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Object recognition is a research area in Computer Vision and Image Processing
that covers several topics, including face recognition, gesture recognition, human gait
recognition, and traffic road signs recognition, among others. It plays a vital role
in several real-time applications such as video surveillance, traffic analysis, security
systems, and content-based image retrieval. It is the task in which an object can
be recognized and labelled within an image. It aims to bring the visual perception
capabilities of human beings into machines and computers. Artificial Intelligence (AI)
has a great interest in this field and is involved in most, if not all, of the various fields of
life. Deep Learning (a new area of Machine Learning) is one of the Al techniques that
is generated from Artificial Neural Network (ANN). Recently, it has gained popularity
due to its competitive results in improving the efficiency of real-time decision-making.
For this reason, it has been widely used in many fields, including object recognition.
Therefore, this review provides insight into previous studies on how deep learning
methods have been applied to object recognition, among various datasets. It classifies
the deep learning methods along with different targeted objects, their contributions, the
challenges they faced, and how the results were gained. These aspects will be discussed
to introduce the researchers to more general knowledge about the recent techniques
applied in this field. Practical experiments have proven the efficiency of Convolutional
Neural Networks (CNNs) in object recognition tasks, achieving high-accuracy results
within an acceptable timeframe.
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1 INTRODUCTION

D igital technologies are essential to modern life to fulfil
user demands [1]. Object recognition has received
the attention of researchers in computer vision and image
processing [2]. Itis the process of identifying, classifying,
and giving appropriate labels for items in images [3].
In various fields such as autonomous driving, medical
imaging, virtual reality, augmented reality (AR/VR), Al-
driven robotics, and others, object recognition plays a
crucial role. Along with that, the use of Deep Learning to
tackle visual problems is expanding [4]. Object detection

aims to identify visual items of specific classes using
bounding boxes, classifying them into their appropriate
categories [5—7]. Based on their features, objects in im-
ages/videos are categorized in object recognition, which
could be done using machine learning, deep learning,
and image processing techniques [8]. The process of
object recognition entails getting the distinctive data and
feeding it into a classifier [9]. This approach gains precise
recognition of objects by learning feature values [10]. It
includes real-time scanning and neural network training,
based on probability values, and the identification model
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to classify objects [11]. Object recognition encounters
difficulties, including shifting illumination, occlusions,
and various viewpoints [12]. Neural networks are used by
object recognition devices to track objects precisely [13].
It has been noticed that accurate object recognition in
images can be achieved through applying Deep Learning
techniques [14]. With the advancement of Deep Convo-
lutional Neural Networks (DCNNs) and increased CPU
power, CNNs are used to classify, detect, and segment
objects in images [15].

2 DEEP LEARNING ARCHITECTURE

Deep Learning, a subgroup of Machine Learning,
employs layered neural network techniques like Deep

Neural Networks (DNN) and Convolutional Neural Net-
works (CNNs) to analyze data representations, aiding
in fields like image analysis and pattern recognition
that have applications for resolving complicated issues
in domains like biology, medicine, and others [16, 17].
Deep Learning is an Artificial Intelligence function that
imitates how the human brain absorbs information and
forms patterns to be used in decision-making [18]. There
are three main categories of deep learning: generative
deep architectures (unsupervised), discriminative deep
architectures (supervised), and hybrid deep architec-
tures [19]. The classification of the deep learning
approaches/architectures is illustrated in Figure 1.

Deep
Learning
r 4
Generative Hybrid Discriminative
(Unsupervised) Y (Supervised)
1
L 4 A 4 L 4 A 4 v L 2
Auto Sum Product Recurrent Neursl Boltzman Caces Bk Convolutional
Encoder Network Network (RNN) Machine Nethrk (DNN) Neural Network
(AE) (SPN) (BM) (CNN)
Stacked AE Denoising Deep BM Restricted
(SAE) AE (DAE) (DBM) BM (RBM)
Stg;k:d Deep Belief
(SDAE) Network (DEN)

Fig. 1 Taxonomy of deep learning techniques [20]

2.1 Deep networks for unsupervised or generative

learning

Deep learning generative architecture is also
referred to as unsupervised learning, which uses
unlabelled data to train models to extract valuable
information from large and complicated datasets [21].
It has shown high effectiveness in natural language
processing, image and speech analysis, and the
de novo production of drug-like compounds with
desired characteristics [22].
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2.1.1 Autoencoder (AE)

Autoencoder (AE) is one of the Artificial Neural
Networks (ANNSs) that is used for unsupervised
learning tasks when the unlabelled data are not
needed, obtained for feature learning and input data
reconstruction with the aim of acquiring an "infor-
mative" data representation [23,24]. It discovers
the ideal parameters needed to rebuild its output
in the most similar way to its input. It uses the
Backpropagation algorithm, and the target values are
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made to equal the inputs and attempts to learn how
to approximate the identity function [25,26]. AEs
consist of three or more layers in the neural network
(NN):

1. An input layer (to have adequate coding (spec-
tra in speech or image pixels, for example)
1.A hidden layer (when the number of hidden
layers is greater than or equal to 1) usually
has fewer dimensions than the input layer
and is named as an under-complete or sparse
autoencoder.

