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Abstract
In pattern recognition, object recognition is an important research domain due to major applications such as
autonomous driving, robotics, and visual surveillance. Many computer vision techniques are introduced in the
literature. Several challenges exist, such as similar shapes of different objects and imbalanced datasets. They
also face irrelevant feature extraction, which degrades the recognition accuracy and increases the computational
time. In this article, we proposed a fully automated computer vision pipeline for object recognition. In the
proposed method, initially perform the data augmentation to balance the object classes. In the later step, a
convolutional neural network (DenseNet201) was considered and modified according to the selected dataset
(Caltech101). The modified model is trained by transfer learning and extracts features. The extracted features
include a few redundant information removed using an improved whale optimization algorithm (WOA). Final
features are classified using several supervised learning algorithms for final recognition. The experimental
process was carried out using the augmented Caltech101 dataset and accomplished an accuracy of 93%.
Comparison with the benchmark methods illustrated that the implanted accuracy is considerably improved.
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1. Introduction
Object recognition is the most sophisticated and challenging pattern recognition and computer vision
domain due to the vast application of video surveillance, cognitive computing, and machine intelligence
[1, 2]. Researchers are developing and adopting multiple methods and techniques for efficient object
recognition, like object comparison, object shape, and minor differences between multiple objects [3, 4].
An efficient and robust technique is essential for object recognition by overcoming the object's shape,
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texture, illumination, and color variations [5]. Video surveillance system efficiency and robustness
depend upon the effectiveness of object recognition [6]. Besides visual surveillance, numerous object
classification applications include face recognition, biometric verification, pedestrian tracking, video
watermarking, scene understanding, and the most modern and trending autonomous vehicles and drones
[7-10]. Sustainable and robust object detection and recognition systems reduced the impact of complex
background, illumination, color, an object moving in a different direction, and objects of different shapes
with the same color on a robust classification system. The traditional classification models did not
withstand the complication of objects [11].
Multiple methods in computer vision have been presented to reduce the impact of complex objects
classification performance [12]. Researchers tried to explain an optimal technique to overcome all the
challenges in object classification. Traditional classification methods like handcrafted features (HCF) are
utilized for object classification, but the complex object challenge reduced HCF implementation [13].
HCF includes local binary pattern (LBP), histogram of oriented gradient (HoG), scale-invariant feature
transform (SIFT), speeded up robust features (SURF), and texture features (Haralick). The latest method
presented hybrid features set to express object representation [14, 15].
Recently, the concept of deep learning has been presented, which showed robustness with the decrease
in computational time [16]. Multiple convolutional neural networks (CNNs) trained over a million images
have been presented. Pretrained CNN models includes AlexNet [17], VGGNet [18], ResNet (ResNet-50,
ResNet-152, and ResNet-102) [19], DenseNet [20] and Inception V3 [21]. The mentioned CNN models
are trained on challenging image dataset ImageNet. The development of CNN models contributed a lot
to achieving competitive accuracy to a certain extent [22]. A new technique was created to reach the
acceptable accuracy called feature fusion, which combines the different feature spaces into one feature
map. Feature fusion is showing much success in pattern recognition tasks. Many fusion techniques are
proposed to combine the features of multiple sources [23, 24]. The feature fusion technique achieved the
desired accuracy but increased the cost of computational. The recent research presented in pattern
recognition shows that the addition of irrelevant features that were not relevant to recognition tasks, are
decreases the recognition accuracy [25]. According to the best of our knowledge, removing irrelevant
features from the fused feature map will provide better recognition accuracy and cuts the computational
time [26].
Feature optimization methods divided into three types: filter based, embedded based and wrapper
based [27]. In the filter-based feature selection method, features are selected from features set
independently. In wrapper-based selection, the features are selected using the assumed prediction power
of features. In the embedded selection method, features are selected during the training process. This
approach selects the feature from optimal values (features) using the filter and wrapper-based methods
[28, 29]. The most common feature selection techniques include principal component analysis (PCA),
Pearson correlation coefficient (PCC), linear discriminant analysis (LDA), whale optimization algorithm
(WOA), entropy controlled, particle swarm optimization (PSO), genetic algorithm (GA), and name a few
more [30-33].
Many challenges exist in the recognition of objects from static images. The major complexities are
variation in color, cluttered background, occlusion, and different light conditions. The database size
utilized for model training also impacts the system robustness. Moreover, the imbalanced datasets
minimize the recognition accuracy. In this work, we came up with a new automated system for the
classification of objects. Our significant contributions in this work are as follows:
• Data augmentation is performed by employing four different operations to remove the imbalance
challenge among object classes.
• Modified a pre-trained DenseNet201 deep CNN model based on the augmented Caltech101 dataset.
The modified model is trained through transfer learning and extracts deep features from the dense
layer.
• Improve WOA performance in terms of fitness function and last step data redundancy.
• Optimized features are executed using supervised learning algorithms and compared with the recent
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state of the art methods based on accuracy.
The manuscript organization as follows: related work is discussed in Section 2. The proposed
methodology, which includes data augmentation, deep learning, and features selection using improve
WOA, is presented in Section 3. Results of the proposed framework are presented in Section 4. Finally,
the Section 5 comprises the conclusion of this work.

