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ABSTRACT 

 
To address the growing demand of Tea, Tocklai Assam developed various tea clones that are highly 
resistant to soil and climatic conditions. However, tea farmers often struggle to differentiate the various 
Tocklai Vegetative Tea Clones making them dependent on domain experts. Thus, an accurate automated 
method of identifying Tea Clones will not only assist the farmers in identifying the proper Tea Clone but 
also alleviate the need of relying on domain experts. Recent advances in Computer vision and Deep Neural 
Network have reportedly improved the identification performance with extensive focus on handcraft and 
deep features. Thus, in this paper a hybrid feature fusion is proposed to extract the discriminative feature 
required for identification of Tea Clone leaves. The proposed pipeline initially extracted the handcrafted 
features followed by a combined technique of Harris Hawk Optimization and Mutual Information that 
optimized and eliminated the less contributing handcrafted feature. Thus, the resultant feature set named as 
HandcraftedFeature class was then fused with InceptionV3Feature class comprising the deep features 
extracted from the modified InceptionV3 transfer model integrated with Squeeze Excitation Block. The 
integration of InceptionV3 and Squeeze Excitation Block was done with an aim to capture both the spatial 
and channel based discriminative feature of Tea Clone. Further to ensure that no pair from the two-feature 
class was redundant, Pearson Correlation Coefficient combined with Mutual Information was applied so as 
to eliminate any redundant features. The final feature class obtained was then used to train the modified 
InceptionV3 model with dropout and L2 regularization which upon 5-fold cross validation showed a better 
accuracy of 98.37%. The experimental analysis successfully outperformed the traditional classifiers and 
demonstrated the effectiveness of the proposed pipeline in extracting discriminative features required for 
identification of TV Tea Clone, thereby reducing reliance on manual clone identification methods. 
Keywords: Handcrafted Feature, Deep Feature, Transfer Learning, Feature Fusion 

1. INTRODUCTION: 

Tea is one of the most widely consumed 
beverages in Assam and it plays a significant role in 
the Indian economy. Given the favorable soil and 
weather conditions, Tocklai Assam has developed a 
large collection of tea clones, particularly the 
Tocklai Vegetative (TV) Tea Clone series, which 
are highly resistant to various climatic and soil 
conditions. Proper selection of these clones for 
cultivation can significantly boost production rates. 
However, with the vast number of available clones, 
it becomes a challenging and time-consuming task 
for cultivators to manually identify the best clones. 

Relying solely on human experts for clone 
identification is often inefficient, especially when 
dealing with large tea plantations as manual 
examination are more prone to error. Therefore, an 
automated method for identifying TV Tea clones 
would be more effective solution, aiding tea 
farmers and reducing the need for domain expert 
intervention. Recent studies in object identification 
within the field of computer vision using deep 
learning[1][2] provides valuable insights into 
developing automatic methods for identifying TV 
tea clones. Research indicates that the performance 
of such models is highly influenced by the number 
of features extracted from the dataset [3]. It has 
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been observed that many state-of-the-art plant 
identification approaches rely on handcrafted 
feature extraction techniques. Beghin et al.,[4] used 
a combination of shape and texture feature for leaf 
classification and realized a low accuracy of just 
81%. Hossain et al., proposed a leaf shape 
identification method based on plant biometrics that 
used specific shape based features viz; eccentricity, 
area, perimeter, major axis, minor axis, equivalent 
diameter, convex area and extent. These features 
were further fetched to the Probabilistic Neural 
Network to categories broad flat leaves [5]. Arora 
et al. [6] used shape feature for identifying 
compound leaves, by using the novel pre-
processing method for removal of background 
noise and shadow and put forwarded the use of 
tooth features for differentiating identically shaped 
leaves and incorporated a proper image 
segmentation interface for natural pictures of 
leaves. Satti et al. [7] used color and shape feature 
of the leaf as inputs enabled by image processing 
technique for the generation of efficient 
classification. 33 various plant species were used to 
train a sample size of 1907. Machine learning 
classifiers viz., Artificial Neural Network (ANN) 
and k-Nearest Neighbour (KNN) were used for 
determining the accuracy where ANN classifier 
showed an accuracy of 93.3% and concluded that 
the use of ANN for implementation takes less 
average time as compared to the Euclidean distance 
method. Amlekar et al. used biometric parameters 
viz; Area, Eccentricity , Perimeter,  Major Length, 
Minor Length, Convex Area,  Solidity of leaf for 
leaf identification[8]. The multilayer perceptron 
based ANN method was used to determine the 
result of the classification model and showed a 
precision of 91% and claimed better performance 
than KNN classification model. Du et al.[9] 
assessed a leaf species classification system which 
relied on the shape morphological feature of a leaf. 
The authors considered an aspect ratio, 
rectangularity, area ratio of convexity, perimeter 
ratio of convexity, sphericity, circularity, 
eccentricity and form factor features on a sample of 
400 scanned images of 20 different species. Din et 
al. used the Gray-Level Co-Occurrence Matrix 
(GLCM) to extract eight different texture features: 
mean, variance, homogeneity, contrast, 
dissimilarity, entropy, second moment, and 
correlation. They concluded that the SVM classifier 
fed with these features along with the 10 fold cross 
validation resulted in an accuracy of 98.3%[10]. 
Again Elhariri et al. used a dataset of 340 images of 
leaf where they combined 15 texture feature, 12 
color feature and 8 shape features. They further 

normalized the combined feature using z-score 
before being fed to the Random Forest(RF) and 
Linear Discriminant Analysis(LDA) for 
classification[11] for which they claimed an 
accuracy of 92.65% for LDA and 88.82% for RF. 
Thus the review of the literature indicated that most 
of the feature considered by the researcher for 
developing a plant recognition system was based on 
shape, color and texture. Parameters that were 
frequently used to assess shape were Aspect ratio, 
Form factor, Rectangularity, Narrow factor, 
Perimeter ratio of diameter, Perimeter ratio of leaf, 
circularity, sphericity, eccentricity, axis ratio, 
diameter, complexity, perimeter, roundness, 
dispersion, solidity, convexity, contour.  Parameters 
like Energy, Entropy, Sum Entropy, Difference 
variance, Difference entropy, correlation, sum 
average, contrast, Homogeneity, sum of squares, 
inverse different moment, angular second moment 
were frequently considered for texture extraction 
and Mean, STD, Skewness, Kurtosis were used for 
color extraction. However, these traditional 
handcraft feature extraction techniques captures 
low level features as it is hand engineered and often 
demand good domain knowledge. This shallow 
representation of feature limits the ability to extract 
the discriminative features leading to inadequacy 
for accurate identification of TV tea clones when 
relied only on handcrafted features. 

