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Intersection over Union (IoU)

I0OU = Area of Intersection

Area of Union



Mean Average Precision (mAP)

mAP determines how well the model performs at accurately detecting
objects for all classes. It is the most common metric used for evaluating
object detection:

1 N
mAP=— ) AP,
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Precision

Average Precision (AP)

AP=_— Y AP,
re{0.0,...,1.0}

Before 2008 Pascal VOC,
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-o—o o ® ] = Tll' X (AP,(0) + AP,(0.1) + ... + AP,(1.0))
09
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07 AP =(5x1.0+4x0.57+2 x 0.5)/11
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Deformable Parts Model (DPM)

* DPM has 3 major components:

- A coarse root filter defines a detection window that approximately covers an entire object
— Multiple part filters covering parts of the object, calculated at double resolution

- A spatial model for scoring the locations of part filters relative to the root, provided with
design

Model
A

(a) Root filter (b) Part filters in (c) A spatial model
higher resolution for part locations



Non-Max Suppression

Non-Maximum Suppression finds the optimal bounding box,
and suppresses all other bounding boxes.

Input: B = {by,..,by}, S = {s1,..,sn}, Th
B:list of detection boxes
S corresponding detection scores
Th: NMS threshold
Begin:
D«®
while B + @ do
m < argmax S
M« b
D<—DnCJM, BeB—M Remove
for b; in B do redundant boxes
(“if iou(M, b;) > Th then
' | B«B-b; S<—S—sii
)

———————————————————————

end
return D, S

end

NMS Algorithm Pseudocode



Overfeat: Almost-Free Sliding Window Implementation
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Figure 5: The efficiency of ConvNets for detection. During training, a ConvNet produces only a
single spatial output (top). But when applied at test time over a larger image, it produces a spatial
output map, e.g. 2x2 (bottom). Since all layers are applied convolutionally, the extra computa-
tion required for the larger image is limited to the yellow regions. This diagram omits the feature
dimension for simplicity.
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Segmentation: Evaluation Methods

* DPixel-wise Accuracy

* Mean Accuracy

* Mean IoU (Mean of class-wise region intersection over union)
* Frequency Weighted IU

* BF measure (Boundary F1-measure)



Image Segmentation with Felzenszwalb’s Algorithm
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Selective Search

Starting with an initial segmentation (bottom),

1. Merge two most similar regions based on similarities

S.
a. Color Similarity
b. Texture Similarity
c.  Size Similarity
d.  Fill Similarity

2. Update similarities between the new region and its
neighbors.

3. Go back to step 1. until the whole image is a single
region.

12



Fully Convolutional Networks (FCNis)
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Fully Convolutional Networks (FCNs)

forward /inference
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Fully Convolutional Networks (FCNis)
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Deconvolution Networks

Convolution network

Deconvolution network
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U-net
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UNet++

[} UNet++ L4 . Jh_l

or223)

UNet++ L*

N Down-sampling
A7 Up-sampling
> Skip connection

N - i .
04 XY Convolution

H[X(”’, xl).] ¢ U(XIJ )] x().} = H[XU'U. x(l,l & XU_“ U(X 1 _‘)]

U(X"") U(X”) U(X":) U(X"‘)
(b) x04 = H[x9, x01 x02, x03 U(x!3)]

Fig.1: (a) UNet++ consists of an encoder and decoder that are connected
through a series of nested dense convolutional blocks. The main idea behind
UNet++ is to bridge the semantic gap between the feature maps of the encoder
and decoder prior to fusion. For example, the semantic gap between (X0 X!3)
is bridged using a dense convolution block with three convolution layers. In the
graphical abstract, black indicates the original U-Net, green and blue show dense
convolution blocks on the skip pathways, and red indicates deep supervision.
Red, green, and blue components distinguish UNet++ from U-Net. (b) Detailed
analysis of the first skip pathway of UNet++. (¢) UNet++ can be pruned at
inference time, if trained with deep supervision.
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Feature Pyramid Networks

predict

predict

predict




Relnspect

=1

Figure 2: Our system first encodes an image into a block of high level features. An LSTM then acts
as a controller, decoding this information into a set of detections.
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R-CNN Model

Bbox reg || SVMs
Bbox reg || SVMs
Bbox reg SVMs
Conv
Conv Net
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Fast R-CNN

Softmax classifier

Bounding-box regressors

FCs Fully-connected layers
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Region /{ _/{ !7 & M “conv5” feature map of image

proposals
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Faster R-CNN

proposals/ /
Region Proposal Network '
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Multi-task Network Cascades for Instance-Aware Segmentation
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Mask R-CNN

Rol Align
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PointRend

point features point predictions

o
k=
—
2
e
u
o,
(]
w2
5 —
O ]
C I
!
]
: 3
. | ns
! L
B AN B =
R\ R
o & #
N\

26



Cascade R-CNN

conv

I conv I —>

(a) Faster R-CNN (b) Iterative BBox at inference (c) Integral Loss (d) Cascade R-CNN
Figure 3. The architectures of different frameworks. “I” is input image, “conv” backbone convolutions, “pool” region-wise feature extrac-
tion, “H” network head, “B” bounding box, and “C” classification. “B0” is proposals in all architectures.
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Single Shot Detector (SSD)

SSD is a single stage detector:

* There is no bounding box proposal stage
e Contains multi-scale prediction(s) which use predictors (filters) at
different points in the network

This results in:

* Significant speed improvement over two stage detectors, since there
is no proposal stage:
— Achieves 59 FPS on VOC 2007 dataset
e Accuracy on VOC2007: 74.3% mAP (compared to 63.4% mAP for YOLO
at 45 FPS)
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SSD: Single Shot MultiBox Detector
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(a) Image with GT boxes (b) 8 x 8 feature map (c) 4 x 4 feature map

Fig. 1: SSD framework. (a) SSD only needs an input image and ground truth boxes for
each object during training. In a convolutional fashion, we evaluate a small set (e.g. 4)
of default boxes of different aspect ratios at each location in several feature maps with
different scales (e.g. 8 x 8 and 4 x 4 in (b) and (c)). For each default box, we predict
both the shape offsets and the confidences for all object categories ((c1,c2, -+ ,¢p)).
At training time, we first match these default boxes to the ground truth boxes. For
example, we have matched two default boxes with the cat and one with the dog, which
are treated as positives and the rest as negatives. The model loss is a weighted sum
between localization loss (e.g. Smooth L1 [6]) and confidence loss (e.g. Softmax).
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SSD: Single Shot MultiBox Detector

Set of default boxes over different scales:

- We have different feature maps corresponding to each different scale;
- We combine predictions resulting from feature maps of multiple different
resolutions
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SSD Components

The core of SSD is predicting category scores and box offsets for a
fixed set of default bounding boxes, using small convolutional filters
applied to feature maps:

* To achieve high detection accuracy they produce predictions of
different scales from feature maps of different scales, and
explicitly separate predictions by aspect ratios

e SSD can achieve high accuracy on low resolution images,
thereby reducing the computation cost and increasing the fps
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SSD Architecture
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SSD Multi-Scale Feature Maps for Detection

e Convolutional feature layers are added to the end of the
truncated base network

* These layers decrease the feature map size progressively and
allow predictions of detections at multiple scales



SSD Convolutional Predictors for Detection

e At each convolution layer, a convolution filter is applied to get the predictions
e Foram xn x p feature map, a 3 x 3x p x (k(c+4)) convolutional filter is applied
e The output size for a mxn feature map is (c+4)kmn.

