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Learning Outcomes

» Understand the fundamentals of object detection and its challenges.

» Learn different region proposal techniques such as R-CNN and
Faster R-CNN.

» Explore one-stage object detection approaches like YOLO.

Understand the concepts of instance segmentation and Mask
R-CNN.

» Differentiate between semantic, instance and panoptic segmentation.
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Object Detection

» Input: Single RGB Image
» Qutput: A set of detected objects. For each object predict:
® Category label (from fixed, known set of categories)

® Bounding box (four numbers: x, y, width, height)
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Object Detection: Challenges

» Multiple outputs: Need to output variable numbers of objects per
image

> Multiple types of output: Need to predict "what” (category label)
as well as "where” (bounding box)

» Large images: Classification works at 224x224; need higher
resolution for detection, often ~ 800 x 600
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Comparing Boxes: Intersection over Union (loU) &

» How can we compare our
prediction to the ground-truth
box?
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Comparing Boxes: Intersection

» How can we compare our
prediction to the ground-truth
box?

» Intersection over Union (loV)
(Also called " Jaccard similarity”
or "Jaccard index”):

Area of Intersection
Area of Union
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Detecting a Single Object

Cuuglh dzagalsi
KAUST ACADEMY

Often pretrained
on ImageNet
(Transfer learning)

Vector:

Treat localization as a 4096

regression problem!
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Detecting a Single Object (cont.)

Cuuglh dzagalsi

Fully
Connected:
4096 to 1000

Often pretrained
on ImageNet
(Transfer learning)

Vector:

Treat localization as a 4096

regression problem!

KAUST Academy

KAUST ACADEMY

Correct label:

What cat

Class Scores

Cat:0.9 —— Softmax
Dog: 0.05 Loss
Car: 0.01
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Detecting a Single Object (cont.)

Cuuglh dzagalsi
KAUST ACADEMY

“What” Correct label:
Cat
Class Scores
Full
Often pretrained Conneced: Cat:0.9 — Softmax
on ImageNet 4096 to 1000 Dog: 0.05 Loss
(Transfer learning) Car: 0.01
Vector:
Fully
Treat localization as a 4036 Connected: Box . 210ss
regression problem! Coordinates I
(%, v, w, h)
“Where” Correct box:

(x,y, w’, h’)
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Detecting a Single Object (cont.)

Cuuglh dzagalsi
KAUST ACADEMY

“What” Correct label:
Cat l
Class Scores
. Fully
Often pretrained Connected: Cat:09 —— So:tmax
on ImageNet 4096101000~ py50. 0 05 %% Multitask
(Transfer learning) Car: 0.01 l Loss
: il Weighted Loss
AU Sum
L=Lygs+ AL
Vector: ( o e
Fully
Treat localization as a 4036 Connected: Box . 210ss
regression problem! °*  Coordinates !
(x, v, w, h)
“Where” Correct box:

Xy, W, )
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Detecting a Single Object (cont.)

Cuuglh dzagalsi
KAUST ACADEMY

“What” Correct label:
Cat l
Class Scores
Full
Often pretrained Conmected: Cat:0.9 — Softmax
on ImageNet 4096101000~ pog: 0,05 Loss  Multitask
(Transfer learning) Car: 0.01 l Loss
: il Weighted Loss
N Sum
L=Lgs+ AL
Vector: ( s e
Fully
Treat localization as a 4036 Connected: Box . 210ss
regression problem! Coordinates !
(%, v, w, h)
Problem: Images can have  “\\/here” Correct box:
more than one object! (X, y, w’, h’)
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Multiple Objects X
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CAT: (x, ¥, w, h)

DOG: (x, ¥, w, h)
DOG: (x, ¥, w, h)
CAT: (x, ¥, w, h)

DUCK: (x, y, w, h)
DUCK: (x, y, w, h)

KAUST Academy

January 28, 2026 14 /91



Multiple Objects (cont.)

Cuuglh dzanalai |\ g
KAUST ACADEMY

Each image needs a
different number of outputs!