2. An output layer (that matches the input layer
dimensions) [26].

AEs reduce dimensionality for complex high-
dimensional data. They are helpful with limited
resources applications due to data compression [25].
Additionally, they perform exceptionally well in
abnormality identification by measuring the recon-
struction error [24].

2.1.1.1 Vanilla auto-encoder Rumelhart (1985),
who first presented the idea of AE in a research
study [24]. The most basic type of auto-encoder is
called "vanilla". A vanilla auto-encoder is composed
of an input and output layer, with one or more
hidden layers. Figure 2 shows the general structure
of a vanilla auto-encoder when the input data to
the input layer is denoted by X, the data in the
hidden layer is denoted by Z, and the reconstructed
output data within the output layer is symbolized
by X’ [25,27]. This was employed efficiently for
unsupervised models, especially feature extraction
and dimensionality reduction [28].

2.1.1.2 Stack auto-encoder (SAE) Stacking mul-
tiple layers of auto-encoders produces the stacked
auto-encoders (SAEs), which are sophisticated neu-
ral network structures that enhance representation
learning and feature extraction.
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Fig. 2 The Auto Encoder Structure [25]

SAEs are increasingly popular in industrial pro-
cess monitoring and anomaly detection due to their
multilayer structure, where each layer trains a se-
quence of auto-encoders, where the output of one
AE will be the input to the next one, firstly the initial
layer catches the fundamental features after that the
following layers obtains the other ones [29], this
means that the SAE training process is obtained by
a layer-wise approach [30,31].

2.1.1.3 Auto-encoder hyper-parameters Initializ-
ing several autoencoder hyperparameters is required
before starting the training process. Some of these
are established before training and stay constant,
whereas others can be dynamically adjusted through-
out training to improve the model’s execution. The
process of choosing and modifying these parameters
is necessary because it directly affects the efficiency
of the AE’s outcomes. These hyperparameters
include [25]:

* Activation function.

* Number of neurons in each layer.
* Optimization algorithm.

* Number of epochs.

* Learning rate.

* Size of latent space.
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* Number of hidden layers.
* Batch size.

In the field of computer vision, autoencoders have
been utilized to perform many tasks, such as object
recognition. Liu et al [32] utilized the Context-
LGM (Contextual Latent Generative Model) and
Variational auto-encoder (VAE) for context-aware
object recognition, achieving an accuracy of 80.27%
using the Data Science Bowl (DSB) 2017 dataset.
A multi-modal adversarial auto-encoder structure
is presented by Nitsch et al. [33] to transfer in-
formation from images to a point cloud for object
recognition applications. They used the RGB-D
object dataset with an accuracy result of 55.7% for
images and 64.59% for point clouds, while using
the 3D MNIST dataset with an accuracy result of
92.2% for images and 80.4% for point clouds. Xiong
et al. [34] employed the feature transfer learning
and a stacked autoencoder to recognize different
operating conditions in several diesel engine types,
concentrating on the reconstruction of vibration
signals. These studies clarify the significant effect
of auto-encoder techniques on the precise object
recognition outcomes in various fields.

2.1.2 Boltzmann machine (bm)

Due to their interconnected binary units, Boltz-
mann Machines (BMs) are strong graphical models
based on statistical machines that are utilized in
unsupervised learning. BMS was suggested by
Hinton and Sejnowski. They have been used in a
variety of domains, such as quantum computing and
biology [35,36]. BM is a network of symmetrically
connected, neuron-like units that choose whether
to be on or off (0 or 1) in a random manner [18].
Boltzmann machines are undirected networks, al-
lowing values to be multiplied by weights through
Gibbs’ sampling procedure [37]. The learning
task in the Boltzmann Machine involves identifying
ideal parameters for faithfully depicting the data
distribution, requiring certain essential points to be
achieved. To gain this learning task, the following
essential points should be achieved [38]:
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* Parameter optimization
* Learning algorithm

* Training process

Regularization technique

* Empirical evaluation

Boltzmann machines (BMs) are split into two classes:
Restricted Boltzmann Machine (RBM) and Deep
Boltzmann Machine (DBM), which comprise many
layers of RBM. These RBMs are referred to as Deep
Belief Networks (DBN) when they are piled on top
of one another [36,39].

2.1.2.1 Restricted Boltzmann Machine (RBM)
BMs take a long time for training due to exponential
link growth with the nodes increasing by 1. RBMs,
as presented by Smolensky [36,37], are typically
less expensive than Boltzmann Machines due to
their more effective training techniques and simpler
architecture [40]. The requirements that change a
BM to an RBM are:

* The hidden nodes might not be linked to one
another.

* The visible nodes might not be linked to one
another [37], which is the opposite of the BM.

The training process of RBM can be unsteady, es-
pecially with low-dimensional clustering datasets.
Methods such as biased Monte Carlo sampling are
suggested to improve model quality and training
efficiency [41].

