volume ratio, examining depth proportion, and generating 
interaction-based attributes among volume, depth, and carat. 
These feature engineers are standardized to confirm effective 
and durable extraction for downstream modeling. Furthermore, 
these transformations help capture hidden geometric and 
physical relationships that are not expressed particularly in the 
original dataset. The increased feature space enhances the 
separability between several clarity types to provide the most 
discriminative patterns. Therefore, feature engineering 
empowers the method's capability to learn compound 
dependencies and enhance predictive outcomes. 

D. SHAP-Guided Feature Prioritization 

SHAP is a method used to explain the output of ML 
methodologies by measuring the contribution of each feature to 
a prediction. SHAP is used for interpreting the predictions 
produced by the XGBoost technique, which is frequently 
observed as a black box owing to its complexity [22]. SHAP 
values expose the extent to which every input attribute impacts 
the method's outcome, in both global and local stages. This 
system enhances the transparency of the algorithm, to verify 
predictions depend on their field knowledge, by allowing energy 
analysts. By using the Shapley value formula, the SHAP values 
are computed: 

𝜙𝑖 = ∑
|𝑆|! (|𝑁| − |𝑆| − 1)!

|𝑁|!
𝑠⊆𝑁∖{𝑖}

    

[𝑣(𝑆 ∪ {𝑖}) − 𝑣(𝑆)]                         (3) 

here: 𝑆 represents a subset of features not containing feature 
𝑖, 𝑣(𝑆) signifies the value function demonstrating the model 
output with features in the subset 𝑆, and 𝑁 indicates the set of 
all features. This expression has time complexity; the Tree 
SHAP methodology calculates SHAP values in a given time, 

where 𝐷 denotes the highest tree depth. Additionally, SHAP 
offers reliable attributes, ensuring that characteristics contribute 
more to predicting the highest significance scores stably. This 
makes it specifically appropriate for an intricate ensemble 
approach, where interpretability is restricted. During practical 
applications, SHAP also supports detecting hidden interactions 
between attributes, which can further influence feature 
engineering and model refinement. 

The SHAP values obtained from the XGBoost model are 
used to determine the importance of each input feature. Since 
both positive and negative SHAP values indicate the strength of 
a feature's contribution, their absolute values are considered for 
feature prioritization. The absolute SHAP values are normalized 
using min–max normalization as follows: 

𝑠𝑖 =
|𝜙𝑖| − min(|𝜙 |)

max(|𝜙 |) − min(|𝜙 |) + 𝜖
                  (4) 

where, 𝜙  denotes the SHAP value of the 𝑖𝑡ℎ feature, |𝜙 𝑖| 
represents the magnitude of its contribution to the prediction, 
and 𝑠𝑖 is the normalized importance weight of that feature. The 
term 𝜖 is a small constant introduced to avoid division by zero. 
A higher value of 𝑠𝑖 indicates a stronger contribution of the 
corresponding feature to the model prediction. 

The normalized SHAP weights are then incorporated 
directly into the attention mechanism. The SHAP values do not 
modify the input feature embeddings or the query, key, and 
value representations. 

𝑄 = 𝑋𝑊𝑄 , 𝐾 = 𝑋𝑊𝐾 , 𝑉 = 𝑋𝑊𝑉                    (5) 

where, 𝑋 represents the input feature representations, and 
𝑊𝑄, 𝑊𝐾 , and 𝑊𝑉 implies the learnable projection matrices for 

the query, key, and value representations. The scaled dot-
product attention score is then modified by adding the 
normalized SHAP importance of the corresponding key feature: 

𝐴𝑖𝑗 =
𝑄𝑖𝐾𝑗

𝑇

√𝑑𝑘
+ 𝜆𝑠𝑗                            (6) 

where, 𝑄𝑖  and 𝑘𝑗 are the query and key representations of the 

𝑖𝑡ℎ and 𝑗𝑡ℎ features, 𝑑𝑘 is the dimension of the key vector, 𝑠𝑗 is 
the normalized SHAP importance of the 𝑗𝑡ℎ feature, and 𝜆 
controls the contribution of the SHAP-based importance to the 
attention score. Consequently, the SHAP information is 
introduced only at the attention-logit level and does not alter 𝑄, 
𝐾, or 𝑉. The modified attention logits are normalized across the 
key dimension using the softmax function: 