CAT: (X, ¥, w, ") 4 numbers

DOG: (x, Y, w, h)

DOG: (x,y,w, h) 12 numbers
CAT: (x, ¥, W, h)
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Detecting Multiple Objects: Sliding Window

gL daou
KAUST ACADEMY

Apply a CNN to many different
crops of the image, CNN classifies
each crop as object or background

Dog? NO
Cat? NO
Background? YES
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Detecting Multiple Objects: Sliding Window (cont.)

Apply a CNN to many different
crops of the image, CNN classifies
each crop as object or background

Wﬂ @ EELW\/ . Dog? YES

| %E Cat? NO

" Background? NO
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Detecting Multiple Objects: Sliding Window (cont.)

-

Apply a CNN to many different
crops of the image, CNN classifies
each crop as object or background

Dog? NO
Cat? YES
Background? NO
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Detecting Multiple Objects: Sliding Window (cont.)

Cuuglh iy
KAUST ACADEMY

Apply a CNN to many different
crops of the image, CNN classifies
each crop as object or background

Question: How many possible boxes
are there in an image of size H x W?
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Detecting Multiple Objects: Sliding Window (cont.)

Cuuglh dzagalsi
KAUST ACADEMY

Apply a CNN to many different
crops of the image, CNN classifies
each crop as object or background

Question: How many possible boxes
are there in an image of size H x W?

Consider a box of size h x w:
Possible x positions: W —w + 1
Possible y positions: H—h + 1
Possible positions:
(W-w+1)*(H=-h+1)
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Detecting Multiple Objects: Sliding Window (cont.)

Cuuglh dzagalsi
KAUST ACADEMY

Apply a CNN to many different
crops of the image, CNN classifies
each crop as object or background

Question: How many possible boxes
are there in an image of size H x W?

Total possible boxes:
Consider a box of size h x w: H pW

Possible x positions: W —w + 1 Z Z(W_W+1)(H_h+1)
Possible y positions: H—h + 1
Possible positions:
(W-w+1)*(H-h+1) HH+1)WW +1)
2 2

h=1w=1
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Detecting Multiple Objects: Sliding Window (cont.)

Cuuglh dzagalsi
KAUST ACADEMY

800 x 600 image
has ~58M boxes!
No way we can

evaluate them all

Apply a CNN to many different
crops of the image, CNN classifies
each crop as object or background

Question: How many possible boxes
are there in an image of size H x W?

Total possible boxes:
H W

ZZ(W—W+1)(H—h+1)

h=1w=1

Consider a box of size h x w:

Possible x positions: W —w + 1

Possible y positions: H—h + 1

Possible positions:

(W-w+1)*(H-h+1) HH+1LD)WW+1)
2 2
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Region Proposal

» Find a small set of boxes that are likely to cover all objects
» Often based on heuristics: e.g. look for “blob-like” image regions

> Relatively fast to run; e.g. Selective Search gives 2000 region
proposals in a few seconds on CPU
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Predict “corrections” to the Rol: 4 numbers: (dx, dy, dw, dh)

Bboxreg || SVMs | Classify regions with

Bbox reg || SVMs

SVMs

Bbox reg SVMs ‘

ConvN

ConvN et

ConvN
et

Forward each
region through
ConvNet

KAUST Academy

Input image

ﬁ Warped image regions

(224x224 pixels)

method (~2k)

Regions of Interest
(Rol) from a proposal

January 28, 2026 2:

Girshick et al, “Rich feature hierarchies for accurate object detection and
semantic segmentation”, CVPR 2014,

Figure copyright Ross Girshick, 2015; source. Reproduced with permission.

/ 91



Cunglh dapals
KAUST ACADEMY

Predict “corrections” to the Rol: 4 numbers: (dx, dy, dw, dh)

Bboxreg || SVMs Classify regions with Problem: Very slow!

Bbox reg || SVMs SVMs Need to do ~2k

Bbox reg ||SVMS | ~

independent forward
passes for each image!