In recent years, various research works have been 
carried out using machine learning for leaf 
identification and classification. It has been 
observed that the use of various traditional machine 
learning models for leaves identification reflects 
good performance. However, such traditional 
methods work well in discriminating the class 
labels but are often complicated.  Huynh et al. [12]  
through his works makes it clear that the CNN 
method when used both in Flavia and Swedish 
datasets for the identification process shows the 
highest accuracy as compared to traditional 
machine learning. The study reflects the capability 
and effectiveness of CNN to automatically identify 
the features using a large training set. It has been 
found that with the use of CNN extraction of 
appropriate features for building a simple model 
becomes very easy and cost-effective. Again the 
research work carried out by Ishii et al. [13] shows 
better performance and efficiency of CNN model 
than SVM. The work of the researcher Tropea et al. 
[14] also clearly mentioned the efficiency of CNN 
over the conventional classifier method. Shah et al. 
[15] proposed a dual-path deep convolutional 
neural network that extracted  the shape and texture 
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feature and merged the features extracted for plant 
identification. Recently, Araujo et al. [16] proposed 
a two view learning strategy for plant classification 
based on Siamese Convolutional Neural Network 
(S-CNN or CSN). The model successfully extracted 
the global and local features and yielded accurate 
classification results in comparison with the 
traditional CNN, thereby showing a better 
performance. Mata and Montero [17] proposed a 
CSN model to identify plant with small dataset. The 
proposed approach learned the similarity metric to 
discriminate the plant species, enabling the model 
to effectively perform well even with small dataset. 
Albeit deep learning methods have demonstrated 
good recognition output in supervised 
identification, their performance tends to decline 
for unsupervised identification. This limitation is 
due to the fact that deep neural network are capable 
of extracting high level features and often overlook 
low level visual features such as edge structure, 
texture details which serves as important features 
for identification of TV Tea Clone Series. Coupled 
with this limitation, constraints such as insufficient 
labeled dataset, redundancy between handcrafted 
and deep features and reliance on domain expert 
further impede the development of a robust 
automated system. These interconnected challenges 
draws attention to a critical research gap that must 
be addressed and mitigated through a systematic 
approach. As a consequence there is a compelling 
demand for a reliable hybrid feature fusion pipeline 
that will not only redress the shortcomings of 
capturing low-level features from a deep networks 
but also handles issues of scanty dataset, feature 
redundancy, and expert dependency. Thus 
acknowledging the challenges identified and 
research gap, this study seeks to answer the 
following question: 
Can a hybrid feature fusion framework that 
integrates optimized handcrafted features with 
features extracted from a modified deep learning 
model considerably improve the classification 
accuracy of Tocklai Vegetative (TV) Tea Clone 
leaves as compared to approaches that rely solely 
on either handcrafted features or deep network 
features?  
In accordance with the research question we 
advance the hypotheses as: 
 Hypothesis (H1): hybrid feature fusion 

framework combining optimized handcrafted 
features with deep learning features obtained 
from modified deep network models will 
achieve higher classification accuracy than 
models relying solely on handcrafted or deep 
features. 

 Null Hypothesis (H0): The hybrid feature 
fusion framework will not demonstrate 
significant result over handcrafted-only or deep-
only models. 

With the research problem and hypothesis 
articulated the study needs to be essentially placed 
within the wider context of existing literature. 
Unlike previous works that basically relied on 
either handcrafted features [4–11] or on CNN based 
approaches [12–17] this study thus uniquely 
integrates both, through an optimized driven hybrid 
fusion framework. The inclusion of feature 
optimization technique and redundancy elimination 
along with a modified deep network model 
differentiates this study from existing literature. 
This dual-level optimization ensures that low level 
handcrafted features (texture, shape, color) and 
high level deep features are retained without 
redundancy.  
The proposed work aims to leverage the strengths 
of domain based, shallow hand-engineered features 
with high level CNN features. This hybrid approach 
will effectively generalize the identification process 
of TV Tea Clone Series, leading improved 
accuracy. 
The main contributions of this work are as follows: 

1) A comprehensive feature fusion pipeline is 
proposed to identify TV Tea Clone Series. 

2) The handcrafted features viz; shape, texture, 
and color are systematically extracted to 
capture the visual characteristics of leafs. 

3) Redundancy of the hand engineered feature 
is reduced and their relevance is enhanced 
with an aim to enhance the discriminative 
power of the handcrafted features. 

4) High level features are extracted from a 
structurally adapted Deep CNN model based 
on modified transfer learning. 

5) For each handcrafted feature and CNN 
features, the redundant features are 
identified and eliminated using Pearson 
correlation analysis followed by a second 
MI-based filtering. 

6) The optimized hand engineered feature and 
CNN features are integrated. 

7) The performance of the proposed model is 
evaluated and the training - validation 
performance is further visualized to analyze 
the convergence and generalization. 

8) The model is finally deployed for testing so 
as to predict leaf image. 