2. Related Work
Researchers adopted several techniques for robust object classification in the domain of machine
learning and computer vision. Object detection and recognition is the most developing domain of
computer vision and image processing. The applications of object classification include target
recognition, video surveillance, autonomous vehicles framework, scene understanding, and many more.
Various feature fusion methods are illustrated in the literature. Feature fusion is a process of
concatenating different feature spaces into one feature vector to achieve higher accuracy. Loussaief and
Abdelkrim [34] addressed the feature extraction problem using a bag-of-features (BoF). Later, the pretrained deep CNN model AlexNet was utilized with BoF for object recognition and attained competitive
accuracy on challenging dataset Caltech101. Transfer learning was employed using the pre-trained deep
CNN model VGG16. The pre-trained model was trained from scratch and achieved an accuracy of
91.66% on the challenging classification dataset Caltech101. Cengil et al. [35] utilized a deep CNN model
for object classification. An open-source library convolutional architecture for fast feature embedding
(CAFFE) network with CNN model used as a classification application. The classification application
utilized GPU facility for robust classification and achieved competitive accuracy on the Caltech101
dataset. Pretrained deep learning model ResnetNet-50 and VGG16 used associative memory blocks to
extract deep features. Unsupervised clustering was performed on associative memory banks by utilizing
K-mean clustering.
Guo et al. [36] came up with a novel technique based on deep CNN for the robust classification of
hyperspectral images (HSI). In the first phase, the inputs of recurrent layers are fused and used as input
to the next layer in each convolution block to extract prominent features. In the second phase, the spectral
features are extracted from deep layers. Later, a 1 × 1 convolution layer is utilized for feature map
construction, and classification is performed. Object recognition [37] was performed with the help of pretrained deep learning models (ResNet-50 and ResNet-152). PCA applied on deep features for feature
optimization. Caltech101 challenging dataset utilized to assess the performance of the presented model.
A differential feature fusion convolutional neural network (DFF-Net) was presented for object detection.
The detection was performed in two phases, prior detection and detection. In prior detection boxes created
for detection phase. Detection boxes are utilized at the detection phase for robust detection.
DFF-Net performance evaluated at railway traffic dataset and achieved competitive accuracy. Jemilda
and Baulkani [38] reduced the computational cost utilizing the salp swarm algorithm, removing irrelevant
features and enhancing accuracy. Later, a kernel-based support vector machine (K-SVM) was developed
to classify fused feature vectors with high dimensions. Deep CNN models VGG16 and VGG19 were
utilized for deep features extraction. Deep features extraction performed using the fully connected (FC)
layers fc6, fc7, and fc8. PCA applied on extracted features for feature optimization. The optimized
features classified using ensemble classification. The presented model evaluated on the benchmark
dataset Caltech101 and achieved competitive accuracy.
A novel deep learning architecture [39] was introduced called inception recurrent neural network. The
proposed technique implanted fusion of the Inception [21] and recurrent network to enhance the
robustness of a deep neural network for efficient object recognition and attained competitive performance
on challenging object recognition datasets. Nazar et al. [23] enhance the recognition algorithm
performance by fusing classical features with deep CNN features extracted using Inception V3 [21] after
performing feature optimization using joint entropy. The presented method employed on benchmark
recognition dataset Caltech101 and achieved competitive classification accuracy. Researchers utilized
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[2] pre-trained deep CNN models Inception V3 [21] and VGG19 [40] for object classification. Multilayer
features extracted from both pre-trained models and extracted features concatenated. The redundancy of
extracted features was removed using logistic regression-controlled entropy. Classification performed on
extracted features and achieved competitive performance on benchmark datasets. Rashid et al. [41]
presented a method for object detection and recognition by fusing SIFT features with deep CNN features
extracted using AlexNet [42] and VGG [40]. The fused features optimization was performed by
employing Reyni entropy which removed the redundant features. Ensemble classification performed on
selected features and achieved robust detection and classification performance on benchmark datasets.