𝛼𝑖𝑗 =
exp(𝐴𝑖𝑗)

∑ exp(𝐴𝑖𝑘)𝑘

                                (7) 

Here 𝛼𝑖𝑗 signifies the attention probability assigned by the 

𝑖𝑡ℎ query to the 𝑗𝑡ℎ key. The SHAP-guided attention output is 
subsequently calculated as: 

𝑂𝑖 =∑𝛼𝑖𝑗𝑉𝑗
𝑗

                                (8) 

where, 𝑂𝑖  represents the output corresponding to the 𝑗𝑡ℎ 
query position, therefore, features with higher SHAP importance 
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receive a stronger positive bias in the attention logits, resulting 
in greater attention probability when the other attention 
components are comparable. 

This allows the Transformer to emphasize features that have 
a stronger contribution to the XGBoost prediction while 

preserving the learned feature representations and Q/K/V 
projections. The resulting attention representation is then 
forwarded to the subsequent Transformer layer or classification 
module. Algorithm 1 represents the pseudocode for SHAP-
Guided Transformer Attention: 

Algorithm 1: Pseudocode of SHAP-Guided Transformer Attention 

Input: Feature matrix 𝑋, trained XGBoost model, Transformer parameters, SHAP weighting coefficient 𝜆, and a small constant 𝜖 

Output: SHAP-guided attention representation 𝑂 

1. Train the XGBoost model using the training feature matrix 𝑋. 

2. Compute the SHAP values 𝜙 for the input features using the trained XGBoost model. 

3. Calculate the absolute SHAP values: 

∣ 𝜙𝑖 ∣, 𝑖 = 1,2, … , 𝑁 

4. Normalize the absolute SHAP values using min-max normalization: 

𝑠𝑖 =
∣ 𝜙𝑖 ∣ −𝑚𝑖𝑛(∣ 𝜙 ∣)

𝑚𝑎𝑥(∣ 𝜙 ∣) − 𝑚𝑖𝑛(∣ 𝜙 ∣) + 𝜖
 

5. Generate the query, key, and value representations: 

𝑄 = 𝑋𝑊𝑄,𝐾 = 𝑋𝑊𝐾, 𝑉 = 𝑋𝑊𝑉 

6. Associate each normalized SHAP importance 𝑠𝑗  with the corresponding 𝑗𝑡ℎ key feature. 

7. Compute the SHAP-guided scaled dot-product attention logits: 

𝐴𝑖𝑗 =
𝑄𝑖𝐾𝑗

𝑇

√𝑑𝑘
+ 𝜆𝑠𝑗  

8. Apply softmax across the key dimension to obtain the attention probabilities: 

𝛼𝑖𝑗 =
𝑒𝑥𝑝(𝐴𝑖𝑗)

∑ 𝑒𝑥𝑝(𝐴𝑖𝑘)𝑘
 

9. Compute the SHAP-guided attention representation: 

𝑂𝑖 =∑𝛼𝑖𝑗𝑉𝑗
𝑗

 

10. Pass the resulting representation O to the subsequent Transformer layer or classification module. 

 

E. Transformer-Based Architecture 

The proposed SGT-Net uses a transformer-based 
architecture that processes numerical and categorical features 
through separate embeddings and an FT-Transformer encoder 
with MHSA. SHAP-guided refinement and feature fusion are 
applied before passing the learned representations to a dense 
layer and softmax classifier for predicting 8 diamond clarity 
classes. 

1) Feature tokenizer: This model is responsible for 

converting the input feature values into trainable embeddings 

[23]. Particularly, it captures two parts, such as numerical 

(𝑥𝑖
𝑛𝑢𝑚 ) and categorical (𝑥𝑖

𝑐𝑎𝑡) variables, which are embedded 

in diverse methods.  Here,  𝑊𝑖
𝑛𝑢𝑚 implies the weights of the 

numerical embedding layer, and 𝑏𝑖
𝑛𝑢𝑚 denotes the numerical 

bias term; embed () represents the categorical embedding 

operation, and 𝑏𝑖
𝑐𝑎𝑡 implies the categorical bias term. 