(Acx, Acy, w, h)

36

person: 0.86
bike: 0.75

car:0.5

(38 X 38 X 512)

(4%x3%3%512%(21+4))
—

(38 x38 x4 x (21 + 4))
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SSD Training

Matching strategy:

For each ground truth box, default boxes that vary over location, aspect ratio, and
scale are selected:

e This is done by first matching each ground truth box to that default box which
has the best Jaccard overlap (IoU) with the ground truth box;

e Then, default boxes are matched to any ground truth with Jaccard overlap (I0U)
higher than a threshold (0.5).



SSD Training Objective (Loss)

0.5z2 if |z| < 1
|| — 0.5 otherwise,

smoothy,, (z) = {

1

L(:E, C,l,g) — ﬁ(Lconf(xy C) + aLlOC(x7l7g))

Lselits s 9} = Z Z xfjsmoothu(lr —9;")

1€ Pos me{cz,cy,w,h}

Acm cx w ACY __ (. CY cy h
xkij: Indicator for matching the (g —d;*)/d; 9g; = (g i d;”)/d;
i-th default box to the j-th q gh
d truth box of cat J i 27
ground truth box of category p ]Og (d’w ) g; = 1og <d’_l )
K

The confidence loss is the softmax loss over multiple classes confidences (c).

I
Leong(z,c) Z xi;log (&} Z log(¢)) where & exp(<;)

p
1€Pos 1€ENeg Zp eXp(Ci )

and the weight term « is set to 1 by cross validation.
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SSD: Choosing Scales and Aspect Ratios of Default

Boxes

Smax — Smi
St = Swin T m:n—lmn(k_ 1), k € [l,m]

w = scale - | /aspect ratio

scale

h =
\/aspect ratio

Then SSD adds an extra default box with scale:

scale = 4/scale - scale at next level

. and aspect ratio = 1.
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SSD Hard Negative Mining

e After the matching step, most of the default boxes are negatives, especially
when the number of possible default boxes is large

e This introduces a significant imbalance between the positive and negative
training examples

* Instead of using all negative examples, the negative samples are sorted using the
highest confidence loss for each default box, and the top ones are picked so that
the ratio between the negatives and positives is at most 3:1

* This leads to faster optimization and a more stable training



Datasets for Comparison

Name Type Categories Image size Images per Objects per
category image
PASCAL VOC Common 20 470x%380 303~4087 24
(2007, 2012) objects
MS COCO Common 91 640x480 - 7.3
objects
ImageNet Common 21 500x400 - 1.5
(ILSVRC) objects
KITTI Driving scene 8 1242x375 =¥ =¥
Cityscape Driving scene 8 2048x1024 -* -*

For driving scene datasets, they are continuous frames. And they don'’t provide
stats of images per category and objects per image.



SSD vs. YOLO and R-CNN Results

Method mAP | FPS | batch size | # Boxes | Input resolution
Faster R-CNN (VGG16) | 73.2 | 7 1 ~ 6000 | ~ 1000 x 600
Fast YOLO 327 | 155 1 98 448 x 448
YOLO (VGGI16) 664 | 21 1 98 448 x 448
SSD300 743 | 46 1 8732 300 x 300
SSD512 768 | 19 1 24564 512 x 512
SSD300 743 | 59 8 8732 300 x 300
8

SSD512 76.8 | 22 24564 512 x 512
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YOLOv1 Salient Features

YOLO is a Single Stage Detector:

e Asingle neural network predicts bounding boxes and class probabilities from
full images in one evaluation step

e Very fast - reaching up to 45 fps

e Makes more localization errors, but is less prone to false positives on
background

e Since it sees the entire image, it implicitly encodes the contextual information



Introduction to YOLO: Unified, Real-Time Object

Detection

A single convolutional network
simultaneously predicts multiple
bounding boxes and class probabilities
for those boxes.

YOLO trains on full images and directly
optimizes detection performance.

Key steps:

e resize images, run neural
network, perform non-max
suppression.

1. Resize image.
2. Run convolutional network.
3. Non-max suppression.

Figure 1: The YOLO Detection System. Processing images
with YOLO is simple and straightforward. Our system (1) resizes
the input image to 448 x 448, (2) runs a single convolutional net-
work on the image, and (3) thresholds the resulting detections by
the model’s confidence.

47
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YOLO Unified Detection

® Divide the image into a S x S grid, for example 7 x 7 cells for evaluating PASCAL VOC
which has 20 classes.

S x S grid on input



YOLO Unified detection

Each grid produce B (2 in this experiment)
bounding boxes.

Each bounding box has 5 components (x, y, w,
h, ¢)
where c is confidence Pr(Object) * IOUSE’J? :

1 for object, O for no object

Each bounding box consists of 5 predictions: x, y, w, h,
and confidence. The (z,y) coordinates represent the center
of the box relative to the bounds of the grid cell. The width
and height are predicted relative to the whole image. Finally
the confidence prediction represents the IOU between the
predicted box and any ground truth box.

Grid cells are green, bounding box is red

(0, 0) \

x = (220-149) /149 = 0.48
y = (190-149) / 149 = 0.28
w = 224 /448 = 0.50
h=143/448 = 0.32

(447, 447)

https://hackernoon.com/understanding-yolo-f5a74bbc7967
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https://hackernoon.com/understanding-yolo-f5a74bbc7967
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YOLO Unified Detection

® Divide the image into a grid of 7 x 7 cells, where each cell predicts 2 bounding boxes
and 20 class probabilities. Each bounding box has 5 descriptive components.

® 7x7x(2x5+20) = 7x7x30 = 1470 is the output size of CNN before non-max suppression.

