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Object Detection Evolution = Start with the Basics

Start with the Basics
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Object Detection Evolution = Start with the Basics = Problem Definition

Problem Definition

What objects are where?

Figure: Object Detection Example. (source) '

Andrii Polukhin  Data Science UA  June 14, 2023 5/ 64
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Object Detection Evolution = Start with the Basics | Importance of Object Detection

Importance of Object Detection

Figure: Object Detection In Real World. (source) &'
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Object Detection Evolution = Start with the Basics = Applications = Surveillance Systems

Surveillance Systems

Figure: Object Detection In Surveillance Systems. (source) (&
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Object Detection Evolution = Start with the Basics = Applications Autonomous Vehicles

Autonomous Vehicles

Traffic Signal

Padesman

Road Vehicle

Figure: Object Detection In Real World. (source) &'
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Object Detection Evolution = Start with the Basics Applications Medical Imaging
Medical Imaging

Object detection

[[] Metastases [ ] Aorta [] stomach Spleen

Figure: Object Detection In Medical Imaging. (source)&
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https://pubs.rsna.org/doi/full/10.1148/rg.2021200210

Retail (Automated Checkout)
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Figure: Object Detection In Retail. (source) '
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https://blog.roboflow.com/retail-store-item-detection-using-yolov5/

Object Detection Evolution =~ Start with the Basics = Applications =~ Agriculture (Crop Monitoring)

Agriculture (Crop Monitoring)

Classification

Object detection Segmentation

Esca O Esca Esca: | |Positive | | Negative

Figure: Object Detection In Agriculture. (source) &
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Object Detection Evolution A Road Maps of Object Detection

A Road Maps of Object Detection
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Object Detection Evolution A Road Maps of Object Detection Road Map (general)

Road Map (general)
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https://link.springer.com/article/10.1007/s11263-019-01247-4

Object Detection Evolution A Road Maps of Object Detection Road Map (more traditional methods)

Road Map (more traditional methods)
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https://arxiv.org/abs/1905.05055

Object Detection Evolution A Road Maps of Object Detection Road Map (deep learning methods)

Road Map (deep learning methods)
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Object Detection Evolution A Road Maps of Object Detection = Object Detection Metrics Improvements

Object Detection Metrics Improvements
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Figure: Accuracy improvement of object detection on VOC07, VOC12 and
MS-COCO datasets. (source) &'
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Object Detection Evolution = Traditional Detection Methods

Traditional Detection Methods
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Object Detection Evolution

Traditional Detection Methods

Traditional Detection Methods

Figure: Face Detection Methods in 2001. (source) (&
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Object Detection Evolution = Traditional Detection Methods = Viola-Jones Detectors (2001)

Viola-Jones Detectors (2001)
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(e)

Figure: Viola-Jones algorithm parts: () combination of regions, (b) Haar

Features, (c) cascade classifier, (d) Haar feature applies to the image, and (e)
LBP feature. (source) (&
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https://www.researchgate.net/figure/Viola-Jones-algorithm-parts-a-combination-of-regions-b-Haar-Features-c-cascade_fig1_282972331

Object Detection Evolution

Traditional Detection Methods

HOG Detector (2005)

HOG Detector (2005)
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Figure: Object detection algorithm using HOG features.
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https://www.researchgate.net/figure/Object-detection-algorithm-using-HOG-features_fig19_305510342

Object Detection Evolution = Traditional Detection Methods = Part-based Approaches

Part-based Approaches

m Deformable Part-based Model (2008)
m Implicit Shape Model (2008)

-~ v - .
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s <\ - .
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Figure 6: An example detection obtained with the Deformable Part Model pro-
posed by Felzenszwalb et al. (2008). The DPM comprises a coarse as well as
multiple high resolution models and a spatial constellation model for constrain-
ing the location of each part. Adapted from Felzenszwalb et al. (2008).