3. Proposed Methodology
This section presented the proposed intelligent deep learning and improved WOA for object
recognition. The main flow of the proposed framework is illustrated in Fig. 1. In this figure, it is shown
that the original database is enhanced using a data augmentation approach. The next step selected a pretrained deep CNN model DenseNet201 and modified it in terms of the classification layer. This modified
model training performed using transfer learning and deep feature extraction performed from the dense
layer (global average pool). In the later step, the robust features are selected using improved WOA. The
best-selected features are finally fed into machine learning algorithms for final classification. Each step
is illustrated in Fig. 1.

Fig. 1. Proposed framework of Object recognition using deep learning and Improved WOA.

3.1 Database Augmentation
Data augmentation is playing vital role in the domain of machine learning applications by increasing the
size of entire dataset. The main purpose of this step is to train a deep network with more observations. CNN
model performed better when trained on maximum number of observations. In this step, we performed
data augmentation to improve the dataset. The original object classes of the Caltech101 dataset are highly
imbalanced; therefore, it is essential to balance this dataset for the training of a model. Through an
imbalanced dataset, the training is not authentic, and accuracy is decreased. In this work, we performed four
operations to increase the dataset. These operations are left flip, right flip, auto flip, and rotation in 90°.
After these operations, each class in our dataset increases to 700 images (each class). This dataset is
still insufficient for accurate training; therefore, we consider an API to connect the proposed model with
the internet. Through API, the relevant object images are searched and save in the database. This database
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is called an augmented database. Using this augmented dataset, we utilized the 70:30 approach for the
training and testing process of the proposed framework. Visually, this process is showing in Fig. 2.

Fig. 2. Proposed IoT based database augmentation process.

3.2 Deep Features Extraction
In recent times deep learning methods has been proved robust in object detection and recognition tasks
[12, 43]. A simple deep CNN model has a convolution layer, batch normalization layer, and pooling layer.
Other layers include an activation function like ReLU and a feature extraction layer like a FC layer. The
first layer of any CNN model is utilized as the input layer, followed by convolution layers that execute
the convolution operations on the input image. After convolution operation dot product of weights and
smaller regions is computed. ReLU layers perform the activation function by removing the inactive
neurons. The best active neurons helped the FC layer extract features, and extracted features are classified
using the softmax layer at the last phase [44].