2.1.2.2 Deep Boltzmann Machine (DBM) RBMs
may capture hierarchical data representations by
stacking numerous of them. Because of its multi-
layer structure, DBMs can represent more complex
relationships between variables [42]. The layered
structure enhances the generalization skills and
facilitates better processing of high-dimensional
data [43]. Figure 3 shows the general structure
of Boltzmann, Restricted Boltzmann, and Deep
Restricted Boltzmann Machine.
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Fig. 3 A visual comparison between BM, RMB, and
DMB [44]

Boltzmann Machine, including its various ar-
chitectures, has been used in object recognition.
One of the studies in this field is being used in
more complicated object recognition applications.
Zorzi et al. [45] utilized RBMs to show the scaling
capability and reached more than 90% accuracy ratio
on CIFAR-10, even with the steady performance in
comparison with other techniques like CNN. Wan
et al. [46] proposed Deep Belief Network (DBN)
models with fine-tuning utilizing supervised learn-
ing, reached successful outcomes on various object
recognition criteria, such as accuracies of 97% on
the SVHN dataset and 91% on the CIFAR-10 dataset.
When Deep Boltzmann Machines (DBMs) perform
less well than CNNs in object recognition tasks
due to training challenges and high computational
costs, they are excellent at capturing complex data
structures [47].

2.1.3 Recurrent neural network (RNN)

RNN is an Artificial Neural Network designed to
identify patterns in data sequences, including time
series, speech recognition, or natural language. The
recurrence enables RNNs to maintain context and
generate well-informed predictions according to the
previous input data [48]. RNNs have a directed
graph structure, with self-looping links. This means
that the output of a hidden node at the current time
is transmitted to the corresponding one for the next
time interval, enabling them to store data for a longer
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period [48,49]. Figure 4 shows the general structure
of the Recurrent Neural Network (RNN).

(t-1)-th state (t)-th state (t+1)-th state

.................

———————————————————

Fig. 4 General structure of RNN, in terms of time, the
unrolled form is on the right, with regard to time, of the
left side, where recurrent feedback is represented by the
directed loop [49]

The short-term memory challenge of a simple
RNN training process limits them from keeping
data for long sequences [50]. To avoid that, more
sophisticated RNNs have been developed, such as
Long Short-Term Memory (LSTM) and Gated Re-
current Units (GRUs) [48], bidirectional LSTM,
bidirectional GRU, and Bayesian RNN [50, 51].

2.1.3.1 Long Short-Term Memory (LSTM) Long
Short-Term Memory (LSTM) is a specific kind of
RNN that was introduced to deal with issues like gra-
dient vanishing and explosion, for efficient sequential
data management [52]. An LSTM Network works by
feeding its unit with the current input at a given time
step, as well as the output from the previous time step.
After that, the output is transmitted to the subsequent
time step. For categorization purposes, the last
hidden layer of the last time step and occasionally
all hidden layers are commonly used [53].

Three primary gates that the LSTM consists of
for managing the data flow as follows:

1. Input Gate: It determines the recent data
based on the previous and current input, using
the tanh function to generate a vector. The
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input data is filtered by the sigmoid activation
function.

2. Forget Gate: It decides how and which da-
ta should be removed (forgotten) from the
previous cell state by utilizing the sigmoid ac-
tivation function. If the result is 0, this implies
"completely forget"; otherwise, if it is 1, it
implies "completely retain". Allowing LSTM
to concentrate on the crucial information for
the present prediction.

3. Output Gate: It regulates the information
flow from the cell state to the following hid-
den state, by performing a sigmoid function
and multiplying by tanh to guarantee proper
scaling of the output, deciding the following
hidden state to be transmitted.

LSTMs work efficiently for tasks such as short-
term load forecasting because these gates cooperate
to allow LSTMs to preserve long-term dependencies
in data [54]. Figure 5-a shows the general structure
of the LSTM, and Figure 5-b shows the internal
architecture of the LSTM.

The object recognition using RNN has been of
interest in recent studies. A deep complementary
feature classification network was developed by Chen
et al. [55] for planet disease recognition with an
accuracy of 93.46% which is higher than the baseline
model by 7.2%. Using the Snapshot Wisconsin
dataset and labelled files from the wildlife program
of the British Columbia Ministry of Transportation
and Infrastructure. This research indicates the use of
LSTM networks for object identification tasks, par-
ticularly in the topic of wildlife monitoring. RNNs,
the Long Short-Term Memory (LSTM) networks,
have shown promising results in object recognition
when combined with other deep learning techniques,
particularly for temporal context tasks [56].

2.1.4 Sum-product network (SPN)

Sum-product networks (SPNs) are sophisticated
probabilistic models developed to improve inference
and learning by utilizing a rooted acyclic-directed
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graph topology. They are effective with a range
of tasks, including natural language processing and
computer vision, because of their ability to combine
the benefits of probabilistic graphical models with
deep learning [57]. SPNs consist of two types of
nodes:

1. Sum nodes: A weightis assigned to each child
node, signifying its contribution. These nodes
sum their child nodes’ output, which may be
other sum or product nodes. Consequently,
mixtures of distributions can be efficiently
represented.