Figure: (source) 3"

Andrii Polukhin  Data Science UA  June 14, 2023



https://arxiv.org/abs/1704.05519

Object Detection Evolution Deep Learning-based Detection Methods

Deep Learning-based Detection
Methods
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Object Detection Evolution Deep Learning-based Detection Methods

Deep Learning-based Detection Methods

Head

Faster R-CNN, R-FCN, SSD, YOLO,
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Neck
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Backbone

AlexNet, GoogLeNet, VGGNet-16, ResNet-101,
DarkNet-19, EfficientNet-B7, CSPDarknet-53,
SpineNet, etc..

Input
Image, Patch, Image Pyramid

Figure: The components of an ordinary object detection model. (source) (&
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Object Detection Evolution Deep Learning-based Detection Methods Two- and One- Stage Detectors

Two- and One- Stage Detectors

 Detection generator

|:|Clasvﬁcaunn
|:| Regression

Input Image Feature extractor Input Image Feature extractor

(a) Two-stage Faster R-CNN (b) One-stage RetinaNet

Figure: Deep learning object detection meta-architectures. (source) ('
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Object Detection Evolution Deep Learning-based Detection Methods Two-Stage Detectors

Two-Stage Detectors
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Object Detection Evolution  Deep Learning-based Detection Methods Two-Stage Detectors RCNN (2014)

RCNN (2014)

-

= [ o oaneor |

&

Input Image Region Proposals Warped ROI CNN Detection

Figure: lllustration of the internal architecture of RCNN. (source) &'
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https://arxiv.org/abs/2104.11892

Object Detection Evolution Deep Learning-based Detection Methods Two-Stage Detectors Fast RCNN (2015)

Fast RCNN (2015)
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Figure: lllustration of the internal architecture of Fast RCNN. (source) &
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https://arxiv.org/abs/2104.11892

Object Detection Evolution Deep Learning-based Detection Methods Two-Stage Detectors Faster RCNN (2015)

Faster RCNN (2015)
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Figure: lllustration of the internal architecture of Faster RCNN. (source) (&'
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Object Detection Evolution Deep Learning-based Detection Methods = Two-Stage Detectors FPN (2017)

FPN (2017)
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Figure: lllustration of the internal architecture of Feature Pyramid Networks
(FPN). (source) (&
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Object Detection Evolution Deep Learning-based Detection Methods Two-Stage Detectors Backbones
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Figure: A comparison of detection accuracy of three detectors: Faster RCNN,
R-FCN and SSD on MS-COCO dataset with different detection backbones.
(source) '

Andrii Polukhin  Data Science UA  June 14, 2023



https://arxiv.org/abs/1905.05055

Object Detection Evolution Deep Learning-based Detection Methods One-Stage Detectors

One-Stage Detectors
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Object Detection Evolution = Deep Learning-based Detection Methods = One-Stage Detectors  YOLO (2015)

YOLO (2015)
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Figure: Illustration of the internal architecture of You Only Look Once (YOLO).
(source) L'
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Object Detection Evolution Deep Learning-based Detection Methods One-Stage Detectors = SSD (2015)

SSD (2015)

Tnput Tmage Convolutional Layers Detection

Figure: lllustration of the internal architecture of Single Shot MultiBox Detector
(SSD). (source) &'
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Object Detection Evolution Deep Learning-based Detection Methods One-Stage Detectors = RetinaNet (2017)

RetinaNet (2017)

RetinaNet

[II Classification Subnet

)

II RB Regression Subnet

i
I
i
i
i
i
P
i
i
i
I
i
i
i
i
i
_—
i
i
i

Input Image Convolational Layers FI'N Detection

Figure: lllustration of the internal architecture of RetinaNet. (source) (&'
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Object Detection Evolution Deep Learning-based Detection Methods One-Stage Detectors = CenterNet (2019)

CenterNet (2019)

CenterNet
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Figure: lllustration of the internal architecture of CenterNet. (source) (&
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Object Detection Evolution Deep Learning-based Detection Methods Object Detectors by Category

Object Detectors by Category

I Anchor-based (two-stage) [l Anchor-based (one-stage) 0 Anchor-free
[l Transformer-based

2015 2016 2017 2018 2019 2020 2021 2022

Figure: The number of state-of-the-art object detectors, by category, published in
top journals and evaluated on MS-COCO. (source) S'
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Object Detection Evolution Deep Learning-based Detection Methods ~Transformer-based Detectors

