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ADZYEXEY What is an Object Detection?

IThe objective of object detection is to develop computational models and techniques that :

'provide one of the most basic pieces of information needed by computer vision
“applications:
| What objects are where?

What is
Object Detection?
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Obiject Detection for Businesses

Industrial Use Cases

Transportation Autonomous Vehicle
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H R Joseph W.Liu T-Y.Lin TAndrew Howard |
i single neural network multi-reference focal loss NAS+NetAdapt !
H VOCO7 mAP = 63.4% multi-resolution detection algorithm '
' VOCO07 mAP = 76.8% / i
i Ze i
I YOLO SSD Retina-Net ~ MobileNetV3 :
| A A A A |
i LeCun, Ye : : _IL _i Single-stage i
1 un, Yann, et N. Dalal & B. Triggs D i e e T T B ST T R S T A S g T 2 object detec
ject detector 1
: al spaced cells+ :2012 2014 2015 2016 2017 2018 2019 2020 :
I ; : —_—
: First C local cont‘mst normalization |Alex Krizhevsky GoogI(.e {nc ~ KHe G.Huang&Z.Liu Carion Nicolas :
i Detect object classes :ReLU; Dropout; LRN  factorizing convolution; learning residual end to end H
i | et e — aenienmedarint— Ghaoxi Li et al. “Survey on
! 1
ILeNet HOG |AlexNet GoogLeNet ResNet  DenseNet DERT (Transformer) H iy y
N ! H j Pl ! . Dee Learning-Based
I I I I | I H g =
e e e e e TR = =D A—‘—-—-—-—-—r-—---—-‘ --------- e S Backbone H p
11998 12001 2006 ' k 1 . i q "
i v v 2008 :2012 20?4 2015 2016 2017 2018 2019 2020 | Marme ObJeCt DeteCt|On ,
I Viola-Jones DPM | v R.Girshick S.Ren Beery S et.al i
' | VOC07 mAP = 70.0% Region Proposal Network long term memory bank; i 2 02 1
i p Rl - | VGG VOCO07 mAP = 73.2% contextual feature H
) 3 !
| P Viola & M. Joies ok P ¥ / /4 ]
I Haar+Adaboost I Oxford’s VGG
. Context R-CNN 1
i Real time detection gg}é{?;;:ffi;zﬁlwr | convolution Fft-RCNN Faster-RCNN A * H
1 | filters A I
! I f : | I Multi-stage i
1 b ] [ e e e S T e Rl =====»  object detector }
! 2012 2014 2015 2016 2017 2018 2019 2020 i
H I [
| I 1
] \ \/ \/ \ :
1
| RCCN  $ppNet Pyramid Networks MnasFPN !
| \ \ :
I R Girshick K.He . ' T-Y. Lin Chen B et.al i
| objext candidate boxes  Spatial Pyramid Pooling a topdown architecture with Jagen cy-aware architecture |
: VOC07 mAP =58.5% VOC07 mAP =59.2% lateral connections search :
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L. Zou, K. Chen, Z. Shi, Y. Guo and J. Ye, "Object Detection in 20 Years: A Survey," in Proceedings of the IEEE, vol. 111, no. 3, pp. 257-276, March 2023, doi:
10.1109/JPROC.2023.3238524.
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Obiject Detection Milestones

Evolution of Multi- III f=in I I B Feature map

scale Detection B Doy

1. Feature pyramids 2. Detection with 3. Anchor-free 4. Multi-reference 5.Multi-resolu. i___i Proposals
and sliding windows object proposals detection detection detection
Year: 2001 2006 2008 2013 2014 2015 2016 2017 2018 2019 2020 2021

Feature Pyramids and Sliding Windows

1
1
1
1
Anchor-free detection Anchor-free detection i
1
1
1
1

Detection with Object Proposals
@V Det. (P. Viola et al-CVPR2001), @HOG Det. (N. Multi-reference Detection
—- Dalal et al-CVPR2005), @DPM (P. Felzenszwalbet ++-———————F———————————
al-CVPR2008, TPAMI2010), @ Exemplar SVM (T. Multi-resolution Detection
— Malisiewicz et al-ICCV2011), @ Overfeat (P. BE \
Sermanet et al-ICLR2014) ... @DNN Det. (C. Szegedy et al- l
4 NIPS2013), @YOLO (J. Redmon Faster-RCNN (S. Ren et al-NIPS2015), @SSD (W. Liu
et al-CVPR2016) ... et al-ECCV2016), @FCOS (Z. Tian et al-ICCV2019),
J @YOLOv4 (A. Bochkovskiy et al-arXiv2020) ...
. : r J
@RCNN (R. Girshick et al-CVPR2014), @SPPNet (K. He @SSD (W. Liu et al-ECCV2016), @Unified Det. (Z. Cai et al- :
et al-ECCV2014), @Fast RCNN (R. Girshick-ICCV2015), ECCV2016) @FPN (T. Y. Lin et al-CVYPR2017), @RetinaNet(T. @CornerNet (H. Law et al-ECCV2018), @CenterNet
@Faster RCNN (S. Ren et al-NIPS2015) ... Y. Lin et al-ICCV2017), @Cascade R-CNN (Z. Cai et al- (X. Zhou et al-arXiv2019), @Reppoints (Z. Yang et
/ CVPR2018), @Swin Transformer (Z. Liu et al-arXiv2021) ... al-1CCV2019), @DETR (N. Carion et al-ECCV2020) ...

L. Zou, K. Chen, Z. Shi, Y. Guo and J. Ye, "Object Detection in 20 Years: A Survey," in Proceedings of the IEEE, vol. 111, no. 3, pp. 257-276, March 2023, doi: 10.1109/JPROC.2023.3238524.
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Obiject Detection Milestones

@DPM (P. Felzenszwalb et
al-CVPR2010), @StrucDet
(C. Desai et al-1/JCV2011) ...

al-AAAI2018), @RBFNet (S. Liu et al-ECCV2018),
@TridentNet (Y. Li et al-ICCV2019), @Non-local
(X. Wang et al -CVPR2018), @DETR (N. Carion et
al-ECCV2020) ...

Gupta et al-arXiv2015), @SMN (X. Chen-ICCV2017),
@RelationNet (H. Hu et al-CVPR2018), @SIN (Y. Liu et al-
CVPR2018), @RescoringNet (L. V. Pato et al-CVPR2020) ...

. Evolution of Context — — N _

i TG = b % ; 63 f——’l——v SO -7 \'::'___: D Image 7 Window

i Pr’m’ng n O ‘IeCt o - o [ Feature [T} Context

i Detection 1. With local context 2. With global context 3. Context interactives

Year: 2001 2005 2008 2011 2013 2015 2016 2017 2018 2019 2020 2021
Detection with Local Context

E ‘l Detection with Global Context

| @Face Det. (A. Torralba et al-MIT2001), @MultiPath |—————————=————— === =
(S. Zagoruyko et al-BMVC2016), @GBDNet (X. Zeng I Context Interactives

; et al-ECCV2016, TPAMI2018), @CC-Net (W. Ouyang J

i et al-arXiv2017), @MultiRegion-CNN (S. Gidaris et al-

i CVPR2015), @CoupleNet (Y. Zhu et al-ICCV2017) ... ¢ X o

i @ION (S. Bell et al-CVPR2016), @RFCN++ (Z. Li et @CtxSVM (Q. Chen et al-TPAMI2015), @PersonContext (S.

L. Zou, K. Chen, Z. Shi, Y. Guo and J. Ye, "Object Detection in 20 Years: A Survey," in Proceedings of the IEEE, vol. 111, no. 3, pp. 257-276, March 2023, doi: 10.1109/JPROC.2023.3238524.
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Obiject Detection Milestones

Evolution of Hard Negative Mining

1 1
1 1
1 1
1 1
| |
i Year: 1994 2001 2005 2008 2014 2015 2016 2017 2018 2019 2020 2021 i
I ) 1
I | 4 ! I
|
i Method } ‘ Bootstrap I Without Hard Negative Mining : Bootstrap + New Loss Functions i
I | | 1
I mm———— R e e Bt -
1 1
: ’ Bootstrap was widely used to deal with the insufficient | By simply balancing the weights between | Focusing on hard examples .
| | I
I Remarks ] . . | ; . . I
: 1 computing resources of early time : object and background classes : Computing power is no longer a problem :
1 1
1 1
- | , l |
i @Face Det. (H. A. Rowley et al-CMUTechRep1995), @Haar @SSD (W. Liu et al-ECCV2016), @FasterPed (L. Zhang et al-ECCV2016), i
i Det. (C. P. Papageorgiou et al-ICCV1998), @V/ Det. (P. Viola @RCNN (R. Girshick et al-CVPR2014), @5PPNet (K. He @OHEM (A. Shrivastava et al-CVPR2016), @RetinaNet (T. Y. Lin et al- .
i et al-CVPR2001), @HOG Det. (N. Dalal et al-CVPR2005), et al-ECCV2014), @Fast RCNN (R. Girshick-ICCV2015), ICCV2017), @RefineDet (Zhang et al-CVPR18), @FCOS (Z. Tian et al- i
: @DPM (P. Felzenszwalb et al-CVPR2008, TPAMI2010) ... @Faster RCNN (S. Ren et al-NIPS2015), @YOLO (J. ICCV2019), @YOLOv4 (A. Bochkovskiy et al-arXiv2020) ... :
[ Redmon et al-CVPR2016) ... y !
1 1
1 1
1 1

The training of a detector is essentially an imbalanced learning problem. In the case of sliding window based detectors, the imbalance between backgrounds and objects could be as
extreme as 107 :1

L. Zou, K. Chen, Z. Shi, Y. Guo and J. Ye, "Object Detection in 20 Years: A Survey," in Proceedings of the IEEE, vol. 111, no. 3, pp. 257-276, March 2023, doi: 10.1109/JPROC.2023.3238524.
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Obiject Detection Milestones