S x S grid on input

Class probability map
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YOLO Processing Steps

Bounding boxes + confidence

i ol |
B

N =SSt
1 Al TN |

S x Sgrid on input

Class probability map

Final detections
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YOLO Processing Steps

Divide the input image into a grid with S x S cells

- Each grid cell predicts B bounding boxes and confidence scores for

boxes

— Scores = Pr(Object) * IOUgr‘gfi1
Each bounding box consists of 5 predictions: x, y, w, h and confidence
Each cell predicts C conditional class probabilities

— Pr(Class;|Object)
We can then multiply the conditional class probabilities and the
individual box confidence predictions to predict class probability:

—  Pr(Class; |Object) * Pr(Object) IOUgr%tg — Pr(Class; ) * Iougr‘gg
All predictions are thus encoded with a tensor of size

- SxSx(Bx5+0C)
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Confidence Score

In context of YOLO, the Confidence Score is formally defined as:

e Pr(Object) * IoU
- If no object exists in that cell, we want this score to be 0
- Otherwise, we want it to be equal to the IoU between the predicted box and the
groundtruth



What Does the YOLO Network Predict?

e FEach bounding box contains 5 predictions: x, y, w, h, and confidence

- The (x, y) coordinates represent the center of the box relative
to the bounds of the grid cell (0 <x, y <1)

- The width (w) and height (h) are predicted relative to the entire
image (0<w, h<1)

— The confidence represents the IOU between the predicted box
and the ground truth box

- Each grid cell, in addition to previous, predicts C conditional
class probabilities, Pr(Classi|Object)

Important: the model predicts only one set of class probabilities per
grid cell regardless of the number of boxes B

54



YOLO Network design
.Inspired by GoogLeNet



YOLO Network Architecture

Architecture inspired by GoogLeNet.

Detection requires fine-grained information,
so increase resolution from 224x224 to
448x448 pixels.

Consists of 24 convolutional layers followed
by 2 fully connected layers.

Does not use inception modules but 1 x 1
reduction layers followed by 3 x 3
convolutional layers.

For S=7, B=2 and C=20: the output size is 7 x 7
x 30 (30=5x2+20).

448

448

n2 —
) |
3 ——
- A
\ ’ 7 XX
n2
56 ) “3 3
| 7 7 7
3 192 256 512 1024 1024 1024 4096 30
Conv. Layer Conv. Layer Conv. Layers Conv. Layers Conv. Layers Conv. Layers ~ Conn. Layer  Conn. Layer
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Maxpool Layer  Maxpool Layer 3x3x256 3x3x512 3x3x1024 3x3x1024
2x2-5-2 2x2-s2 1x1x256 1x1x512 3x3x1024
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YOLO Network Architecture
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)
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3 192 256 512 1024 1024
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SSD Network vs. YOLO Network

Extra Feature Layers
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YOLO Training

First, pre-train the convolutional layers on the ImageNet 1000-class dataset
- Input size 224x224

First 20 layers use of the original network

Average pooling layer

Fully connected layer

ImageNet 1000-class competition dataset

Next, train the network to perform detection: increase input to 448x448, add 4
convolutional layers and 2 fully connected layers with randomly initialized
weights, train for detection

The final layer predicts both class probabilities and bounding box coordinates
Linear activation for final layer, and leaky ReLu for other layers:

r, ifx>0
¢(z) =

0.1z, otherwise



YOLO Training - Complete Loss Function

s?2 B

Acoord Z Z ]I-Obj [ - fi’i)Q + (yz = ?jz)z]

1=0 7=0

52 B _ 5 o
coordinates A X onopd Z Z ]1‘1?';.1 [(\/w_l = \/ﬁ;_z) ey (\/h_z — \/g) ]

predictions i=0 ;=0

bj 2
+3 3 15 (0 -6)
We assign one predictor to be Z Z

“responsible” for predicting an object based =g
on which prediction has the highest

2
S B
current intersection over union (I0U) with noobj 2 )
the ground truth. =+ Anoobj E E ]l ( Ci) box CohfIQence
i=0 =0 prediction

class +Z]1°b} Z (pi(c) — pi(c))?

prediction c Eclasses
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YOLO Loss Functions

* Design Goal: Optimize the sum-squared error in the output.
- It is easy to optimize
- However, it is an imperfect auxiliary loss for maximizing average
precision
e It gives an equal amount of importance to localization error
and classification error
e Many cells do not contain objects = this pushes the
confidence scores towards zero, which would overpower the
gradients from cells that do contain objects

All these factors can lead to model instability!
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YOLO - How do We Ensure a Stable Model?

Increase the loss contribution from bounding box coordinate predictions:

=5
coord
Decrease the loss contribution from confidence predictions that DO NOT contain objects:
A .=0.5

noobj
Sum-squared error also equally weighs errors from large and small bounding boxes.
* To partially address this, the square root of the bounding box width and height is used
in the MSE calculation
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YOLO Loss Components

s?2 B
*" ~ ~
Acoord E E ]l;'jj [(J'c = -'L'i)2 + (yi p— yi)2]
=0 =0

where 1°” denotes if object appears in cell i and 11;-’;-” de-

notes that the jth bounding box predictor in cell 7 is “re-
sponsible” for that prediction.

If the center of an object falls into a grid cell, that grid
cell is responsible for detecting that object.
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YOLO Loss Components

YOLO predicts multiple bounding boxes per grid cell.

Specialization of the bounding box predictor

* At training time we only want one bounding box predictor to be responsible for
each object.
e Assign one predictor to be “responsible” for predicting an object, based on which

prediction has the highest current intersection over union (IOU) with the
ground truth.

This leads to specialization between the bounding box predictors.

* Each predictor gets better at predicting certain sizes, aspect ratios, or classes of
objects, improving the overall recall.



YOLO Loss Components

Sum-squared error also equally weights errors in large boxes and small boxes.

Our error metric should reflect that small deviations in large boxes matter less than
in small boxes:
* To partially address this, we predict the square root of the bounding box width

and height, instead of the width and height directly.

i=0 j=0

65
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YOLO Loss Components: Confidence

82 ‘B 4
+S 318 (0-0)

i=0 j=0

S2 B _ o
+ Moo 3 3 157 (Ci - C:i)

i=0 j=0
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YOLO Loss Components: P(Class |object)

52 _
+3° 17 3T (i(e) — Bi(e))?
1=0

c Eclasses
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YOLO Inference

General procedure:

e 98 bounding boxes per image
e Discard low confidence bounding boxes
e Use non-max suppression to combine predictions



69

YOLO Advantages

Extremely fast:

e 45 FPS on Titan X

e 155 FPS on fast version (9 layers instead of 24, fewer
filters/layer)

YOLO reasons globally about the image:
* Sees the entire image during training and test time.
Learns generalizable representations of objects.
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YOLO Drawbacks

YOLO imposes strong spatial constraints on bounding boxes:

e Each grid cell predicts only B boxes (default choice B = 2)
e [Each grid cell can have only one class
- Problem: There could be multiple objects in the same cell, like a man
standing in front of a car

Struggles to generalize to objects in new or unusual aspect ratios or configurations:

* Bounding boxes have weak priors (no anchors)
* Coarse features due to many downsampling layers

Important: The model struggles with small objects that appear in groups.
Incorrect localizations, especially for small objects.
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Alternatives to YOLO - Baseline Comparison

Real-Time Detectors Train mAP FPS
100Hz DPM [ '] 2007 16.0 100
30Hz DPM [ ] 2007  26.1 30
Fast YOLO 200742012 52.7 155
YOLO 2007+2012  63.4 45
Less Than Real-Time

Fastest DPM [ /] 2007 304 15
R-CNN Minus R [ 1] 2007  53.5 6
Fast R-CNN [ /] 200742012  70.0 0.5
Faster R-CNN VGG-16[ '] 2007+2012 73.2 7
Faster R-CNN ZF [ ' ] 2007+2012  62.1 18
YOLO VGG-16 200742012 66.4 21



YOLO - Baseline Comparisons

1.0
0.8/
Soell
v My ;
8 b VOC 2007 Picasso People-Art
5 04 e » AP | AP BestF) AP
RONNT L YOLO 592533 0590 45
0.2 -~ R-CNN 542 | 104 0226 26
T DPM 432 | 37.8 0458 32
S S S—— Poselets [] 365 | 17.8 0271
; 0.2 0.4 0.6 0.8 1.0 D&T [4] -1 1.9 0.051

Recall

(b) Quantitative results on the VOC 2007, Picasso, and People-Art Datasets.

(a) Picasso Dataset precision-recall curves. The Picasso Dataset evaluates on both AP and best F score.
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Comparisons

VOC 2012 test mAP| aero bike bird boat bottle bus car cat chair cow table dog horse mbike personplant sheep sofa train tv

MR.CNN.MOREDATA [11] | 739 | 85.5 829 76.6 57.8 62.7 794 772 866 55.0 79.1 622 870 834 847 789 453 734 658 803 74.0
HyperNet. VGG 714 | 842 785 73.6 556 537 787 79.8 877 49.6 749 52.1 860 81.7 833 81.8 486 735 594 799 65.7
HyperNet.SP 713 | 84.1 783 733 555 53.6 786 79.6 875 495 749 52.1 856 81.6 832 8l1.6 484 732 593 79.7 65.6
Fast R-CNN + YOLO 70.7 | 834 785 735 558 434 79.1 73.1 894 494 755 57.0 875 809 81.0 747 418 715 685 82.1 672
MR_CNN_S.CNN [11] 70.7 | 85.0 79.6 715 553 577 760 739 84.6 505 743 61.7 855 799 817 764 410 69.0 612 77.7 721
Faster R-CNN [2¢] 704 | 849 79.8 743 539 498 775 759 885 456 77.1 553 869 81.7 809 79.6 40.1 726 609 812 615
DEEP_ENS_COCO 70.1 [ 84.0 794 71.6 519 51.1 741 721 88.6 483 734 578 86.1 80.0 80.7 704 466 69.6 688 759 714
NoC [29] 68.8 | 828 79.0 71.6 523 537 741 690 849 469 743 53.1 850 813 795 722 389 724 595 76.7 68.1
Fast R-CNN [ 4] 684 | 823 784 70.8 523 38.7 778 71.6 893 442 730 550 875 805 808 72.0 35.1 683 657 804 642
UMICH_FGS_STRUCT 664 | 829 76.1 64.1 446 494 703 712 846 427 686 558 827 771 799 68.7 414 69.0 600 72.0 662
NUS_NIN_C2000[7] 63.8 | 80.2 738 619 437 430 703 67.6 80.7 419 69.7 51.7 782 752 769 65.1 386 683 580 68.7 633
BabyLeaming [ 7] 632 | 780 742 613 457 427 682 668 802 40.6 700 498 79.0 745 779 640 353 679 557 68.7 62.6
NUS_NIN 624 | 779 73.1 626 395 433 69.1 664 789 39.1 681 500 772 713 761 647 384 669 562 669 62.7
R-CNN VGG BB [ 1] 624 | 79.6 7277 619 412 419 659 664 846 385 672 46.7 820 748 76.0 652 356 654 542 674 603
R-CNN VGG [! 7] 5921768 709 56.6 375 369 629 63.6 81.1 357 643 439 804 71.6 740 60.0 30.8 634 520 635 587
YOLO 579 | 77.0 672 57.7 383 227 683 559 814 362 608 485 772 723 713 63.5 289 522 548 739 508
Feature Edit [ 1] 563|746 69.1 544 391 33.1 652 627 69.7 308 560 446 700 644 71.1 602 333 613 464 61.7 578
R-CNN BB [17] 533 |71.8 658 52.0 341 32,6 596 60.0 69.8 27.6 520 41.7 696 613 683 57.8 29.6 578 409 593 541
SDS[16] 50.7 | 69.7 584 485 283 28.8 613 575 708 24.1 507 359 649 59.1 658 57.1 260 588 386 589 507
R-CNN [17] 49.6 | 68.1 63.8 46.1 294 279 566 57.0 659 265 487 395 662 573 654 532 262 545 381 506 51.6

Table 3: PascAL VOC 2012 Leaderboard. YOLO compared with the full comp4 (outside data allowed) public leaderboard as of
November 6th, 2015. Mean average precision and per-class average precision are shown for a variety of detection methods. YOLO is the
only real-time detector. Fast R-CNN + YOLO is the forth highest scoring method, with a 2.3% boost over Fast R-CNN.
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YOLO9000: Improving YOLOv1 =

YOLOWV1 has high localization error (wrong bbox) and low recall (cannot detect
all objects in the image)

Goals: Improve recall, localization, and classification accuracy

Some Improvements:
e Apply Batch Normalization

- Adding batch normalization to all convolutional layers in YOLO increases mAP by 2%
- This also regularizes the model, and therefore, they remove “dropout”
* Use High Resolution Classifier

- Fine tune the classification network at the full 448x448 resolution for 10 epochs
e Use Convolution With Anchor Boxes

- Remove the fully connected layers in YOLOv1 and use anchor boxes to predict bounding
boxes
- Remove one pooling layer, make the output of the convolutional layer higher resolution
- Shrink the network to operate on images of size 416x416 instead of 448x448
76
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Improving YOLOv1

e Fine-Grained Features

- A pass through layer is added that brings features from an earlier layer at 26 X 26
resolution

- These are concatenated with the low res 13 X 13 features by stacking adjacent features
into different channels (26x26x512 to 13x13x2048)

e Multi-Scale Training
- Since the model uses only convolutional layers, it can be resized “on the fly”
- Input image size is varied constantly. Every 10 batches, input is resized
- Since the model down samples by 32, input size is varied from {320, 352, ..., 608}
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Improving YOLOv1

