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Abstract- To understand the contents of a picture, 

computers in modern computer vision first focus on 

finding and spotting objects. If the environment is 

disorganized, people change positions, a part of 

their body is covered or other small details happen, 

CNNs find it tougher. Experts are now working 

with spatial hierarchy-based detection and pose-

aware object detection as fresh techniques. The text 

examines both approaches, noting their key points, 

how they perform and the types of evaluation they 

fit for. They consider both the environment and the 

relationships around items to determine what they 

are by noticing how they appear and co-occur. They 

are most effective when there is enough supporting 

evidence for recognizing things. Another way to 

state it, pose-aware detection combines feature 

points and component detection, so non-rigid 

objects are detected better as their appearance 

depends on how they jointly move. Lately, Feature 

Pyramid Networks (FPN) are checked with graphs 

and Pose-RCNN alongside keypoint prediction are 

studied on the COCO 2017, PASCAL3D+, MPII 

and ADE20K datasets. Quantitative research shows 

that models with body-part awareness perform 

better than those with a fixed spatial structure and 

achieve up to 81.2% on keypoint tasks and higher 

mAP when dealing with dynamic poses. Even so, 

spatial models can process information fast and are 

precisely accurate with unchanging, multiple items. 

We also consider the speed at which a model makes 

a prediction (inference latency), how complicated 

the model is, any additional data it uses 

(annotations) and the extent to which it can be 

applied. It was determined that models that look at 

both location and pose can form a good base for 

future progress. Keep this document so you can 

learn and guide others about picking object-

detection methods for various tasks. 

 

Index Terms- Spatial hierarchies, Pose-aware 

detection, Object detection, Deep learning, 

Convolutional neural networks, Feature 

representation, Computer vision, Visual perception, 

Contextual learning, Keypoint estimation. 

 

 

I. INTRODUCTION 

 

• Background and Motivation 

Autonomous vehicles, robotics and fields like 

surveillance, healthcare and augmented reality all 

use object detection as a key component in computer 

vision. The aim is to highlight semantic objects (cars, 

humans, animals) visible in digital images or video 

clips. Once-popular methods like sliding-window 

classifiers and manually generated features (such as 

SIFT and HOG) have been mostly replaced by 

convolutional neural networks (CNNs). Modern 

detectors Faster R-CNN, YOLO and RetinaNet are 

accurate and efficient when working with large-scale 

data like MS-COCO and PASCAL VOC. They have 

gained from better methods to extract features, to 

merge information from many scales and to improve 

the way losses are measured. But real-world 

situations pose a major challenge for object detection 

since objects can vary greatly in their orientation, 

look, size, position and whether they are hidden 

behind other objects. 

 

Since there are these limitations, two important 

approaches have appeared: spatial hierarchies and 

pose-aware object detection. Every strategy outlines 

how detection can be improved and how reasoning 

with entire images is handled. 
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• There are Spatial Hierarchies in the Field of 

Object Detection 

 

Spatial hierarchies are important in modern object 

detection since they make use of the position and 

importance of objects to enhance accuracy and 

dependability. Spatial hierarchy-based models place 

objects together in a structure that reflects the 

scene’s full layout and connections between the 

objects. Because objects are shown in a hierarchy, 

the model can learn how they fit in relation to each 

other and to their environment. A kitchen scene may 

have a microwave which commonly appears closer 

to the countertop or cupboards instead of walking in 

the air. Thanks to these priors on spatial patterns 

such models decrease the region that needs to be 

explored and interpret visual objects more easily. 

Since in crowded or hidden situations, having only 

the object’s appearance may not work, being aware 

of the environment is necessary. 

 

To design a building this way, spatial hierarchy 

works by combining many different architectural 

methods. Feature pyramids produce representations 

that explain both coarse and fine spatial information 

at the same time. In the first stages, the model builds 

the overall layout and major objects and later, it 

refines smaller ones so the model can handle objects 

of any size. 

 

They also include attention modules that let the 

model pay closer attention to important parts of an 

image or objects. As a result, the model is better able 

to notice long-range connections and the little details 

from the overall scene. 