The findings obtained from this research will have 
significant implications particularly for tea 
researchers, agricultural scientists, tea estate 
managers, and policymakers in the tea industry. 
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Automated clone identification based on hybrid 
feature fusion framework can reduce reliance on 
expert, better decision-making in clone selection, 
and contribute to intensify crop production and 
quality, thereby supporting the agricultural 
economy of Assam and other tea-growing regions. 
The remaining paper work is organized as follows. 
Section 2 comprises the proposed methodology 
while the result obtained is discussed in Section 3 
and finally the conclusion is explained in Section 4. 

2. PROPOSED METHODOLOGY 
 This section illustrates the comprehensive 
methodology adapted for identifying the TV Tea 
clone series using a hybrid feature fusion 
framework. The pipeline proposed in this research 
framework adopts an experimental and quantitative 
study design which can be visualized through 
Figure 1. where the entire work was categorized in 
three broad modules: Preprocessing of the TV Tea 

Clone leaf, Feature Extraction through fusion, and 
finally classifying and predicting the TV Tea Clone 
leaf. The core part of the proposed pipeline focused 
on extracting the handcrafted features of TV Tea 
Clone Leaf (Shape, Texture, Color), optimizing the 
feature set where by eliminating the low 
contributing feature by using HHO-MI and then 
fusing it with the deep features extracted from 
modified Inception V3 transfer learning model 
integrated with Squeeze Excitation Block. To 
accelerate the identification of discriminative 
feature from the fusion, Pearson Correlation 
Coefficient method was used between the pair from 
both the class (Handcrafted feature class and Deep 
feature class) so as to check the correlation and 
eliminate the redundant feature if any using Mutual 
Information. The final feature set obtained was 
further used for identification.  
 

 

 

Figure 1: Pipeline of the proposed system  

Load and Preprocess images 

Extract Handcrafted Features: Shape, Texture, Color 

Apply HHO + MI to optimize feature set and eliminate 
low contributing feature to produce 

HandcraftedFeature class 

Use modified InceptionV3 transfer 
model with Squeeze-Excitation to 
extract deep feature vector set and 

store it in InceptionV3Feature class 

Fuse the HandcraftedFeature and InceptionV3Featureclass 

Apply Pearson Correlation Coefficient to identify correlation between 
the pair from both the class and eliminate redundant feature using 

Mutual Information  

Final fine grained Feature Set 

Evaluate modified InceptionV3performance 

Predict New Image 

Feature Extraction 
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2.1 Data acquisition 

In order to implement the proposed objective, 
a dataset comprising of Tocklai Vegetative (TV) 
Tea Clone Series of TV9 and TV10 is considered 
for which an area with available Clone series is 
selected. The samples of Tea leaf for the research 
are collected from Kamarbund Tea Estate, Gatonga 
Jorhat Assam with geographic coordinates 
26°39'28.1"N and 94°08'00.0"E. A total of 1619 
high resolution images of Tea leaves from two 
distinct TV clones was collected and used for the 
experiment, out of which 809 images were of TV9 
clone series and 810 images were of TV10. The 
leaf images were acquired from various angles by 
using a mobile camera of 64 Mega Pixel. The 
samples were captured during daylight where a 
white sheet was positioned at the back of the 

sample leaf with an aim to eliminate the 
background of the leaf. This was done so as to 
capture images with a standard background. 

2.2 Data Preprocessing 

The images captured were made 
dimensionally same and resized to 300x300 pixels 
and stored in JPEG format. At the very outset the 
RGB TV Tea clone image were converted to 
grayscale so as to stream line the pixel intensity. 
The grayscale image was then segmented from the 
background by using Otsu Thresholding that 
converts it to binary, resulting the area surrounding 
the entire leaf image with white and background 
with black. Finally, inorder to retrieve the visual 
feature of the leaf bitwise NOT operation is applied 
to get an inverted image as shown in Figure 2. 

Figure 2: Preprocessing of TV tea leaf image

2.3 Data augmentation 
 In order to enhance the efficacy of the proposed 
pipeline, data augmentation was incorporated. With 
the use of basic geometric transformation 
techniques, data augmentation ensures increase in 
size of the training dataset without adding new data 
to the dataset. Such technique addresses the issue of 
over-fitting faced by the model during training. 
Rotation with range 40, zoom with range 0.2, 
horizontal flipping, shearing with range 0.2, 
adjusting the brightness and contrast with range 
(0.5, 1.5) are considered in the proposed work. 
Thus increasing sample size to 4860 and 4854 for 
TV9 and TV10 Tea Leaf image. 
 
2.4 Handcrafted feature extraction 

The visual features for the texture, shape, 
color features of the TV tea leaf was extracted and 
is represented in Table 1. Various texture feature of 
the TV tea leaf was extracted using Gray level co-
occurrence matrix[18] in four direction i.e 

0°, 45° , 90°, 135° and arranged into a feature set 
represented as TF. A total of 12 texture feature, i.e 
Energy, Entropy, Sum Entropy, Difference 
variance, Difference entropy, Correlation, Sum 
average, Contrast, Homogeneity, Sum of squares, 
Inverse different moment, Angular second moment 
was extracted. Geometric features were computed 
and grouped in a different feature set denoted as SF 
where a total of 18 shape features i.e Aspect ratio, 
Form factor, Rectangularity, Narrow factor, 
Perimeter ratio of diameter, Perimeter ratio of leaf, 
circularity, sphericity, eccentricity, axis ratio, 
diameter, complexity, perimeter, roundness, 
dispersion, solidity, convexity, contour was 
successfully extracted. Again for each color 
channel of the RGB image, four statistical 
descriptor i.e Mean, STD, Skewness and Kurtosis 
was used and further grouped in the feature set CF 
resulting in total of 12 color features. Thus a total 
of 42 handcrafted features were successfully 
extracted. However to explore the efficiency of the 
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extracted handcrafted feature two popular 
classifiers Support Vector Machine (SVM) and 

Random Forest (RF) were used. 