Anchor Boxes: Clusters

The problem with anchor boxes is that
their dimensions are hand picked

Run k-means clustering on the training
set bounding boxes to automatically
find good priors

Avg IOU

0 I
12345678 9101112131415 |'
# Clusters

Figure 2: Clustering box dimensions on VOC and COCO. We
run k-means clustering on the dimensions of bounding boxes to get
good priors for our model. The left image shows the average IOU
we get with various choices for k. We find that k£ = 5 gives a good
tradeoff for recall vs. complexity of the model. The right image
shows the relative centroids for VOC and COCO. Both sets of pri-
ors favor thinner, taller boxes while COCO has greater variation in
size than VOC.
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Improving YOLOv1

e Anchor Boxes: Clusters
— The problem with anchor
boxes is that their
dimensions are hand picked
— Run k-means clustering on
the training set bounding
boxes to automatically find
good priors
e Direct Location Prediction
— They parameterize the
anchor box coordinate
prediction in order to
improve model stability
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https://github.com/datlife/yolov2/blob/0bbb30fd7a59dabec92a1b08c8

1332d01ace0df4/yolov2/core/custom_layers.py#L 92


https://github.com/datlife/yolov2/blob/0bbb30fd7a59dabec92a1b08c81332d01ace0df4/yolov2/core/custom_layers.py#L92
https://github.com/datlife/yolov2/blob/0bbb30fd7a59dabec92a1b08c81332d01ace0df4/yolov2/core/custom_layers.py#L92
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Anchor Boxes

® Location prediction

°t,t,t,t,t lead to 5% increase

y’ w7

bs =0olts) + 6
by = a(ty) + ¢y
by = Pwe™
b, = pre'*

Pr(object) * 10U (b, object) = a(t,)

CX
Pu
Cy E----u----------u-E
' b, .
E G(t ) E bx'__o.(tx)-i-cx
Pr | B Hl "1 b=oCt d+c
o(t,) : b =p e
: : b,=p,e"

Figure 3: Bounding boxes with dimension priors and location
prediction. We predict the width and height of the box as offsets
from cluster centroids. We predict the center coordinates of the
box relative to the location of filter application using a sigmoid
function.
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YOLO v2is Better than YOLO v1

® Remove the last FC layer, use conv layer for prediction
® Resize input into 416*416 , 416 /32=13, one center (objects tend to be at the center)

® Predict Pr(class|object) and confidence for every bbox(anchor box)



Yolo V2 Architecture

Module 1

416 416
416 416
3
8

W

Conv.3x3 Maxpool Maxpool
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From YOLOv1 to YOLOv2

YOLO YOLOv2
batch norm? v v

hi-res classifier?

convolutional?

anchor boxes?

new network?

dimension priors?

location prediction?

passthrough?

multi-scale?

hi-res detector?

VOC2007 mAP| 634 (658 695 692 69.6 744 754 76.8

SN

KRR
LN S N

SRS R
R, WA
RAGR AR, WA

A R R NN

~1

6

Table 2: The path from YOLO to YOLOv2. Most of the listed design decisions lead to significant increases in mAP. Two
exceptions are switching to a fully convolutional network with anchor boxes and using the new network. Switching to the
anchor box style approach increased recall without changing mAP while using the new network cut computation by 33%.



Darknet-19
Backbone for YoloV2

* Fewer conv layers than Yolo

*72.9% Top-1 accuracy and
* 91.2% Top-5 accuracy on ImageNet.

Type Filters | Size/Stride Output
Convolutional 32 3 x3 224 x 224
Maxpool 2% 2/2 112 x 112
Convolutional 64 3 x3 112 x 112
Maxpool 2% 2/2 56 X 56
Convolutional 128 3 x3 56 X 56
Convolutional 64 1x1 56 X 56
Convolutional 128 3x3 56 X 56
Maxpool 2% 2/2 28 x 28
Convolutional 256 3x3 28 x 28
Convolutional 128 1x1 28 x 28
Convolutional 256 3 X3 28 x 28
Maxpool 2% 2/2 14 x 14
Convolutional 512 3x3 14 x 14
Convolutional 256 j e 14 x 14
Convolutional 512 3 x3 14 X 14
Convolutional 256 4 | 14 x 14
Convolutional 512 3x3 14 x 14
Maxpool 2% 2/2 T
Convolutional 1024 3 x3 7TXT
Convolutional 512 1 x1 7TXT
Convolutional 1024 3x3 TXT7
Convolutional 512 1 x1 TxT
Convolutional 1024 3x3 TxT
Convolutional 1000 1 %1 T T
Avgpool Global 1000

Softmax
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YOLOV2 Training

The training can be divided into 2 steps:

e Training for Classification

Trained on ImageNet 1000 class dataset

For 160 epochs using darknet framework

SGD 0.1, polynomial rate decay with a power of 4, weight decay of 0.0005 and
momentum of 0.9

Standard data augmentation tricks including random crops, rotations, and hue,
saturation, and exposure shifts.

after our initial training on images at 224x224 we fine tune our network at a larger
size, 448.

After initial training on 224 X 224, fine tuned for 10 epochs on size 448 X 448

e Training for Detection

The above network is modified by removing the last convolutional layer and adding on
three 3 X 3 convolutional layers with 1024 filters followed by a final 1 X 1 convolutional
layer

A pass through layer is also added (does not exist for classification training)



Multi-scale training: +1.5% mAP

320 T
. Eanael
o (S

YOLOv2 Multi Scale Training

® Train with different input sizes every 10 batches

® 1.5% improvement

® 320-608(multiples of 32)

Detection Frameworks Train mAP FPS c 8@.' ¥

Fast R-CNN [5] 2007+2012 700 0.5 g rotercaw so) O s U,
Faster R-CNN VGG-16[15] 200742012 732 7 2 e : . e
Faster R-CNN ResNet[6] 2007+2012  76.4 5 o Bten {1 J o &
YOLO [14] 200742012 634 45 o ]

SSD300[ 1] 200742012 743 46 gl

SSD500 [11] 2007+2012  76.8 19 o : ©
YOLOV2 288 x 288 2007+2012 69.0 91 o o™ :

YOLOV2 352 x 352 200742012 73.7 81 = P o

YOLOV2 416 x 416 2007+2012  76.8 67 S :

YOLOV2 480 x 480 200742012 77.8 59 = 60- :

YOLOV2 544 x 544 2007+2012  78.6 40 0 30 50 100

Frames Per Second



YOLOvV2 Training Results

Method data |mAP |aero bike bird boat bottle bus car cat chair cow table dog horse mbike person plant sheep sofa train tv
Fast R-CNN [5]  [07++12] 68.4 [82.3 78.4 70.8 52.3 38.7 77.8 71.6 89.3 44.2 73.0 55.0 87.5 80.5 80.8 72.0 35.1 683 65.7 80.4 64.2
Faster R-CNN [15]|074+12| 70.4 [84.9 79.8 74.3 53.9 49.8 77.5 75.9 88.5 45.6 77.1 553 86.9 81.7 809 79.6 40.1 72.6 60.9 81.2 61.5