ConwN Forward each

ConvN et region through
ConvNet

ﬁ Warped image regions

(224x224 pixels)

Regions of Interest
(Rol) from a proposal
method (~2k)

et

Girshick et al, “Rich feature hierarchies for accurate object detection and
semantic segmentation’, CVPR 2014.
Figure copyright Ross Girshick, 2015; source. Reproduced with permission.

KAUST Academy
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Cunglh dapals
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Predict “corrections” to the Rol: 4 numbers: (dx, dy, dw, dh)

Bboxreg || SVMs Classify regions with Problem: Very slow!

Bbox reg || SVMs SVMs Need to do ~2k

Bbox reg | [svms | " independent forward
ConvN Foryvard each passes for each image!
ConvN ot region through
ConvN et ConvNet Idea: Pass the
v & g ) image through
Warped image regions et before
(224x224 pixels)

cropping! Crop the

Regions of Interest oy feature instead!
(Rol) from a proposal
method (~2k)

Girshick et al, “Rich feature hierarchies for accurate object detection and

semantic segmentation’, CVPR 2014.
Figure copyright Ross Girshick, 2015; source. Reproduced with permission.

KAUST Academy
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Fast R-CNN

Object Linear +
softmax Box offset

category

Regions of Per-Region Network

Interest (Rols) *t N
/7 /7 Crop+Resize features

from a proposal
method 4 2 ;iﬁ “conv5” features

Run whole image
through ConvNet

“Backbone”
network:
AlexNet, VGG,
ResNet, etc £

Girshick, “Fast R-CNN", ICCV 2015. Figure copyright Ross Girshick, 2015; source. Reproduced with permission.
KAUST Academy
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Faster R-CNN

» Make CNN do proposals!

» Insert Region Proposal Network (RPN) to predict proposals from
features

KAUST Academy January 28, 2026 28 /91



Faster R-CNN

» Make CNN do proposals!

» Insert Region Proposal Network (RPN) to predict proposals from
features

» Jointly train on 4 losses:
® RPN classification: anchor box is object / not an object
® RPN regression: predict transform from anchor box to proposal box
® Object classification: classify proposals as background / object class

® Object regression: predict transform from proposal box to object
box

KAUST Academy January 28, 2026 29 /91



Faster R-CNN

Cuuglh dzagalsi
KAUST ACADEMY

Rol pooling

" proposals
Region Proposal Network 5

feature map

CNN
4 /

77—
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Faster R-CNN (cont.)

Cungls daplsi )
KAUST ACADEMY

Faster R-CNN: Y,

Make CNN do proposals!
si Rol pooling

Faster R-CNN is a .

Two-stage object detector [
proposals
First stage: Run once per image /A /
- Backbone network Region Proposal Network

- Region proposal network

feature map

Second stage: Run once per region
- Crop features: Rol pool / align
- Predict object class aw
- Prediction bbox offset 4

KAUST Academy January 28, 2026 31/91



Faster R-CNN (cont.)

KAUST ACADEMY

R-CNN Test-Time Speed

R-CNN

SPP-Net

Fast R-CNN 2.3

Faster R-CNN| 0.2

0 15 30 45

KAUST Academy January 28, 2026 32/
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Dealing with Scale

Cungls daplsi )
KAUST ACADEMY

> We need to detect objects of many different scales.

» How to improve scale invariance of the detector
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Dealing with Scale: Image Pyramid

Cuuglh dzagalsi
KAUST ACADEMY

Object
Classic idea: build an Detector
image pyramid by resizing
the image to different Object
scales, then process each Detector
image scale independently.
Object
Detector

Lin et al, “Feature Pyramid Networks
for Object Detection”, ICCV 2017
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Dealing with Scale: Image Pyramid (cont.)

gL daou
KAUST ACADEMY

Object
Classic idea: build an Detector
image pyramid by resizing
the image to different Object
scales, then process each Detector
image scale independently.
Problem: Expensive! Don’t
share any computation Object
between scales Detector

Lin et al, “Feature Pyramid Networks
for Object Detection”, ICCV 2017

KAUST Academy January 28, 2026 35 /091



Dealing with Scale: Image Pyramid

Cuuglh dzagalsi
KAUST ACADEMY

Stage 5 —> 7 x 7 features ——>| Object
. Detector

CNNs have multiple stages that
operate at different resolutions. Stage 4 —> 14 x 14 features Dgséi::n

Attach an independent detector

to the features at each level Object
Stage 3 = 28 x 28 features ——>|

Detector
Object _
Sta 56x56-features L >
Detector
Stgm
Lin et al, “Feature Pyramid Networks 224 x 224 Image

for Object Detection”, ICCV 2017
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Dealing with Scale: Image Pyramid (cont.)