1 1
1 1
1 1
1 S ‘:“I: 'I'-|: r"—i: = o --:-—: -——— b 1
| Evolution of Non-Max Fre . SR CRs TR s U =i I - pEsn |
| : Ch-Ei4T B (- |
! Suppression !
: 1. Greedy selection 2. Bounding box aggregation 3. Learning to NMS 4. NMS-free Detector :
i i
i Year: 1994 2001 2005 2008 2011 2014 2015 2016 2017 2018 2019 2020 2021 i
1 1
i Traditional Greedy Selection Greedy Selection with Improvements i
N F T SO e e i I e e | (N i
| |
. ———  Bounding Box Aggregation '
| e SRS i
1 3 Learning to Non-Maximum Suppression I
o @wipet. (P Viola | | | "eamningfoMon-Taximam 5t ’_’”_____L ____________________________________ |
. et al-CVPR2001) .
: 4 ‘ Non-Maximum Suppression Free Detector '
1 ! ! I
i : i : i
: @Face Det. (R. Vaillant et al-VISP1994), @HOG Det. (N. Dalal et al-CVPR2005), @StrucDet (C. Desai et al-1/CV2011), @SoftNMS (N. Bodla et al-ICCV2017), @FitnessNMS (L. I
I @DPM (P. Felzenszwalb et al-CVPR2008, TPAMI2010), @RCNN (R. Girshick et al- @MAP-Det (P. Henderson et al-ACCV2016), Tychsen-Smith et al-CVPR2018), @SofterNMS (Y. He et :
: CVPR2014), @SPPNet (K. He et al-ECCV2014) @Fast RCNN (R. Girshick-ICCV2015), @LearnNMS (J. Hosang et al-ICCV2017), al-CVPR2019), @AdaptiveNMS (S. Liu et al-CVPR2019), .
. @Faster RCNN (S. Ren et al-NIPS2015), @YOLO (J. Redmon et al-CVPR2016), @RelationNet (H. Hu et al-CVPR2018), @DIoUNMS (Z. Zheng et al-AAAI2020) ... :
. @SSD (W. Liu et al-ECCV2016), @FPN (T. Y. Lin et al-CVPR2017), @RetinaNet(T. Y. @Learn2Rank (Z. Tan et al-ICCV2019) ... | ————— [
: Lin et al-ICCV2017), @FCOS (Z. Tian et al-ICCV2019) ... o @CenterNet (X. Zhou et al-arXiv2019), @DETR :
. . (N. Carion et al-ECCV2020), @POTO (J. Wang et .
. @0Overfeat (P. Sermanet et al-ICLR2014), @APC-NMS(R. Rothe et al-ACCV2014), @ MAPC (D. Mrowca et al- al-CVPR2021) ... .
: ICCV2015), @WBF (R. Solovyev et al-IVC2021), @ ClusterNMS (Z. Zheng et al-Trans. Cybernetics2021) ... - / :
1 1
1 1

L. Zou, K. Chen, Z. Shi, Y. Guo and J. Ye, "Object Detection in 20 Years: A Survey," in Proceedings of the IEEE, vol. 111, no. 3, pp. 257-276, March 2023, doi: 10.1109/JPROC.2023.3238524.
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YOLOv3

YOLO is introduced

Joseph Redmon et al / UW

Joseph Redmon et al / UW
YOLOv3: An Incremental Improvement

Greatest Hits

YOLO-NAS

Shay Aharon et al / Deci

YOLO-NAS: A Next-Generation, Object
Detection Foundational Model generated by
Deci’s Neural Architecture Search Technology

Scaled-YOLOvV4

Chuyi Li, Alexey Bochkovskiy et al

Scaled-YOLOv4: Scaling Cross Stage Partial
Network

YOLOvV6

Chuyi Li et al / Meituan

YOLOvV6: A Single-Stage Object Detection
Eramework for Industrial Applications

YOLO N

Glenn Jocher et al / Ultralytics
YOLOv1] GitHub

YOLOS YOLOVO

YOLOvS

You Only Look Once: Unified, Real-Time Object o
Glenn Jocher et al / Ultralytics

Yuxin Fang et al / HUST

You Only Look at One Seguence: Rethinking

Glenn Jocher et al / Ultralytics

YOLOvS8

Chien-Yao Wang et al

YOLOv2 aka YOLO9000

Joseph Redmon et al / UW

tection =i Transformer in Vision through Object Detection
YOLOVS GitHub YOLOvVS GitHub
Dec 25, 2016 Apr 23, 2020 Jul 23, 2020° May 10, 2021 Jul 18, 2021 Jul 6, 2022 Jan 13, 2023 Jan 30, 2024° May 23, 2024
Jun 8, 2015 Apr 8, 2018 Jun 9, 2020* Nov 16, 2020° Jun 1, 2021 Jun 2022t Jan 10, 2023t May 2, 2023+ Feb 21, 2024" Sep 30, 2024+

YOLOv6 3.0

PP-YOLO

X Long et al / Baidu

An Effective and Efficient Implementation of

YOLOS9000: Better, Faster, Stronger

YOLOv4

Alexey Bochkovskiy et al

Obiect Detector

YOLOX

Zheng Ge et al / Megvii
YOLOX: Exceeding YOLO Series in 2021

Chuyi Li et al / Meituan
YOLOv6 v3.0: A Full-Scale Reloading

YOLOvV10

Ao Wang et al / Tsinghua Univ
YOLOV10: Real-Time End-to-End Object
Detection

YOLOv4: Optimal Speed and Accuracy of

YOLOR

Chien-Yao Wang et al

You Only Learn One Representation: Unified

Object Detection

“Denotes paper updated after first publication date
" Denotes rep paper publi date

Y P

Network for Multiple Tasks

YOLOv?7

Chien-Yao Wang, Alexey Bochkovskiy et al

YOLOv7: Trainable bag-of-freebies sets new

YOLO-World

Tianheng Cheng et al / Tencent
YOLO-World: Real-Time Open-Vocabulary Object

state-of-the-art for real-time object detectors

Detection
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Object Detection: Transformer

(a) Citations of Transformer Paper in recent years (b) Citations of Detection Transformer Papers in last 12 months (c) Modification % in original DETR

18,000

120

16,000

100

Backbone

80 10%

60

6,000

40

4,000
20

Attention

i ot o s e e

Citations
- & RER
| | |
Citations

(d) Peer reviewed Publications as DETR baseline vs Years (e) Timeline of important developments in DEtection TRansformers (DETR)

30

25

1
1
1
1
1
1
1
k : Deformable Efficient TSP Dynamic  Anchor 2
2 : DETR DETR DETR DETR DETR DETR D°ETR DETR DETR REGO
g ' )
S 15 = e 1 /
- - .
10 = ! P, _
i i
---- M“‘ !
= azet? : : — : DETR UP SMCA  Conditional PnP YOLOS Sparse DAB Adamixer  DINO
|_‘_-| : DETR DETR DETR DETR DETR DETR DETR DETR DETR
0 T + T | 1
2020 2021 2022 i
— Peer reviewed Publications in Years :

CVPR, ICCV, ICLR and AAAI

arXiv:2306.04670 [cs.CV]
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, Lightwel

ht ob

ect detection models

No. Authors Detector Type Input image Published in URL link
1 Li et al. (2017) YOLOv3-DarkNet53 Anchor-based 320*320 arXiv 2018 https://github.com/westerndigitalcorporation/Y OLOv3-in-PyTorch
2 Howard et al. (2017) MobileNet-SSD Anchor-based 300*300 arXiv 2017 https://github.com/chuangi305/MobileNet-SSD
3 Sandler et al. (2018) MobileNetv2-SSDLite Anchor-based 320*320 CVPR 2018 https://qithub.com/tranleanh/mobilenets-ssd-pytorch
4 Li et al. (2018) Tiny-DSOD Anchor-based 300*300 arXiv 2018 https://github.com/lyxok1/Tiny-DSOD
5 Wang et al. (2018) Pelee Anchor-based 304*304 NeurlPS 2018 https://github.com/Robert-JunWang/Pelee
6 Qin et al. (2019), Huang et al. (2018) YOLO-LITE Anchor-based 416*416 ICBD 2018 https://github.com/reu2018DL/YOLO-LITE
7 Qin et al. (2019) ThunderNet Anchor-based 320*320 ICCV 2019 https://github.com/DayBreak-u/Thundernet Pytorch
8 Tan et al. (2019) MnasNet-A1 + SSDLite Anchor-based 320*320 CVPR 2019 https://github.com/tensorflow/tpu/tree/master/models/official/mnasnet
9 Tang et al. (2020a, 2020b) LightDet Anchor-based 320*320 ICASSP 2020 Not available
10  |Yietal. (2019) YOLOV3-Tiny Anchor-based 416416 ICACCS 2020 https://qithub.com/pjreddie/darknet/blob/master/cfg/yolov3-tiny.cfg
11 Long et al. (2020a, 2020b) PP-YOLO Anchor-based 608*608 CVPR 2020 https://github.com/PaddlePaddle/PaddleDetection
12 |Longetal. (2020a, 2020b) YOLOVA4-Tiny Anchor-based 416416 |arXiv 2020 nilos: igithub. cominionge710-cvberiMiaskcDetection YOLOvA-finy-
13  |Tan et al. (2020) EfficientDet Anchor-based 512*512 CVPR 2020 https://github.com/xuannianz/EfficientDet
14 Huang et al. (2021) PP-YOLOv2 Anchor-based 640640 arXiv 2021 https://github.com/PaddlePaddle/PaddleDetection
15 |Geetal. (2021) YOLOX-Nano Anchor-free 416*416 ICSP 2022 https://github.com/Megvii-BaseDetection/YOLOX
16 |Geetal. (2021) YOLOX-Tiny Anchor-free 416*416  |IJCINI 2022 e L e
17  |Cai et al. (2021) YOLObile Anchor-based 320*320 AAAI 2021 https://github.com/nightsnack/YOL Obile
18  |Wang et al. (2021) Scaled YOLOv4 Anchor-based 608*608 CVPR 2021 https://github.com/\WongKinYiu/ScaledYOLOv4
19  |Wang et al. (2021) Trident YOLO Anchor-based 416*416 Wiley IET Not available
20 Li et al. (2021a, 2021b, 2021c) NanoDet Anchor-free 320*320 Journals of Radar https://github.com/Rangil yu/nanodet
21 Yu et al. (2021) PP-PicoDet Anchor-free 416*416 arXiv 2021 https://github.com/PaddlePaddle/PaddleDetection
22 Ding et al. (2022) Slim YOLOv4 Anchor-free 416*416 JRIP Not available
23 Liu et al. (2022a, 2022b) Mini YOLO Anchor-free 320*320 Wiley Journal Not available
24  |Xu et al. (2022) PP-YOLOE-S Anchor-free 640640 arXiv 2022 https://github.com/PaddlePaddle/PaddleDetection
25 |Wang et al. (2022a, 2022b, 2022¢, 2022d) YOLOv7-X Anchor-free 640640 arXiv 2022 https://github.com/WongKinYiu/yolov7
26 Li et al. (2022a, 2022b) L-DETR Anchor-free 800*1333 IEEE Access https://github.com/wangjian123799/L-DETR.qgit