 

Graph Neural Networks (GNNs): GNNs write code 

that worries directly about objects and their 

connections as nodes and edges in a graph. The 

network uses the edges to pass messages which 

allows it to learn the relationships and locations of 

objects in the scene. 

 

Many hierarchical spatial representations exist at 

different levels. At the top level, the design outlines 

the layout of the world (e.g., kitchen, street, office) 

and helps determine which objects are possible. 

Middle-level representations explain how objects or 

groups are linked and the lowest level manages local, 

small-scale interactions between individual objects. 

 

• The main benefits of using Spatial Hierarchy-

Based Models. 

 

Such models rely on context and objects often 

appearing next to each other to distinguish similar or 

hidden objects in crowded environments. 

Attention and graph-based techniques allow these 

models to identify objects by noticing how they are 

linked in space, even when separated by distance. 

 

Resilient to Occlusion: Because they rely on more 

context from the scene, these models manage to 

guess if something is present based on how hidden 

objects are connected to what can be seen. 

 

Even with their positive points, spatial hierarchy-

based models have some limitations as well. Because 

their organization is not easily changed, they do not 

respond well to small changes and deformations in 

objects that are not rigid. Therefore, their results 

often deteriorate on tasks requiring finely detailed 

pose estimation or accurate action recognition 

because small adjustments in joint and limb positions 

play a key role. Since spatial hierarchies mostly map 

crude object connections and not fine details, they 

lack precise geometric changes and flexible object 

parts. 

 

All in all, spatial hierarchies improve object 

detection by placing objects into a detailed 

framework that matches the ways objects are 

organized in actual spaces. They work well in 

settings with well-defined, unchanging objects, but 

struggle to show things like deforming and 

articulating objects. 

 

• Object detection that takes poses into account 

Pose-aware detection uses an additional way to 

detect objects by focusing on how their parts are 

arranged. This is most effective for things like 

humans, animals and bendable tools. While 

bounding boxes alone are used for detection, pose-

aware models combine them with keypoint 

detection, skeleton modeling or joint estimation. 
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Well-known engineering projects here are: 

Pose-RCNN brings together object detection and 

keypoint detection into one framework. 

 

HRNet: Holds onto high detail features throughout 

the network so that keypoint locations can be found 

more precisely. 

 

Transformer-based DETR variants add pose features: 

This means the detectors now use pose information. 

 

Applications include: 

The ability to detect what people do and see their 

gestures. 

 

IBM’s sports analytics. 

Understanding how people use objects. 

 

Systems that use augmented and virtual reality. 

Although pose-aware methods work well for tasks 

with detailed human-object configurations, they are 

usually slower and need a lot of detailed annotations, 

so they are limited with small data. 

 

• Comparative Analysis Is Important 

Because of how quickly these two areas are 

advancing, an in-depth and empirical comparison 

between spatial hierarchy-based and pose-aware 

object detection models has not been conducted. 

Much previous research focused on one paradigm 

without studying how the different methods work 

along with each other. 

 

In order to fill this gap, the study will carry out a 

detailed comparison, paying attention to: 

• What each approach explains using theory. 

• The ways architectural design and plans turn into 

actual structures. 

• Testing the performance on various datasets 

(such as COCO, MPII, ADE20K, PASCAL3D+). 

• Considering how quickly and efficiently a model 

can process, expand and give predictions. 

 

Our goal in doing this is to help users select or align 

different detection approaches for things like 

automated factories and on-the-go mobile gadgets. 

 

COMPARISON OF SPATIAL HIERARCHIES 

AND POSE-AWARE DETECTION 

(CONCEPTUAL DIFFERENCES) 

Feature Spatial 

Hierarchies 

Pose-Aware 

Detection 

Focus Contextual 

relationships 

between 

object parts 

Keypoint estimation 

and pose 

information 

Typical Use 

Case 

Scene 

understandin

g, object co-

occurrence 

Human-object 

interaction, 

articulated pose 

detection 

Feature 

Encoding 

Hierarchical 

feature 

aggregation 

Joint keypoint 

detection and object 

classification 

Handling of 

Occlusion 

Moderate 

(through 

context) 

High (pose 

reasoning helps 

disambiguate) 

Model 

Complexity 

Generally 

moderate 

Often high due to 

pose estimation 

sub-networks 

Interpretabilit

y 

Relatively 

low 

High (pose maps 

and skeletons are 

visually intuitive) 

Dataset 

Dependency 

Requires 

richly 

annotated 

object labels 

Requires pose 

annotations/keypoin

ts 

 

II. METHODOLOGY 

 

This section details the structured approach used to 

compare spatial hierarchy-based and pose-aware 

object detection models, ensuring fairness, 

reproducibility, and comprehensive evaluation. 