2. Product nodes: These nodes are responsible
for the multiplication of their child nodes’
outputs, to capture the combined distribution
of independent variables.

In addition to the leaf nodes that describe the vari-
ables or data features that have been observed. SPNs
can model complicated probability distributions
effectively and enable inference in polynomial time
accurately, due to the hierarchical organization of
these nodes [58]. Figure 6 presents an example of
applying a sum-product network on 2 Boolean vari-
ables Y1 and Y2 [59]. Here are additional literature
reviews on the methods of unsupervised (generative)
deep learning applied to object recognition systems,
as shown in Table 1. Zhang et al. [60] utilized Sparse
Auto-encoder with softmax classifier on the Minist
Dataset, improving the recognition accuracy to 0.985.
This is a high accuracy with a recall rate improved
by 4% compared to other models. However, it faces
Local optimization issues, learning time-consuming,
gradient elimination, and parameter initialization
issues. Another study by Rahal et al. [61] applied
Hidden Markov Models (HMMS) with Deep Sparse
Auto-encoder (SAE) on P-KHATT, APTI, IFN/ENIT,
and MNIST datasets. The study enhances feature
extraction, dictionary learning, codebook generation,
and recognition performance, achieving 99.95%
accuracy for P-KHATT and 99.40% accuracy for
IFN/ENIT using a 13 by 13-pixel patch. However, it
has limitations because of information loss, frequent
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Fig. 5 (a): The high-level LSTM model architecture [51], and (b): The LSTM internal architecture [55]

Descriptors, a big codebook, and spatial layout issues.

Kodepogu et al. [62] employed the CNN, RNN, and
LSTM with the Deep Auto-encoder (DAE) on the
GTSDB dataset.

0.8

Fig. 6 Applying SPN on 2 Boolean variables Y1 and
Y2 [59]

The study enhances feature representation, is
efficient in capturing essential features from input
images for future classification applications, and

improves robustness for traffic sign recognition.

However, it still faces potential issues in handling
diverse real-world situations and the complexity
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of multiple classifiers’ integrity, which can reduce
the overall efficiency and speed of the recognition
system. While Yu et al. [63] suggested employing
the stacked denoising auto-encoders (SDAE) and
manifold regularization on the WM-811k dataset.
The SDAE improves wafer map defect recogni-
tion by efficiently learning noise-resistant features,
achieving 98% accuracy and better generalization
compared to conventional approaches. Although
the training cost increased due to potential issues
like excessive computing complexity and overfitting
to the training set. Huang et al. [64] suggested
BlazePose architecture with LSTM and YOLO v4
as a classifier on 243 videos showing 27 different
actions, with 5 distinct activities that are all object
based, achieving an accuracy of 95.91% in iden-
tifying actions and 97.68% in object recognition
on 243 videos involving 27 distinct actions and
5 object-based activities, but significant occlusion
and appearance changes can significantly impact
the accuracy of landmark detection. Muzahid et
al. [65] suggested using the Hand-crafted features
based on ORB and SIFT with the K-NN, decision
tree, and random forest (RF) classifiers that are tested
on a dataset of 8000 samples from 100 class objects.
Although achieving an accuracy of 85.6%, using
hand-crafted features may not perform as well as
deep learning approaches in more complex cases. Lu
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et al. [66] proposed using a Progressive Conditional
Generative Adversarial Network (GAN) with a CNN
as a classifier on the ModeNet40 dataset, which
improved the precision of object recognition with
an accuracy of 95.2%. This faces generalization
challenges across various datasets and overfitting
issues due to its reliance on synthetic data. Ismael

Table 1 Unsupervised (generative) deep learning methods applied to object recognition systems

et al. [67] suggested employing the GAN-LSTM
on the CARRADA dataset, which achieved an ob-
ject classification accuracy enhancement of 7.86%
compared to other approaches; however, it faces
challenges with sparse point clouds and multipath
issues associated with millimeter-wave radar. As
summarized in Table 1 .

from input images; enhanced robust-
ness for traffic-sign recognition.

fiers can be complex and may reduce
overall efficiency and speed.