Mittal, P. Acomprehensive survey of deep learning-based lightweight object detection models for edge devices. Artif Intell Rev 57, 242 (2024).

https://doi.org/10.1007/s10462-024-10877-1


https://link.springer.com/article/10.1007/s10462-024-10877-1
https://github.com/westerndigitalcorporation/YOLOv3-in-PyTorch
https://link.springer.com/article/10.1007/s10462-024-10877-1
https://github.com/chuanqi305/MobileNet-SSD
https://link.springer.com/article/10.1007/s10462-024-10877-1
https://github.com/tranleanh/mobilenets-ssd-pytorch
https://link.springer.com/article/10.1007/s10462-024-10877-1
https://github.com/lyxok1/Tiny-DSOD
https://link.springer.com/article/10.1007/s10462-024-10877-1
https://github.com/Robert-JunWang/Pelee
https://link.springer.com/article/10.1007/s10462-024-10877-1
https://link.springer.com/article/10.1007/s10462-024-10877-1
https://github.com/reu2018DL/YOLO-LITE
https://link.springer.com/article/10.1007/s10462-024-10877-1
https://github.com/DayBreak-u/Thundernet_Pytorch
https://link.springer.com/article/10.1007/s10462-024-10877-1
https://github.com/tensorflow/tpu/tree/master/models/official/mnasnet
https://link.springer.com/article/10.1007/s10462-024-10877-1
https://link.springer.com/article/10.1007/s10462-024-10877-1
https://link.springer.com/article/10.1007/s10462-024-10877-1
https://github.com/pjreddie/darknet/blob/master/cfg/yolov3-tiny.cfg
https://link.springer.com/article/10.1007/s10462-024-10877-1
https://link.springer.com/article/10.1007/s10462-024-10877-1
https://github.com/PaddlePaddle/PaddleDetection
https://link.springer.com/article/10.1007/s10462-024-10877-1
https://link.springer.com/article/10.1007/s10462-024-10877-1
https://github.com/truong2710-cyber/Mask-Detection-YOLOv4-tiny-Kaggle-Dataset
https://github.com/truong2710-cyber/Mask-Detection-YOLOv4-tiny-Kaggle-Dataset
https://link.springer.com/article/10.1007/s10462-024-10877-1
https://github.com/xuannianz/EfficientDet
https://link.springer.com/article/10.1007/s10462-024-10877-1
https://github.com/PaddlePaddle/PaddleDetection
https://link.springer.com/article/10.1007/s10462-024-10877-1
https://github.com/Megvii-BaseDetection/YOLOX
https://link.springer.com/article/10.1007/s10462-024-10877-1
https://github.com/TexasInstruments/edgeai-yolox/blob/main/exps/default/yolox_tiny.py
https://github.com/TexasInstruments/edgeai-yolox/blob/main/exps/default/yolox_tiny.py
https://link.springer.com/article/10.1007/s10462-024-10877-1
https://github.com/nightsnack/YOLObile
https://link.springer.com/article/10.1007/s10462-024-10877-1
https://github.com/WongKinYiu/ScaledYOLOv4
https://link.springer.com/article/10.1007/s10462-024-10877-1
https://link.springer.com/article/10.1007/s10462-024-10877-1
https://link.springer.com/article/10.1007/s10462-024-10877-1
https://link.springer.com/article/10.1007/s10462-024-10877-1
https://github.com/RangiLyu/nanodet
https://link.springer.com/article/10.1007/s10462-024-10877-1
https://github.com/PaddlePaddle/PaddleDetection
https://link.springer.com/article/10.1007/s10462-024-10877-1
https://link.springer.com/article/10.1007/s10462-024-10877-1
https://link.springer.com/article/10.1007/s10462-024-10877-1
https://link.springer.com/article/10.1007/s10462-024-10877-1
https://github.com/PaddlePaddle/PaddleDetection
https://link.springer.com/article/10.1007/s10462-024-10877-1
https://link.springer.com/article/10.1007/s10462-024-10877-1
https://link.springer.com/article/10.1007/s10462-024-10877-1
https://link.springer.com/article/10.1007/s10462-024-10877-1
https://github.com/WongKinYiu/yolov7
https://link.springer.com/article/10.1007/s10462-024-10877-1
https://link.springer.com/article/10.1007/s10462-024-10877-1
https://github.com/wangjian123799/L-DETR.git
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Lightweight ob

ect detection models

No. |Detector Backbone Loss function AP Proposal

1 YOLOv3-DarkNet53 DarkNet53 Logistic regression 38.1 Network structure makes greater use of the GPU, making it faster to evaluate than Darknet-19
2 MobileNet-SSD MobileNet Smooth L1 loss 19.3 Lightweight deep network is constructed using depth-wise separable convolutions

3 MobileNetv2-SSDLite MobileNetv2 Smooth L1 loss 221 With fewer parameters and less computational complexity, gets competitive accuracy

4 Tiny-DSOD DDB-Net Smooth L1 loss 23.2 For resource-constrained uses based on DDB and D-FPN blocks

5 Pelee PeleeNet Smooth L1 loss 224 Variant of DenseNet, built with conventional convolution

6 YOLO-LITE Darknet-53 L1 loss 12.2 A real-time detection model developed to run on portable devices lacking a GPU

7 ThunderNet SNet535 Sigmoid 28.1 Embedded context enhancement and spatial attention module

8 MnasNet-A1 + SSDLite MnasNet-A1 Smooth L1 loss 23.0 Directly measures real-world inference latency by executing the model on edge devices

9 LightDet Modified ShuffleV2 Smooth L1 loss 24.0 Introduce an efficient feature-preserving and refinement module

10  |YOLOv3-Tiny Reduced Darknet-53 Logistic regression 16.6 Lightweight model of YOLOv3, which takes reduced training time

11 PP-YOLO MobileNetV3 loU aware loss 459 Balanced efficiency, directly applied in real application scenarios

12 |YOLOv4-Tiny CSP-ResNet CloU loss 28.7 Reduced parameters, makes it suitable for edge devices

13 EfficientDet EfficientNet Focal loss 34.6 Proposed a weighted bi-directional FPN for feature fusion

14 PP-YOLOV2 ResNet101 loU aware loss 495 Increasing the input size and follow the design of PAN to aggregate the top-down information
15  |YOLOX-Nano DarkNet53 GloU loss 25.8 Dynamic label assignment strategy SimOTA

16 YOLOX-Tiny CBAM GloU loss 32.8 Fuses convolutional attention and mixup data enhancement strategy

17 [YOLObile CSP-DarkNet53 GloU loss 316 Offers mobile acceleration and block-punched pruning with a mobile GPU-CPU collaborative strategy
18 Scaled YOLOv4 CSPNet-15 CloU loss 28.7 Propose a network scaling approach that modifies the width, and resolution of network

19 TridentYOLO CSP-RFBs Focal loss 40.3 Propose a trident feature pyramid network

20 NanoDet ShuffleNetV2 Focal loss 20.6 Based on visual saliency and perform feature learning on samples added with saliency maps
21 |PP-PicoDet Enhanced ShuffleNet GloU Loss 30.6 Improved detection One-Shot NAS pipeline

22 Slim YOLOv4 MobileNetV2 CloU loss 29.2 Efficient network computing methods for convolution

23 MiniYOLO DSLightNet CloU 21.4 Adopted depthwise separable convolution

24 PP-YOLOE-S ResNet50-vd loU aware loss 43.1 Scalable backbone-neck architecture, and refined loss function

25 YOLOv7-X RepCSPResNet Assistant loss 53.1 Propose the trainable bag-of-freebies method to enhance accuracy

26 L-DETR PP-LCNet H-sigmoid function - Embedded group normalization

Mittal, P. Acomprehensive survey of deep learning-based lightweight object detection models for edge devices. Artif Intell Rev 57, 242 (2024).
https://doi.org/10.1007/s10462-024-10877-1
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Y, Lightwei

ht ob

ect detection models

No. Light-weight object detector Backbone FLOPs Inference time (ms) FPS Parameters (M) Real-time applications
1 YOLOv3-DarkNet53 DarkNet53 1453B 22 171 —
2 MobileNet-SSD MobileNet 1.2G - 59.3 4.31 *
3 |MobileNetv2-SSDLite MobileNetv2 0.8G - - 3.38 *
4 Tiny-DSOD DDB-Net 1.12G - 105 0.95 *
5 Pelee PeleeNet 1.21B - 205 5.98 *
6 |YOLO-LITE Darknet-53 0.48G - 21 — *
7 ThunderNet SNet535 0.47 - 248 —
8 MnasNet-A1 + SSDLite MnasNet-A1 0.8B 203 — 4.9 *
9 |LightDet Modified ShuffleV2 0.50G - 250 -
10 |YOLOV3-Tiny Reduced Darknet-53 5.56 B 45 368 8.86 *
11 |PP-YOLO MobileNetV3 1.02G 10.48 73 1.08
12 |YOLOVA4-Tiny CSP-ResNet - - 371 6.06
13 |EfficientDet EfficientNet 2.5B 10.20 98 3.9
14 |PP-YOLOv2 ResNet101 0.115G 14.50 68.9 1.08
15 |YOLOX-Nano DarkNet53 1.08G 19.23 90.1 0.91
16  |YOLOX-Tiny CBAM 6.48G 32.77 — 5.06
17 |YOLObile CSP-DarkNet53 3.95G - 17 4.59
18 |Scaled YOLOvV4 CSPNet-15 6.3B - 62 53
19 |TridentYOLO CSP-RFBs 5.19B - 29.3 —
20 |NanoDet ShuffleNetV2 1.2G 13.35 - 0.95 *
21 |PP-PicoDet Enhanced ShuffleNet 0.73G 8.13 - 0.99
22 |Slim YOLOv4 MobileNetV2 - - 60.19 —
23 |MiniYOLO DSLightNet - - — 2.06 *
24 |PP-YOLOE-S ResNet50-vd 110.7G 12.8 208.3 52.20
25 |YOLOv7-X RepCSPResNet 189.9G - 114 71.3
26 |L-DETR PP-LCNet - - - -

Mittal, P. Acomprehensive survey of deep learning-based lightweight object detection models for edge devices. Artif Intell Rev 57, 242 (2024).
https://doi.org/10.1007/s10462-024-10877-1
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,

Obiect Detection: Transformer

Patch + Det Tokens }

—

input image

backbone

[ 3D feature sampling &
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ALayer2

1.‘!!-- T

decoder

\
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ql Fine-Fused Features
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An overview of the Detection Transformer
(DETR) and its modifications proposed by
recent methods to improve performance
and training convergence.

arXiv:2306.04670 [cs.CV]
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Well-known Object Detection Datasets

Z. Zou, K. Chen, Z. Shi, Y. Guo and J. Ye, "Object Detection in
20 Years: A Survey," in Proceedings of the [EEE, vol. 111, no.
3, pp. 257-276, March 2023, doi:
10.1109/JPROC.2023.3238524.