 

• Model Architectures 

They use the environment by detecting where objects 

are situated in the image. It made use of two 

architectures, Feature Pyramid Networks (FPNs) and 
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Graph Neural Networks (GNNs). When using FNPs, 

you process a lot of information and GNNs view the 

connections between objects as points on a graph. 

Therefore, the model keeps track of where objects 

are and frequently see them together. This is done by 

the network nodes storing information about the 

places they detect and passing it on to the rest of the 

nodes which helps recognize items under poor 

viewing conditions. 

 

• They can estimate the position of the most 

important joints on someone’s body. Heatmaps 

were drawn over a picture by using the HRNet and 

OpenPose models to find the location of joints. 

First, very basic estimates are produced and the 

following layers of the network use that 

information to work out exactly where the 

keypoints are. HRNet keeps the quality of images 

good as it predicts the human shape. 

• There was a study that combined tracking people’s 

movements along with information from the 

model. HRNet connects with DETR-like 

transformers so it provides details on each image 

part as well as the overall information. Even 

though the models look accurate, building them 

takes more time and training. 

• All models use the same main network (for 

example, ResNet-50 which was trained with 

ImageNet) to provide the same base features for 

each model. 

 

• Datasets 

 

• The datasets chosen cover all the main factors 

needed for object detection. 

• COCO has labeled 190,000 images which show an 

average of 80 objects and body parts. 

• MPII Image Database offers photos and highlights 

the key joints in different kinds of poses and 

actions. The dataset will tell you whether the 

models can identify both obvious and less obvious 

parts of the body. 

• In ADE20K, most of the images show many 

objects that are nicely arranged and described with 

labels. Researchers may use it to look at the 

outcomes of models that include information on 

position and the surrounding objects. 

 

The different parts of the data can be used for 

training, validation and testing because they were 

split randomly according to the rules. 

 

To get ready for deep learning, you should organize 

your data through 3 steps: reading, transforming and 

scaling it correctly. You should always start with 

good-quality data when you are working on a model. 

Dataset Annotat

ions 

Categ

ories 

Pos

e 

Info 

Used 

for 

Model

s 

Met

rics 

COCO 

2017 

BBox + 

Keypoi

nts 

80 Yes 

(hu

man 

pose

) 

All mA

P, 

OK

S 

MPII Keypoi

nts 

Huma

n only 

Yes 

(14 

joint

s) 

Pose-

aware 

only 

OK

S, 

Pos

e-

AP 

PASCA

L3D+ 

BBox + 

3D Pose 

12 Yes Both AV

P, 

mA

P 

ADE20

K 

BBox + 

Segmen

tation 

150 No Spatia

l 

hierar

chies 

only 

mA

P, 

mA

R 
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Every frame was first scaled to 256x256 or 512x512 

pixels and then it used ImageNet guidelines to 

reduce its size. 

 

• In order for the model to handle new types of 

images, we added operations such as cropping 

images at random, flipping them vertically, adjusting 

their location and altering the picture’s colors. With 

augmentation, models are capable of working with 

changes in the position of the viewer, the model 

itself or the level of brightness. 

• The separate channels of the video show all the 

joints which are marked in a 2D heatmap formed 

using the main points in the original pose. Using 

more models helped by letting affinity fields sort 

through any mixed postures. 

• Every new scene was shown as a diagram with items 

in the scene connected to others through next to or 

above links. Then, mathematics modules switched to 

using graphs to support students in discovering the 

relationships. 

 

There are a number of indications that show the 

success of something. 

• Each model went through testing that used the        

important metrics to see if it performed properly. 

• Mean Average Precision (mAP) is the most common 

way to judge object detection by taking the average 

of its accuracy for IoU values between 0.5 and 0.95. 