YOLO [14] 07++12|57.977.0 67.2 57.7 38.3 227 68.3 55.9 81.4 36.2 60.8 485 77.2 723 713 635 289 522 54.8 739 50.8
SSD300 [ 11] 07++12| 72.4 (85.6 80.1 70.5 57.6 46.2 79.4 76.1 89.2 53.0 77.0 60.8 87.0 83.1 823 794 459 759 69.5 819 67.5
SSD512(11] 07++12(74.9 (87.4 82.3 758 59.0 52.6 81.7 81.5 90.0 55.4 79.0 59.8 88.4 843 84.7 833 502 78.0 66.3 86.3 72.0
ResNet |6] 07++12| 73.8 |86.5 81.6 77.2 58.0 51.0 78.6 76.6 93.2 48.6 80.4 59.0 92.1 85.3 84.8 80.7 48.1 77.3 66.5 84.7 65.6

YOLOvV2 544 07++12|73.4 |86.3 82.0 74.8 59.2 51.8 79.8 76.5 90.6 52.1 78.2 58.5 89.3 82.5 834 813 49.1 772 624 83.8 68.7

Table 4: PASCAL VOC2012 test detection results. YOLOv2 performs on par with state-of-the-art detectors like Faster
R-CNN with ResNet and SSD512 and is 2 — 10x faster.



Yolo V2 -> Yolo 9000

 YOLO9000 is YOLOvZ2 version for a large number of classes - 10000
- In comparison, YOLO with COCO has only 80 classes

- 100k images - 14 million images
- 80 classes - 22k classes

- Detection labels - Classification labels
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YOLOv2 -> YOLO9000: Training

Joint Training for Detection and Classification:

* Images labelled for detection are used to learn detection-specific
information like bounding box coordinates prediction and objectness

* Images with only class labels are used to to expand the number of
categories that can be detected
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YOLO9000 Challenges

e Detection datasets have only a few objects and generic labels
e C(Classification datasets have a much wider and deeper range of labels

Dog Norfolk Terrier
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Jointly Train Classification and Detection

e Backpropagate full loss for detection data.

e Backpropagate classification loss for classification data.
e Two datasets have different labels, how to combine them?
- Dog in detection and “Norfolk terrier”, “Yorkshire terrier” “Bedlington terrier” in
classification. Cannot use softmax directly, not mutually exclusive.
- Approach: Build a multi label model, that is, give one object multiple labels.

Pr(Norfolk terrier) = Pr(Norfolk terrier|terrier)
* Pr(terrier|hunting dog)
* Pr(mammal| Pr(animal)
« Pr(animal|physical object)

Imagenet 1k

softmax i

e %, % %, % 8, % % %, %, %, @,
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Jointly Train Classification and Detection

coco

airplane opple backpackbanana bat  bear  bed bench bicycle bird 70  zebra

ImageNet

Afghon  Africon Africon African Africon African Airedale

le American Americe
hound  chaneleon crocodile elephant  grey hunting dog alligatorblack bear chamelean

an smerican 22K zucchini

yieat e (()_NOPdTree

satural cbject

biplme  jet  girbus steclth golden potato  fFelt sea  American
fighter fern  fern  fern  lavender twinflower

Figure 6: Combining datasets using WordTree hierarchy. Us-
ing the WordNet concept graph we build a hierarchical tree of vi-
sual concepts. Then we can merge datasets together by mapping
the classes in the dataset to synsets in the tree. This is a simplified
view of WordTree for illustration purposes.
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YOLOvV2 Results

Detection Frameworks Train mAP FPS
Fast R-CNN [7] 200742012 70.0 0.5
Faster R-CNN VGG-16['5] 2007+2012 73.2 7
Faster R-CNN ResNet[0] 200742012 764 d
YOLO [14] 200742012 634 45
SSD300[!1] 200742012 74.3 46
SSD500 [ 1] 2007+2012  76.8 19
YOLOV2 288 x 288 200742012 69.0 91
YOLOV2 352 x 352 200742012  73.7 81
YOLOvV2 416 x 416 200742012 76.8 67
YOLOV2 480 x 480 200742012 77.8 59
YOLOV2 544 x 544 2007+2012 78.6 40



YOLOv2

YOLO YOLOV2
batch norm? v

hi-res classifier?
convolutional?
anchor boxes?

new network?
dimension priors?
location prediction?
passthrough?
multi-scale?

hi-res detector?
VOC2007 mAP | 634 | 658 69.5 69.2 69.6 744 754 76.8

<
LN

LR R

ANK NS
LERERL ARAK
SRS NS

BUARRGKRE ARK

~J

6

Table 2: The path from YOLO to YOLOVv2. Most of the listed design decisions lead to significant increases in mAP. Two
exceptions are switching to a fully convolutional network with anchor boxes and using the new network. Switching to the
anchor box style approach increased recall without changing mAP while using the new network cut computation by 33%.
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Figure 3: Bounding boxes with dimension priors and location
prediction. We predict the width and height of the box as offsets
from cluster centroids. We predict the center coordinates of the
box relative to the location of filter application using a sigmoid
function.

The network predicts 5 bounding boxes at each cell in
the output feature map. The network predicts 5 coordinates
for each bounding box, t,, t,, t,, t,, and t,. If the cell is
offset from the top left corner of the image by (c,,c,) and
the bounding box prior has width and height p,,, pn, then
the predictions correspond to:

bs =0 (L) + s
by = o(t ) T Cy
b = pwe

bn, = pre™

Pr(object) x IOU (b, object) = o(t,)
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YOLOvV2: Some Details

Bounding box classes are no longer per-cell, they are
per-bounding box
 We predict 5 bounding boxes per cell
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YOLOvV3: An Incremental Improvement

1. Introduction

Sometimes you just kinda phone it in for a year, you
know? I didn’t do a whole lot of research this year. Spent
a lot of time on Twitter. Played around with GANS a little.
I had a little momentum left over from last year [ '] [']; I
managed to make some improvements to YOLO. But, hon-
estly, nothing like super interesting, just a bunch of small
changes that make it better. I also helped out with other
people’s research a little.

Actually, that’s what brings us here today. We have
a camera-ready deadline ['] and we need to cite some of
the random updates I made to YOLO but we don’t have a
source. So get ready for a TECH REPORT!