Transformer-based Detectors
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Object Detection Evolution Deep Learning-based Detection Methods ~Transformer-based Detectors

Transformer-based Detectors

Vision Transformer (ViT) Transformer Encoder

MLP
Head

‘ Transformer Encoder ’

@ﬁ.&.{.@ﬁ g

* Extra learnable
[class] embedding Lmear PrOJectlon of Flattened Patches

Embedded
Patches

Figure: Model overview. We split an image into fixed-size patches, linearly embed
each of them, add position embeddings, and feed the resulting sequence of
vectors to a standard Transformer encoder. In order to perform classification, we
use the standard approach of adding an extra learnable “classification token"” to
the sequence. (source) (&
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Object Detection Evolution Deep Learning-based Detection Methods = Transformer-based Detectors  DETR (2020)

DETR (2020)

Convolutional Set of Transformer
neural — image encoder-
network features decoder

Set of box

predictions No object {0} No object {0}

Bipartite matching loss

Figure: DETR directly predicts (in parallel) the final set of detections by
combining a common CNN with a transformer architecture. During training,
bipartite matching uniquely assigns predictions with ground truth boxes.
Prediction with no match should yield a “no object” class prediction. (source)&
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https://towardsdatascience.com/detr-end-to-end-object-detection-with-transformers-and-implementation-of-python-8f195015c94d

Object Detection Evolution Deep Learning-based Detection Methods Transformer-based Detectors = Swin (2021)

Swin (2021)

segmentation
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/” ol e 16x A i 7 - 16x

classification

ST
L 7
i L e 4% | - 16x
S i i =
WA oA

(a) Swin Transformer (ours) (b) ViT

Figure: The proposed Swin Transformer builds hierarchical feature maps by
merging image patches (shown in gray) in deeper layers and has linear
computation complexity to input image size due to computation of self-attention
only within each local window (shown in red). (source) ('
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Object Detection Evolution Deep Learning-based Detection Methods Non-Max Suppression (NMS)

Non-Max Suppression (NMS)
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Non-Max Suppression (NMS)

Evolution of Non-Max i

Learner|

H

4. NM-free Detector

Suppression
- 1. Greedy selection 2. Bounding box aggregation 3. Learning to NMS
Year: 1994 2001 2005 2008 2011 2014 2015 2016 2017 2018 2019 2020 2021
Greedy Selection with Improvements

Traditional Greedy Selection

Bounding Box Aggregation

@V) Det. (P. Viola

Learning to Non-Maximum Suppression

”””””””” et al-CVPR2001)

—— Non-Maximum Suppression Free Detector

@Face Det. (R. Vaillant et al-VISP1994), @HOG Det. (N. Dalal et al-CVPR2005),
@DPM (P. Felzenszwalb et al-CVPR2008, TPAMI2010), @RCNN (R. Girshick et al-
CVPR2014), @SPPNet (K. He et al-ECCV2014) @Fast RCNN (R. Girshick-ICCV2015),
@Faster RCNN (S. Ren et al-NIPS2015), @YOLO (1. Redmon et al-CVPR2016),
@SSD (W. Liu et al-ECCV2016), @FPN (T. Y. Lin et al-CVPR2017), @RetinaNet{(T. Y.
Lin et a-ICCV2017), @FCOS (. Tian et al-ICCV2019) ...

@StrucDet (C. Desai et al-1/CV2011),
@MAP-Det (P. Henderson et al-ACCV2016),
@LearnNMS (J. Hosang et al-ICCV2017),
@RelationNet (H. Hu et al-CVPR2018),
@Learn2Rank (Z. Tan et al-ICCV2019) ...
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@SoftNMS (N. Bodla et al-ICCV2017), @FitnessNMS (L.
Tychsen-Smith et al-CVPR2018), @SofterNMS (Y. He et
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Figure: Evolution of non-max suppression (NMS) techniques in object detection
from 1994 to 2021: 1) Greedy selection, 2) Bounding box aggregation, 3)
Learning to NMS, and 4) NMS-free detection. (source) (&'
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Object Detection Evolution  (Zero | One | Few) - Shot Object Detection