3.3. DenseNet201
The deep CNN model DenseNet201 has a depth of 201 layers. The network is trained extensively on
challenging image database ImageNet [45]. The input dimension of the image to the DensNet-201 input
layer is 224 × 224. The architecture of DensNet201 is showing in Fig. 3. All layers of pre-trained deep
CNN DenseNet201 directly connect to decrease the information loss. The input of the first layer is
transferred to the second layer, and so on. The last layer is having 𝑛 number of inputs and information
passed on by all previously connected layers. The information of the current layer is transfer to 𝑀 − 𝑛
upcoming layers and the output of all layers are concatenated

𝑀(𝑀+1)
2

to formulate a network.

DenseNet201 has fewer parameters as compared to Inception V3 [21]. The information flow from one
layer to another requires the maintainability of information to decrease information loss. The feature
spaces at different layers are easily differentiated, and classifier prediction is based on all feature spaces.
DenseNet has fewer chances of overfitting because the layers of the network have gradient loss function.
Fine Tuning: In this step, the original pre-trained models, as showing in Fig. 2, are fine-tuned. The last
three layers are replaced with three new layers—new FC layer, new softmax layer, and new classification
layer. Caltech101 dataset utilized in this work, which includes 101 object classes. After this fine-tuning
process, train this new modified model by employing transfer learning [46]. The process of transfer
learning is shown in Fig. 4. The figure shows that the source data is ImageNet dataset, source model is
DenseNet201, and source labels are 1000. The knowledge of the source model is transfer on the finetuned model and trained on target data (Augmented Caltech101). Hyperparameters selection performed
during training process, such as the number of epochs is 200, per epoch number of iterations are 10, the
learning rate is 0.001, mini-batch size is 64, learning function is stochastic gradient descent (SGD), and
learning factor is 10. After training this fine-tuned model, the activation is applied on the global average
pooling layer for features extraction. The obtained deep feature vector size is 𝑁 × 1920, which further
optimized using improved whale optimization algorithms.
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Fig. 3. Architecture of DenseNet201 pre-trained model.

Fig. 4. Transfer learning-based training fine-tuned deep learning model.

3.4 Whale Optimization Algorithm Based Feature Optimization
WOA [47] is utilized for feature optimization to reduce redundancy and irrelevant features. The
optimization process comprises two steps. In the first step, the spiral position is updated, and the prey is
circled. In the second step, a random search is performed for prey. Mathematical modeling of the
presented step is as follows.
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3.4.1 Encircling prey
Whales find the location of prey and surround them. In the search space, the location of prey is
unidentified. The WOA suppose the leading element is an optimal prey. The remaining search agents try
to become an optimal agents by changing their location. The behaviors of search agents in presented as:
(1)

⃗ (𝑢 + 1) = ⃗⃗⃗⃗
⃗ ∙ 𝐸⃗ ,
𝑌
𝑌 ∗ (𝑢) − 𝐵
∗
⃗𝐸 = |𝐶 ∙ ⃗⃗⃗⃗
⃗
𝑌 (𝑢) − 𝑌(𝑢)|,

(2)

where ⃗⃗⃗⃗
𝑌 ∗ (𝑢) defines the whale's optimal location after iteration 𝑢. The current location of the whale is
⃗ (𝑢 + 1) and the distance between whale and prey is presented by a distance vector 𝐸⃗ . || represents the
𝑌
⃗ and 𝐶 are calculated as:
absolute value. The coefficient vectors 𝐵
⃗ = 2 ∙ 𝑏⃗ ∙ 𝑠 + 𝑏⃗
𝐵

(3)

𝐶 =2∙𝑠

(4)

⃗ is reduced to 𝑏⃗. The value of 𝐵
⃗
The value of 𝑏⃗ is reduced to apply to shrink and oscillating rang of 𝐵
goes from (−𝑏, 𝑏), and the value of 𝑏 is reduced from 2 to 0 iterations. The location of the best agent and
⃗ between (−1, 1).
initial location of an agent is determined by selecting a random value of 𝐵

