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1. Introduction

Object detection is a fundamental task in computer vision that seeks to identify and locate objects within an
image or video. Unlike image classification, which simply categorizes objects, object detection requires both
identifying what objects are present and determining their spatial locations in the form of bounding boxes. This
task has gained substantial attention due to its applications in various domains such as robotics, autonomous
vehicles, surveillance, and healthcare.

In recent years, deep learning has revolutionized object detection, enabling algorithms to achieve impressive
accuracy and robustness in real-world scenarios. Prior to deep learning, traditional methods relied heavily on
handcrafted features and shallow machine learning models, such as SIFT (Scale-Invariant Feature Transform) or
HOG (Histogram of Oriented Gradients). However, the emergence of convolutional neural networks (CNNSs)
and more advanced deep learning architectures has drastically improved performance, leading to a shift toward
end- to-end learning-based approaches.

1) What is Object Detection : Object detection is the process of identifying and finding objects
in images or videos, marking them with bounding boxes to show where they are located.

2) Where is Object Detection Used : This technology is used in various fields like robotics, self-
driving cars, security systems, and healthcare, helping machines understand and react to their surroundings.

3) Older Object Detection Methods : Before the rise of deep learning, object detection relied on
techniques like SIFT and HOG, which manually extracted features to identify objects but were less accurate.

> SIFT (Scale-Invariant Feature Transform) : SIFT finds distinctive image features that
remain stable even if the image is resized or rotated, helping to match objects based on these key features.

> HOG (Histogram of Oriented Gradients) : HOG analyzes patterns and edges by
examining pixel gradients, commonly used to detect human figures and shapes in images.

> SURF (Speeded-Up Robust Features) : SURF is a faster version of SIFT, designed to
detect features more quickly while maintaining accuracy, useful in real-time object detection.AdaBoost :
AdaBoost combines several weak classifiers into a strong one, often used to detect faces or objects by
classifying areas within an image.

> Viola-Jones Algorithm : Mainly used for detecting faces, this algorithm extracts features from
different parts of an image and uses a strong classifier to identify faces in real-time.

> Template Matching : Template matching compares parts of an image to a stored template to
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detect similar objects, looking for regions that closely match the template.

> Edge Detection (Canny, Sobel) : Edge detection methods like Canny or Sobel detect the
boundaries of objects by identifying changes in pixel values, helping to outline shapes.

> R-CNN (Region-based Convolutional Neural Networks) : R-CNN combines region proposals
and convolutional neural networks (CNNSs) for object detection, bridging the gap between traditional methods
and deep learning.

> Decision Trees : Decision trees, like Random Forests, classify regions of an image based on
features, helping to identify specific objects in an image.

1.2 Literature Review

1. Early Object Detection Techniques : Before the advent of deep learning, object detection relied

heavily on manual feature extraction methods like SIFT and HOG. These methods focused on identifying key
features or gradients in images but struggled with accuracy and efficiency in complex scenarios.

2. Introduction of Machine Learning Models : With the development of machine learning,
techniques like AdaBoost and decision trees were used to improve object detection. These methods trained
classifiers to recognize objects based on predefined features, offering better performance than previous
approaches.

3. The Rise of Deep Learning : The introduction of deep learning, particularly convolutional
neural networks (CNNs), revolutionized object detection. CNNs automatically learn features from raw data,
eliminating the need for manual feature extraction and significantly improving accuracy in various applications.

4, Region-Based Approaches : Methods like R-CNN marked the shift toward using region
proposals with CNNs for object detection. These techniques combined the strengths of traditional methods and
deep learning, enabling better localization and identification of objects.

> Fast R-CNN speeds up the process by applying CNNs to the whole image, then refining
detected

regions for better results

> Region Proposal Networks (RPNs) generate possible regions in an image where
objects might be, streamlining the detection process.

> R-CNN uses region proposals with CNNs to classify objects in each region,
improving accuracy compared to traditional methods.

> Faster R-CNN introduces RPNs to automatically generate region proposals,
eliminating manual methods and improving detection efficiency.

> Region-Based Methods focus on identifying object areas first, making them more
accurate and effective in complex images.

1.3 Merits and Demerits of object detection using deep learning.

MERITS :

1. High Accuracy : Deep learning models, particularly CNNs, can automatically learn important

features from images, allowing them to detect objects with high precision, even in challenging environments.