I train validation trainval test i
i Dataset ; ; ; : ; . i : i
i images objects | images objects | images objects | images objects !
' VOC-2007 2,501 6,301 2,510 6,307 5,011 12,608 4,952 14,976 !
i VOC-2012 9,717 13,609 5,823 13,841 11,540 27,450 10,991 -
' ILSVRC-2014 456,567 478,807 | 20,121 55,502 476,688 534,309 40,152 -
. ILSVRC-2017 456,567 478,807 | 20,121 55,502 476,688 534,309 65,500 -
. MS-COCO-2015 82,783 604,907 | 40,504 291,875 123,287 896,782 81,434 -
| MS-COCO-2017 118,287 860,001 5,000 36,781 123,287 896,782 40,670 -
| Objects365-2019 600,000 9,623,000 | 38,000 479,000 638,000 10,102,000 | 100,000 1,700,00 |
. OID-2020 1,743,042 14,610,229 | 41,620 303,980 | 1,784,662 14,914,209 | 125,436 937,327 i
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Traditional Vs. Dee

Deep Learning Approaches

Learnin

8 =

: / Object Detection \ i
i ' Feature Extraction and f Bounding Box 1 i
' | Image Input | —> Image Pre | — Selection — || Regression ]| —» Detgcted :
: Processing r - ~ iedts i
: \ BRILF/SIT... l Classification i
| Thadiitaud & b | SVM, HMM.. | i
: radaitiona roacnes o Ly ]
| pp & ) :
I —m
i e Object Detection \ ]
i ( [ Bounding Box | ]
I Image Feature Extraction Regression Detected |
; — — S & ) || —1 : :
: imagsinpot [ Enhancement ] Network - \ [ Objects ]
: " ; Classification ]
| | CNN | i
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A Object Detection Milestones

4 ) 4 )
Milestones: Traditional Detectors Milestones: CNN based Two-stage Detectors
Viola Jones Detectors, SVM + HOG & DPM RCNN, SPPNet, Fast RCNN, Faster RCNL,..
g J \ J
4 ) 4 )
Milestones: CNN based One-stage Detectors Milestones: Transformer for OD
YOLO, 85D, RetinalVet, CornerNet, Center Net,.. DETER, D-DETR, DINO,...
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Object Detection Milestones

Object Detection Milestones

/[

/‘ + K int Based Detection /

CornerNet
(L. Hei et al-18)

+ Multi-resolution Detection

/  +Hard-negative Mining  Retina-Net

-

DPM
HOG Det.

' (I. Y. Lin et al-17)
_ n : R : SSD (W. Liu et al-16)
(P. Felzenszwalb :'t al-08,10)  YOLO (J. Redmon et al-16,17) /

+ End to End Detection

CenterNet
(X. Zhou et al-19)

+ Reference-free Detection
DETR (N. Carion

(N. Dalal et al-05) et al-20) One-stage
VJ Det. detector -
(F. /Vi"’“ et “"01) | AlexNet 2014 2015 2016 2017 2018 2019 2020 2021 2022 i
2001 2004 2006 S 2012 2014 2015 2016 2017 2018 2019 2020 2021 2022
-
Traditional RCNN \ \ \ Two-stage
) 3 FPN (T Y. Lin et al-17) g
Detectl()n MeﬂlOdS (R. Girshick et al-14) SPPNet ’ detector
\ D/JL ST (K. He et al-14) | + Feature Fusion

€e earnmg ase Fast RCNN
Detection Methods (R. Girshick-15) faster RCNN (8. Ren et al-15)

/ + Multi-reference Detection (Anchors Boxes)

L. Zou, K. Chen, Z. Shi, Y. Guo and J. Ye, "Object Detection in 20 Years: A Survey," in Proceedings of the IEEE, vol. 111, no. 3, pp. 257-276, March 2023, doi: 10.1109/JPROC.2023.3238524.
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Introduction to Object Detection

Applications of Object Detection

Object Detection Milestones

| /
UG:(\’ Traditional Object Detectors

CNNs for Image Classification

Image Classifier to Object Detectors with CNN

CNN Limitations and Spatial Outputs
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Traditional Detectors

—
Extract Match Face
Feature Model Y _
3 \
—

-
| Features:
| How to extract feature?

1

1
Slides windows of differents sizes across image. , Classifier:
At each location match window to face model 1 How to build a model and classify features as face or not?
1
I
|
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Y What are good features?

Interest Point (Edge, Corners, SIFT,..)

———————————————————————————————————————————————————————

\ ) '« Extreme Fast to Compute !
< : * Millions of windows in an image :

|

Facial Components (Templates)?

' The key aspect in face recognition is detecting relevant
features in human face like eyes, eyebrows, nose, lips. So
how do we detect these features in real time/in an image

&@
,
)

-

f
[}

Discriminative Face / None Face
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Knowledge Based
*Rule based (Ex: X must have eyes, x must have a nose)
*Too many rules and variables with this method

Methods for Face Detection

Appearance Based
Learn the characteristics of a face. Example: CNN’s
Accuracy depends on training data (which can be scarce)

Feature Based
Locate and extract structural features in the face
Find a differential between facial and non facial regions in an image

o
o
4a

e

Template
Using predefined templates for edge detection. Quick and easy
A trade off for speed over accuracy
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o

The key aspect in face recognition 1s detecting relevant features in
human face like eyes, eyebrows, nose, lips. So how do we detect these
features 1n real time/in an 1mage ?

The answer 1s Haar Wavelets or Haar Features

!

The algorithm used 1s called as Viola-Jones Algorithm

No Face No Face No Face No Face No Face
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Viola Jones Detectors : Haar Feature

Although there are thousands of possible feature shapes that can be created, the two most common are
Edge Features and Line Features.

Edge Features
Detect part of a face, eyebrow, naturally the
shade of the pixels of on an eyebrow in an image —_—
will be darker and abruptly gets lighter (skin).
I
I

Detect a mouth: naturally the shape of the lips
region on your face go from light to dark to light

|
again. For this, Line features prove to be the best.
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Viola Jones Detectors : Haar Feature

Running on a 700MHz Pentium Ill CPU, the detector was tens or even hundreds of times faster than other algorithms in its time under comparable detection accuracy

output
™
™\
h m \\\ N
h ™ RNR
Q h \\ I~
N h N N T
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{,\5\ \\ N T
3{\6\ \\ ™~
\3{\()\ \\ ™
SRR N ™
(3\2\6 ~
RRNRSN ~
ST
\)\3\3
ﬁ\‘l\
Q[
U
~J
input
el

Viola-Jones uses 24*24 as base window size and calculates the above features all over the image shifting by 1 PX (Template + Feature).
There are over 160,000 possible feature combinations that can fit into a 24x24 pixel image, and over 250,000 for a 28x28 image

P. Viola and M. Jones, "Rapid object detection using a boosted cascade of simple features,” Proceedings of the 2001 IEEE Computer Society Conference on Computer Vision and Pattern Recognition. CVPR 2001,
Kauai, Hi, USA, 2001, pp. -1, aoi: 10.1109/CVPR.2001.990517.
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Y, «  Viola Jones Detectors : Haar Feature
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Y, «  Viola Jones Detectors : Haar Feature
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Viola Jones Detectors : Haar Feature

o | o| o
SUM OF THE DARK PIXELS/NUMBER OF DARK PIXELS -
; ; ; SUM OF THE LIGHT PIXELS/NUMBER OF THE LIGHT PIKELS
(07+04+01+05+08+02+03+0.7+05+
0 0 0 01+04+08+09+06+10+0.7+0.3+0.1/18
o [ o] o - [10+05+08+0.4+01+02+06+08+10+
09+01+05+01+03+0.7+04+10+0.2)/18
0 | © 0
0.51-0.53 =-0.02
0 0 | ©
White region Dark region Summing up pixel values for all feature types in all images in your

dataset can be very computationally expensive, especially

https://towardsdatascience.com/face-detection-with-haar-cascade-727f68dafd08 depen ding on the resolution of your images
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10la Jones Detectors : Integral Image

source 1mage

Each point in the integral image 1s a sum of the pixels above and left of the corresponding pixel in the
source image
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Viola Jones Detectors : Integral Image

_________________________________________________________________________________________

U.e |
| A
1
04 04 | oS 03 n 20| 27| 31| 36 | 46 | 48 '
1
1
03 05 g4 | 01 | oA 07 | 24| 38| 53 | 62 | 12 [Paam !
| C
g4 ] 01 | 02 |PEB 02 16 | 37| 5z | 88 |88
03 0.3 us| 03 19 | 45 | 59 [N
) == |
0 o U5 a1 A 21 1 51
a5 o1 | 03 02 26 | 63 |88
04 02 83 | 01 | 04 34 |18
04 02 05 as |his
Original Image Integral Image

_________________________________________________________________________________________

| *The value of the integral image at point 1 is the sum of the pixels in rectangle A :
: *The value at point 2is A + B |
| *The value at po!nt 3 s A+ C | Raster Scanning
i *The value at point 4isA+ B + C+ D. |

[

I

| *Therefore, the sum of pixels in region D can simply be computed as : 4+1—(2+3).

T o o e e e e e e e e mmm M e e M M e e M M e e Mmm M e e M R e e e M e e M e e e e e e e )
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Y aeenn YVi0la Jones Detectors : Integral Image

Source Image Pixel Values Computed Integral Image
1 2 4 8 1 3 7 | 3|20 2 | % | %
21 2 2 4 3 22 | 26 | 32 | 42 | 52 63 | 74 | 86
1 2 1 3 4 23 | 29 | 36 | 49 | 63 79 | 99 [ 121
1 2 . 9 24 | 32 | 46 | 67 | 90 108 | 155 | 178
2 3 7 8 9 1 1 1 26 | 38 | 59 | 88 | 120 | 141 | 183 | 207
1 3 2 2 2 z |22 27 | 42 | 85 | 96 | 1
#Long way
21 7 3 9 | 10| 11| 17 | 18 48 | 70 | 96 | 138 | 1 4L 5 4 4+ 6+ T +2l+2+2+4+3+1+2+1+
3+4+1+2+7+ 8+ 9 =90
1 1 1 4 ] & 7 2 49 | 72 | 101 | 145 | 1
g9+ 10 +11 + 2 £+ 1 +1 +5 + 9+ 10 +2 + 27 + 1 = 88
Delta: 90 - 88 = 2
#Short Way
178 - 90 = 88
https://medium.com/@aaronward6210/facial-detection-understanding- Delta = 90 - 88 = 2
viola-jones-algorithm-116d1a9db218
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/ «  Viola Jones Detectors : Integral Image

The trick is to compute an “integral image.” Every
pixel is the sum of its neighbors to the upper left. .