 
Table 1: Handcrafted Feature set 

Feature Set Feature 
elements 

Name of the feature 
element 

Feature Calculation 

Texture 
Feature (TF) 

TF1 

Energy 
𝐸𝑛𝑒𝑟𝑔𝑦 = ෍ ൫𝑃௜௝൯

ଶ
ேିଵ

௜,௝ୀ଴

 

TF2 

Entropy 
𝐸𝑛𝑡𝑟𝑜𝑝𝑦 = ෍ ൫𝑃௜௝൯𝑃௜௝

ேିଵ

௜,௝ୀ଴

 

TF3 

Sum Entropy 𝑆𝑢𝑚_𝑒𝑛𝑡𝑟𝑜𝑝𝑦

= − ෍ 𝑃௫ା௬(𝑖) log൛𝑃௫ା௬(𝑖)}

ଶே

௜ୀଶ

 

TF4 

Difference Variance 
𝐷𝑖𝑓𝑓𝑒𝑟𝑒𝑛𝑐𝑒_𝑣𝑎𝑟𝑖𝑎𝑛𝑐𝑒 = − ෍ 𝑖ଶ𝑃௫ି௬(𝑖)

ேିଵ

௜ୀ଴

 

TF5 

Difference Entropy 𝐷𝑖𝑓𝑓𝑒𝑟𝑒𝑛𝑐𝑒_𝑒𝑛𝑡𝑟𝑜𝑝𝑦

= − ෍ 𝑃௫ି௬(𝑖) log൛𝑃௫ି௬(𝑖)}

ேିଵ

௜ୀ଴

 

TF6 

Correlation 
𝐶𝑜𝑟𝑟𝑒𝑙𝑎𝑡𝑖𝑜𝑛 = ෍ 𝑃௜௝

(𝑖 − 𝜇)(𝑗 − 𝜇)

𝜎

ேିଵ

௜,௝ୀ଴

 

TF7 

Sum Average 

𝑆𝑢𝑚_𝐴𝑣𝑔 = ෍ 𝑖𝑃(௫ା௬)

ଶ௄೒

௜ୀଶ

(𝑖) 

TF8 

Contrast 
𝐶𝑜𝑛𝑡𝑟𝑎𝑠𝑡 = ෍ 𝑃௜௝(𝑖 − 𝑗)ଶ

ேିଵ

௜,௝ୀ଴

 

TF9 

Homogeneity 
𝐻𝑜𝑚𝑜𝑔𝑒𝑛𝑖𝑡𝑦 = ෍

𝑃௜௝

1 + (𝑖 − 𝑗)ଶ

ேିଵ

௜,௝ୀ଴

 

TF10 

Sum of Squares 𝑆𝑂𝑆 = ෍ ෍(𝑖 − 𝜇)ଶ

௝௜

𝑃(௜,௝) 

TF11 

Inverse Different 
Moment 𝐼𝐷𝑀 = ෍ ෍

1

1 + (𝑖 − 𝑗)ଶ

௝௜

𝑃(௜,௝) 

TF12 

Angular Second 
Moment 

𝐴𝑆𝑀 = ෍ ෍൫𝑃௜,௝൯
ଶ

௝௜

 

SF 

SF1 

Aspect Ratio 
𝐴𝑅 =

𝐿௣

𝑊௣

 

SF2 
Form factor 

𝐹𝐹 =
4𝑝𝑖𝐴

𝑃ଶ
 

SF3 
Rectangularity 

𝑅 =
𝐴௅௘௔௙

𝐴஻௢௨௡௕௢௫
൘  

SF4 

Narrow factor 
𝑁𝐹 =

𝐷

𝐿௣

 

SF5 
Perimeter  ratio of 
diameter 𝑃𝑅𝐷 =

𝑃

𝐷
 

SF6 
Perimeter ratio of the 𝑃𝑅𝐿 = 𝑃

𝐿௉ + 𝑊௣
ൗ  
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leaf 

SF7 
Circularity 𝐶 =

𝜇௥
𝛿௥

ൗ  

SF8 Sphericity 𝑆 =
𝑟௜

𝑟௖
ൗ  

SF9 
Eccentricity 𝐸 =

𝐸஺
𝐸஻

ൗ  

SF10 
Axis ratio 𝐴 =

𝐷௠௜௡
𝐷௠௔௫

ൗ  

SF11 Diameter 𝐷 = ඥ(4 ∗ 𝑎𝑟𝑒𝑎/𝑝𝑖) 

SF12 
Complexity 

𝐶𝑀 =
ඥ𝑝𝑒𝑟𝑖𝑚𝑒𝑡𝑒𝑟

𝑎𝑟𝑒𝑎ൗ  
SF13 Perimeter 𝑃 = 2𝑙 + 2𝑤 

SF14 Roundness 𝑅𝑂 = 𝑎𝑟𝑒𝑎
𝑝𝑒𝑟𝑖𝑚𝑒𝑡𝑒𝑟ଶൗ  

SF15 

Disperssion 𝐷𝑖𝑠𝑝𝑒𝑟𝑠𝑖𝑜𝑛

=
max ൫ඥ(𝑥௜ − 𝑥̅)ଶ + (𝑦௜ − 𝑦ത)ଶ൯

min ൫ඥ(𝑥௜ − 𝑥̅)ଶ + (𝑦௜ − 𝑦ത)ଶ൯
 

SF16 
Solidity 𝑆𝑜𝑙𝑖𝑑𝑖𝑡𝑦 =

𝑎𝑟𝑒𝑎

𝑐𝑜𝑛𝑣𝑒𝑥𝑎𝑟𝑒𝑎
 

SF17 
Convexity 

𝐶𝑜𝑛𝑣𝑒𝑥𝑖𝑡𝑦 =
𝑐𝑜𝑛𝑣𝑒𝑥𝑝𝑒𝑟𝑖𝑚𝑒𝑡𝑒𝑟

𝑝𝑒𝑟𝑖𝑚𝑒𝑡𝑒𝑟
 

SF18 Contour Contour 
=∑ ඥ(𝑥௜ାଵ − 𝑥௜)ଶ + (𝑦௜ାଵ − 𝑦௜)ଶ௡ିଵ

௜ୀଵ  
CF 

CF1 

MeanRed 

𝜇ோ =
1

𝑁
෍ 𝑅௜

ே

௜ୀଵ

 