It demonstrates how well and easily the model 

figures out where things should be in the scene. 

• By using Object Keypoint Similarity (OKS), the 

model makes sure the predicted keypoints are close 

to the correct ones, checking if they are seen and 

comparing their estimated sizes. If localization is 

done more effectively, the OKS will go up. 

 

A measurement of how fast the model can detect an 

object on one photo was performed to check if it can 

do real-time detections. 

 

Consulting the number of parameters helped decide 

whether the math part would be hard. 

 

Various experiments were done by showing the 

models distorted images with blur and noise. 

Because all roads are busy when driving, the car 

encounters issues due to the crowded conditions. 

 

• About the hardware, software and anything else 

used in the simulation. 

All the models were run using the same computer 

which allowed for their accurate measurement and 

comparison. A Tesla V100 GPU with 32GB of 

VRAM was used to test the program written in 

PyTorch. 

 

Every group of images sent for training contained 

either 16 or 32 pictures and to control the learning 

process, Adam optimized the model at 0.001. Every 

experiment involved trying learning rates chosen 

using either cosine annealing or step decay. The 

process was stopped after 100 epochs since 

performance on the validation set started to 

deteriorate. 

 

There was a shared random seed used in every 

experiment and the models were saved every so 

often. Every step, including how to set up the 

settings and train the model, is described so people 

can repeat it. 

 

Models were sent to edge devices (like NVIDIA 

Jetson) so testing could be done with reduced 

processing resources. 

 

Model 

Type 

Backbon

e 

Feature 

Encodi

ng 

Key 

Modules 

Output 

Head 

Training 

Data 

FPN + 

GCN 

(Spatia

l) 

ResNet-

101 

Multi-

scale + 

graph 

GCN 

Layer, 

ROI 

Align, 

FPN 

Class 

+ 

BBox 

COCO, 

ADE20K 

Pose-

RCNN 

(Pose-

aware) 

ResNet-

50 

Pose-

guided 

Keypoin

t 

Estimati

on, 

RPN, 

ROI 

Align 

Class 

+ 

BBox 

+ 

Keypo

ints 

COCO, 

MPII 

HRNet

-

DETR 

HRNet-

W48 

Multi-

resoluti

on 

feature

s 

Transfor

mer 

Decoder 

+ Pose 

Embedd

Class 

+ 

BBox 

+ 

Poses 

COCO, 

PASCAL

3D+ 
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ing 

OpenP

ose + 

YOLO

v5 

CSPDar

knet 

Two-

stage 

integrat

ion 

Keypoin

t 

Estimati

on → 

Detectio

n 

Linking 

BBox 

Only 

(pose-

inform

ed) 

MPII, 

LSP 

 

III. RESULTS 

 

This section presents a thorough evaluation of both 

spatial hierarchy-based and pose-aware object 

detection models. The analysis spans multiple 

performance dimensions—detection accuracy, pose 

estimation precision, and computational efficiency—

across three major benchmark datasets: COCO 2017, 

PASCAL3D+, and MPII Human Pose. Each dataset 

was chosen for its unique emphasis on object 

localization, keypoint prediction, or pose variability, 

providing a well-rounded assessment of the models' 

capabilities. 

 

• Experimental Setup Recap 

All models were set up in the same environment 

which allowed each one to remain fair when 

reproducing. Training stopped after only 50 epochs 

and with AdamW optimizer, a learning rate of 

0.0001 and a weight decay of 0.01 to help avoid 

overfitting. GPU was trained on 16 images at a time 

in every new training session. Testing and training 

the model was done on an NVIDIA A100 GPU with 

40 gigabytes of video memory which made the 

process fast, smooth and secure. 

 

• How Reliable Is Object Detection 

Usually, models that took human poses into account 

performed better in terms of accuracy than models 

with spatial features only and this held especially 

true for datasets where there were many detailed 

annotations of human poses. Because Pose-RCNN 

and HRNet + DETR rely on object skeletons, they 

are better at detecting things like humans and 

animals in COCO 2017. Among all the 

PASCAL3D+ models with estimated viewpoint, 

those that use human pose information outperformed 

others. Having 3D orientation and position helped 

detectors better contain objects and properly detected 

them. When the way things are arranged in the scene 

is key—as in ADE20K—the spatial hierarchy (FPN 

+ GCN) approach performed better than those using 

just object poses. It proves that in areas where there 

are many people or in empty places, everyone should 

use their minds to find anything which looks 

suspicious. 