Cuuglh dzagalsi
KAUST ACADEMY

Stage 5 = 7 x 7 features =—— Object
X Detector
CNNs have multiple stages that
operate at. different resolutions. Stage 4 —> 14 x 14 features Do:uetct
Attach an independent detector ctector
to the features at each level Object
Stage 3 —> 28 x 28 features ——
Detector
Problem: detector on early
’ . Object _
features doesn’t make use of the Sta ExS6-featores Detector >

entire backbone; doesn’t get
i Stgm
access to high-level features —

Lin et al, “Feature Pyramid Networks 224 x 224 Image
for Object Detection”, ICCV 2017
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Dealing with Scale: Feature Pyramid Network

Cunglh dapals
KAUST ACADEMY

Add top down
connections that feed Stage 5 7x7 feats —>| D(::’éitcér
information from high 2x upsample

level features back down Staged > 14 x 14 feats
to lower level features

Object
Detector

Stage 3 —> 28 x 28 feats

Stage 2 —> 56 x 56 feats

@

Lin et al, “Feature Pyramid Networks 224 x 224 Image
for Object Detection”, ICCV 2017

KAUST Academy
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Dealing with Scale: Feature Pyramid Network (cont.)

LS daauals
KAUST ACADEMY

Add top down
connections that feed
information from high
level features back down
to lower level features

Efficient multiscale
features where all levels
benefit from the whole
backbone! Widely used
in practice

Lin et al, “Feature Pyramid Networks
for Object Detection”, ICCV 2017

KAUST Academy

Stage 5

Stage 4 = 14 x 14 feats

Stage 3 —> 28 x 28 feats

Stage 2 > 56 x 56 feats

@

224 x 224 Image

7 x 7 feats ——>|

Object
Detector

2x upsample

Object
Detector

2x upsample

Object
Detector

2x upsample

Object
Detector

39 /901



Dealing with Scale: Feature Pyramid Network (cont.)

LS dsopals)

KAUST ACADEMY

Add top down
connections that feed
information from high
level features back down
to lower level features

Efficient multiscale
features where all levels
benefit from the whole
backbone! Widely used
in practice

Lin et al, “Feature Pyramid Networks
for Object Detection”, ICCV 2017

KAUST Academy

Stage 5

Stage 4 = 14 x 14 feats

Stage 3 —> 28 x 28 feats

Stage 2 > 56 x 56 feats

@

224 x 224 Image

7 x 7 feats ——>|

Object
Detector

2x upsample

Object
Detector

2x upsample

Object
Detector

2x upsample

Object
Detector

Faster R-CNN with RPN: Detector at each level
gets its own RPN to produce proposals; proposals
from all levels route to a shared second stage

40 / 91



Overlapping Boxes: Non-Max Suppression (NMS) 1

» Problem: Object detectors
often output many overlapping
detections

KAUST Academy January 28, 2026 41 /91



Cungls dzopatsi g
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» Problem: Object detectors
often output many overlapping
detections

» Solution: Post-process raw N N
detections using Non-Max ' .
Suppression (NMS)

KAUST Academy January 28, 2026 42 /91



Overlapping Boxes: Non-Max Suppression (NM

Cungls dzopatsi g
KAUST ACADEMY

» Problem: Object detectors
often output many overlapping
detections

» Solution: Post-process raw
detections using Non-Max
Suppressmn (NMS)

. Select next highest-scoring
box

2. Eliminate lower-scoring boxes

3. with loU > threshold (e.g.
0.7)