CF2 

MeanGreen 
𝜇ீ =

1

𝑁
෍ 𝐺௜

ே

௜ୀଵ

 

CF3 

MeanBlue 
𝜇஻ =

1

𝑁
෍ 𝐵௜

ே

௜ୀଵ

 

CF4 

STDRed 

𝜎ோ = ඩ
1

𝑁
෍(𝑅௜ − 𝜇ோ)ଶ

ே

௜ୀଵ

 

CF5 

STDGreen 

𝜎ீ = ඩ
1

𝑁
෍(𝐺௜ − 𝜇ீ)ଶ

ே

௜ୀଵ

 

CF6 

STDBlue 

𝜎஻ = ඩ
1

𝑁
෍(𝐵௜ − 𝜇஻)ଶ

ே

௜ୀଵ

 

CF7 

SkewnessRed  

𝜃ோ =

ଵ

ே
∑ (𝑅௜ − 𝜇ோ)ଷே

௜ୀଵ

𝜎ோ
ଷ  

CF8 

SkewnessGreen  

𝜃ீ =

ଵ

ே
∑ (𝐺௜ − 𝜇ீ)ଷே

௜ୀଵ

𝜎ீ
ଷ  

CF9 

SkewnessBlue  

𝜃஻ =

ଵ

ே
∑ (𝐵௜ − 𝜇஻)ଷே

௜ୀଵ

𝜎஻
ଷ  
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CF10 

KurtosisRed 
𝛾ோ =

ଵ

ே
∑ (𝑅௜ − 𝜇ோ)ସே

௜ୀଵ

𝜎ோ
ସ  

CF11 

KurtosisGreen 
𝛾ீ =

ଵ

ே
∑ (𝐺௜ − 𝜇ீ)ସே

௜ୀଵ

𝜎ீ
ସ  

CF12 

KurtosisBlue 
𝛾஻ =

ଵ

ே
∑ (𝐵௜ − 𝜇஻)ସே

௜ୀଵ

𝜎஻
ସ  

2.5 Optimization Of Handcrafted Feature By 
Combined Technique Of Harris Hawk 
Optimization And Mutual Information 

 
 The discrimination strategy for identifying the 
significance of highly relevant features on the 
accuracy of the classifier is often challenging. With 
an aim to identify an optimized subset from the 
combination with maximum classification 
accuracy, Principal Component analysis (PCA), 
Recursive Feature Elimination (RFE) and Harris 
Hawks Optimization amalgamated with Mutual 
Information (HHO-MI) was used.  
2.5.1 Principal Component Analysis (PCA) 

PCA uses covariance matrix to identify the 
correlated features from the handcrafted features 
and convert them into uncorrelated features known 
as principal component. These components are 
sorted as per the value of variance where most 
significant component is arranged at the top. By 
selecting the top component, PCA ensures removal 
of redundant data from the Handcrafted feature set. 
The efficacy of the reduced feature set was then 
evaluated by the classifier SVM and RF. 

2.5.2 Recursive Feature Elimination 

For optimizing the handcrafted features 
another popular optimization technique i.e 
Recursive Feature Elimination was employed 
where a base classifier model like SVM and RF 
was utilized. In order to identify the most relevant 
feature the models were first trained with 
handcrafted feature set. The model then ranks the 
feature set based on their relevance and eliminates 

the least important feature in each iteration. The 
SVM an RF classifier is further retrained with the 
reduced feature set. The process recursively 
narrows down till most informative features are 
obtained[19][20]. 

2.5.3 Hybrid Harris Hawks Optimization-Mutual 
Information 
To address the optimization of the extracted 

handcrafted features and further eliminating the low 
contributed feature a hybrid technique was 
proposed. In this hybrid technique Harris Hawks 
Optimization technique was combined with Mutual 
Information and its algorithm is stated in Algorithm 
1.  

HHO is an optimization technique [21] that imitates 
the way Hawk explore its prey and hunt where 
hawk chasing its prey represents search agent and 
prey represents the best position. Initially the search 
agent is assigned with random binary vector of 
dimension equal to handcrafted feature. The feature 
with 1 as binary vector were selected and fitness 
was evaluated using SVM classifier. Through 
iteration and utilization of soft and hard besiege 
strategies and Levy flight-based diversification[21] 
optimized feature set is obtained. 

After the optimized feature is obtained MI is 
employed to calculate the relevancy of the feature. 
Features with MI below a threshold are eliminated 
resulting in formation of HandcraftedFeature class. 