The great thing about tech reports is that they don’t need
intros, y’all know why we’re here. So the end of this intro-
duction will signpost for the rest of the paper. First we’ll tell
you what the deal is with YOLOv3. Then we’ll tell you how
we do. We’ll also tell you about some things we tried that
didn’t work. Finally we’ll contemplate what this all means.
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YOLOvV3: An Incremental Improvement

A bunch of little design changes to make YOLO better.

At 320 x 320 YOLOvV3 runs in 22 ms at 28.2 mAP,

As accurate as SSD and three times faster

Good Performance: Achieves 57.9 AP50 in 51 ms on a Titan X,
compared to 57.5 AP50 in 198 ms by RetinaNet, similar
performance but 3.8x faster.

The code is online at https: //pijreddie.com /darknet /yolo
Youtube: https: /www.youtube.com /watch?v=MPU2HistivI



https://pjreddie.com/darknet/yolo/
https://www.youtube.com/watch?v=MPU2HistivI

YOLOV3: Significant Changes

e Backbone is now more ResNet-like (Now called darknet53).

* FEach box predicts the classes the bounding box may contain using multilabel
classification.

* Predictions are made at 3 different scales.

100



YOLOvV3: An Incremental Improvement From Yolo
9000 and YOLOv2

Class Prediction

* FEach box predicts the classes the bounding box may contain
using multi-label classification. We do not use a softmax as we
have found it is unnecessary for good performance, instead we
simply use independent logistic classifiers.

101
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YOLOvV3: An Incremental Improvement
from Yolo 9000 and YOLOv2

Predictions Across Scales

 YOLOv3 predicts boxes at 3 different scales. Extracts features from
those scales using a similar concept to feature pyramid networks.

Feature Extractor

* A new network for performing feature extraction, a hybrid approach
between the network used in YOLOvV2, Darknet-19, with added residual
connections. Uses successive 3 x 3 and 1 x 1 convolutional layers but
has some shortcut connections as well and is significantly larger.

e It has 53 convolutional layers -> Call it Darknet-53!

https: //pjreddie.com /media /files /papers /YOLOv3.pdf

e https: ireddie.com


https://pjreddie.com/media/files/papers/YOLOv3.pdf
https://pjreddie.com/

Class Prediction (Multi-Label Prediction)

* No softmax, instead we use the sigmoid function for each class

output
- Binary classification for each class (Yes/No question)
— Suitable for multi-label tasks

Multi-Class Multi-Label
C=3 Samples Samples
vAg ( o («
<f>@5 O “Z:ZD 3 K .;}O

@ Labels (t) Labels (t)
O [001 [100] [010] [101 [010] [111]

103 https://gombru.github.io/2018/05/23/cross _entropy loss/



https://gombru.github.io/2018/05/23/cross_entropy_loss/

Predictions Across Scales

* Produces feature maps in 3 resolutions
* Input is 416416, scaled down by 32

*13x13, 26x26, 52x52, all have 255 (85=3) channels, higher resolution for
smaller object

® Each resolution has 3 anchor boxes

* In total 9 anchor boxes for 3 resolutions

jectness, and class predictions. In our experiments with
COCO [10] we predict 3 boxes at each scale so the tensor is
N x N x [3*(4+ 1+ 80)] for the 4 bounding box offsets,
| objectness prediction, and 80 class predictions.
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Feature Extractor

® First, the model is trained at 256x256 resolution
for classification.

® Then, we change the input to 416x416 for
classification (and fine tune)

® Then change to detection

® COCO Dataset (80 classes), 3 bounding

boxes/cell, 80 classes, N by N spatial resolution:

— NxNx[3x(4+1+80)] total outputs per image

A1 G e SEEANLY TR U a5 v
s 50 we call it.... wait for it..... Darknet-53! V%L—,LQC\T— \o 0

1x

2x

8x

8x

4x

Type Filters Size Output
Convolutional 32 3x3 /&\bx [ \7

Convolutional 64 3x3/2 128 x128

Convolutional 32 1x1
Convolutional 64 3x3
Residual 128 x 128

Convolutional 128 3x3/2 64x64 /4

Convolutional 64 1 x1 gl?&\:t
Convolutional 128 3x3

Residual 64 x 64 & 5

Convolutional 256 3x3/2 32x32 /4 —f/ 5
Convolutional 128 1 x1 ——

Convolutional 256 3x3 ’T
Residual 32 x 32 J"

Convolutional 512 3x372 16 x16 Abjf/}\é <f

Convolutional 256 1 x1 =
Convolutional 512 3x3 W PSS
Residual 16 x 16 f

Convolutional 1024 3x3/2 _8x8 _ /+— b

Convolutional 512 1 x1 AL o Sk

Convolutional 1024 3 x 3 )
Residual 8x8

Avgpool Global . \Z
Connected 1000 Y/ ‘t
Softmax

Table 1. Darknet-53.



Predictions Across Scales

* We make predictions on three different convolutional layers:
— The final output, on layer 82, is scaled down by 32
* Input is 416-416, output is 13«13
* This 1313 output is used for large object detection
— Then, we upsample to 26=26 and concatenate layer 61
* This scale is used for medium object detection
— Then, we upsample to 52x52 and concatenate layer 36
* This scale is designed for small object detection

* Model cfg file can be found in
https: //github.com /pjreddie /darknet /blob /master/cfg /yolov3.cfg



https://github.com/pjreddie/darknet/blob/master/cfg/yolov3.cfg

Predictions Across Scales

@ Concatenation

Vi
@ Addition 82

Residual Block

Detection Layer

94
Upsampling Layer

e Further Layers

YOLO v3 network Architecture
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YOLO v3 Classification Results

Backbone Top-1 Top-5 BnOps BFLOP/s FPS
Darknet-19 [15] 74.1 91.8 7.29 1246 171
ResNet-101[5] ¥l i 93.7 19.7 1039 53
ResNet-152 [5] 77.6 93.8 29.4 1090 37
Darknet-53 112 93.8 18.7 1457 78
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YOLOv3 Detection Results

An Incremental Improvement

38 W YoLOv3
~@- RetinaNet-50
361 * RetinaNet-101
Method mAP time
[B] SSD321 280 61
I [C] DSSD321 280 85
= o [D] R-FCN 209 85
o [E] SSD513 312 125
O AL [F] DSSD513 332 156
[GIFPNFRCN 362 172
RetinaNet-50-500 325 73
I RetinaNet-101-500 34.4 90
30 [o] RetinaNet-101-800 37.8 198
YOLOV3-320 282 22
I YOLOV3-416 31.0 29
28 YOLOV3-608 330 51
50 100 150 200 250

inference time (ms)

Figure 1. We adapt this figure from the Focal Loss paper [Y].
YOLOV3 runs significantly faster than other detection methods
with comparable performance. Times from either an M40 or Titan

X, they are basically the same GPU.
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YOLOv3 Detection Results