3.4.2 Spiral position updating
The helix formation for prey tracking of whales is defined by calculating the distance between whale
location (𝑌, 𝑍) and prey location (𝑌 ∗ , 𝑍 ∗ ). The forward movement towards prey is express as
(5)

⃗ (𝑢 + 1) = 𝑒 𝑏𝑘 ∙ cos(2𝜋𝑘) ∙ ⃗⃗⃗⃗
𝑌
𝐸 ∗ + ⃗⃗⃗⃗
𝐸 ∗ (𝑢)
⃗⃗⃗⃗
⃗⃗⃗⃗∗ (𝑢) − 𝑌
⃗ (𝑢)|
𝐸 ∗ = |𝑌

(6)

The shape of the logarithmic spiral is identified by constant 𝑏, and random number ranges from [−1, 1].
The spiral movement of whales enables the whales to change their location while performing reduction.
The chance of selection is 50% between spiral and shrinking encircling.
⃗⃗⃗⃗∗ ⃗ ⃗
⃗ (𝑢 + 1) = { 𝑌 − 𝐵 ∙ 𝐸 ,
𝑌
𝑒 𝑏𝑘 ∙ cos(2𝜋𝑘) ∙ ⃗⃗⃗⃗
𝐸 ∗ + ⃗⃗⃗⃗
𝑌 ∗ (𝑢),

𝑖𝑓
𝑖𝑓

𝑝 < 0.5,
𝑝 ≥ 0.5,

(7)

Random number 𝑝 ranges from 0 to 1.

3.4.3 Prey search
The prey searching stage is also known as the exploration process, which depends on the variations of
⃗ . Whale performs a random search to find the prey according to the location. The locality of the
vector 𝐵
⃗ with random
whale makes the search agent run away from the searching whale. WOA utilizes the vector 𝐵
values less than or greater than 1. In the exploration process, the search agent is selected randomly. The
random selection makes the WOA a global search agent by reducing the local optimization problem. The
global search is defined as:
⃗ (𝑢 + 1) = ⃗⃗⃗⃗⃗⃗⃗⃗⃗⃗
⃗ ∙ 𝐸⃗ ,
𝑌
𝑌𝑟𝑎𝑛𝑑 − 𝐵
⃗⃗⃗⃗⃗⃗⃗⃗⃗⃗
⃗
𝐸⃗ = |𝐶 ∙ 𝑌
𝑟𝑎𝑛𝑑 − 𝑌 |,

(8)
(9)

where ⃗⃗⃗⃗⃗⃗⃗⃗⃗⃗
𝑌𝑟𝑎𝑛𝑑 represents a random whale selected from the given population. The WOA initializes the
algorithm by giving random outcomes to the whale population by supposing the optimal solution of the
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function with minimum or maximum value.
The selected features of this step are analyzed by fitness function and noted that few features are still
redundant and effecting the accuracy of final classification. The ensemble subspace discriminant (ESD)
classifier used as a fitness function and error is computed for each iteration. Therefore, we added one new
step name, extra features approval (EFA). This step is based on the standard error of the mean (SEM).
The value of SEM is passed in a threshold function for the final recognition. Formulation of this function
as follows:
𝜎

𝑆𝐸𝑀(𝑦𝑖 ) = , 𝜎 = √𝜎 2 , 𝜎 2 = 𝐸[(𝑦𝑖 − 𝜇)2 ]

(10)

𝐹𝑠
𝑓𝑜𝑟 𝑦𝑖 ≥ 𝑆𝐸𝑀(𝑦𝑖 )
𝑆𝑒𝑙𝑒𝑐𝑡𝑖𝑜𝑛 = 𝐹(𝑖) = { 𝑖
𝑅𝑒𝑚𝑜𝑣𝑒,
𝐸𝑙𝑠𝑒𝑤ℎ𝑒𝑟𝑒

(11)