𝐸𝑖
𝑛𝑢𝑚 = 𝑥𝑖

𝑛𝑢𝑚 ⋅ 𝑊𝑖
𝑛𝑢𝑚 + 𝑏𝑖

𝑛𝑢𝑚                        (9) 

𝐸𝑖
𝑐𝑎𝑡 = 𝑒𝑚𝑏𝑒𝑑(𝑥𝑖

𝑐𝑎𝑡)   

+𝑏𝑖
𝑐𝑎𝑡                                          (10) 

Also, the numerical and categorical embeddings and a 

trainable classifier embedding 𝐸𝑐𝑙𝑠, that all feature embeddings 
have formed and integrated with each feature embedding. 

2) Transformer encoder: The transformer encoder module 

learns tabular feature representations by representing every 

feature as an individual token [24]. With the input feature 

vector 𝑥 = [𝑥1, 𝑥2, … , 𝑥7]
𝑇, all features are self-sufficiently 

mapped into a common embedding space utilizing a linear 

transformation: 

𝑒𝑗 = 𝑥𝑗𝑊𝑙𝑖𝑛 + 𝑏𝑙𝑖𝑛                               (11) 
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Here, 𝑊𝑙𝑖𝑛 ∈ ℝ
1×𝑑and 𝑏𝑙𝑖𝑛 ∈ ℝ

𝑑. To maintain feature 

identity, a trainable positional embedding 𝑝𝑗 ∈ ℝ
𝑑 has been 

inserted: 

𝑧𝑗 = 𝑒𝑗 + 𝑝𝑗                                  (12) 

These tokenized feature representations enable the model to 
capture the unique characteristics of each input attribute while 
maintaining a consistent embedding structure. The resulting 
token sequence is then forwarded to the transformer encoder, 
where relationships and dependencies among features are 
learned through the self-attention mechanism. 

3) Multi-head self-attention: The attention mechanism 

(AM) was initially proposed in neural machine translation, 

improving the capability of the method to concentrate on 

essential data through weighted allocation [25]. The MHSA 

module is able to evaluate the effect of input features on the 

reconstruction curves and allocate corresponding weights to all 

features. It emphasizes data that significantly impacts the 

reconstruction curve, thus enhancing model precision. It trains 

the information's multi-layered interaction across numerous 

independent focal points and uses a structure with ℎ heads. 

𝑄𝑖 = 𝑋𝑊𝑄𝑖 , 𝐾𝑖 = 𝑋𝑊𝐾𝑖, 𝑉𝑖 = 𝑋𝑊𝑉𝑖                (13) 

Next, use the scaled dot-product attention score operation for 
all attention heads' 𝑄,  𝐾, and 𝑉 to compute the attention scores 
𝐴: 

𝐴𝑖 = 𝑠𝑜𝑓𝑡 max (
𝑄𝑖𝐾𝑖

𝑇

√𝑑𝑘
)𝑉𝑖                    (14) 

In this Eq. (10), 𝑑𝑘 implies the attention head dimension,⋅ 
and the softmax function processes attention weights. Finally, 
the outcomes from all ℎ attention heads are integrated and 
linearly projected utilizing the parameter matrix 𝑊𝑂 to attain the 
resulting value: 

MultiHead(𝑋) = 𝐶𝑜𝑛𝑐𝑎𝑡(𝐴1, … , 𝐴ℎ)𝑊𝑂           (15) 

4) SHAP-guided attention refinement: SHAP is utilized for 

quantifying the contribution of all features, allowing 

interpretability-based attention score weights. It improves the 

transformer AM by highlighting higher-effect features and 

suppressing less relevant inputs. 

5) Feature fusion layer: The feature fusion layer integrates 

diverse kinds of learning representations, like numerical and 

categorical embeddings, and attention-refined attributes, into a 

single combined feature vector. It supports the method of 

combining complementary data from numerous sources and 

high feature relationships for enhanced predictive outcomes. 

6) Dense classification head: It is applied to transform the 

fused feature representation into class-by-class predictive 

scores. It serves as the final learning layer in the system, 

allowing decision-making to rely on deep feature extraction. 

The fused feature vector is mapped to class logits employing a 

fully connected layer: 

𝑧 = 𝑊𝑥 + 𝑏                               (16) 

Here, 𝑥 denotes the fused feature representation, 𝑊 implies 
the matrix of weights, and 𝑏 denotes the bias terms. 