 

The way an algorithm estimates where something is 

found in the image is called pose estimation. 

 

• For testing 2D pose estimation, Object Keypoint 

Similarity (OKS) and Average Viewpoint 

Precision (AVP) were applied and 3D pose 

estimation was checked. The positioning and 

angles of keypoints can have a big effect on these 

parameters. 

• The scores needed to mean something in the 

domains only because of pose-aware models. 

HRNet and DETR earned the highest scores in 

the ADE20K and PASCAL VOC competitions. 

All the important map layers are kept in the 

design, so the model can still track keypoints if 

an object blocks them. 

• Neither of these performed as well as others 

because they struggled to mix up features of 

different sizes or used external information to get 

poses. Because these models used spatial 

hierarchy, they overlooked keypoints and gained 

zero scores in OKS which made them lose during 

rigorous pose challenges. 

 

Experiments showed that HRNet + DETR was the 

best and Pose-RCNN placed second. Since they 

focus on how body parts are arranged in space, these 

models are important for complicated work in that 

field. 

 

• What is the Complexity of the Models and How 

Successfully Do They Function 

Look at how many parameters there are, the scope of 

computations and how fast an image can be inferred 

when selecting a model. 

 

Most of the time, those models with many points or 

thick paths needed extra computing power. It is one 

of the most accurate methods, but taking advantage 

of HRNet and DETR required lots of time and 
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storage on the network. For this very reason, it isn’t 

very suitable for edge computing and applications 

that must respond quickly, since resources tend to be 

constrained. 

 

Moreover, among the group tested, the FPN + GCN 

model which handles objects on various scales, took 

the least memory and executed the fastest. It 

achieved good results in certain scenes and 

recognized objects more rapidly than other models 

which is why it was suggested when no strict pose 

was requested. 

 

The combination worked well, as it needed little 

work to be done and was always accurate which 

matters for tracking body bits even when scenes are 

unclear. 

 

• Reviewing the Results 

 

This outlines the outcomes from the experiments in 

physical chemistry: 

 

• For finding where each body part is such as in 

activities like human pose estimation, activity 

recognition and viewpoint prediction, pose-aware 

models give better results than spatial hierarchy 

models. They fit best in an assignment task asking 

students to observe how objects can be transformed 

or changed. 

• When there are a lot of objects, FPN and GCN 

perform better in detecting objects than ResNet50. 

They run fast and use less power, making them 

suitable for fast jobs and small system tasks. 

• When your task is to find pose information, 

HRNet + DETR is your best option. Yet, this is 

the slowest  type and needs your computer to use 

the most resources. 

 

The fact that both OpenPose and YOLOv5 are both 

run quickly and accurately on body movements 

makes them appealing for use together in fitness 

apps or to detect gestures on various devices. 

 

IV. DISCUSSION 

 

The comparative evaluation of spatial hierarchy-

based and pose-aware object detection models 

reveals a nuanced landscape where the strengths and 

limitations of each approach become apparent 

depending on the application context. In this section, 

we explore the implications of the experimental 

results across three key dimensions: performance, 

interpretability, and practical applicability. 

 

• Comparative Performance Analysis 

 

Approaches that use pose information generally do 

better than those based on spatial groups in activity 

recognition with deformable objects, mainly when 

dealing with human subjects. They are strong 

because they are able to represent the small details of 

relationships between different parts of the body. 

This makes a significant difference when working 

with COCO and MPII which strongly depends on 

accurate key point localization. By contrast, spatial 

hierarchy models do well in environments that are 

well-structured and do not change quickly. Such 

models are designed for handling multiple items 

together that are always organized in the same way, 

as you find in the ADE20K dataset. This simplicity 

helps them finish faster and use less computing 

power which is practical in limited-resource 

situations. Models that fuse HRNet and DETR give 

the best results you can get. Using hierarchical 

contextual reasoning combined with pose-aware 

articulation modeling such systems perform the best. 