Method(s) Classifier Dataset Achievement Limitation Ref.
Auto-encoder (Variation- | Contextual posterior | Data Science Bowl | An accuracy result of 80.27%; effec- | Dependence on object—context rela- | [32]
al auto-encoder) Transformer (DSB) 2017 tive modeling of object—context rela- | tion; computational complexity; lim-
tion; hierarchical contextual features; | ited generalization to diverse con-
robustness against environmental fac- | texts; annotation challenges.
tors.
Auto-encoder Multi-modal adversar- | RGB-D object; 3D | Study reduces labeling effort using | 3D point-cloud data labeling is time- | [33]
ial auto-encoder (AE) | MNIST the RGB-D object dataset (55.7% ac- | consuming; transferring abstract fea-
curacy) and achieves 92.2% accuracy | tures across modalities may reduce
on 3D MNIST, demonstrating suc- | performance; strong dependence on
cessful transfer learning and feature | data distribution.
disentanglement.
Restricted  Boltzmann | CNNs CIFAR-10 Shows scalability, reaching more | Performance peaks compared with | [45]
Machine (RBM) than 90% accuracy. some other techniques such as CNN.
Deep Belief Network | CNN with DropCon- | SVHN and CIFAR- | Enhanced DBN models with super- | For large-scale datasets, DBNs are | [46]
(DBN) nect regularization 10 vised fine-tuning; high performance | susceptible to overfitting and require
on object-recognition tasks; accura- | high computational cost.
cy of 97% on SVHN and 91% on
CIFAR-10.
Deep Boltzmann Ma- | Convolutional Deep | CIFAR-10 and | DBMs capture complicated data | High computational cost and training | [47]
chine (DBM) Belief Network | NORB structures; CDBN reaches about | challenges may make them weaker
(CDBN) 78.9% accuracy on CIFAR-10 for | than CNNSs in object-recognition ap-
object recognition. plications.
Deep Complementary | RNN (bidirectional | PlantVillage Accuracy of 99.21% on PlantVillage | High accuracy but longer prediction | [55]
Feature  Classification | Gated Recurrent Unit, | dataset; self- | and 93.46% on the grape-disease | time than some models; trade-off be-
Network integrating | Bi-GRU) collected grape- | dataset, surpassing the baseline mod- | tween computational efficiency and
weakly supervised detec- disease dataset el Xception-65. precision.
tion with DeepLabv3+
and CRF
LSTM Random Forest (RF) | Evaluation on are- | On a real testbed, achieves 98.1% | Requires substantial training over- | [56]
al testbed accuracy in object-recognition tasks. | head compared with some other tech-
niques.
Sparse auto-encoder Softmax classifier MNIST dataset High recognition accuracy (rate | Local-optimization issues; time-| [60]
0.985), improving classification and | consuming training; gradient van-
recall by 4% compared with other | ishing; parameter-initialization prob-
models. lems.
Hidden Markov Models | Hidden Markov Mod- | P-KHATT; APTI; | Improved feature extraction, dictio- | Information loss; frequent descrip-| [61]
(HMMs) with  Deep | els (HMMs) IFN/ENIT; MNIST | nary learning, codebook generation, | tors; large codebook; spatial-layout
Sparse  Auto-encoder and recognition; 99.95% accuracy for | issues.
(SAE) P-KHATT and 99.40% for IFN/ENIT
using a 13x13 pixel patch.
Deep auto-encoder | CNN, RNN, and | GTSDB Improved feature representation and | Handling diverse real-world situa- | [62]
(DAE) LSTM with DAE efficient capture of essential features | tions and integrating multiple classi-

Continued on next page
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Table 1 (continued).

Method(s) Classifier Dataset Achievement Limitation Ref.
Stacked denoising auto- | SDAE WM-811k SDAE improves wafer-map de-| Weighted cost and training issues | [63]
encoders with manifold fect recognition by learning noise- | such as high computational complex-
regularization resistant features, achieving 98% ac- | ity and overfitting to the training set.
curacy and better generalization than
conventional methods.

BlazePose architecture LSTM and YOLO v4 | Private dataset Accuracy of 95.91% in action recog- | Significant occlusion and appearance | [64]
nition and 97.68% in object recogni- | changes can strongly affect landmark-
tion on 243 videos with 27 actions | detection accuracy.
and 5 object-based activities.

Hand-crafted  features | K-NN, decision tree, | 8000 samples from | Enhanced accuracy rate of 85.6%. Hand-crafted features may perform | [65]

based on ORB and SIFT | and random forest | 100 object classes worse than deep-learning approaches

(RF) in more complex cases.

GAN CNN ModelNet40 Progressive conditional GAN-based | Generalization challenges across | [66]
augmentation improves object- | datasets and overfitting risks due to
recognition precision to 95.2% | reliance on synthetic data.
accuracy.

GAN-LSTM GAN-LSTM CARRADA Object-classification accuracy im- | Challenged by sparse point clouds | [67]
proved by 7.86% compared with oth- | and multipath issues in millimeter-
er approaches. wave radar.

2.2 Deep networks for supervised or discriminative
learning

Deep Networks for supervised or discriminative
learning are models that can learn from labelled data
to predict or classify data based on the input features.
These are multi-layer networks that use nonlinear
functions to transform the data. Famous architectural
designs involve Deep Neural Networks (DNNs), Con-
volutional Neural Networks (CNNs), and Recurrent
Neural Networks (RNNs). DNNs have a hierarchical
structure that makes them suitable for complicated
feature extraction. CNNs are excellent in spatial
data processing and a perfect choice for tasks that
include images. Meanwhile, RNNs are efficient with
sequential data, such as natural language processing
and time series. Their efficiency comes from their
ability to recognize complex patterns in data [68].
Figure 7 shows the general structure of each of these
architectural designs.