(Zero | One | Few) - Shot Object
Detection
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Object Detection Evolution = (Zero | One | Few) - Shot Object Detection ~Multimodality

Multimodality
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Object Detection Evolution = (Zero | One | Few) - Shot Object Detection ~Multimodality

Multimodality

i
S DL Module 1 > | Modiier
i
| Jusion — Prediction

— QEECICEN | rusion

Figure: Workflow of a typical multimodal. Three unimodal neural networks
encode the different input modalities independently. After feature extraction,
fusion modules combine the different modalities (optionally in pairs), and finally,
the fused features are inserted into a classification network. (source)(#'
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https://www.v7labs.com/blog/multimodal-deep-learning-guide

Object Detection Evolution = (Zero | One | Few) - Shot Object Detection Multimodality

(Zero | One | Few) - Shot Object Detection
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Figure: (source) (&'
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https://research.aimultiple.com/multimodal-learning/

Object Detection Evolution  (Zero | One | Few) - Shot Object Detection = CLIP (2021)

CLIP (2021)

CLIP adds image-text connection to understand the content of the
image.
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CLIP (2021)

1. Contrastive pre-training
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Figure: CLIP by OpenAl. (source) &



https://openai.com/research/clip

Object Detection Evolution  (Zero | One | Few) - Shot Object Detection OWL-ViT (2022)

OWL-ViT (2022)

OWL-ViT adds image-level patches to understand the location of the
objects.
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Object Detection Evolution  (Zero | One | Few) - Shot Object Detection OWL-ViT (2022)

OWL-ViT (2022)

( \ Text
'bird Text embedding
sitting —={ Transformer
on a tree' encoder
 J
+ = - -
——, - - -
B
- - -+
4% }? Vision Contrastive
v romes—>| Transformer loss over
ﬂg i encoder Image 'ngeshl"a
embedding aich.

_

Figure: OWL-ViT: Image-level contrastive pre-training. (source) (&
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https://arxiv.org/abs/2205.06230

Object Detection Evolution  (Zero | One | Few) - Shot Object Detection OWL-ViT (2022)

OWL-ViT (2022)
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Figure: OWL-ViT: Transfer to open-vocabulary detection. (source) '
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Object Detection Evolution  (Zero | One | Few) - Shot Object Detection OWL-ViT (2022)

OWL-ViT (2022)

Figure: OWL-ViT: Example of one-shot image-conditioned detection. (source)(&
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Object Detection Evolution = (Zero | One | Few) - Shot Object Detection = GLIP (2022)

GLIP (2022)

GLIP adds word-level understanding to find the objects by the
semantics of the prompt.
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GLIP (2022)

Prompt : person. bicycle. Prompt : aerosol can... Prompt : raccoon
car. motorcycle... lollipop... pendulum...

Prompt : pistol Prompt : there are some Prompt : person. dog.
holes on the road

Figure: GLIP zero-shot transfers to various detection tasks, by writing the
categories of interest into a text prompt.
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GLIP (2022)

Prompt PL Py Pus
Biye Hdry
Word
person. Bicycle . 2 E.ﬂ Features
Lo po [ e 0 emr | prote | gogg i
Encoder a | layer Layer - 58| N Two syringes and a small vial
Awoman holds a o P of vaccine.
ing protective goggles 2t 2t 0y Py| o [01-Pun| 05 Py
Fusion Fusion
0y Py
. Fo— Alignment iaya osmeraida [
09, 0t Word-Region i —
S— | 1 rguois
encoder > 0" Made | | Module
. Oon Oy - Py|Oy - Py Oy - P, N
Deep Fusion m i v playa esmeralda in holguin,

cuba. the view from the top of
the beach. beautiful caribbean
sea turquoise

Region Features | [ [ [ [ | L

Figure: We reformulate detection as a grounding task by aligning each region/box
to phrases in a text prompt. We add the cross-modality deep fusion to early fuse
information from two modalities and to learn a language-aware visual
representation. (source) '
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(Zero | One | Few) - Shot Object Detection = GLIP (20!

Object Detection Evolution

GLIP (2022)

Prompt: ... , which is flat

Prompt: ...
and round...