 

 

Algorithm 1: Pseudo code of Combined HHO-MI algorithm 
Inputs: 

- X: Handcrafted feature matrix with dimension NxD where N row as TV Tea Clone samples and D 
column as handcrafted features (N samples × D features) 

- Y: Class labels for each TV Tea Clone samples  in binary (N samples × 1) 
- T: Maximum iterations 
- Search_Agents: Number of hawks 
- MI_Threshold: Set Mutual Information threshold for feature selection 

Output:  
HandcraftedFeature Class: Optimized and eliminated feature set  



 
 Journal of Theoretical and Applied Information Technology 

31st October 2025. Vol.103. No.20 
©   Little Lion Scientific  

 
ISSN: 1992-8645                                                                    www.jatit.org                                                     E-ISSN: 1817-3195 

 
8425 

 

Procedure: 
Initialize Search_Agents (each Search_Agents is a binary vector of length D, where D=total number 
of handcrafted features) 
for i = 1 to Search_Agents: 

Randomly initialize binary vector Hawki, such that Hawki consists of random binary vectors 
with D dimension  

 
for iteration = 1 to T: 

    for each Hawk_i with D dimension: 
Selected_features with value 1 from Hawki 
Evaluate fitness of the Selected_features using  SVM classifier with cross-validation accuracy 
X_best Best hawk with highest fitness 
Update Hawk_iHHO_Update(Hawk_i, X_best, iteration, T) 

After T, OptimizedFeature Feature indices where X_best == 1 
 
for each feature f in OptimizedFeature: 

f_MIestimated Mutual Information of f and Y 
    If f_MI ≥ MI_Threshold: 
   Add f to HandcraftedFeature Class 

Return HandcraftedFeature Class 

Finally the optimized feature set obtained from 
three optimization technique  PCA, RFE, HHO+MI 
was comparatively analyzed on the basis of 
classification accuracy resulted by SVM and RFA. 
The optimized feature resulting in best accuracy 
was considered as final HandcraftedFeature Class 
for fusion. 
2.6 Deep Learning Features 

The recent advent of deep neural networks has 
resolved the limitation of traditional machine 
learning algorithms while extracting the features 
and leveraged significantly the classification 
accuracy of image. A deep neural network like 
Convolutional Neural Network (CNN) mainly 
comprises of eight hidden layer including an input 
layer, convolutional layer, activation layer, pooling 
layer, batch normalization layer, dropout layer, 
fully connected layer and an output layer thus 
forming a deep eight layered framework. The 
hierarchical structure of CNN has extensively 
automated the feature extraction process. The 
ability to extract discriminative features from leaf 
image motivated the use of CNN. It has been 
observed that much research work has been carried 
where complex CNN with deep layers was 
designed. But an enormous increase in the layers 
extensively reduces the efficiency of the model. 
Again, the dataset required for such model is also 
too high. So in order to mitigate this limitation 
transfer learning was employed. These transfer 
learning models addressed the bottleneck associated 
with the extraction of feature and classification of 

images in deep neural network. Models like 
VGG16, ResNet50, DenseNet121, and InceptionV3 
are the popular transfer learning models tailored for 
improving efficiency. Unlike VGG16 which fails to 
handle vanishing gradient problem and loss of fine 
grained spatial information[22], ResNet50, 
addresses the vanishing gradient problem by 
introducing residuals and enhances performance for 
deeper network[23]. DenseNet121 further refines 
the gradient flow by introducing dense connectivity 
where each layer is connected to the previous layer 
in a feed-forward approach and mitigates the 
vanishing gradient problem. But such a dense 
connection structure that fosters feature reuse 
increases the consumption of memory and increases 
computational complexity. Contrary to this 
InceptionV3 enables robust feature extraction and 
enables high accuracy by introducing inception 
module[24]. The incorporation of parallel 
Convolutional paths, factorized filters and auxiliary 
classifiers within the inception module outperforms 
computational complexity and efficiency. The 
Parallel Convolutional path process the several 
kernel sizes viz; 1x1, 2x2, 3x3, 5x5 etc in parallel 
and ensures  the retrieval of both local and global 
structure. The factorized convolution further 
reduces the kernel size thus reducing training time 
and memory usage. The factorized convolution 
hence reduces the number of parameter resulting in 
low overfitting. For example the factorized 
convolution reduces the 5x5 convolution into two 
3x3 convolution. Such decomposition reduces the 
number of parameter from 5x5=25 for 5x5 
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convolution to 3x3+3x3=18 for two 3x3 
convolution i.e reducing it by 28%.  The 
amalgamation of Parallel Convolutional path and 
factorized convolution thus ensures deep feature 
extraction with low overfitting. Considering this 
advantages, InceptionV3 was selected as the 
backbone of the transfer learning model for 
extracting the deep feature required for fine grained 
classification of TV tea clone. However, 
considering only the spatial information captured 
by Inception V3 is not sufficient for the 
identification of distinctive TV Tea Leaf as for a 
deeper layer of CNN where each channel represents 
different feature. In Inception V3 the network fails 
to do so and treats it to be same resulting in 
irrelevant feature generation. So as to mitigate this 
problem, channel wise dependency model such as 
Squeeze and Excitation network [25] when used 
can help to extract the discriminative feature of TV 
Tea Clone.   

Thus a modified InceptionV3 network 
amalgamated with Squeeze and Excitation is 
proposed. At first the RGB TV Tea leaf image is 
resized to 299x299x3 and is fed to the network 
which is then passed to the next layer. In the next 
layer , Convolutional layer extracts the low level 
features like edge, texture where batch 
normalization is introduced to speed up the learning 
rate followed by ReLU activation so as to deal with 
the vanishing gradient problem. This is followed by 
a Stem Block. The Stem Block uses a combination 
of convolution stride and max pooling which results 
in feature map for the next deeper inception block. 
After the Stem Block, three Inception Block 
namely Inception Block A, Inception Block B, 
Inception Block C paired with three Squeeze and 
Excitation block for each Inception Block A and B 
and two Squeeze and Excitation block for Inception 
block C is used. The Inception Block A uses 
Parallel Convolutional path and processes the 
kernel size 1x1, 3x3, 5x5 in parallel so as to extract 
the features while the Squeeze and Excitation block 
behaves as the Global Average Pooling so as to 
extract the meaningful feature. On the other hand 
the Inception Block B performs as factorized 
convolution. Both the Inception Block A and B 
paired with Squeeze and Excitation block is made 
to pass through the Reduction Block A and B 
respectively so as to reduce the spatial information 
of the feature. Finally, the Inception Block C paired 
with Squeeze and Excitation block captures the 
deep hierarchical features suitable for identifying 
TV tea clone. Then the output generated from the 
final Convolutional layer was appended to a Global 

Average Pooling so as to generate the most 
prominent feature vector. The resulted vector is 
then transferred to a dense layer. The ReLU 
activation and L2 regularization within the dense 
layer finally produces a 128 dimension feature 
vector which is suitable for storage, comparison 
and training classifier thus lowering overfitting. 
The obtained feature vector is then stored in 
InceptionV3Feature class. The overall architecture 
of modified InceptionV3 is shown in Figure 3(a) 
and the schematic representation of both 
InceptionV3 and modified InceptionV3 
amalgamated with Squeeze Excitation network is 
shown in Figure 3(b). 