2.2.1 Convolutional neural network (CNN)

A Convolutional Neural Network, also known
as a ConvNet or CNN, is inspired by the biological
retina. It is a multi-layer deep learning technique
used for object detection and recognition, neural
language processing, image classification, medical
image analysis, and speech recognition. They excel
in visual tasks, much more efficiently than most
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traditional approaches. CNNs extract local features
from higher layers of an image and combine them
into more complex features at lower layers. CNN5s
are computationally costly and have a long training
time on large datasets, which is why they are trained
on GPUs. There are three key features of the
ConvNet: Subsampling (pooling), Weight Sharing,
and the Local Receptive Field [69]. The following
figure shows an example of the ConvNet general
architecture. Figure 8 shows an example of the CNN
layers.

The CNN utilization for object recognition tasks
has notable advancements through different datasets
and applications. Recent research demonstrates
the CNNs’ efficiency in recognition precision en-
hancement in various environments. For example,
the CNNs’ efficiency is proved through benchmark
datasets such as MSRC, Caltech 101, and Pascal
VOC 2012, achieving recognition accuracies of
92.25%, 91.91%, and 93.50%, respectively [70].
Common CNN architectures, including ResNet,
AlexNet, GoogleNet, and VGG16, are widely used
for object recognition tasks. Also, MobileNet V2
obtained an accuracy ratio of 92.80% on a fruit
dataset [71]. While Raj et al. [72] utilized the CNN
for human activity recognition with an accuracy
ratio of 97.20% on the WISDM dataset. Instead of
emphasizing the recognition of objects, it focuses
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on the efficiency of the CNN in classification and
recognition tasks. Jadhav et al. [73] used the pre-
trained CNN (VGG16) with an accuracy of 91.25%
for object detection and recognition. The accuracy
result was 89.9% of handwritten Hindi characters,
butit s still limited due to the computational resource
requirements and the dataset complexity. While
Bui et al. [74] employed the pre-trained CNN on
Pascal VOC2007, achieving a satisfactory accuracy
result of 76.7%, facing challenges related to mem-
ory constraints, and lessened precision from fewer
convolutional layers. Wang et al. [75] suggested
using AlexNet-RNN with a softmax classifier on the
W-RGBD dataset, achieving 3% higher recognition
accuracy in comparison to other methods, and low
computational cost. However, during the transfer

process, it faces data shortage and high computation-
al complexity. Yaseen et al. [76] employed Cross-
SplitNet with CNN as a classifier on the COCO
17, VOC 12, and VOC 07 datasets, achieving a
precision (AP) of 0.819 at 22.9 frames per second
(FPS) and a 1.9% increase in mean average precision
(mAP) on the COCO dataset. It faces some issues in
detecting densely stacked objects. Sarker et al. [77]
suggested using the CNN on the Yale dataset and a
self-generated video dataset, achieving a recognition
accuracy of 97%, which is a notable enhancement
over the conventional models, but still faces some
challenges, like the absence of online training feed-
back techniques and the excessive computational
costs, as summarized in Table 2.

Table 2 Supervised (discriminative) deep learning methods applied to object recognition systems

Method(s) Classifier Dataset Achievement(s) Limitation Ref.
K-means clustering, | 1-D CNN MSRC-v2, The method achieved high accuracy | It encounters issues with object merg- | [70]
region-based  segmen- Caltech101, and | in segmentation and feature fusion, | ing and occlusion in complex envi-
tation, SIFT, KAZE, Pascal VOC 2012 | with strong precision, recall, and | ronments; segmentation still strug-
and BRISK for feature datasets F1 scores, demonstrating superior | gles with detailed backgrounds and
extraction object-recognition performance com- | has notable computational complexi-
pared with other methods. ty.
© 2025 The Author(s). 160 CCBY 4.0
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Table 2 (continued).

Method(s) Classifier Dataset Achievement(s) Limitation Ref.

CNN MobileNet V2 Aggregated dataset | Achieved a high accuracy of 92.80% | — [71]

for fruits in object recognition.

CNN CNN WISDM Achieved accuracy of 97.20% for | Limited dataset size and relatively | [72]
human activity recognition. high computational complexity.

CNN (VGG16) CNN ImageNet For object detection, accuracy is | High computational-resource re-| [73]
91.25%; for object recognition of | quirements and dataset complexity.
handwritten Hindi characters, accu-
racy is 89.9%.

CNN CNN ImageNet Obtained a satisfactory object- | Faces memory-constraint issues and | [74]

(training) and | recognition accuracy of 76.7%. reduced precision when fewer convo-
Pascal VOC2007 lutional layers are used.
(testing)

AlexNet—-RNN Softmax classifier | W-RGBD dataset | About 3% higher recognition accu- | During transfer, it faces data-| [75]
racy than other methods, with low | shortage problems and high compu-
computational cost. tational complexity.

Cross-SplitNet CNN COCO 17; VOC | Achieved precision (AP) of 0.819 at | Because of missing features, it has [76]

12; VOC 07 22.9 frames per second, with a mean | difficulty detecting densely stacked
average precision (mAP) increase of | objects.
1.9% on the COCO dataset.
CNN CNN Yale and a self- | Obtained recognition accuracy of | Lacks online training feedback and | [77]
generated  video | 97%, a notable improvement over | has high computational cost.
dataset conventional models.