Figure: A manual prompt tuning example from the Aquarium dataset in ODinW.
Given an expressive prompt (“flat and round"), zero-shot GLIP can detect the

novel entity “stingray” better. (source) (&
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Object Detection Evolution = (Zero | One | Few) - Shot Object Detection = Segment Anything (2023)

Segment Anything (2023)

Segment Anything (SAM) adds masks to see the pixel-level location of
the objects.
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Segment Anything (2023)

Segment Anything

4 Fric Mintun?  Nikhila Ravi? Hanzi Mao®> Chloe Rolland®  Laura Gustafson®

Alexander Kirillov'?:
Wan-Yen Lo Piotr Dollar* Ross Girshick?

Tete Xiao® Spencer Whitehead ~ Alexander C. Berg

*project lead 2joint first author 3equal contribution “directional lead
Meta Al Research, FAIR
valid mask valid mask ,—» annotate -
lightweight mask decoder model data
f L v —
model
TIHEER Segment Anything 1B (SA-1B):
encoder
7 « 1+ billion masks ==
Iz‘ promp! « 11 million images =
encoder 4
* privacy respecting -
7  licensed images > -
i prompt image

segmentation prompt

(a) Task: promptable segmentation
Figure 1: We aim to build a foundation model for segmentation by introducing three interconnected components: a prompt-

able segmentation rask, a segmentation model (SAM) that powers data annotation and enables zero-shot transfer to a range
of tasks via prompt engineering, and a data engine for collecting SA-1B, our dataset of over 1 billion masks.

(b) Model: Segment Anything Model (SAM) (c) Data: data engine (top) & dataset (bottom)

Figure: (source) &
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Object Detection Evolution = (Zero | One | Few) - Shot Object Detection = Segment Anything (2023)

'AL ¢ . 5_; &
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Object Detection Evolution = (Zero | One | Few) - Shot Object Detection Good Visual Tokenizers (2023)

Good Visual Tokenizers (2023)

GVT adds usage of the Large Language Model to investigate the
image with the text.
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Good Visual Tokenizers (2023)

(a) VoA Q: Are the men competing? —> A:Yes } mantc
(b) Image Captioning Q: What does this image describe? > A: Some males are playing with a white frisbee. J U2
(c) Object Counting Q: How many people are there in the image?

. Fine-Grained
(d) Multi-class Identification Q: Does sports shoe exist in the image? — ER Ay | —> A: Yes }V‘m‘ Perception

Figure: Different tasks require visual understanding of different perspectives.
Mainstream vision-language tasks, e.g., (a) VQA and (b) Image Captioning
mainly focus on semantic understanding of the image. In this work, we also study
two fine-grained visual understanding tasks: (c) Object Counting (OC) and (d)
Multi-Class Identification (MCI). (source) ('
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Object Detection Evolution = (Zero | One | Few) - Shot Object Detection Good Visual Tokenizers (2023)

Good Visual Tokenizers (2023)

Pretrained Visual (—> A cute dog sitting on the garden.

[ Vicuna . ]
Perceive
Resampler ¢

What does this image describe? ‘
Feature Distillation O00--0O

Tokenizer (CLIP)

Smoothed £; Loss

Distilled Visual
Tokenizer

Distilled Visual
Tokenizer

Figure: Framework of GVT. First distill the features of a pretrained CLIP via
smoothed L1 loss. Then, use it to encode images into a set of tokens, which are
fed into the Perceiver Resampler as soft prompts. Together with language
instructions, these prompts are fed into LLM to generate responses. Only the
Perceiver Resampler is optimized in this process. (source) &
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Object Detection Evolution = (Zero | One | Few) - Shot Object Detection Good Visual Tokenizers (2023)

Good Visual Tokenizers (2023)

CLIP adds image-text connection to understand the content of the
image.

OWL-VIiT adds image-level patches to understand the location of
the objects.

GLIP adds word-level understanding to find the objects by the
semantics of the prompt.

SAM adds masks to see the pixel-level location of the objects.

GVT adds usage of the Large Language Model to investigate the
image with the text.
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Object Detection Evolution Q&A

Thank you for your attention!
| am ready to answer your questions now.
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