2. End-to-End Learning : These models don’t require manual feature extraction. They can
process raw data, like images, and directly predict results, making the process simpler and faster.

3. Real-Time Detection : With techniques like YOLO and SSD, deep learning can detect objects
in real-time. This is important in applications like autonomous driving, where quick decisions are essential.
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4, Robust to Variations : Deep learning models are good at handling changes in object appearance,
such as different lighting, angles, or partial obstructions, making them more reliable in real-world conditions.

5. Scalability : Deep learning models improve as they receive more data. The more data they are
trained on, the better they perform, which makes them highly suitable for large-scale tasks.

DEMERITS :

1. High Computational Cost : Training deep learning models needs powerful hardware, like
GPUs, and can be expensive. This makes it difficult for smaller organizations or individuals with limited
resources to use these models.

2. Large Amount of Labeled Data Needed : To train deep learning models effectively, you need a
lot of labeled data. Gathering and labeling data can be time-consuming and costly, especially for complex
tasks.

3. Training Time : Deep learning models take a long time to train. The process can last from hours
to days, depending on the dataset size, making it slower than some traditional methods.

4, Risk of Overfitting : 1f a deep learning model is trained on a small or unbalanced dataset, it might
memorize the data instead of learning general patterns. This leads to poor performance when tested on new data.

2. Complexity and Lack of Transparency : Deep learning models are often seen as "black boxes"
because it’s hard to understand how they make decisions. This makes it difficult to troubleshoot or explain their
predictions, especially in critical applications like healthcare or security.Evolution of Object Detection

Early Approaches

Before the advent of deep learning, object detection relied on feature-based methods. These methods aimed to
extract features like edges, corners, and texture from images, followed by a classification step using traditional
machine learning algorithms such as Support Vector Machines (SVM) or Random Forests. Notable approaches
include:

> Sliding Window Technique: This method involves scanning the image with a fixed-size window to
classify each region.

> HOG (Histogram of Oriented Gradients): A feature descriptor that captures object shapes and
structures by examining gradient directions.

> Deformable Part Models (DPM): A model that combines global and local features to detect objects
with flexible shapes.

While these methods laid the foundation for object detection, they often struggled with complex backgrounds,
occlusions, and scale variations.

2.2 The Deep Learning Revolution

The breakthrough in deep learning for object detection came with the introduction of convolutional neural
networks (CNNs). CNNs are designed to automatically learn spatial hierarchies of features from data,
eliminating the need for handcrafted feature extraction. Key milestones in this transition include:

> R-CNN (Region-based CNN) : Proposed by Girshick et al., R-CNN combined selective
search for region proposals with CNN-based feature extraction, followed by classification using a support
vector machine (SVM). This model achieved significant improvements in object detection accuracy but was
computationally expensive due to its multi-stage pipeline.

> Fast R-CNN : This improvement on R-CNN introduced a faster training and inference
pipeline by using a single CNN to extract features for all region proposals simultaneously, followed by region-
of-interest (ROI) pooling and a softmax classifier.
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> Faster R-CNN : This model further optimized R-CNN by incorporating a Region Proposal
Network (RPN) to generate region proposals directly from the CNN, eliminating the need for external region
proposal methods like selective search. This innovation significantly improved the speed and accuracy of object
detection.

> YOLO (You Only Look Once) : A real-time object detection system proposed by Redmon et
al. that frames object detection as a single regression problem. YOLO treats the entire image as a grid and
simultaneously predicts bounding boxes and class probabilities for each grid cell. Its speed and end-to-end
training capability made it a popular choice for real- time applications.

> SSD (Single Shot Multibox Detector) : SSD further improved on YOLO by proposing
multiple bounding boxes per grid cell at different aspect ratios, enabling better detection of objects at various
scales.

3. Research Problem in Object Detection using Deep Learning.

The key problem faced in Object Detection using Deep Learning are listed and mentioned below. Which include

1. Enhancing Accuracy in Complex Settings : Deep learning models may face challenges when detecting
objects in cluttered scenes, with occlusions, or poor lighting. Research can focus on improving model accuracy
and robustness under such conditions.

2. Improving Detection with Limited Labeled Data : Deep learning models typically require large datasets
to perform well. Research could explore methods like data augmentation, transfer learning, or semi- supervised
learning to enhance performance even with fewer labeled examples.