2.7 Feature Fusion With Redundancy 
Elimination 

The features obtained by the handcrafted 
feature extraction and features obtained by the 
modified InceptionV3 model are then fused. While 
fusing the two classes HandcraftedFeature and 
InceptionV3Feature class, the final feature set may 
result in highly correlated feature representing 
duplication of feature[26]. Thus to address this 
problem, Pearson Correlation Coefficient (PCC) is 
applied to detect the highly correlated feature and 
Mutual Information(MI) is used to eliminate the 
redundant feature so as to ensure that the final 
feature set possesses unique feature vector. Pearson 
Correlation Coefficient ranges from +1 to -1 is the 
most common way of interpreting the linear 
relationship between two variable where +1 
indicates positive correlation and negative 
correlation for -1. 

Mathematically PCC is calculated as, 

r =
∑ (௔೔ି௔ത)൫(௕೔ି௕ത)൯೙

೔సభ

ට∑ (௔೔ି௔ത)మ೙
೔సభ ට∑ (௕೔ି௕ത)మ೙

೔సభ

,  

where n is the sample of images, ai  is values of 
handcrafted feature for image, bi is the values of 
deep feature vector, 𝑎തis the mean of handcrafted 
feature and 𝑏ത is the mean of deep feature vector. 
PCC value, r> 0.9 represents strong correlation 
interprets that there is duplicate information and 
may lack additional information. Now Mutual 
Information (MI) is utilized to determine whether 
the feature despite of its high correlation carries any 
useful information. If the acquired MI value results 
to be low then the redundant features are eliminated 
otherwise the features are retained and not 
eliminated. Again, the PCC value, r<0.9 represent 
that the variables are not correlated.  
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Finally, the fused feature set obtained was used to 
train the modified InceptionV3. The performance 
metrics of the classifier and the testing loss and 
testing accuracy curve were plotted and analyzed. 

3. RESULTS AND DISCUSSION 
 
The results demonstrated in this section are 
analyzed and examined through various evaluations 
metric. Classification accuracy supported by cross-
validation performance is considered the primary 
metric to ensure robustness. The training and 
validation convergence curves are analyzed to 
assess the stability and generalization of the model, 
while misclassification rates are examined to 
identify error trends. Furthermore, the efficiency of 
feature reduction techniques (such as PCA, RFE, 
HHO-MI) and the contribution of fused features are 
interpreted in comparison with benchmark models 
that rely solely on handcrafted or CNN-based 
features. Considering these criteria, a series of 
experiments were planned and deployed to evaluate 
the performance of the proposed pipeline. 
3.1. Experimental Setup 

In this proposed framework, several transfer 
learning models were compared with the proposed 
model and were implemented in Python 3.9.8. As 
the experiment in this work faced a limited resource 
environment, Google Colab Pro served the purpose 
for training and testing activities. The training and 
testing were performed in T4 Tesla GPU runtime 
environment and with TensorFlow with Keras 2.18. 
The dataset for the proposed pipeline was split into 
halves where 80% of the samples were used for 
training and remaining 20% were used for testing. 

3.2. Experimental Results 
3.2.1. Experiment 1: Extraction of Handcrafted 

features 

A total of 42 features were successfully extracted 
out of which 12 were texture feature, 18 were shape 
feature and 12 were color feature. The classification 
accuracy of the extracted feature resulted by SVM 
and RF were compared so as to check the effect of 
handcrafted features in classification. It was 
observed that the 18 Shape feature showed an 
accuracy of 87% for SVM and 85% for RF thus 
with an average accuracy of 86% which was 
followed by Texture with 84% for SVM and 81% 
for RF and Color feature with 80% for SVM and 77 
% for RF. Further, when 18 Shape feature were 
combined with 12 Texture showed an accuracy of 
89% for SVM and 86% for RF which represented 
an improvement in the performance. Finally all the 

42 feature i.e 12 texture, 18 shape, 12 color were 
combined which surprisingly showed an accuracy 
of 91% for SVM and 89% for RF thus with an 
average accuracy of 90%. This made it evident that 
Shape if combined with Texture and Color feature 
can result in performance improvement. The 
accuracy rates for the extracted features are shown 
in Table 2. These 42 features were further 
optimized by PCA, RFE and a combined technique 
HHO-MI with an aim to reduce the redundancy. 
The efficacy of the reduced features was evaluated 
by the classifier SVM and RF. It was observed that 
PCA reduced 42 features to 14 principle 
components and showed an SVM accuracy of 84% 
and RF accuracy of 79.8%, RFE reduced 42 
features to 19 features and showed an accuracy of 
82% and 81% for SVM and RF respectively. The 
combined technique of HHO-MI resulted in 12 
features and the MI score for the 12 features are 
shown in Table 3. HHO initially selected 13 
features out of the 42 features. Out of the 13 
optimized features one feature valued with 0 MI 
score was removed from the feature set leaving 
behind 12 features. This combined technique 
showed a highest accuracy of 92% for SVM and 
84% for RF as compared with PCA and RFE. The 
result thus suggested that combine technique of 
HHO and MI resulted better in both feature 
reduction technique and classification accuracy. 
The reduced 12 feature set were finally named as 
HandcraftedFeature Class 