7) Softmax output: The softmax function transforms logits 

into class probabilities through eight diamond clarity grades, 

assuring a standardized probabilistic outcome appropriate for 

multi-class identification. 

𝑆𝑜𝑓𝑡𝑚𝑎𝑥(𝑧𝑖) =
𝑒𝑍𝑖

∑ 𝑒𝑍𝑖𝐾
𝑗=1

                      (17) 

Let 𝑧𝑖 imply the logit for class 𝑖, and 𝐾 signifies the overall 
count of classes. Fig. 4 signifies the transformer-based 
architecture for diamond clarity grading. 

F. Training Strategy 

RAdam (Rectified Adam) is an enhanced version of the 
Adam optimizer developed to deliver more reliable and stable 
training, particularly in the initial step of optimization [26]. 
Although Adam adjusts learning rates utilizing second and first 
moment evaluations of gradients, it may suffer from aggressive 
or unstable updates at the start of training. RAdam overcame this 
problem by introducing a rectification system that automatically 
alters the adaptive learning rate depending on the difference of 
the gradients. The key concept in RAdam is to manage the 
adaptive stage dimensions utilizing a rectification term that is 
based on the training stage and the exponential decay rate of the 
second moment. The rectification factor is represented by: 

𝜌𝑡 = 𝜌∞ − 2 ⋅
𝑡 ⋅ 𝛽2

𝑡

1 − 𝛽2
𝑡                         (18) 

Here 𝜌∞indicates the theoretical maximum value of 𝜌𝑡, 
𝜌𝑡denotes the rectification term at step 𝑡,  𝑡 refers to the current 
iteration step, and 𝛽2represents the decay rate for the second 
moment estimate: 

𝜂𝑡 =

{
 
 

 
 𝛼

√𝑣̂𝑡 + 𝜀
.√
𝜌𝑡 − 4

𝜌∞ − 4
,    𝑖𝑓𝜌𝑡 ≥ 5

𝛼

√𝑣̂𝑡 + 𝜀
,   𝑖𝑓𝜌𝑡 < 5

        (19) 

Here 𝛼 signifies the base learning rate, 𝜂𝑡 refers to the 
learning rate at step 𝑡, 𝜖 indicates a small constant used for 
numerical stability, and 𝑣̂𝑡 points out the bias-corrected second 
moment estimate of the gradients. The model is trained using a 
learning rate of 1e-4 with the RAdam optimizer, ensuring stable 
convergence. It uses a weighted CrossEntropyLoss to handle 
class imbalance by assigning higher importance to minority 
classes. The training is carried out with a batch size of 32 over 
multiple epochs. 

𝐿 = −∑ 𝑤𝑦𝑖

𝑁

𝑖=1
  log(𝑝𝑦𝑖)               (20) 

Here, 𝐿 denotes the total loss over 𝑁 samples, 𝑝𝑦𝑖  is the 

predicted probability of the true class 𝑦𝑖 , and 𝑤 i represents 

the class-specific weight by penalizing minority classes more 
strongly. 
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Fig. 4. Transformer-based architecture for diamond clarity grading.
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IV. EXPERIMENTAL ANALYSIS AND DISCUSSION 

This section discusses the performance of the proposed 
SGT-Net model evaluated on the Diamond dataset. Fig. 5 
displays the classifier outcome of the proposed SGT-Net model. 
The confusion matrix is presented in Fig. 5(a) using an 80:20 
train-test split; the diagonal of the confusion matrix highlights 
strong predictions across all eight classes. The PR curve in Fig. 
5(b) reflects a good balance between precision and recall, which 
demonstrates stable performance across all clarity classes. The 
ROC curve in Fig. 5(c) with high AUC values shows excellent 
classification capability. Therefore, the result indicates that the 
proposed SGT-Net model achieved strong prediction capability 
in diamond clarity grading. 

 

Fig. 5. Confusion matrix (a), PR (b), and ROC (c) Curve analysis of the 

SGT-Net model using an 80:20 train-test split. 