4. If any boxes remain, GOTO 1

KAUST Academy January 28, 2026 43 /91



4
Overlapping Boxes: Non-Max Suppression (N o &

» Problem: Object detectors
often output many overlapping
detections

» Solution: Post-process raw
detections using Non-Max
Suppressmn (NMS)

. Select next highest-scoring
box

2. Eliminate lower-scoring boxes

3. with loU > threshold (e.g.
0.7)

4. If any boxes remain, GOTO 1
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» Problem: Object detectors
often output many overlapping
detections

» Solution: Post-process raw
detections using Non-Max
Suppressmn (NMS)

. Select next highest-scoring
box

2. Eliminate lower-scoring boxes

3. with loU > threshold (e.g.
0.7)

4. If any boxes remain, GOTO 1

» Problem: NMS may eliminate
"good” boxes when objects are
highly overlapping... no good
solution =(
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Single Shot Object Detection

KAUST Academy

4
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Single Shot:
SSD, YOLO ...

Fast
High false rate

January 28, 2026
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YOLO - Overview

Cuuglh dzagalsi
KAUST ACADEMY

oo §

[T = )
Bounding boxes + confidence

Final detections

Sx S grid oninput

Class probability map

KAUST Academy
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YOLO - Overview

Cuuglh dzanalai |\ g
KAUST ACADEMY

uutput
feature map

7
=
FC 7

layers

30

KAUST Academy January 28




Cungls dzasalai
KAUST ACADEMY

YOLO - Overview 1

2 Bounding Boxes 20 class probabilities

7 5 20
Grid
cell
features
7 x y w ] Confidence
(width) (height) Score

30
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Cuuglh dzagalsi

KAUST ACADEMY

Each cell predicts 5 N
= )
J i S et

s Femiet LR i TS A
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Cunglh dopals
KAUST ACADEMY

Each cell predicts %
» B = 2 bounding boxes = -
(x,y, w, h)+ confidence score
T ll".' — 5
‘/'ln,fx',,.' o | / dl & ! o )
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Cuuglh dzagalsi
KAUST ACADEMY

Each cell predicts %
» B = 2 bounding boxes e
(x,y, w, h)+ confidence score
» C = 20 class probabilities
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Cuuglh dzagalsi
KAUST ACADEMY

Bicycle

Each cell predicts
» B = 2 bounding boxes
(x,y, w, h)+ confidence score
» C = 20 class probabilities

Class probability map

KAUST Academy




Cuuglh dzagalsi
KAUST ACADEMY

SxSxB Bounding-Boxes (S=7,B=2 > 98 Bboxs)

¥

Each cell predicts : i
» B =2 bounding boxes = ‘
(x,y,w, h)+ confidence score -
> C = 20 class probabilities - 1L
S— o
s L e

o

S x S grid on input
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Cuuglh dzagalsi
KAUST ACADEMY

SxSxB Bounding-Boxes (S=7,B=2 = 98 Bboxs)

Each cell predicts A j
» B = 2 bounding boxes . L
(x,y, w, h)+ confidence score

» C = 20 class probabilities

ol

KAUST Academy January 28, 2026 56 / 91
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Each cell predicts
» B = 2 bounding boxes
(x,y, w, h)+ confidence score
» C = 20 class probabilities

» Apply Non-Maximum
Suppression

KAUST Academy January 28,




YOLO - Loss Function

Cuuglh dzanalai |\ g
KAUST ACADEMY

YOLO — Loss function 7

L:L /] 30

Localization Loss

~
~N

1
1
\

N

+ . 2 Bounding Boxi's 20 class probabilities
Feoftine o i—

+ L
[’C[asszfzcatzon Loss [ S e e | e

(width) (height) Score
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Cungls dagalsi g
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YOLO - Benefits X

» Fast. Good for real-time processing
» End-to-end training
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YOLO - Limitations

Cuugls dzaglai \ g
KAUST ACADEMY
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Cuuglh dzagalsi
KAUST ACADEMY