But, this improvement in performance takes longer 

training and more computing effort, so it becomes a 

question of balancing accuracy with efficiency. 

 

 
 

• Showing the results of model performance visually 

 

For a clear comparison, we show the results using 

standard COCO evaluation metrics such as the mean 

Average Precision (mAP) for detecting objects and 
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Object Keypoint Similarity (OKS) for locating 

keypoints. 

 

It can be seen from the chart that DETR does better 

with objects than HRNet, since HRNet is more 

accurate at finding the keypoints. The hybrid model 

(HRNet + DETR) achieves higher scores in all 

metrics, showing that integrating both models brings 

improvements. 

 

Figure: A comparison of COCO mAP and OKS 

values between HRNet, DETR and HRNet + DETR 

(bar chart). 

 

• What Can Be Learned 

Object detection model architecture can be selected 

considering the needs of the task, the power of the 

hardware and the type of input data. 

 

The circumstances in which you should use spatial 

hierarchies: 

 

• They are best used when objects usually stay in 

the same position in a structure and are likely to 

be predictable. 

 

The main uses for these models are indoor robotics, 

industrial inspection and scene analysis which 

require fast and efficient inference. 

 

• What Situations Call for Pose-Aware 

Detection: 

 

Pose-aware models should be used in applications 

that involve detailed movement, motion or 

interactions among people. 

 

Some examples are human action recognition, 

tracking fitness, surveillance and systems involving 

augmented/virtual reality. 

 

Still, there are some things each model type cannot 

do well. Having to base their methods on global 

shapes makes spatial hierarchy models unable to deal 

with non-rigid objects. These types of models are 

more accurate in such settings, though they involve a 

lot of heavy annotation and are more complex to run. 

• What Is Still Needed And What Might Be Possible 

Further work ought to concentrate on making 

architectures that combine spatial hierarchies with 

pose cues at a reasonable price. This includes: 

• Developing transformer-like architectures that 

fuse both spatial and articulation features at once. 

• Working on techniques that do not require hand 

labeling to reduce the annotation requirements 

for pose-aware systems. 

• Working on applying domain adaptation and 

transfer learning approaches to increase 

generalization of results with different data. 

Reconciling accuracy with how efficiently object 

detection works will allow it to fit well into many 

real-world scenarios. 

CONCLUSION 

The analysis explained the major points of difference 

between spatial hierarchy and pose-aware models, 

while underlining their benefits and weaknesses on 

different computer vision problems. Models that can 

detect poses are highly useful in situations where 

getting the correct postures of people or flexible 

objects matters most. The accuracy of tasks such as 

recognizing actions, conducting surveillance and 

using augmented reality is better because their 

networks can see the small details of object parts. 

Still, having more parameters in a model means it 

needs better hardware and big annotated datasets 

which may make it hard to scale or use when 

computer power is low. In turn, spatial hierarchy 

models fare well when situations have many fixed 

and predictably organized objects. Thanks to their 

ability to use contextual understanding and 

relationships among objects, these models are 

effective and quite fast which is ideal for real-time 

robotics, factory inspections or scene analysis. 

However, because they assume shapes are consistent, 

they do not work well when objects are out of sight 

or their position is naturally convoluted. Studies that 

merge pose-awareness with hierarchical spatial 

structures have reported good results. By combining 

HRNet principles with the capabilities of 

transformers such approaches provide high accuracy 

in tasks involving human body pose estimation. 

While models are performing better, the rise in their 
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complexity and the cost to compute them remain 

obstacles preventing a wider range of applications. It 

is shown through the data that every detection 

paradigm brings some unique benefits, but none 

unfortunately is clearly best. The model to use 

should reflect the necessities of the application such 

as whether detailed pose information is important, if 

the system has enough computing power and how 

fast it should work. Additionally, the shows that 

future areas of research should focus on creating 

lightweight and effective hybrid models, developing 

unsupervised or semi-supervised learning to help 

with annotation and using detection frameworks in 

three-dimensional and cross-domain settings. By 

studying these techniques in detail, this study adds 

helpful information to both education and real-life 

work. It explains how to design and use vision 

systems that are accurate, efficient and useful in 

multiple settings. 
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