Table II and Fig. 6 exhibit the performance evaluation of the 
proposed SGT-Net model using an 80:20 training and testing 
phase. The model achieves an average accuracy of 96.59% in 
the training phase and 96.57% in the testing phase, which 
indicates the model's strong generalization capability. The 
model also achieves excellent results in precision, recall, and F-
score, which highlights the balanced classification performance 
of the model. Furthermore, the MCC and G-Measure values 
demonstrate strong predictive reliability and stable performance. 
Therefore, these findings validate that the proposed SGT-Net 
model is well-suited for accurate diamond clarity grading. 

TABLE II.  PERFORMANCE EVALUATION OF SGT-NET MODEL USING 

80:20 TRAINING AND TESTING PHASE 

Metrics Training Phase (80%) Testing Phase (20%) 

Accuracy 96.59 96.57 

Precision 82.93 82.65 

Recall 73.84 74.28 

F-Score 76.52 76.75 

MCC 75.40 75.55 

G-Measure 77.40 77.56 

 

Fig. 6. Performance evaluation graph of the SGT-Net model using an 80:20 

training and testing phase. 

Fig. 7 presents the classifier result of the proposed SFT-Net 
framework. The confusion matrix is shown in Fig. 7(a) using a 
70:30 train-test split; the diagonal of the confusion matrix shows 
that most samples are predicted correctly with very few 
misclassifications, which highlights the strong classification 
accuracy across all classes. The PR curve in Fig. 7(b) exhibits 
strong precision and recall across the majority of classes. The 
ROC curve in Fig. 7(c) further validates excellent discrimination 
between clarity grades. Therefore, the outcome confirms that the 
proposed SGT-Net model achieved robust and consistent 
performance in diamond clarity grading. 

 

Fig. 7. Confusion matrix (a), PR (b), and ROC (c) Curve analysis of the 

SGT-Net model using a 70:30 train-test split. 

TABLE III.  PERFORMANCE EVALUATION OF SGT-NET MODEL USING 

70:30 TRAINING AND TESTING PHASE 

Metrics Training Phase (70%) Testing Phase (30%) 

Accuracy 94.76 94.69 

Precision 71.63 74.83 

Recall 60.66 60.62 

F-Score 61.92 62.05 

MCC 59.96 60.55 

G-Measure 62.94 63.57 
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Fig. 8. Performance evaluation graph of the SGT-Net model using a 70:30 

training and testing phase. 

Table III and Fig. 8 show the performance evaluation of the 
proposed SGT-Net model using a 70:30 training and testing 
phase. The model attains an average accuracy of 94.76% in the 
training phase and 94.69% in the testing phase, which reveals 
the excellent generalization ability of the model. Additionally, 
the model attains well-balanced classification performance in 
metrics such as precision, recall, and F-score, which underlines 
the reliable classification performance of the model. The MCC 
and G-Measure values confirm the model's stability and 
robustness. Therefore, the obtained results highlight the 
effectiveness of the proposed SGT-Net model in accurately 
grading diamond clarity. 

TABLE IV.  COMPARATIVE ANALYSIS OF THE PROPOSED SGT-NET MODEL 

WITH EXISTING MODELS 

Models Accuracy Precision Recall 
F1-

Score 

Inference 

Time(ms) 

XGBoost 88.05 81.78 65.94 75.87 11.95 

Stacking 83.71 80.44 72.90 67.00 9.620 

LSTM 84.01 71.95 65.90 71.44 11.41 

Transformer 85.42 74.32 67.69 68.45 10.35 

RT- DETR- R18 79.90 76.91 66.86 69.31 16.80 

FT-Transformer 92.84 79.36 69.52 72.81 9.42 

TabTransformer 91.76 77.85 67.43 70.96 10.18 

SAINT 93.21 80.14 70.68 74.02 11.37 

NODE 90.93 75.62 65.87 68.54 8.76 

TabNet 92.15 78.43 68.29 71.35 8.21 

CatBoost 94.38 80.87 71.46 74.63 7.14 

LightGBM 93.72 79.58 70.31 73.42 6.98 

SGT-Net 96.59 82.93 73.84 76.52 6.73 

Table IV signifies the comparative analysis of the proposed 
SGT-Net approach with existing methodologies [27, 28]. The 
outcome demonstrated that the RT- DETR- R18, Stacking, 
LSTM, and Transformer models had ineffective outcomes with 
accuracies of 79.90%, 83.71%, 84.015%, and 85.42%, 
respectively. Moreover, the XGBoost, NODE, TabTransformer, 
TabNet, FT-Transformer, and SAINT approaches achieved 
somewhat greater performance. In addition, the LightGBM and 