3. Real-Time Detection on Low-Resource Devices : While deep learning models like YOLO are capable
of real-time detection, they are resource-intensive. A research direction could be developing efficient models
that run effectively on devices with limited computational power, such as smartphones or embedded systems.

4. Small Object Detection : ldentifying small objects in images remains a difficult challenge due to their
less prominent features. Research could focus on improving detection methods to recognize smaller objects with
higher accuracy.

5. Universal Detection Across Various Object Categories : While deep learning models may excel at
detecting specific objects, they may struggle with new or diverse object categories. Research could aim at
enhancing models’ ability to generalize across a broader set of objects.

6.  Addressing Class Imbalance : Object detection often suffers when certain classes are underrepresented in
training data. Research could explore methods to address this imbalance, such as adjusting loss functions or
generating synthetic data.

7. Model Interpretability : Deep learning models are often considered black boxes, making their decision-
making process unclear. Research could focus on developing techniques to make these models more
interpretable, especially for critical applications like healthcare and autonomous driving.

8.  Multi-Scale and Dense Object Detection : Detecting objects across different sizes or in densely packed
scenes is challenging. Research could focus on enhancing models to detect objects at various scales and handle
crowded scenes without losing accuracy.

9.  Cross-Domain Object Detection : Models trained in one type of environment (e.g., clear daylight) may
perform poorly in another (e.g., low light or inclement weather). Research can explore methods to improve
model performance across various domains and conditions.

10. Object Tracking Over Time : While object detection typically focuses on identifying objects in
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individual frames, tracking them across multiple frames or in real-time vide
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11. o presents new challenges. Research could focus on improving object tracking in dynamic or occluded
environments.

3.1  Significance of Object Detection using Deep Learning.

Object detection using deep learning significantly improves accuracy and efficiency in identifying objects in
various applications, such as autonomous vehicles and security systems. It enables real-time detection,
scalability, and robustness in complex environments, making systems more adaptable and reliable.

1. Improved Accuracy : Deep learning models, particularly CNNs, provide exceptional accuracy in detecting
and locating objects by automatically learning relevant features from large datasets. This makes them effective
in handling complex detection tasks.

2. Real-Time Detection : Deep learning enables real-time object detection, which is essential in
applications like autonomous vehicles, robotics, and security

Image To Be Detected
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Machine Learning / Deep
Learning Model

~~

Prediction and Detection
and Final Result y
surveillance, where quick and reliable object identification is crucial for decision-making.

3. Increased Efficiency and Automation : By automating the process of feature extraction and
classification, deep learning reduces the need for manual input. This makes systems more efficient, scalable,
and capable of processing large volumes of data in complex tasks.

4. Versatility Across Industries : Deep learning models can be trained to recognize various objects in
diverse environments, making them applicable in fields like healthcare, security, and retail, where they can be
used to analyze medical images, detect threats, or monitor inventory.

5. Scalability with Large Datasets : As deep learning models are exposed to more labeled data, their
accuracy improves significantly. This scalability allows them to handle vast datasets and achieve better
performance as more data becomes available.

6. Adaptability to Real-World Challenges : These models can handle variations in object appearance,
lighting, and occlusions, making them more reliable in dynamic environments like outdoor settings, where
lighting and object positioning can change frequently.

7. Multi-Object Detection : Deep learning models can identify multiple objects in a single image, which is
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beneficial for tasks like monitoring traffic, analyzing crowds, and inventory management, where detecting
numerous objects simultaneously is required.

8.  Support for Autonomous Systems : Object detection is a critical component of autonomous systems
such as self-driving cars, drones, and robots. Accurate detection allows these systems to navigate, avoid
obstacles, and make informed decisions in real- time.

9.  Enhancing Human-Computer Interaction : Object detection improves human-computer interaction by
enabling applications like gesture recognition and augmented reality. These technologies rely on accurate
detection of objects in real time to provide better user experiences.

10.  Cross-Domain Generalization : Deep learning models trained on one dataset can be adapted to new,
different environments with minimal adjustments. This ability to generalize across domains reduces the need
for extensive retraining, saving time and resources.

REPRESENTATION :Efforts and Cost Estimation.

3.2 Cost Estimation in Object Detection using Deep Learning.

1. Collecting and Labeling Data : Gathering high-quality images and labeling them is time-consuming and
expensive, especially for large or complex datasets.