𝑁

The final selected features 𝐹𝑖𝑠 are passed into an ensemble subspace classifier for the final recognition.
The process of feature selection is also given in Algorithm 1.
Algorithm 1. Improved whale optimization algorithm
Initial population 𝑌𝑖 where (𝑖 = 1,2,3, … … 𝑛)
Fitness calculation for each solution
𝑌 ∗ =best search agent
While (𝑢 < 𝑀𝑎𝑥_𝑖𝑡𝑒𝑟𝑎𝑡𝑖𝑜𝑛)
For every solution
Updated 𝑏, 𝐵, 𝐶, 𝑀 and 𝑝
If1 (𝑝 < 0.5)
If2 (/𝐵/< 1)
Update the current search agent location with respect to equation 1.
Else if2(/𝐵/> 1)
Random search agent selection (𝑌𝑟𝑎𝑛𝑑 )
Current search agent location changes according to equation 7.
End if2
Else if1(𝑝 ≥ 0.5)
Current search agent location changes according to equation 5.
End if1
End
Inspect movement of search agent if search agent goes away from search location and changes it.
Change 𝑌 ∗ if the better solution is presented 𝑢 = 𝑢 + 1
End While
Return 𝑌 ∗
Refine using Eq. (10)-(11)
Output: 𝐹𝑖𝑠 ← Best Feature Vector

4. Results and Comparison
The propound classification technique is implanted on challenging image classification dataset
Caltech101 [48]. After the first step (data augmentation), the dataset was refined. Originally, this dataset
consisted of both grey and RGB images, which are captured at different environmental conditions. The
presence of grey and RGB images makes the dataset challenging for recognition tasks. Extensive
experiments were performed to evaluate the proposed classification technique with different training and
testing ratios at (70:30, 80:20, and 50:50) at 10-fold, 15-fold, and 20-fold. Classification performed using
various machine learning classifiers and top-rated selected based on their accuracy. The performance of
the classifiers computed using accuracy, false-negative rate (FNR), and computational time. The Intel
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Core i7 8th generation with 16 GB of ram and 8 GB GPU configured system utilized for the classification
task. The classification simulation was performed on MATLAB 2020a.

4.1 Results
Several experiments are executed to validate the robustness of propound method. During the
experiments, different training and testing rations are considered with cross-validation ratios. The main
objective of several experiments is to examine the variations in accuracy and rendering performance of
the proposed framework.
Experiment 1: In this experiment, the proposed framework employed a 70:30 approach and 10-fold
cross-validation. The classification results on different classifiers are given in Table 1. Different classifiers
are employed to perform the recognition task, and a robust one is selected based on accuracy. Various
performance evaluation measures like accuracy, FNR, and computational time are calculated to validate
the proposed framework. An ESD classifier of 92.9% achieves the best classification accuracy with 7.3%
FNR in 661 seconds. The accuracy of ESD is further validated using the confusion matrix, showing in
Fig. 5. C-KNN achieved less computational as compared to other classifiers and classified the data into
relevant classes in 20.968 seconds. C-KNN attained the lowest accuracy of 82.9%, and the C-SVM
classifier used the highest computational time of 3,374 seconds compared to other classifiers.
Table 1. Classification results of proposed framework of object recognition at 10-fold cross-validation
using 70:30 approach
Method

Performance evaluation measures
Accuracy (%)

FNR (%)

Times (s)

ESD (proposed)

92.9

7.1

661

LDA

88.3

11.7

103

L-SVM

85.0

15.0

2,467

Q-SVM

86.0

14.0

3,374

C-SVM

85.9

14.1

3,328

E-KNN

84.3

15.7

218

C-KNN

82.9

18.0

20.968

W-KNN

83.3

16.7

36.347

G-naïve Bayes

84.5

15.5

177.02

Fig. 5. Confusion matrix of our method for ESD classifier at 10-fold cross-validation and 70:30
approach
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Experiment 2: In the second experiment, the proposed framework is validating on 15-fold crossvalidation using the 70:30 approach. Different cross-validation levels impact the system robustness and
computation cost. Multiple classifiers were implemented to examine the classification accuracy of the
propound framework. Classification results using different classifiers are given in Table 2. The results
express the best classifier ESD with an accuracy of 93% in 651 seconds computation time having 7.2%
FNR. Based on the computational time, W-KNN is the best classifier of 23.332 seconds. According to
this experiment, it is noted that a minor increase has occurred in the accuracy.