YOLO - Limitations &

» Difficult to detect small objects
» Coarse predictions

KAUST Academy January 28, 2026 61 /91



YOLO - Limitations

Cunglh dopals
KAUST ACADEMY

» Difficult to detect small objects
» Coarse predictions
» Fixed input size

Output
feature map

7|
—_—
7
30
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YOLO - Limitations

» Difficult to detect small objects

» Coarse predictions

» Fixed input size

» A grid cell can predict only one
class

KAUST Academy January 28, 2026 63 /91




YOLO - Limitations

Cunglh dopals
KAUST ACADEMY

Difficult to detect small objects
Coarse predictions

Fixed input size

A grid cell can predict only one
class

vvyvyy

» Solutions:
® Remove fc layers!
® Predict class per bbox (not
per cell)

KAUST Academy January 28, 2026 64 /91



Cuuglh dzagalsi
KAUST ACADEMY

» Removed fully connected layers

» A grid cell predicts class probabilities for each box

5 Bounding Boxes

S X y w h Confidence 20 class probabilities
125 Score

KAUST Academy January 28, 2026 65 /91



There's always room for improvement!

» YOLOv3
® J. Redmon, A. Farhadi. Yolov3: An incremental improvement, 2018
> YOLOv4

® A. Bochkovskiy, C. Wang, H. Liao. Yolov4: Optimal speed and
accuracy of object detection (Feb. 2020)

> YOLOvVS
® YOLOV5 by ultralytics (June 2020)
» PP-YOLO

® X. Long, K. Deng, G. Wang, Y. Zhang, Q. Dang, Y. Gao, H. Shen,
J. Ren, S. Han, E. Ding, S. Wen. Pp-yolo: An effective and efficient
implementation of object detector (June 2020)

> PP-YOLOW2 (2021)

® J. X. Huang, X. Wang, W. Lv, X. Bai, X. Long, K. Deng, Q. Dang,
S. Han, Q. Liu, X. Hu, D. Yu, Y. Ma, O. Yoshie. PP-YOLOv2: A
Practical Object Detector (2021)
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Cuuglh dzagalsi
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Things and Stuff &

» Things: Object categories that
can be separated into object
instances (e.g. cats, cars,
person)

» Stuff: Object categories that
cannot be separated into
instances (e.g. sky, grass,
water, trees)

KAUST Academy
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Computer Vision Tasks :1

Cuuglh dzagalsi
KAUST ACADEMY

> Semantic Segmentation:

» Object Detection: Detects Gives per-pixel labels, but
individual object instances, but merges instances (Both things
only gives box(Only things!) and stuff)

KAUST Academy

January 28,



Instance Segmentation o

KAUST ACADEMY

» Detect all objects in the image,
and identify the pixels that
belong to each object (Only
things!)
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Instance Segmentation o &

» Detect all objects in the image,
and identify the pixels that
belong to each object (Only
things!)

» Approach: Perform object
detection, then predict a
segmentation mask for each
object!
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Object Detection: Faster R-CNN

KAUST ACADEMY

proposals
Object
Detection Region Proposal Ne

twork

CNN
4 /

DOG, DOG, CAT P e —

KAUST Academy January 28, 2026
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Instance Segmentation: Mask R-CNN

KAUST ACADEMY

=

proposals
Instance

Segmentation

Region Proposal Network
feature map ”

CNN
4 /

DOG, DOG, CAT e g

OHe et al, “Mask R-CNN", ICCV 2017
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Instance Segmentation: Mask R-CNN

gL daou
KAUST ACADEMY

Classification Scores: C
Box coordinates (per class):

4*C
Rol Align Conv Conv
256x14x14 256x14x 14

Predict a mask for
each of C classes:
Cx28x28
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Mask R-CNN: Example Training Targets o 1

AAAAAAAAAAAA



Mask R-CNN: Very Good Results! e X

KAUST ACADEMY
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Cuuglh dzanlsi \ | g

Se mentatlon KAUST ACADEMY 4

Beyond Instance Segmentation: Panoptic l

» Label all pixels in the
image (both things and
stuff)