Sequentially compute using:

[(z,y) = I(z,y) +
Ie—1y)+1(x,y—1)— |
I(x -1,y —1)
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Viola Jones Detectors : Harr Feature

Haar Filters Haar Features
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Haar Features for MultiEIe Scales

Compute Haar Features at different scales to detect faces of different sizes

As stated previously there can be approximately 160,000 + feature values within
a detector at 24*24 base resolution which need to be calculated. But it is to be
understood that only a few set of features will be useful among all these features
to identify a face.

Relevant feature Irrelevant feature

Can we create a good classifier using just a small subset of all possible

Feature detecting a vertical edge is useful detecting a nose but irrelevant
features?

detecting a lip.
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—

Adaboost for Face Detection

feature 1 best feature 1
feature 2 best feature 2
feature 3 best feature3 ——> Strong C lﬂSSifier
feature n best feature m

where 71 > m

The goal of using the AdaBoost algorithm is to extract the best features from n features
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W, - AdaBoost for Feature+Classifier Selection

Bt is a threshold for classifier ht

f; 9,
"W .
i Resulting weak classifier: » Each weak classifier works on exactly one rectangle
feature.
* Each weak classifier has 3 associated variables
: oo =3 1 A0 0 || L e [
— . Other“’lse 3. its weight a used for the combination step igmugu)tle h.
* The polarity can be 0 or 1
ol For next round, reweight the * The weak classifier computes its one feature f
H = . *  When the polarity is 1, we want f > 6 for face
’ - tr(X) — examples accordl.ng to errors, «  When the polarity is 0, we want f < 8 for face
. - = choose another filter/threshold | . The weight will be used in the final classification by
combo. AdaBoost.
M T T TT T oT T oo oo oTooooooooooooomomooooooooes 1. Initialized weights for each training example

Want to select the single rectangle feature and threshold
that best separates positive (faces) and negative (non-

E 2. Normalized all the weights
. faces) training examples, in terms of weighted error

3. Then we selected the best weak classifier based on the weighted error of
the training examples

4. Then updated the weights according to the error of the chosen best weak

classifier

5. Repeated steps 2-4 N times, where N is the desired number of weak

classifiers
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AdaBoost Algorithm
modified by Viola
Jones

e Given example images (x1,¥41),..., (Zn, yn) wWhere

: 4) o ©®
yi = 0,1 for negative and positive examples respec- HIIIININNNN————— . © o
tively. NOTE: Our code T e o
e Initialize weights w1; = 5=, 57 for y; = 0,1 respec- uses equal weights ®e
tively, where m and [ are the number of negatives and for all samples {X . }
positives respectively. 1ye X
o Fort = 1. .. /1" For T rounds: meaning we will
construct T weak

1. Normalize the weights,

Wt,i
n .
Ej:l Wi,

so that w; 1s a probability distribution.

Wi,

2. For each feature, j, train a classifier ~; which
is restricted to using a single feature. The
error 1s evaluated with respect to w;, €; =
> wi |hj(xs) —ys|.  sum over training samples

3. Choose the classifier, h:, with the lowest error €.

4. Update the weights:

1—eg;
Weg1,i = WeifBy °
where e; = 0 if example z; is classified cor-

rectly, e; = 1 otherwise, and 3y = 2.

classifiers

- Normalize weights

Find the best threshold and polarity for each
feature, and return error.

Re-weight the examples:
Incorrectly classified -> more weight
Correctly classified -> less weight

42
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Y - AdaBoost for Feature+Classifier Selection

o Given example images (1,%1),...,(Zn,yr) where First two features selected by boosting:
y; = 0,1 for negative and positive examples respec-
tively.

o Initialize weights w1 ; = 5, 5; for y; = 0,1 respec- =
tively, where m and [ are the number of negatives and
positives respectively.

e Fort=1,...,T:

1. Normalize the weights,

Wi,i
Z‘;‘Lzl we,;
50 that wy is a probability distribution. This feature combination can yield 100% detection rate and 50% false positive rate

2. For each feature, j, train a classifier i; which
is restricted to using a single feature. The
error is evaluated with respect to wy, € =
20 wi [y () — il . RO e o s e ot

W, €

p———

3. Choose the classifier, h:, with the lowest error €;.

| e T  LMI[TATION

1—¢;
w1, = weify

where e; = 0 if example z; is classified cor-
rectly, e; = 1 otherwise, and 3¢ = =

1—eg "

§ Is this good enough? - AN

o The final strong classifier is:

May={ § Demtale)2 5T

0 otherwise s B i 3 Tt

where a; = log -+ 7

The AdaBoost algorithm for classifier learning, Each round t of A 200-feature classifier can yield 95% detection rate and a false positive rate of 1 in 14084

boosting selects one feature from the 180,000 potential feature
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The Cascade Classifier

In an image, most of the image is a non-face region

The key idea is to reject sub-windows that do not contain faces while identifying
regions that do. Since the task is to identify properly the face, we want to minimize the

false negative rate, i.e the sub-windows that contain a face and have not been
identified as such.

Input
A series of classifiers are applied to every sub-window. These classifiers are simple
decision trees : Maybe face Maybe face Maybe face —
«if the first classifier is positive, we move on to the second @ — @ @ @ Processing
«if the second classifier is positive, we move on to the third.
*Any negative result at some point leads to a rejection of the sub-window as ¢N°”a°e ‘LNmace l'Nmace ¢N°”a°e

potentially containing a face

Reject Input
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45 Al ) AIVIETNA The Cascade Classifier

Stage 1 Stage 2
2 features 2 features

il

Stage T Running

https://towardsdatascience.com/face-detection-with-haar-cascade-727f68dafd08
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| Summarx

!

Input Image

Integral Image

Haar Feature

l

Input feature 1 best feature 1

2 feature 2 best feature 2
! ‘s Maybe face Maybe face Maybe face = - feature 3 best feature3 ——> 5 trong ClaSSifier
. uther : :
= @ — () = (3) === () = | Fomes
= feature n best feature m
¢ Not face ‘l'Not face lNot face i Not face
where n > m
Reject Input
Output AdaBoost

Cascade Classifier
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Gradient Direction Gradient Magnitude
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oy Support Vector Machine

e
______________ VAT B W,
___________________________ Sackvariablen SV

_______________________

————————————————————————————————————————————————————————————————————————————————————————

Max ”MZ/” such that Y * (wTX+b) > 1

min 2 [[WI[3-+{C 321 | such that Y * (wT X+ b) = 1-

__________________________________________________________________________________________________

__________________________________________________________________________________________________

__________________________________________________________________________________________________

__________________________________________________________________________________________________
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W, Histogram of Oriented Gradient

An image gradient is a directional change in the intensity or color in an image. The gradient of the image
-is one of the fundamental building blocks in image processing. For example, the Canny edge detector uses
1mage gradient for edge detection. |

____________________________________________________________________________________________________________________________________________________________________________

207

109

126

225

108 GV Gx=Ix+1,y)-Ilx-1Y)
V G,=Ilx,y+1)—=Ix,y—-1
5 (155|116 |218 | 232|249 =y ) — g 1)

50 G=,/G:+Gj
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Histogram of Oriented Gradient

An image gradient is a directional change in the intensity or color in an image. The gradient of the image
1s one of the fundamental building blocks in image processing. For example, the Canny edge detector uses
image gradient for edge detection.

ORIGINAL IMAGE HORIZONTAL GRADIENT VERTICAL GRADIENT

1 0 | 1 0 ' Gradient Magnitude = JV(50)2 + (50)2 = 70.1
B ~ Gradient Angle =tan~'(50/50) = 45°

120
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M) eavenanedn Histogram of Oriented Gradient

Step 1: preprocessing and compute gradient

100 x 200

Left : Absolute value of x-gradient. Center : Absolute value of y-
gradient. Right : Magnitude of gradient.

Original Image : 720 x 475 Why
E’ :]
L _J

In the case of the HOG feature descriptor, the input image is of size 64 x 128 x 3 = 24576 and the output feature vector is of length 3780
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Step 2: Calculate Histogram of Gradients in 8%8 cells

2 3 4 4 3 4 2 2
5 11 17 13 7 9 3 4
11 21 23 27 22 17 4 6
23 99 165 135 85 32 26 2
91 155 133 136 144 152 57 28
98 196 76 38 26 60 170 51
165 60 B0 27 77 85 43 136
71 13 34 23 108 27 48 110
Gradient Magnitude

64x128

80 36 5 10 0 64 9 73
37 9 9 179 78 27 169 166
87 136 173 39 102 163 152 176
7 13 1 168 159 22 125 143
120 70 14 150 145 144 145 143
58 86 119 98 100 101 133 113
30 65 157 75 78 165 145 124

11 170 91 4 110 17 133 110
Illlllll Gradiont Direction
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) eatiemmedon Histogram of Oriented Gradient

Step 3: Compute Histogram of Oriented Gradient

2 3 4 4 3 4 2 2
5 11 17 13 7 9 3 4
11 21 23 27 22 17 4 6
23 99 165 135 85 32 26 2
91 155 133 136 144 152 57 28
98 196 76 38 26 60 170 51
165 60 60 27 77 85 43 136
71 13 34 23 108 27 48 110

Gradient Magnitude

80 36 5 10 0 64 90 73
37 9 9 179 78 27 169 166
87 136 173 39 102 163 152 176
76 13 1 168 159 22 125 143
120 70 14 150 145 144 145 143
58 86 119 98 100 101 133 113
30 65 157 75 78 165 145 124

11 170 91 4 110 17 133 110

.36 50649073

37 9 9 179 78 27 169 166
87 136 173 39 102 163 152 176
76 13 1 168 159 22 125 143