2. Building the Model : Developing deep learning models requires experts in Al and computer vision,
which increases hiring or outsourcing costs.

3.  Hardware Costs : Training models needs powerful GPUs or cloud services, which can be costly for
prolonged use or large-scale projects.

4.  Software Tools : While some tools are free, advanced features or support in frameworks like TensorFlow
or PyTorch may involve additional expenses.

5. Training Time : Model training can take a long time, using a lot of electricity and resources, adding to
operational costs.

6.  Testing the Model : Testing and fine-tuning the model to ensure accuracy is another critical step that
requires extra effort and resources.

7. Deployment Costs : Integrating the trained model into real-world systems may involve software
development and hardware optimization, which adds complexity and expenses.

8.  Ongoing Maintenance : Models need regular updates and retraining to stay effective, which requires
continuous monitoring and additional costs over time.

9.  Scaling the System : Expanding to handle more data or real-time applications increases infrastructure
needs, which can be expensive.

10. Research and Customization : Customizing solutions for specific problems or improving performance
involves significant research time and costs.

3.3 Efforts involved in object detection using deep learning include:

1. Preparing Data : Gathering, cleaning, and labeling large datasets takes a lot of manual effort to ensure
they are accurate and usable.

2. Model Development : Creating and refining models needs skilled experts in Al and computer vision,
along with continuous testing and improvements.

3. Training Models : Training models requires setting up configurations, running resource-heavy
processes, and making repeated adjustments to improve performance.

4. Testing and Evaluation : Careful testing ensures the model works correctly by identifying issues and

662



Tuijin Jishu/Journal of Propulsion Technology
ISSN: 1001-4055
Vol. 46 No. 2 (2025)

validating its ability to handle different scenarios.

5. Integration into Systems : Implementing the model into real-world applications involves software
development, compatibility checks, and hardware adjustments.

6.  Regular Updates : Maintaining the model’s effectiveness involves ongoing updates, retraining with new
data, and fine-tuning for better accuracy.

7. Optimizing for Real-Time : UseMaking the model fast enough for real-time applications, like
surveillance or autonomous vehicles, requires additional tuning and resource management.

8. Handling Hardware Limitations : Deploying models on devices with limited computational power, such
as mobile phones or embedded systems, demands optimization efforts.

9.  Addressing Challenges with Small Objects : Detecting small or overlapping objects is difficult,
requiring specialized techniques to improve accuracy in such scenarios.

3.4 Ensuring Scalability : Adapting the system to handle larger datasets or increasing demands involves
extra work in infrastructure and processing capabilities.Customization Object Detection Using Deep Learning.

1. Tailoring Models for Specific Use Cases : Customizing object detection models to fit specific needs,
like detecting industry- specific objects, involves adjusting architectures and retraining them on domain-specific
data.

2. Configuring Software and Tools : Setting up required frameworks like TensorFlow or PyTorch, along
with integrating libraries and APIs, takes time and technical expertise.

3. Hardware Setup : Deploying and optimizing high-performance hardware like GPUs or TPUs, or
configuring cloud-based systems, is crucial for training and deploying models efficiently.

4, Integration with Existing Systems : Adapting the object detection model to work with pre-existing
software, hardware, or workflows requires additional coding and setup efforts.

Customization and Setup of Object Detection Model
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Documentation and Knowledge Sharing

User Interface and Visualization

Conclusion :

Obiject detection using deep learning is a transformative technology with applications across various industries,
including healthcare, transportation, security, and retail. It combines high accuracy and efficiency, enabling
systems to detect and locate multiple objects in real time. Despite its many advantages, implementing deep
learning-based object detection comes with challenges, such as high computational demands, data requirements,
and customization needs for specific use cases. Efforts in data preparation, model training, testing, and
deployment are critical for successful implementation. The continuous advancements in deep learning and
hardware technologies are making object detection more accessible and effective. Overall, object detection has
become a cornerstone in modern computer vision, driving innovation and improving automation across diverse
field

5. Scope Of Object Detection :

Object detection is one of the most widely used and crucial tasks in computer vision, with a broad spectrum of
applications across various industries. The field has gained significant attention due to the rapid advancements
in deep learning techniques, which have substantially improved the accuracy, efficiency, and scalability of
object detection models.