» For "thing" categories
also separate into
instances

January 28, 2026 76 /91
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Beyond Instance Segmentation: Panoptic
Segmentation

OKirillov et al, “Panoptic Feature Pyramid Networks”, CVPR 2019
RS A
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Represent the pose of a human by
locating a set of keypoint se.g. 17
keypoints:

Nose

Left / Right eye

Left / Right earLeft / Right shoulder
Left / Right elbow

Left / Right wrist

KAUST Academy January 28, 2026 78 /91



Mask R-CNN: Keypoint Estimation

Cuuglh dzagalsi
KAUST ACADEMY

T

[

‘ o —
I Rol pooling
proposals i ;
Region Proposal Network
Keypoint
estimation feature map

CNN
y /

fe etal, "Mask R-CNN", ICCV 2017
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Mask R-CNN: Keypoint Estimation

Cunglh daplal
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Classification Scores: C
Box coordinates (per class): 4 * C
Segmentation mask: C x 28 x 28

One mask for each of
the K different keypoints

Left ankle Right ankle

n
.
n CNN
+RPN

Rol Align Conv...
Keypoint masks:
256 x 14 x 14 K x 56 x 56
Ground-truth has one “pixel” turned c
st ot st 20 per keypoint. Train with softmax loss
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Joint Instance Segmentation and Pose Estimation &
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OHe et al, “Mask R-CNN", ICCV 2017
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Captioning: Predict a caption per region!
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Captioning: Predict a caption per region! o %

Johnson, Karpathy, and Fei-Fei, " DenseCap: Fully Convolutional
Localization Networks for Dense Captioning”, CVPR 2016
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3D Shape Prediction
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3D Shape Prediction

Mask R-CNN: Mesh R-CNN:
2D Image -> 2D shapes 2D Image -> 3D shapes

e

= -
—; '.\\ T Tz
-

Gkioxari, Malik, and Johnson, "Mesh R-CNN", ICCV 2019
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Object Tracking

Goal: Track objects over a sequence of photos or a video
Exceedingly challenging in multi-object tracking scenarios

Need to take care of not mixing up or losing objects midway

vV v vy

One Solution: Perform object detection and assign IDs to each
object and store its feature vector. Then track the objects based on
its ID and feature vector
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Object Tracking
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ATOM DaSiamRPN UPDT

Figure 2: Comparison of 3 approaches for object tracking

Danelljan et al.
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https://openaccess.thecvf.com/content_CVPR_2019/papers/Danelljan_ATOM_Accurate_Tracking_by_Overlap_Maximization_CVPR_2019_paper.pdf

Drainage/Pipeline Internal Defect Detection

Cuuglh dzaqal 4
KAUST ACADEMY

» Architectures:

® Improved YOLOvV5 (with CBAM attention, dilated convolution,
SIOU loss)

® EFE-SSD (with RFB module for small defects)
® Cycle-GAN + YOLOV5 (for data augmentation and detection)
> Use Case:

® Underground drainage pipeline defect detection (gravel intrusion,
obstacles, foreign objects).

® |nternal pipeline wall defect detection with image stitching.

® Automatic defect detection in CCTV inspection videos.
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Drainage/Pipeline Internal Defect Detection (co

> Benefits:

® YOLOv5 with CBAM attention: 5.27% mAP improvement.

® EFE-SSD with RFB module for small defect detection.

® Cycle-GAN enables 5.5x sample augmentation from limited data.
» Research Papers:

® |mproved YOLOV5 (Dec 2024): CBAM attention, dilated
convolution, SIOU loss.

® EFE-SSD (Jun 2023): Skip Densely Connected Module (SDCM) for
small targets.

® Cycle-GAN + YOLOV5: transfer learning from steel defect dataset,
attention mechanism.
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https://ascelibrary.org/doi/10.1061/JPSEA2.PSENG-1727
https://www.mdpi.com/2071-1050/15/12/9164
https://pmc.ncbi.nlm.nih.gov/articles/PMC9609589/

Drainage/Pipeline Internal Defect Detection (cont.) . :1

Figure 3: YOLOVS5 for pipeline defects
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