CatBoost methodologies achieved considerable results. At the 
same time, the proposed SGT-Net approach achieves promising 
performance with an accuracy of 96.59%, precision of 82.93%, 
recall of 73.84%, and F1-score of 76.52%, respectively. Thus, 
the proposed SGT-Net achieves superior classification 
performance compared with the existing methods, 
demonstrating its effectiveness for accurate diamond clarity 
grading. 

 

Fig. 9. Inference time of the SGT-Net model. 

Fig. 9 signifies the inference time of the proposed SGT-Net 
model. Among the evaluated models, the XGBoost, Stacking, 
LSTM, Transformer, RT- DETR- R18, FT-Transformer, 
TabTransformer, SAINT, NODE, TabNet, CatBoost, and 
LightGBM approaches take longer inference times, whereas the 
proposed SGT-Net approach attains a lower inference time of 
6.73 ms. Demonstrating its suitability for efficient and timely 
diamond clarity classification. 

TABLE V.  ABLATION STUDY OF THE PROPOSED SGT-NET MODEL 

Configuration Accuracy Precision Recall 
F1-

Score 

Baseline 89.76 72.84 61.53 66.27 

Transformer + MHSA 92.18 76.24 65.73 69.82 

Transformer + MHSA + 

Feature Engineering 
94.07 78.31 68.42 72.11 

SGT-Net (SHAP-Guided 

Transformer Network) 
96.59 82.93 73.84 76.52 

Table V presents the ablation study of the proposed SGT-
Net model. The Baseline configuration records the lowest 
performance, with an accuracy of 89.76%. Adding MHSA to the 
Transformer improves the results to 92.18% accuracy, while the 
inclusion of feature engineering further increases the accuracy 
to 94.07%. The proposed SGT-Net, which additionally 
incorporates SHAP-guided feature importance into the 
Transformer attention mechanism, achieves the highest 
performance with an accuracy of 96.59%, precision of 82.93%, 
recall of 73.84%, and F1-score of 76.52%, respectively. These 
results indicate that each added component contributes to the 
overall classification performance, with the SHAP-guided 
attention mechanism providing the final improvement in the 
proposed SGT-Net model. 
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TABLE VI.  K-FOLD CROSS VALIDATION 

Fold Accuracy Precision Recall F1 Score 

Fold 1 96.21 82.14 72.31 75.18 

Fold 2 96.84 83.47 74.26 76.93 

Fold 3 96.43 82.61 73.18 75.89 

Fold 4 97.02 84.16 75.02 77.81 

Fold 5 96.58 82.94 73.71 76.41 

Fold 6 95.97 81.72 71.84 74.73 

Fold 7 96.76 83.28 74.48 77.12 

Fold 8 96.35 82.38 72.96 75.67 

Fold 9 97.18 84.52 75.63 78.24 

Fold 10 96.61 83.05 73.89 76.58 

Average 96.60 83.03 73.73 76.46 

Std. Dev. ±0.37 ±0.85 ±1.14 ±1.10 

Table VI shows the 10-fold cross-validation analysis of the 
proposed SGT-Net model using accuracy, precision, recall, and 
F1-score. The model shows stable performance across all ten 
folds, with accuracy ranging from 95.97% to 97.18%. The 
highest accuracy is obtained in Fold 9, while the lowest is 
observed in Fold 6. The average accuracy, precision, recall, and 

F1-score across all folds are 96.60%, 83.03%, 73.73%, and 
76.46%, respectively. The corresponding standard deviations 
are ±0.37, ±0.85, ±1.14, and ±1.10, indicating relatively small 
variations between the folds. These outcomes demonstrate the 
consistent performance and stability of the SGT-Net model 
across different data partitions. 

Fig. 10 presents the SHAP-based explainability results of the 
proposed SGT-Net framework for diamond clarity grading. The 
figure provides both global and local explanations. The global 
explanation shows the overall importance of the features used 
for clarity grading, whereas the local explanation shows how 
individual features influence a particular prediction. This 
analysis helps to understand the model’s decisions and provides 
greater clarity about the factors affecting the grading results. 