Table 2. Proposed method classification results at 15-fold cross-validation using 70:30 approach
Method

Performance evaluation measures
Accuracy (%)

FNR (%)

Times (s)
651

ESD (proposed)

93.0

7.2

LDA

88.3

11.7

109

L-SVM

85.0

15.0

2,317

Q-SVM

86.0

14.0

3,360

C-SVM

85.9

14.1

3,278

E-KNN

84.3

15.7

204

C-KNN

82.0

18.0

23.332

W-KNN

83.3

16.7

39.340

G-naïve Bayes

84.5

15.5

177.02

Experiment 3: In this experiment, the proposed framework is implemented on an 80:20 ratio for training
and testing at 10-fold cross-validation. The classification results using this approach have been presenting
in Table 3. Different classifiers are executed to analyze the classification accuracy. Classification accuracy,
FNR, and computational time are calculated to validate the robustness of a proposed framework. The
results show that ESD is the robust classifier with an accuracy of 93.7%, and the worst classifier having
the lowest accuracy of 84.2% is C-KNN. The confusion matrix of robust classifier in terms of accuracy
is showing in Fig. 6. In this experiment, it is noticed that the accuracy is improved, but a rise occurs in
the computational time as compared to Experiment 1 and Experiment 2.

Table 3. Classification results of the proposed framework at 10-fold cross validation using 80:20
approach
Method

Performance evaluation measures
Accuracy (%)

FNR (%)

ESD (proposed)

93.7

6.3

Times (s)
855

LDA

91.1

8.9

97.534

L-SVM

86.3

13.7

2,649.5

Q-SVM

86.6

13.4

3,438.3

C-SVM

87.4

12.6

3,714.4

E-KNN

85.7

14.3

286.8

C-KNN

84.2

15.8

25.338

W-KNN

84.6

15.4

24.195

G-naïve Bayes

85.4

14.6

176.470
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Fig. 6. Confusion matrix of the proposed framework at 10-fold cross-validation using 80:20 approach.
Experiment 4: In this experiment, the proposed framework is validating using 10-fold cross-validation
and n 80:20 approach. Several classifiers are applied, and ESD achieves the best accuracy of 93.6% with
6.4% FNR, as shown in Table 4. The rest of classifiers like LDA, L-SVM, Q-SVM, C-SVM, E-KNN, CKNN, W-KNN, and G-naïve Bayes accuracies are 90.8%, 86.3%, 87%, 86.4%, 85.6%, 84%, 84.4%, and
85% correspondingly. W-KNN achieved the best classification time of 28.936 seconds. Similarly, the
50:50 approach is employed at 10-fold cross-validation for the evaluation of the proposed framework.
Results are given in Table 5, and ESD achieves the best accuracy of 90.5%. As compared with Table 4, it
is noticed that the proposed accuracy is decreased. Based on the computation time, W-KNN executed fast
in 16.43 seconds.