120 70 14 150 145 144 145 143

Gradient Direction

(2)3 4@3 4 2 2
1 1% 7 9 3 4

&, o

(11 25723 271 22 17 4 6
s

% %09 165135 85 32 26 2
%
o 7q |91 155133 136 144 152 57 28

58 86 119 98 100 101 133 113 »s | |98 196 76 38 26 60 170 51
W
30 65 157 75 78 165145124 | 7 " 165 60 60 27 77 85 43 136
.
11 170 91 4 110 17 133/116 7 ! 71 13 34 23 108 27 48 110
Gradient Directign’ ,’ / Gradient Magnitude
7 7 ]
7/ / !
7 7/
/ / I
Ve
y S i y
2 2 2
20 40 60 80 100 120 140 160

Histogram of Gradients
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V= [y, @y, 3, .y Q3]

Root of the sum of squares:

k= [a?+a3+ai+.. .+ a3

. _ (a1 a; as A3e
Normalized vector = (T, T, ?, ,T)

Normalized vectors created for all 105 blocks, having 36 features
each image Feature Descriptor: 1 x 3780 matrix
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Visualization

Advanced techniques:

Sliding Window

L3

Image pyramids

1
|
|
|
|
|
|
|
|
|
:
i (x=247, y=148) ~ .77 G133 B:168
|
|
I
|
|
I
|
1
1
I
1
I
|

[ - ~ -
1{x=528, y=104) ~ A.54 G:114 B:145

____________________________________________________________________________________________________________

Non-Max
Suppression
N

| )

L—,
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Image pyramids

Smaller objects Larger objects ]

Sliding Window — Location
Image Pyramid - Scale
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W, SVM + HOG

Non-maxima suppression

Algorithm 1 Non-Max Suppression
procedure NMS(B,c)

Initialize empty set

Bims < 0 Yy

for b'I, E B do =7 Iterate over all the boxes . ) o )
Take boolean variable and set it as false. This variable indicates whether b(i)

1:
2
3
4: discard <+ False souaverepor discardea
< for bj € B dQ startanother loop to compare with b
6
7
8
9

Non-Max

if Same(bz, b]) > Anms then 1f both boxes having same 10U
if score(c, b;) > score(c, b;) then

Compare the scores. If score of b(i) is less than that

dz. Scard <_ T\rue of b(j), b(i) should be discarded, so set the flag to

Area of Overlap if not dZ S card then Once b(i) l::un;pared with all other boxes and still the
I = 5 discarded flag is False, then b(i) should be considered. So
oU 10: Bnms b Bnms U bz add it to the final list.

Area of Union

Do the same procedure for remaining boxes and return the final list

11: return B,,,,,s
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Non-maxima suppression

Hard NMS
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) SVM + HOG

Non-maxima suppression Soft NMS

Input :B={by,..,bn}, S ={s1,..,sn}, IV
H a rd N M S g’ 18 the.hst of initial dfatectlon bf)xes
contains corresponding detection scores
N, is the NMS threshold
begin
Algorithm 1 Non-Max Suppression D+ {}
1: procedure NMS(B,c) while B # empty 1190
2 Bnms — @ Initialize empty set %t—a;gmax
- m
3 for bz E B do o Mmoo d;h‘::::;:nvariabkandu(ilas(alst.Thisvariabltindicaleswhuherb(i) D (— D U M; B (— B — M
4: discard < False souavexepor giscardea for b: in B do
s: for b; € B do s epicomarsinio e
6 if same(b;, bj) > Asining TG Troteuirhemmion if iou(M,b;) > N, then :
7 if score(c, bj) > score(c, b;) then i | B&«B—-b;8+S—3s;
8 diecard +—"THuS agrseunmsntnsissas : end NMS
9: if not discard then OM,.,“,J:.‘,',',;,,.,,,,,.M..,.,,,,,,o,,,,,,.,,.m,h, '_:fffffZffZZfCZIfIIfZZfIfIIIffffﬁfff::ff::fff::f:::f:fiIffZfff.'ff.'ffffffffff.'f:fff:.:
10: Bnms i Bnms U bl disca.rdtdﬂagisF?Ise.lhenb(i)sllouldbe(onsidend.Sc S'L i Szf(?,O’U,(M, brb)) :
ad.d‘|nnlheﬁnallm. £ ocne SOft'NMS
l l: retum Bnms Do the same Pm’du" [nr ml“"‘gh’xa llld Tt the D G O e S 130 e SRR e AL e R M S SO S oot 1 e S e y
end
end
return D, S
end
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Traditional Detectors: Summar

Most traditional object detection algorithms like Viola—Jones, and Histogram of Oriented Gradients (HOG)are relied on extracting
handcrafted features like edges, corners, gradients from the image and classical machine learning algorithms.

_____________________________________________________________________________________________________________________________________________________

Object Detection

| Feature Extraction and

with an accuracy of 73.8%.

. 1

! 1

. 1
Bounding Box : 1 1
| (o) — [ty ) — | ™ e | - | e imaats e ’
: BRIEF/SIFT... ‘Classification » i : » e.t aﬁg;?,n wa ! : . '1.7. ineta i
i Traditional Approaches L e | i " : t : st .
------------------------------------------------------------------- 11 exnet 1
: e ———— :
T . ; 2016 2017 :
. The traditional computer vision approaches were in the : . -—00——O | —
- game until 2010. ! 200 2006 2008 2012 : wosae :
9 ] ™ mem O 00—~
: ) i ‘ e l 2004 2015 201 :
i : i : N.Dalaleelal " | i
. From 2012, a new era of convolutional neural networks L ™ o ] AT e
. started when AlexNet (an image classification network) | © e R Grsick TYUnetal |
i . - b o etal-4 - sppNet A7 :
won the ImageNet Visual Recognition challenge 2012.; ! et pastor e :
| b i " ol T ' S.Reneta :
 The accuracy of 84.7% as compared to the second-best | | g =i S |
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Introduction to Object Detection

Applications of Object Detection

Object Detection Milestones

Traditional Object Detectors
UCJFL‘% CNNs for Image Classification

Image Classifier to Object Detectors with CNN

CNN Limitations and Spatial Outputs




Convolutional Neural Network
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https://poloclub.qithub.io/cnn-explainer/
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B Al Convolutional Neural Network

A Typical Convolutional Neural Network (CNI
28.2
T 25.8
Output 152 layers ‘
Convolution Pooling Convolution Pooling e ‘ ‘“ e

S —— 5 = = A

/£ % ¥ — %

(% -

'..\ L 4’\ | It % 16.4

- T - \
| o= -x—v P \
) 11.7
Kernel ( 22 layers || 19 Iayers ‘
Input Image Featured Pooled Featured Pooled Flatten \ 6.7
maps Featured maps maps Featured maps layer E
3 57 Ik ] 8 layers ] | 8 layers \ shallow |
< > «—» o
Feature Maps Fully connected layer - e h (o =SaE
e Bt | ‘ Classification | l Probabilistic | ILSVRC'1S  ILSVRC'14  [ILSVRC'14 ILSVRC'13  ILSVRC'12 ILSVRC'11 ILSVRC'10
n ply S ) W’ ResNet  GoogleNet VGG AlexNet

Image Classifier (IF)
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etNet for Image Classification

‘Hello World’ in the domain of Convolution Neural Networks

C3: f. maps 16@10x10
C1: feature maps S4: f. maps 16@5x5

Reinat S2: f. maps C5: |
¥ - 1ayer g OUTPUT
\ p—

/L Dk s

= \
Full connection Gaussian connections
Convolutions Subsampling Convolutions Subsampling Full connection

handwritten and machine-printed character recognition

It was introduced by Yann LeCun, Léon Bottou, Yoshua Bengio, and Patrick Haffner in 1998
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AlexNet for Image Classification

New: Overlapping Max Pooling

5 con o N T |, 5
| =y zgy.oﬁoﬁoe
| GRS 13z (1332, Fc| « | Fc| : : i
: ol 10 IO
: > 9216 O O ;ggenax i
Overlap
max- pooling
Max pooling This overlapping nature of pooling helped
reduce the top-1 error rate by 0.4% and
— top-5 error rate by 0.3% respectively when =
(2x2) compared to using non-overlapping pooling (2x2)
Stride 2 windows of size 2%2 with a stride of 2 that Stride 1
would give same output dimensions.
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Al ) i AlexNet Summar

i Layer # filters / Filter size Stride Padding Size of feature Activa}ion i i LeNet Alaxat i
1 erons: | V - | Pmetion 11| Image: 28 (height) x 28 (width) x 1 (channel) | |Image: 224 (height) x 224 (width) x 3 (channels) :
| Input - - - - 227 x227x 3 i | v ! |
: | 11| Convolution with 5x5 kemel+2padding:28x28x6 | | Convolution with11x11kernel+4stride:54x54x96 |
! Conv 1 96 11x11 4 - 55 x 55 x 96 ReLU " ., Sigmoid | ReLu |
A ! ! 1 1| Pool with 2x2 average kernel+2 stride: 14x14x6 | | Pool with 3x3 max. kernel+2 stride: 26x26x96
! Max Pool 1 - 3x3 2 - 27x27x96 X 1 |
| Conv 2 ' - ‘ - ‘ L ' 5 I e | — 11| Convolution with 5x5 kernel (no pad):10x10x16 | | Convolution with 5x5 kernel+2 pad:26x26x256 |
. B B | | [ | ' ., sigmoid | ReLu |
i Max Pool 2 . 3x3 2 " 13x 13 x 256 1| Pool with 2x2 average kemel+2 stride: 5x5x16 | | Pool with 3x3 max.kernel+2stride: 12x12x256
== - 1 X ., flatten i !
: Conv 3 384 3x3 1 1 13x 13 x 384 ReLU H Dense: 120 fully connected neurons || Convolution with 3x3 kernel+1 pad:12x12x384 |
! ' ' ’ ' ' ' H ., sigmoid | ReLu :
i o . o _ 254 ? . ' ¢ | *Ealansoe | R H Dense: 84 fully connected neurons || Convolution with 3x3 kernel+1 pad:12x12x384
: Conv 5 256 3x3 1 1 13 x 13 x 256 ReLU i | v Sigmoid | ReLu |
'] | | | | | | o Dense: 10 fully connected neurons || Convolution with 3x3 kernel+1 pad:12x12x256 |
! Max Pool 3 - 3x3 2 - 6 x 6 X 256 X v | ReLu |
|| ' ' ' N Output: 1 of 10 classes | Pool with 3x3 max.kemel+2stride:5x5x256
! Dropout 1 rate = 0.5 = | < . 6 x 6 X 256 ' | flatten !
' rorvcomeceas | _ | ) ' ) I ) . 1096 ‘ feLL 1 | Dense: 4096 fully connected neurons |
1 ’ X | ReLu, dropout p=0.5 |
i Dropout 2 fiil =08 ; . . 4096 A | Dense: 4096 fully connected neurons I
A . . . - - ~ i : |/ ReLu, dropout p=0.5 !
'\ FullyConnected2 | . . . . 4096 ReLU | | Dense: 1000 fully connected neurons I
i Fully Connected 3 - - - - 1000 Softmax ii Output: 1 of I1 000 classes i
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y Z.FNet for Image Classification