5.1  Applications of Object Detection

» Autonomous Vehicles :

Autonomous driving relies heavily on object detection to ensure the safe and effective operation of self-driving
cars.Accurate object detection is essential for the vehicle’s decision-making system, allowing it to navigate
complex environments, avoid collisions, and follow traffic rules. For example, object detection systems enable
the car to recognize pedestrians crossing the road or detect vehicles in adjacent lanes, ensuring that the vehicle
responds appropriately.

> Healthcare and Medical Imaging :

Obiject detection plays an increasingly significant role in healthcare, particularly in the field of medical imaging.
In this context, deep learning-based object detection algorithms are used to identify and localize various
anomalies in medical images such as X-rays, MRIs, and CT scans. Examples include detecting tumors in
mammograms, lesions in brain scans, or fractures in bone imaging.

» Surveillance and Security :

Obiject detection has widespread use in surveillance systems for security purposes This capability is crucial in
public spaces, airports, stadiums, and private properties for detecting threats, monitoring traffic, or ensuring
safety.

5.2 Emerging Trends in Object Detection

> Real-Time Object Detection :

One of the ongoing trends in object detection is the continuous push for real-time performance. Real-time
object detection, which processes images and generates predictions at frame rates of 30 FPS (frames per
second) or higher, is critical for applications such as autonomous driving, live surveillance, and robotics
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> Small Object Detection :

Detecting small objects remains a major challenge in object detection, especially in cluttered scenes or aerial
imagery. Improvements in resolution

> Generalization and Domain Adaptation :

Training object detection models on large, annotated datasets has proven successful, but these models may
struggle when applied to new, unseen environments. Generalization, or the ability of a model to perform well
on data from different domains, is a major challenge. Domain adaptation techniques, which enable models to
adapt to new conditions without needing extensive retraining, are a promising area for future research.

> Few-Shot and Zero-Shot Learning :

Traditional object detection models rely on large labeled datasets for training, which can be labor-intensive and
expensive to create. Few-shot and zero-shot learning aim to reduce the amount of labeled data required by
allowing models to learn to detect objects with minimal examples (few-shot) or even without direct exposure to
the object class (zero-shot).Research Methodology :

1 Defining the Problem : Start by identifying the main objective of the project, like detecting certain
objects or enabling real-time tracking. Consider factors such as processing power, accuracy, and speed to outline
the project scope.

2. Preparing the Dataset : Gather relevant datasets or create your own that cover the variety of objects
you're detecting. Label the data, resize the images to a standard size, and apply data augmentation to ensure the
model learns well from different scenarios.

3. Selecting the Right Model : Choose a model based on the needs of your project. For real-time object
detection, models like YOLO are suitable due to their speed, while others like Faster R- CNN may provide
higher accuracy, though at a slower pace.

4, Training the Model : Train your chosen model using the labeled data, utilizing powerful hardware like
GPUs for faster computation. Fine-tune the model’s settings, such as the learning rate and batch size, to achieve
optimal results.

5. Validating and Testing : Test the model with a separate set of data to evaluate its performance. Use
measurement techniques like precision and recall to check how accurately it detects objects and how well it
generalizes to new data.

6. Optimizing the Model : Improve the model’s efficiency by simplifying it without losing accuracy.
Techniques like reducing the model size (pruning) or adjusting its parameters can make it faster and suitable for
running on devices with limited resources.

7. Deploying the Model : Once the model is trained and optimized, integrate it into the real-world
application, such as a mobile app or robotic system. Make sure it works well with the existing setup and is
capable of running effectively in different environments.

8. Monitoring Performance : Keep track of the model's performance once deployed. Regularly check for
issues like missed objects or false positives, and refine the model as necessary to improve its accuracy and
effectiveness.

9. Updating and Retraining : As new data becomes available or the system encounters new challenges,
retrain the model to adapt. This keeps the model relevant and accurate over time as objects or environments
change.

10.  Documenting the Process : Maintain clear documentation throughout the project, including dataset
details, model choices, and configurations. This ensures others can understand, replicate, or build upon your
work in the future.
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5.3  Flow of Application of Object Detection.
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Data Collection
Gather images or videos containing the objects you wish to detect.

Ensure the data includes a variety of conditions, such as different lighting, angles, and object

Data Preprocessing
Clean the data by removing any irrelevant or low-quality images.