Table 4. Classification results at 15-fold cross-validation using 80:20 approach
Method

Performance evaluation measures
Accuracy (%)

FNR (%)

Times (s)

ESD

93.6

6.3

856.8

LDA

90.8

8.9

117.19

L-SVM

86.3

13.7

2,649.5

Q-SVM

87.0

13.4

3,320

C-SVM

86.4

12.6

5,253.7

E-KNN

85.6

14.3

311.4

C-KNN

84.0

15.8

43.747

W-KNN

84.4

15.4

28.936

G-naïve Bayes

85.0

14.6

259.35

Table 5. Classification results of proposed framework using 50:50 approach at 10-fold cross-validation
Method

Performance evaluation measures
Accuracy (%)

FNR (%)

Times (s)

ESD

90.5

9.5

786.64

LDA

79.1

20.9

44.334
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Performance evaluation measures

Method

Accuracy (%)

FNR (%)

Times (s)

L-SVM

81.7

18.3

2,082.7

Q-SVM

82.3

17.7

2,829.2

C-SVM

82.6

17.4

2,611.4

E-KNN

83.3

17.7

156.44

C-KNN

79.6

20.4

19.32

W-KNN

79.3

20.7

16.43

G-naïve Bayes

81.2

18.8

225.63

4.2 Discussion
The extensive experiments presented the performance of our proposed classification framework using
different training and testing ratios at different cross-validation levels. The proposed framework
classification performance and comparison with state-of-the-art methods are elaborated in this section.
We utilized several training and testing approaches like 70:30, 80:20, and 50:50 and utilized different
cross-validation levels like 10-fold and 15-fold. The best accuracy of 93.7%, achieved at 10-fold crossvalidation using the 80:20 approach. ESD classifier achieved better results for all experiments. Also, the
performance ESD classifier is compared with several relevant techniques. Hence, the proposed
framework gives better results at 10-fold cross-validation using the 80:20 approach.
The proposed method is compared with relevant techniques based on accuracy and computational time.
Gopalakrishna et al. [49] came with a deep CNN layers fine-tuning method to classify the objects with
91.66% accuracy. Liu and Mukhopadhyay [50] utilized memory banks with up supervised learning
techniques for object classification and achieved an accuracy of 91%. Rashid et al. [13] presented a deep
CNN and SIFT feature fusion technique to classify the objects into their related classes and achieved
89.70% accuracy. Liu et al. [51] utilized mid-level CNN layers features for classification. Feature fusion
performed on the middle CNN layers feature to perform recognition and achieved an accuracy of 92.20%.
Hussain et al. [23] presented a classification method using classical and deep CNN feature fusion. The
fusion method attained an accuracy of 90.1%. Our proposed utilized deep CNN features optimized using
WOA. The implanted method attained an accuracy of 93.7% by outperforming the existing techniques
using the Caltech101 dataset. Moreover, an overall representation is showing in Fig. 7, which shows the
proposed method performs better on the ESD classifier. In the last, Fig. 8 showing the impact of feature
optimization step. This figure shows that the proposed optimization step increases the performance of
each classifier by 3% on average.

Different training and testing ratios
95
90
85
80
75
70
ESD

LDA

L-SVM Q-SVM C-SVM E-KNN C-KNN W-KNN G-naïve
bayes
70:30 80:20 50:50

Fig. 7. Comparison of results at different training and testing ratios at 10-fold cross-validation.
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Fig. 8. Change in accuracy after feature optimization step.

5. Conclusion
An IoT based deep learning framework is presented in this work for object recognition from the static
images. In the proposed framework, initially, data augmentation is applied to increase the strength of
training purposes. The original dataset is highly imbalanced, and images in each class are not enough for
successful training. The augmented dataset was considered the training purpose and showing better
results as compared to the original dataset. In selecting a deep learning model, we choose the pre-trained
Densenet201 CNN model based on fewer parameters. The features extracted from this model are in the
higher dimension; therefore, we propose an improved WOA to select the best features. The features
chosen from improved WOA shows improved accuracy for the 80:20 approach. Also, the proposed
framework shows better results for the 70:30 approach and 10-fold cross-validation. The key limitation
of this work is the data augmentation step. Using this step, some features are redundant, which are tried
to remove in the feature selection step, but still, it exists a high chance of redundant features. In future
studies, the proposed framework will be considered for real-time object recognition. Moreover,
EfficientNet will be considered for feature extraction due to its lightweight architecture.
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