____________________________________________________________________________________________________________________________________________________________________________

image size 224 110 26 13 13 _ _
filter size 7 3
384 ¢1 384 _ 256 ™
I w256 N
&stride 2 96  3x3 max 3x3 max C
3x_3 max pool| | contras pool| |contrast pool 4096 4096 class
stride 2 stride 2| [norm. stride 2 units units softmax

r\iss

B @ 2 _
Input Image 96 ] '\2‘56 56 = =

Layer 1 Layer 2 Layer 3 Layer 4 Layer 5 Layer6 Layer?7 Output

By visualizing the convolutional network, ZFNet become the Winner of ILSVLC 2013 in image classification by fine-tuning the AlexNet invented in 2012

/FNet was invented by Rob Fergus and Matthew D. Zeiler
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¥ esvienancdun VGGNet for Image Classification

The full name of VGG is the Visual Geometry Group, which belongs to the Department of Science
and Engineering of Oxford University.

i 152 layers i

1 A :

! | The original purpose of VGG's research on the depth of convolutional networks is to understand
i \ - how the depth of convolutional networks affects the accuracy and accuracy of large-scale image
| I I ~ dlassification and recognition.

22 Iayers | 19 Iayers ‘
bkl b
v 6.7

3.57 '_ e I | 8layers ] | 8 layers | ‘ shallow

ILSVRC'15 ILSVRC'14 ILSVRC'14 ILSVRC'13 ILSVRC'12 ILSVRC'11 ILSVRC'10

ResNet GoogleNet VGG AlexNet 2242724 3 924 x 724 x B4
| : Image input i
i AlexNet | Conv  :Convolutional layer :
. f L |
! w . 1 .
! olls =B E -l S . Pool : Max-pooling layer ! & Cl]ﬂV[llUtI[]ﬂ * REI.“
I = RII1EIEIE g ' 78 x 78 x 52 s -
: L Sl fc  :Fully-connected layer i |4x|iix._5%2 1x1x4036 @ max pﬂﬂllﬂg
| 2 R < i = A | | x|x|[]|]ﬂ
: % & & 2 2 2 & SRl - Sofimiax layer : @ fully Connected + Rell
| VGGNet e s e e s : @ softmax
| = il : = —_— - 3 i
. o - 0 - - ) | B = g |!
BB gé’gasgaé’gs_%’é’annng;
! | & l “4p
| - — g - - - -
! 2 2 2 2 2 g 2 !
| 2 Q ® ] o e 9 |
H = N w B 3] (=) ~ 1



ALl VGG16 for Image Classification

! : | Softmax |
Layer F(:;::e Size Kernel Size Stride Activation [ FC 1000 |
! I | Softmax ] | FC 4096 ]
' Input Image 1 224 x 224 x 3 - - - i fes | TC 1000 | [ FC 4096 ]
1 2 X Convolution 64 224 x 224 x 64 3x3 1 relu | fr [_FCa0%6 ] | o |
! ! fce | FC 4096 | | 3x3conv,512 |
i Max Pooling 64 112 x112 x 64 3x3 2 relu i [ Pool ] [ 3x3conv,512 1
i 3 2 X Convolution 128 112 x 112 x 128 3x3 1 relu i conv5-3 | 3 X 3 conv,512 | | 3 Xx3conv,512 |
! ! convS5-2 | 3 x 3 conv,512 | | 3 x3conv,512 |
Max Pooling 128 56 x 56 x 128 3x3 2 relu i conv5-1 [ 3 x3conn.512 ] [ Pool ]
. 5 2 X Convolution 256 56 x 56 x 256 3x3 1 relu | ' Pool J T T
: ! convd-3 | 3 x3conv,512 | | 3x3conv,512 |
E Max Pooling 256 28 x 28 x 256 3x3 2 relu i convd-2 | 3 x3conv,512 | [ 3x3conv,512 |
i 7 3 X Convolution 512 28 x 28 X 512 3x3 1 relu i convd-1 | 3 x3conv,512 | | 3 x3cony,512 |
i i | Pool | | Pool |
i Max Pooling 512 14 x 14 x 512 3x3 2 relu E conv3-2 | 3 x3conv,256 | | 3x3conv,256 |
10 3XConvolution 512 14x 14 x 512 3x3 1 relu o conv3d : = : : e :
. ! 00 00

Max Pooling 512 7x7x512 3x3 2 relu ' com22 [ 3x3comiz ] [xccommiz ]
E 13 FC - 25088 - . relu E conv2-1 | 3 x3cony,128 | | 3x3conv,128 |
i i [ Pool ] Pool |
i 14 FC - 4096 - - relu i convl-2 | 3 X 3 conv, 64 | | 3 x3conv, 64 |
. 15 FC . 4096 - . relki i convil [ 3x3conved ] [3Xx3conved ]
' [ Input | [ Input ]
' Qutput FC - 1000 - - Softmax !

o oloollllooooollooooolliioooooioooooooooooo | VGG16 VGG19
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previous AlexNet, ZFNet, and VGGNet

DepthConcat
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Conv Conv
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GoogleLetNet for Image Classification
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Gt

DepthConcat
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Conv
Ix1+1(S)

Conv
1x1+1(S)

Conv
1x1+1(S)

Conv
5x541(S)

Conv
3x3+1(S)

Conv
1x1+1(S)

Conv
1x1+1(S)

MaxPool
3x3+1(S)

MaxPool
3x3+2(5)

MaxPool
3x3+2(5)
|

B
<

AvePool
v
Dropout
(40%)

MaxPool | —

MaxPool




79 Al | AIVIET NAM

o - GoogleLetNet for Image Classification

New: 1%1 convolution is used as a dimension reduction module to reduce the computation

5x5 convolution without using 1x1 bottleneck convolution 5%5 convolution using 1x1 bottleneck convolution

Conv (5,5) Conv (1,1) Conv (5,5)
Same, 32 filters Same, 16 filters Same, 32 filters
28x28x192 28x28x32 28x28x192 28x28x16 28x28x32
___________________________ 3 e e e e e e e e e e e e e e e e e e e e e e e e e e e = =
Number of parameters =28x28 (size of the input image)x 5x5(size of filter) x
192 (channels) x 32(no of filters) Number of parameters =28 x 28 x 16 x 192 +28x28x32 x5x5x 16 ~

= 120,422,400 operations 12.4M

As the authors said that the idea of the name “Inception” comes from famous internet meme below: WE NEED TO GO DEEPER
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Y e (GoOGleLLetNet for Image Classification

New: Inception Module

Filter
Filter concatenation
concatenation
/A‘\ ﬂ\
| 3x3 convolutions 5x5 convolutions 1x1 convolutions
1x1 convolutions 3x3 convolutions 5x5 convolutions 3x3 max pooling ‘ RO M ) i ¥
| | _

A Qmons 1x1 convolutions 3x3 max pooling

Previous layer Previous Iayer
(a) Inception module, naive version (b) Inception module with dimension reductions

Inception V1 Module Inception V1 Optimizated
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) Scnpion ResNet for Image Classification

201 \\\ \/\,“M 20r
% ) & 56-layer
@) N’
5 10k S 20-layer
”%D 56-layer  _
= 3
8 N
= 20-layer
0O i 2 ' ll’v 4 5 é 00 1 é " :l'a B 5 l6
iter. (1e4) iter. (1e4)
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ResNet for Image Classification

__________________________________________________________________________

pool, /2
3x3 conv, 64

34-layer residual
image
7x7 conv, 64, /2

A novel architecture called Residual Network was launched by Microsoft Research experts in 2015 with the
' proposal of ResNet. !

______________________________________________________________________________________________________

34-layer residual !

image

A4

1
1
| 7x7 conv, 64, /2
1
1

pool, /2
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' ' P o1 stioverpian  3ebyerresiual |
New: Skip Connection e e :
== :
i [Taa m.: e | ET [ Hramin | :
! n-: " nm'l ” .u: n :
ittt ettt ! oy n{m I e R = BN p—
: x 1 : 343 conv, 256 [ some | [ 3G ] ]
1 : : zum;.,zss | [ m«%u&i—". :
i : : [ zaom2s | [ macomea | :
: | Weight Layer - | I : l - :
: RelLU . : :um pod, 12 [Gocvami | '
: € Identlfy : : gt m:{mm ] [ m«;n.m ]
: Weight Layer - Il Connection | N R -
! 1 ! %) conw, 512 3 cerv 18|
F(x) R
H 1 ! [Eeeamin |
1 | 1 (3
i F(:) rx— : : J [ ;mmj:n ] \ |
. : } ot ! — e
: : A o s ol 4 o @£ & £ Ea &8 6 ¢ 6
| | | I e » O © © © O 9O 9O W
: x) = ReLU(F(x) + x : N — ——— ’
. H(x) = ReLU(F(x) + x) ! D O o i /I\ ’I\
Y cv-tricks.com ! | [Craemsn ] [owman ] P
| e Deep Layers somwhere in Initial
o , i E = the middle Layers
The intuition is that learning f(x) = 0 has to be : R
easy for the network. ! ey ]
: [ammaw ) :— ''''''''''''''''''''''''''''''''''''''''''''''''''''''''' :
S i ' The VGG-19-inspired 34-layer plain network architecture used by ResNet is followed
i o i S ' by the addition of the shortcut connection :
. e e N | !
1 [3dem s | L I
1 L 4
! VORI ", &-«v'_’"_
= e e

____________________________________
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- Image Classification vs. Object Detection

Classification
+ Localization

Object Detection

Classification - s Instance
+Localization Segmentation
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uﬁ/\‘ Image Classifier to Object Detectors with CNN

CNN Limitations and Spatial Outputs
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Y Image Classification To Ob

ect Detection

Step 1: Input Image Step 5: Return Result

\ 4

Step 2: Construct Image Pyramid

A 4

Step 3.3: if min probability test passes, record class label
and bounding box location

S A G e S—

[Step 4: Appy NMS

pyramid

a

\ 4

Step 3.1: For each step of sliding window, extract ROl HStep 3.2: Take ROl and pass it through CNN for

classification

]
| ]
]
]