The proposed SGT-Net combines feature engineering, 
SHAP-based feature prioritization, and Transformer learning for 
diamond clarity classification. SHAP helps identify the features 
that have a greater influence on the classification results, while 
the Transformer encoder with MHSA captures relationships 
among the different diamond attributes. The experimental 
results show that the model can effectively use these feature 
relationships to produce reliable grading results. Overall, SGT-
Net provides a useful approach for automated diamond clarity 
assessment and related valuation applications. 

 

Fig. 10. SHAP-based analysis of the SGT-Net diamond clarity grading framework.
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V. CONCLUSION AND FUTURE WORKS 

This manuscript introduced an SGT-Net for diamond clarity 
grading. The proposed model includes a preprocessing stage that 
prepares the diamond grading dataset for effective and reliable 
model training. Besides, the feature engineering process is 
performed to enhance the representation of the dataset by 
deriving meaningful attributes from the raw diamond features. 
Moreover, SHAP-guided feature prioritization is utilized to 
recognize the most influential features in the data.  The 
transformer-based architecture processes the data utilizing 
separate embeddings for numerical and categorical features, 
which are then passed through a transformer encoder with 
MHSA. In this setup, SHAP is used to understand feature 
importance and guide the model to pay more attention to the 
most relevant features during learning. The resulting fused 
feature representations are then passed through a dense layer 
followed by a softmax classifier to predict diamond clarity into 
8 distinct classes. For training, the model is optimized utilizing 
the RAdam optimizer along with a weighted cross-entropy loss 
function. Experimental evaluation is carried out using 
performance metrics, demonstrating that the proposed SGT-Net 
effectively learns difficult feature relationships and enhances 
diamond clarity grading performance, making it suitable for 
resource valuation systems. Even though the proposed SGT-Net 
demonstrates better outcomes in diamond clarity grading, its 
precision relies on the quality and dissimilarity of the training 
data. Additionally, the transformer framework may need high 
computational resources and longer training time for huge 
datasets. In the future will concentrate on testing the system on 
large and more distinct diamond datasets from multiple sources. 
The integration of image characteristics and tabular data can be 
investigated to enhance grading accuracy. Furthermore, lighter 
transformer strategies and innovative explainability approaches 
may be examined to increase system efficacy and interpretability 
for real-time gemstone assessment and resource estimation 
applications. 
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    s  i =    |   𝜙  i | −  min ⁡   (  |   𝜙   | )   max ⁡   (  |   𝜙   | ) −  min ⁡   (  |   𝜙   | ) + 𝜖                                     ( 4 )
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  Q = X   W  Q , K = X   W  K , V = X   W  V                                       ( 5 )
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    A  i j =     Q  i   K  j  T     d  k + 𝜆   s  j                                                       ( 6 )
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    𝛼  i j =    exp ⁡   (   A  i j )    ∑  k   exp ⁡   (   A  i k )                                                                 ( 7 )
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    O  i =   ∑  j    𝛼  i j   V  j                                                                 ( 8 )


    O  i


    j  t h


  X


  𝜆


  𝜖


  O


  X


  𝜙


  ∣   𝜙  i ​ ∣ , i = 1 , 2 , … , N
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    E  i  n u m =   x  i  n u m ⋅   W  i  n u m +   b  i  n u m                                                 ( 9 )
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  +   b  i  c a t                                                                                   ( 10 )


  +   b  i  c a t                                                                                   ( 10 )
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  x = [   x 1 ,   x 2 , … ,   x 7  ]  T


    e  j =   x  j   W  l i n +   b  l i n                                                             ( 11 )
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    z  j =   e  j +   p  j                                                                   ( 12 )
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    Q  i = X   W  Q i ,   K  i = X   W  K i ,     V  i = X   W  V i                               ( 13 )
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  z = W x + b                                                               ( 16 )
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  S o f t m a x  (   z  i ​ ) =     e    Z  i    ∑  j = 1  K    e    Z  i                                             ( 17 )
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    𝜌  t =   𝜌 ∞ − 2 ⋅   t ⋅   𝛽 2  t  1 −   𝛽 2  t                                                 ( 18 )
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