Table 2: Accuracy of SVM and RFA classifier for various 
combination of handcrafted feature 

Combination of Feature SVM RFA Average 
Shape+texture+color 91 89 90 
Texture 84 81 82.5 
Shape 87 85 86 
Color 80 77 78.5 
Shape+Texture 89 86 87.5 
Texture+Color 87 83 85 
Shape+Color 88 84 86 

 

Table 3: Mutual Information score for Optimized Feature 
of HHO 

MI Scores 
Feature 3:  0.90% 
Feature 4:  1.98% 
Feature 7:  5.18% 
Feature 12:  13.37% 
Feature 16:  14.13% 
Feature 17:  14.38% 
Feature 18:  0.38% 
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Feature 20:  7.21% 
Feature 21:  11.05% 
Feature 23:  18.57% 
Feature 24:  3.15% 
Feature 25:  9.69% 

 
3.2.2. Experiment 2: Deep Feature Extraction 

and fusion 

Before extracting the deep features from a pre-
trained CNN Transfer Model an experiment was 
performed to determine which transfer model to be 
considered as the backbone of the proposed 
framework. For this VGG16, ResNet50, 
DenseNet121, and InceptionV3 pre trained transfer 
learning CNN model were selected for the 
comparison. The Classification accuracy was 
considered as the evaluation metrics in the 
proposed framework which was measured as 

Accuracy=
்௉ା்ே

்௉ାிேାி௉ା்
 , where TN is True 

positive, TN is True Negative, FN is False Negative 

The classification accuracy of the selected model 
was presented in Table 4. It was clear from the 
Table 4 that Inception V3 showed an accuracy of 
96.54% which was better than the other three 
transfer learning models. Moreover, the testing 
accuracy and testing loss curve as shown in Figure 
4 also indicated that Inception V3 showed low loss 
and high accuracy. Based on this observation, 
Inception V3 was considered as the backbone of the 
proposed framework. However, to address the 
limitation of InceptionV3 model where spatial 
information was considered while ignoring the 
channel wise dependency, a modified inceptionV3 
model was proposed. The modified InceptionV3 
model amalgamated with Squeeze and Excitation 
block resulted in 128 Dimension feature vector. 
The obtained deep feature vector was named as 
InceptionV3Feature Class.  

The features with high correlation evaluated by 
PCC from both the class i.e HandcraftedFeatures 
and InceptionV3Feature were eliminated by Mutual 
Information. The final optimized and non redundant 
fused Feature set were then fed to a fully connected 
layer as an input followed by the neural network 
classification head comprising the Dense Layer 
with ReLU activation functions followed by 
Dropout Layer(0.5) and an output layer with 
sigmoid activation function. The sigmoid activation 
functions ensured the conversion of the output to a 
probability between 0 and 1. Finally 5-fold cross 
validation used along with evaluation metrics 
accuracy, resulted an accuracy of 98.37%. Figure 5: 

Represents the training and validation performance 
of the proposed model over 30 epochs and Figure 6: 
Represents the training and validation performance 
of the proposed model over 50 epochs. It was 
observed that when the model was trained over 30 
epochs the curve gradually increased for both the 
training and validation accuracy resulting with 
91.07% but showed slow increase. The training and 
validation loss over 30 epochs also showed that the 
model was still trying  
to minimize error. This indicated that a more 
training may result more accuracy. Thus, it was 
observed that with the increase in epoch over 50 
epochs the model showed improvement resulting to 
98.37% accuracy. The training and validation curve 
also indicated no overfitting. Further the 
corresponding loss curve depicted a stable decline. 
As the validation accuracy of the modified 
InceptionV3 model became stagnant over 50 
epochs, the model has successfully attain the point 
to generalize the dataset increasing the epoch 
further may lead to the risk of overfitting. The 
model during the testing phase successfully 
predicted images as TV9 and TV10, but 32 images 
out of 1943 images were misclassified. This 
indicated the limitation of the model. Further 
refining the feature, using more diverse dataset, 
employing deep ensemble model may resolve the 
limitation and is left for the future work. 
 

Table 4: Classification accuracy of various Transfer 
Learning model 

 

4. CONCLUSION 

In this paper work, a feature fusion technique is 
proposed for identifying TV Tea Clone so as to 
select the best tea clone suitable for yield and 
resistant to pest soil and weather conditions. The 
handcrafted features were optimized by a hybrid 
HHO-MI technique and fused with modified 
InceptionV3 Transfer model integrated with 
Squeeze-Excitation Network resulting in an 
accuracy of 98.37% which is 1.88% better than the 
model InceptionV3 without fusion. We 
acknowledge the importance of large dataset 
required for training a Transfer learning model for 
image identification. As there is no public dataset 

Pre Trained CNN Transfer Learning 
Model 

Accuracy 

VGG16 93.04% 
InceptionV3 96.54% 
DenseNet 121 91% 
Resnet 50 92.07% 
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available for TV Tea Clone Series, collecting and 
accumulating large set of TV Tea Leaf image for 
various clones is our future work. This model 
currently supports binary classification between 
TV9 and TV10 clones. Future work will involve 
expanding to multi-class identification, 
incorporating field-based image variability, and 
validating the model with unseen clone species. 
Additionally we plan to explore deep ensemble 
model to improve classification performance for 
various class of TV Tea Clone in the future. 
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Figure 3: (a) Architecture of modified InceptionV3 model and (b) 
Schematic representation of both InceptionV3 and modified InceptionV3 

amalgamated with Squeeze Excitation network [25] 
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Figure 4: Testing accuracy and testing loss curve of various Transfer Learning Model 

 

 

 

 

 

 

 

 

 

Figure 5: Representing the Training vs Validation Accuracy for the modified Inception V3 for 30 Epoch

 

 

 

 

 

 

 

 

Figure 6: Representing the Training vs Validation Accuracy for the modified Inception V3 for 50 Epoch 

 

 