[Step 3: Run sliding window at each scale of image

Code: https://colab.research.google.com/drive/ 1Etx1G4XRErsOF7N8ivHQBJZvVRboQx-8?usp=sharing
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") esicmamecun Ideas for Detection using CNN

Crop + Resize with Sliding Window + Image Pyramid

Sliding Window — Location

Image Pyramid - Scale Get Class scores
Using Softmax

J
: . \
Conv and Pool Layers | |]_' Get Bounding boxes

As Feature Extractors Feature Maps Using L2 loss
x1,y1,x2, y2)

For example, to process an image of 800x800, if the inding window size is 224,
we will end up with

Image Credit - http://host.robots.ox.ac.uk/pascal/VOC/voc2012/examples/index.html 331 1776 crops.



http://host.robots.ox.ac.uk/pascal/VOC/voc2012/examples/index.html

\ ) oo Ideas for Detection using CNN

blocks - MaxPooling2D input: | (?, 14, 14,512)
OO PORL AR OINEE Touigee | (0,7.7,512)

l

softmax_head: Dense

input: | (?,512)

1
i :
1 1
I i
! sge 3 : I
I Classification l Bounding box head i
1
sttt o= I head input: | (2,7,7,512) i
I Crop + Resize with Sliding Window + Image Pyrami I I flatten: Flatten output: | (2, 25088) :
i Sliding Window — Location i i !
' Image Pyramid - Scale |i|_' Get Class scores ' ' i
1 il ft 1 1 g
i Using Softmax A input: | 2,25088) | [ input: | (2,25088) | |
: ense: Dense
P | ST gt | (%, 512) output: | (2,128) | |
. =
| ' |
i i " - input: | (?,512) 3 p— input: | (?,128) i
; : Dense
i i opout: Dropout output: | (2,512) = output: | (?,64) i
‘ T o l |
1
Get Bounding boxes i i 1
Conv and Pool Layers . 1 1 . : s !
Feature M : 2..512 input: 7,64
As Feature Extractors e H—‘ Usmg L2 loss : : dense 4: Dense mPUt ( ) dense_Z: Dense p ( ) i
(x1,y1,%2,y2) I I = output: | (2,512) output: | (2,32) | |
- ] ] i
_ 1 1
———— R e —————— -—-- i o . input: | (2,512) Sbox. fead e input: | (?,32) i
] 3 B t x_head: Dense
p | PO DIOPOIE P iput: | (7, 512) output: | (2,4) | |
= i
! I
! I
! I
! I
! I
! I
{ I
1 1
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[]ij)\\— CNN Limitations and Spatial Outputs
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r———— — — — — e T L L L L L L L L L L L L ——— "
:( Step 1: Input Image Step 5: Return Result E VGGNet
[ S 7 \S = 27 R — — - o
1 1 |
7 l : =3 ‘ o | | ® ‘ o ‘ o ’ o &
: r ) g | § g o g g g § o g g S § g g - 2 P s“
:‘ Step 2: Construct Image Pyramid Step 4: Appy NMS E "< S ‘2 ‘3 ‘9- 2 < o ‘3 < e < 2 ‘— &
i . ) \ A LR 4 A | |
] I 7 i \ J
:[ Step 3: Run sliding window at each scale of | [ Step 3.3: if min probability test passes, E I

_image pyramid  record class label and bounding box location |

|
i Conv and Pool Layers
As Feature Extractors

i Step 3.1: For each step of sliding window, || Step 3.2: Take ROI and pass it through CNN |
L extract RO \for olassifloation

Feature Extractor

HOG/SIFT/ /Etc

T
[ -

ol I T (T TP TT]
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) ~  Problems: CNN Input Size Constraints

Pooled

Image Co.nvolutl.on Feature Maps Pool Feciurs Maps FV FC Layers
Weights/Filter R T
o o o o o d o o . |
0 0 . .
0 0 ] L L
0 0 ] L4 L]
0 0 ] =
0 0 L -
0 0 Ll Bt
o o o o o o o 0 I R I I
6x6 Input J J _J' o
o o o o o o . -
0 0 ) ¢ 0 I
0 0 1 | Bl L
0 0 . L]
0 0 i
0 0 i = .
0 0 [ | B
0 0 = =
0 0 (= ¢ L L]
o o o o o o o o o o J g B

8x8 Input J =] Q

How to solve?
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ConvNets input size constraints

% FC as Conv

_ _ Pooled
Image Weights/Filter Feature Maps Pool Feature Maps 9I):(\1/ i FC Layers
ol o o o o o o o 3x3 6x6 3x3 ]
0 0 2X2 — 3x3 3x3
0 0 || H
6x6 [ ; H y
0 0 -
0 0 -
Of Oof 0 O of of 0o o ||
H What does it mean?
Of Of o o O O O O of 0 |
4x4 ( \
c ; 2x2 ! - e 3 H
0 0 B
0 0 B
0 0 I V
0 0 ||
0 0 || \ /
0 0
Of Of o0 0O O O 0 O of 0 3X3 8)(8 :
818 [
bx

—y
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), ConvNets input size constraints

% FC as Conv

Does this make sense? -> yes
If so, what does this mean? -> Represents the computations on different portions of the image.

N —

Image Weights/Filter Feature Maps i FC Layers
of of of o o o o o !
0 0 !
0 0 i = H
: ] 0 0 |
| i 0 0 = v
i i 0 0 i
i i 0 0 :
! ] o o o o o o o o |
: i Same Localization CNN !
i 2x2 Pool 2x2 Pool ] / |
: Stride = 2 ] Stide=2 : |
i '[ = '!23 i o o d d d d 0 0 i
E 4x4 i 0 0 |
l PR 0 ! H
m - v : | -
+ Every value in the output encodes information from some 4x4 | o o :
' patch of the image. | o o :
b e i 0 0 : m Vv
0 0 :
o o a )
o o o o o o d d d o : Spatial output
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V) " cavemamedur ConvNets input size constraints

% FC as Conv

2x2 Pool 2x2 Pool
Stride = 2 H__ Stride = 2 —E
(I 2%2
44

8x8

i Every value in the output encodes information from some 4x4 i
! patch of the image.

CNN
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P Ill.‘I_Al

IIENN
“I,” ]k. ‘ F Confidence scores

L |

‘_ﬁ E

, Uy
. N - Localization CNN

£ 4 2 A M s BBox
[y @EE 5

Localization CNN

T

<

il s
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Spatial Ouput for Image Pyramids
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Y Spatial Outputs: Summar

With Spatial Outputs, we can detect different objects at different locations of the image. Below figure shows a 2x3 Spatial Output for a sample image.
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Integrated Recognition, Localization and Detection using Convolutional Networks

Stiirg-Window-Crop-FC as Conv (No input size constraint) + Spatial Output + Image Pyramid

Resolution = 36 How to modify localization framework to convert FC as Conv?

425x497 281x317 1. Use the same localization network,
401569 without using the Sliding Window crops
at different locations.

2. No input size constraint, be able to use
the Image pyramids.

3. Use Ima%e Pyramids, we will get the
Spatial Output, which will give us
detections at different locations of the
image.

4. The entire network is using Convolution
operations, it is way more efficient than
taking crops.

~

Smaller objects Larger objects |_|
If you want to detect even smaller objects, use even bigger image pyramids. Trade-off, increase in computation
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) OverFeat Classification

1x1x4096 1x1x4096

s 1X1xC
| | Get Class scores
5> ff Ix1j 1x1 H> Using Softmax

- Fully Connected layer implemented as a convolution layer

Conv Output
x Feature Map
245x245 :
Y Pool Layers From Conv+Pool Feature Map Outputs Filters Final output
First 5 Layers 2 For 1 Class

AlexNet (Modi

sl sl=

(1x1| |1 (1| |1 |1

5x5

245x245 | ! f | .
| [
First 5 Layers of Feature Map

AlexNet (Modified)

5x5

OverFeat: Integrated Recognition, Localization and Detection using Convolutional Networks — Sermanet et al
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245x245

Overfeat Classification

Conv
+

Pool Layers

Output
Feature Map
From Conv+Pool

What about feature map deptEh?

Isn't it 256 or 5127

E—

281x317

First 5 Layers of
AlexNet (Modified)

!

\ )
f
Feature Map
5x5
ox7/

OverFeat: Integrated Recognition, Localization and Detection using Convolutional Networks — Sermanet et al

Images Credit — Overfeat paper & https://towardsdatascience.com/object-localization-in-overfeat-5bb2f7328b62

Filters

\Fully Connected layer implemented as a convolution layer

Final spatial
output
For 1 Class

23 |

1x1

2x3 \

1x1

5X5\%

The dimensions of the filters should remain same.

That's the whole point. You want your network to work

irrespective of the image size.

What about other classes?
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N layer Conv — M Feature Maps

O |O [O |0 |0 |o o |o

Oo|lOoO|O|O O |O|o o
——

O |0 |©C |0 [0 |0 [0 |o

ololo|o|o|o|o|o
e ——
T 1T 11

o |0 |0 |0 [0 |0 [0 |o

OO0 |0 |0 |0 |Oo |Oo
—
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) Overfeat Classification

Fully Connected layer implemented as a convolution layer

Conv Output Feature Map Outputs Filters Final output
+ Feature Map For C Classes
Pool Layers From Conv+Pool

X256 256*4096 4096* 4096 xC

5x5 1x1

245x245

First 5 Layers of Feature Map N layer Conv — M Feature Maps
AlexNet (Modified) 55

clolololololals
I ]
%
|

1t

it

T T
calelololololol |glolalolclololal |slalolololololo

e
=
o
o
e
=
slelololololalal lolalololololal

OverFeat: Integrated Recognition, Localization and Detection using Convolutional Networks — Sermanet et al

00 o of of o

See demo here - http://cs231n.github.io/assets/conv-demo/index.html|
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) Overfeat Classification

6 Scaled images in the ratio ~1.4 1x1x4096 1x1x4096

245x245
281x317 Get Class scores
Using Softmax
317x389 X256 1x1xC
; - 2x3xC
| - 3x5xC
389x461 , , i ExT7xC
I 1 6x7xC

425x497

= [ 7x10xC
' [ " \ Get Bounding boxes
First 5 Layers of Feature Maps —» Using L2 loss (x1, y1, x2, y2)

AlexNet (Modified)
o 1x1x4xC
6x7
461x569 | i 2x3x4xC
Network resolution is 36 3x5x4xC
i SX7XAXC
LERELL 6X7XAXC

11x14 7x10x4xC