2.3 Hybrid deep networks

Generative models are flexible when they can
be trained on both labelled and unlabelled data,
while the discriminative models can’t be trained
on the unlabelled data but excel in supervised tasks.
Hybrid networks have the ability to train both models
simultaneously within a single structure, thereby
gaining advantages from both. There are three types
of Hybrid Deep Network models:

* Hybrid Model 1: a combination of various
generative or discriminative models, to extract
features that are stronger and more signifi-
cant. For example, they can be CNN+LSTM,
AE+GAN, and so on.

* Hybrid Model 2: a combination of generative
models followed by discriminative models For
example, they can be DBN+MLP, GAN+CNN,
AE+CNN, and so on.

* Hybrid Model 3: a combination of various
generative or discriminative models followed
by a non-deep learning classifier. Exam-
ples could be AE+SVM, CNN+SVM, and
soon [78].

Recently, there has been considerable interest in the
topic of object recognition using Hybrid Deep Neural
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Networks. In the field of video motion recognition,
Mihanpour et al. [79] introduced CoReHAR, which
is a Hybrid Deep Network that integrates CNN with
RNN, obtaining recognition accuracy of 95% on
the UCF101 dataset. Nagarajan et al. [80] also
introduced a hybrid model consisting of GAN and
DCNN for object recognition, trained with HAAVO.
The obtained accuracy measures were 0.940 testing
accuracy, 0.946 precision, and 0.953 recall. Bala-
subaramanian et al. [81] used a Multi-channel CNN
with a Sparse Auto-encoder (SAE) and the softmax
classifier on the Minist handwritten digit library,
the MIT face database, and the Oxford-17 flowers
dataset, reaching a recognition accuracy of 0.985, but
with a long training time. Shiri et al. [82] employed
a combination of PCA with Depth-wise Separable
CNN on a dataset of augmented images, improving
recognition accuracy to achieve an accuracy of
94.16% and an F1 score of 96.009%. However, a
large amount of data is required for training. Denton
et al. [83] combined the CNN with the RNN and
employed this combination on the Fruit-360 dataset,
achieving a recognition accuracy of 89.18%, but it
faces the high computational complexity challenge.
as summarized in Table 3.
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Table 3 Hybrid deep learning methods applied to object recognition systems

Method(s) Classifier Dataset Achievement(s) Limitation Ref.
CoReHAR CNN + RNN UCF101 Improved performance in human ac- | High computational requirements; | [79]
tion recognition across diverse sce- | sensitivity to camera motion, object
narios, achieving 95% accuracy. occlusion, and background noise.
HAAVO GAN + DCNN Not mentioned | Achieved accuracy values of 0.940 | Faces issues in distance estimation | [80]
(testing accuracy), 0.946 (precision), | and multi-class object recognition for
and 0.953 (recall). persons with visual impairments.
Multi-channel CNN  + | Softmax MNIST, MIT, | Highest recognition rate reached | Long training time. [81]
Sparse auto-encoder (SAE) and Oxford-17 | 0.985.
datasets
PCA + depth-wise separa- | PCA + depth-wise | Augmented im- | Improved recognition accuracy, | Requires large amounts of training | [82]
ble CNN separable CNN age dataset achieving 94.16% accuracy and | data.
96.009% F1 score.
CNN + RNN CNN + RNN Fruit-360 Recognition accuracy of 89.18%. High computational complexity. [83]

3 POPULAR OBJECT RECOGNITION
DATASETS FOR DEEP LEARNING

Researchers still acquire many data types for
public libraries and their personal studies. Here are
the most popular object recognition datasets used in
Deep Learning research are illustrated.

3.1 The imagenet dataset

The ImageNet dataset was introduced by aca-
demics at Stanford and Princeton universities. With
more than 14 million images classified into approx-
imately 20,000 categories. It is one of the largest
human-annotated image datasets ever designed. It
was established to help in the research and devel-
opment of visual object recognition. The growth
of online search engines and digital image sharing
led to its construction. This dataset utilizes basic
text-based queries and is generated from WordNet6,
a sizable collection of English phrases to search
for images associated with WordNet proposals via
keywords. For human annotation, it uses the Amazon
Mechanical Turk (AMT) crowdworker platform. In
2010, the ImageNet Large Scale Visual Recognition
Challenge was founded with a concentration on
object recognition and localization in images. A
neural network-driven machine learning model let
Alex Krizhevsky and his University of Toronto team
win the competition in 2012. Neural networks turned
into the most common machine learning approach
again after ImageNet’s 2012 win revolutionized the
area of deep learning by employing neural networks
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in the competition [83]. The ImageNet dataset faces
challenges such as the computational costs required
for training large models, overfitting due to its large
size, and variability in object recognition tasks [84].

3.2 Coco dataset (common objects in context)

Microsoft presented the MS COCO dataset in
2015 [85]. Itis a big image dataset that comprises
over 330,000 images and 2.5 million labelled ob-
jects across 80 classes. It is crucial for computer
vision tasks such as recognition, captioning, and
segmentation, offering comprehensive annotations
for model training and performance evaluation of
object detection models [86]. The COCO dataset
encounters some issues with incomplete object la-
belling, trouble identifying tiny objects, insufficient
annotations, and unbalanced classes [87].