Label the images by drawing bounding boxes around the objects and assigning appropriate

Choosing a Model

Select a deep learning model that fits the needs of your project (e.g., YOLO, SSD, or Faster

Make sure the model is capable of detecting the objects you're interested in.
Training the Model
Train the chosen model on your labeled dataset.
Use powerful hardware, like GPUSs, to speed up the training process.
Evaluating the Model
Test the model with new, unseen images to check how well it performs.

Measure its accuracy using metrics like precision, recall, and mAP (mean average

Optimizing the Model
Fine-tune the model’s settings to improve its performance and reduce processing time.

Use techniques like model pruning or quantization to make it more efficient without losing

Deploying the Model

Integrate the trained model into the desired application, such as a mobile app or a robot.

Ensure that it works properly in the real-world environment where it will be used.
Real-Time Detection

The model analyzes new data (like a live video feed) and detects objects in real-time.

It marks the detected objects with bounding boxes and labels on the screen.
Monitoring Performance

Keep track of how well the model is working once it's deployed.

Look for any issues like incorrect detections or performance drops and adjust as needed.
Ongoing Improvements

Regularly retrain the model with fresh data to ensure it stays accurate.
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> Update the model to handle new objects or conditions that may arise in the real world.
5.4 General Considerations for Object Detection :
1. Data Quality : High-quality, diverse datasets are essential for training a reliable model. Ensure

the data includes various object types, environments, and conditions like lighting and angle variations.

2. Model Complexity : Choose a model that strikes a balance between accuracy and computational
efficiency. More complex models might provide better results but require more resources, so consider the trade-
offs.

3. Computational Resources : Training deep learning models demands significant computational
power, especially for large datasets. Ensure access to powerful hardware like GPUs or cloud services to speed
up the process.

4. Overfitting Risk : Avoid overfitting by ensuring the model doesn’t learn to recognize only the
specific training data. Use techniques like cross-validation and data augmentation to make the model more
generalizable.

5. Real-Time Constraints : If the application requires real- time object detection, choose a model that
can process data quickly while maintaining accuracy. This may involve optimizing or simplifying the model for
speed.

6. Model Accuracy and Precision : It’s important to strike the right balance between recall and
precision, ensuring the model detects objects correctly without generating too many false positives or missing
important objects.

7. Scalability : Consider how the model will perform as the dataset grows or as new objects need to
be detected. Choose methods that can scale with data volume and real-world changes.

8. Environmental Conditions : Ensure the model is trained to handle different environmental
conditions (e.g., varying light, weather, or backgrounds) to improve performance in real-world settings.

9. Deployment Constraints : When deploying the model, consider the hardware limitations of the
target system. Some devices may require model optimization or simplification to work efficiently.

55 Maintenance and Updates : Object detection models may need regular updates to stay relevant as
new objects, data, or challenges arise. Continuous monitoring and retraining are essential for long-term
success.Implementation Consideration :

1. Data Preparation : Make sure the data is well-labeled and diverse, covering various object types,
angles, and lighting conditions. Good data is crucial for training an effective model.

2. Model Selection : Choose a model that suits your needs. If speed is important, models like YOLO
might be a good choice, while if accuracy is more critical, consider models like Faster R- CNN.

3. Training Resources : Training deep learning models requires powerful hardware, such as GPUs. Make
sure you have access to these resources or cloud computing platforms to speed up the training process.

4. Computational Efficiency : Ensure the model can run efficiently on your target hardware, especially
if it’s going to be used in real-time applications. You might need to optimize the model for faster performance.

5. Accuracy and Performance : Balance the model’s accuracy and speed. Ensure that the model can
correctly identify and locate objects while also being fast enough for practical use, such as in autonomous
systems.

6. Scalability : Plan for future growth by considering how the system will handle more data or new
object categories. The model should be flexible enough to scale as needed.

7. Real-Time Detection : If the application requires real-time detection, the model should be able to
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process video or images quickly without delays. This can be a key factor in applications like autonomous
vehicles.

8. Deployment and Integration : When implementing the model in real-world applications, ensure it
integrates smoothly with the existing system. It should work well on the target platform, whether a mobile
device or a cloud-based service.

9. Monitoring and Maintenance : After deployment, regularly check how the model is performing.
Make updates as needed to improve its accuracy, handle new data, or adapt to changes in the environment.

10. User Feedback : Collect feedback from users to see how well the model is performing in real-world
scenarios. This can help you identify areas for improvement or new features to add.
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