3.3 Pascal voc (visual object classes) dataset

The PASCAL VOC dataset is an important eval-
uation resource in computer vision, especially for
object detection and classification tasks. According
to the last update on this dataset, which occurred
in 2012. It includes 11,530 images with 27,450
annotated objects across 20 classes, which contain
standard daily life objects such as people, animals,
and vehicles. Bounding boxes and class labels are
appended to each image, offering ground truth data
for model evaluation and training [88]. It faces
some challenges, including accurately annotating
image classes and efficiently analysing algorithm
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performance [89]. The PASCAL VOC dataset has
many versions (Table 4), with the 2012 version

Table 4 PASCAL VOC dataset statistics (2005-2012)

becoming a popular release.

Dataset statistics VOC 2005 VOC 2006 VOC 2007 VOC 2008 VOC 2009 VOC 2010 VOC 2011 VOC 2012

Number of images 1578 5304 9963 4340 7054 10103 11530 11530
Number of 1578 5304 9963 4340 7054 10103 11530 11530

annotated images

Object categories 4 10 20 20 20 20 20 20

17218 23374 27450 27450
2209 4754 24640 10363 ann. obj. ann. obj. ann. obj. ann. obj.
Object annotation ann. obj. ann. obj. ann. obj. ann. obj. 3211 segm. 4203 segm. 5034 segm. 6929 segm.
statistics

3.4 Open image dataset

The Open Image dataset is an appropriate option
for large-scale object detection, image classification,
unfiled annotation, and visual relationship detection
in deep learning. Kuznetsova et al. [90] presented
the Open Image dataset, which solves issues such
as unbalanced data distribution and multi-labels to
enhance the execution. It consists of 9 million im-
ages, with annotations for object detection included
in approximately 600 classes of objects. The images
come with a Creative Commons Attribution license,
which allows sharing and modification, and is free
from design constraints. They were collected from
Flickr without using specified class names or tags. It
faces challenges with highly unbalanced label distri-
bution, label-related problems, and the complexity
of variant object detection environments [90,91].

3.5 The visual genome dataset

The Visual Genome dataset, a combination of
objects, images, relationships, and attributes, con-
nects computer vision and natural language pro-
cessing, aiding in machine learning model training
and visual concept analysis. It includes more than
108,000 images, associated with 5.4 million area
descriptions, and 2.8 million objects connected by
1.5 million relationships [92]. To build a human-
like system, graphs and scenes construction, image
captioning, and visual question answering [93]. The
comprehensive annotations in the dataset allow for
the recognition of patterns and connections that
are usually overlooked in conventional datasets,
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which improves the usability of Al models [94].
This dataset encounters some challenges, including
ensuring accuracy and homogeneity of annotations
across images [95].

Many other datasets including BDD, DOTA,
KITTI, Caltech, Davis, SUN RGB-D, and so on.

4 FRAMEWORKS OF DEEP LEARNING IM-
PLEMENTATION

This section presents the common frameworks for
modularized deep learning approaches implemen-
tation, concentrating on distribution, optimization,
and infrastructure support. The most common are
as follows:

* NVIDIA cuDNN

* Deeplearning-4;j

* Tensor-flow

* Torch/PyTorch

* Theano

* Cognitive network toolkit (CNTK)
» Keras

» Caffe

* MX-net

* DIGITS
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5 CONCLUSION

This paper provides an overview of deep learning
concepts and reviews the latest papers on Deep
Learning in the field of object recognition, exploring
various popular architectures that are used in some
selected object recognition applications. In partic-
ular, three classes of deep learning architectures,
namely the Generative (unsupervised), Discrimina-
tive (supervised), and Hybrid deep architecture, are
explained with their approaches in detail. These
three categories show a comprehensive, flexible, and
reliable performance in solving many issues. For
instance, the unsupervised architecture categories are
the Auto-encoder, Boltzmann Machines, Recurrent
Neural Networks, and Sum-Product Networks. They
explained in this paper, with the relevant literature for
each of them, which are used for object recognition.
Then we’ve emphasized the most common object
recognition datasets used in deep learning, and after
that, we’ve pointed out the most widely used deep
learning frameworks for implementation. With the
association of the comparative results of the related
works. When supervised learning algorithms handle
labelled data, and unsupervised learning techniques
handle unlabelled data, they are utilized in such
cases since it is difficult to acquire labelled data
when handling large amounts of data, and they fail
to perform satisfactorily in these situations. Datasets
for object recognition are crucial because they pro-
vide the varied labelled examples needed for training
and testing models effectively. Deep learning meth-
ods are used for feature extraction or reducing the
complexity of features. According to past studies,
CNN proved a better performance in categorization
than AE and BM, and therefore gets used more
commonly. Amazon’s product suggestions and Face-
book’s automatic tagging algorithms demonstrate
how CNN handles images faster and more efficiently.
Finally, the discussed techniques obtained a high
accuracy level automatically. Future work suggests
combining CNN with some other methods, like AE,
using feature extraction and selection as a hybrid
approach for enhancing object recognition accuracy.
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