5
o0}
T

W voLow3
-@ - RetinaNet-50
~{ RetinaNet-101
Method mAP-50 time
[B] SSD321 454 61
[C] DSSD321 46.1 85
[D] R-FCN 519 85
[E] SSD513 50.4 125
[F] DSSD513 53.3 156
[G] FPN FRCN 59.1 172
RetinaNet-50-500 50.9 73
RetinaNet-101-500 53.1 90
RetinaNet-101-800 57.5 198
YOLOV3-320 515 22
YOLOv3-416 55.3 29
1 YOLOV3-608 579 51
50 100 150 200 250

inference time (ms)
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YOLOv3 Detection Results

backbone AP APsg  AP7s APg AP s APy,

Two-stage methods
Faster R-CNN+++ [5] ResNet-101-C4 34.9 55.7 37.4 15.6 38.7 50.9
Faster R-CNN w FPN [¥] ResNet-101-FPN 36.2 59.1 39.0 18.2 39.0 48.2
Faster R-CNN by G-RMI [6] | Inception-ResNet-v2 [ 1] 34.7 335 36.7 13.5 38.1 52.0
Faster R-CNN w TDM [20] | Inception-ResNet-v2-TDM | 36.8 57.7 39.2 16.2 39.8 52.1

One-stage methods
YOLOvV2 [15] DarkNet-19 [15] 21.6 44.0 19.2 5.0 224 35.5
SSD513[11, 3] ResNet-101-SSD 31.2 50.4 333 10.2 345 49.8
DSSD513 [7] ResNet-101-DSSD 33.2 233 35.2 13.0 354 511
RetinaNet [7] ResNet-101-FPN 39.1 59.1 423 21.8 42.7 50.2
RetinaNet [V] ResNeXt-101-FPN 40.8 61.1 44.1 24.1 44.2 51.2
YOLOv3 608 x 608 Darknet-53 33.0 57.9 34.4 18.3 354 419




YOLOv3: What Didn’t Work

* Bounding Box Offsets: Anchor box prediction mechanism x, y offset is
predicted as a multiple of the box width or height using a linear
activation decreased model accuracy and stability. Trying out a linear
activation by itself also didn’t work.

e Dual IOU Thresholds: In this formulation, if a prediction overlaps the
ground truth by .7 it is as a positive example, by [.3-.7] it is ignored, less
than .3 is a negative example. This assignment system doesn't work for
YOLOV3.
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YOLOv4

Bringing several ideas to enhance the performance, with core idea as:

Creating a CNN that operates

A. inreal-time on a conventional GPU,

B. training requires only one conventional GPU (by optimization for

parallel computations rather than the low computation volume theoretical indicator -
BFLOP)

Gain on 416px | v3::35 FPS (Titan X):AP@50:55.3% | v4:: 38FPS (Titan
X)::AP@50::62.8%

https: //arxiv.org/pdf/2004.10934.pdf
114" https: /github.com /AlexeyAB /darknet



https://arxiv.org/pdf/2004.10934.pdf
https://github.com/AlexeyAB/darknet

YOLOv4

Anatomy an object detector:

Input Backbone ! Neck Dense Prediction

Sparse Prediction

&

Input: { Image, Patches, Image Pyramid, ... }
Backbone: { VGG16 |~ , ResNet-50 |, ResNeXt-101 = |, Darknet53 =, ...}
Neck: { FPN <], PANet |, Bi-FPN |77 ,...}

Head:
Dense Prediction: { RPN < ,YOLO . <. ,SSD ", RetinaNet -~ ,FCOS = ,...}

Sparse Prediction: { Faster R-CNN ¢/, R-FCN ", ...}

Figure 2: Object detector.
115



116

YOLOv4

YOLOV4 consists of:

e Backbone: CSPDarknet53
e Neck: SPP, PAN

e Head: YOLOV3
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YOLOv4: Backbone

CSPDarknet53: CSPNet strategy to partition the feature map of
the base layer into 2 parts and then merges them through a

cross-stage hierarchy
Split and merge strategy allows for more gradient flow
CSP saves on computation for various CNN networks

Table 1: Parameters of neural networks for image classification.

Average size

Input network  Receptive Parameters  of layer output BFLOPs FPS

Backbone model

resolution field size (WxHxC) (512x512 network resolution)  (GPU RTX 2070)
CSPResNext50 512x512 425x425 206 M 1058 K 31 (15.5FMA) 62
CSPDarknet53 512x512 725x725 27.6 M 950 K 52 (26.0 FMA) 66
EfficientNet-B3 (ours) 512x512 1311x1311 12.0M 668 K 11 (5.5 FMA) 26

--------------------------

CSP block

[ convi=l.c |
Y

->[ concate. ¢ ]

7Y
[ convi=l.c/2 |
mx :+

[ conv i=3, ¢/2 ]

7

[ convi=l.c/2 |
\

c/2

[ convi=l,c |

o~ ’




YOLOvV3 Architecture
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YOLOv4 vs YOLOV3

Detection

Concatenate:

Up sample:

Down sample :

119 https://arxiv.org/abs/2111.00298



https://arxiv.org/abs/2111.00298

CSPBlock

def dense_block_cspnet(inps, partition, filter, times, id):
shape = inps.shape
features = shape[3] - partition
partl = inps
partl = inps[:, :, :, ©:features]
part2 = inps[:, :, :, features:]

for time in range(©, times):

part2 = Conv2D(filter[@], 1, padding="same")(part2)
part2 = mish(part2)
part2 = Conv2D(filter[1], 3, padding="same")(part2)
part2 = mish(part2)

part2 = Conv2D(filter[2], 1, padding="same")(part2)

mish(part2)

part2
inps = Concatenate()([partl, part2])

return inps

120



121

YOLOv4: SPP: Enhancing Receptive Field

Spatial Pyramid Pooling:
Problem: CNN output depends on input
size.

Solution: SPP tries to create fixed size
feature vector for arbitrarily sized image
input.

This is helpful in both classification and
detection.

fully-connected layers (fcg, fer)

fixed-length representation

... S N S S S A S—
Fe A N
P . S S S S —
& 16x256-d & 4x256-d 4 256-d

v

J
spatial pyramid pooling layer
feature maps of convs
(arbitrary size)

' convolutional layers
input image

Figure 3: A network structure with a spatial pyramid
pooling layer. Here 256 is the filter number of the
convs layer, and convs is the last convolutional layer.
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YOLOv4: SPP: Enhancing Receptive Field

Spatial Pyramid Pooling:

e performs max-pooling
over the 19x19x512 feature
map, without pooling

e with different kernel sizes
k={5,9, 13} and ‘same’
padding ( to keep the same
spatial size)

https: //towardsdatascience.com /yolo-v4-optimal
-speed-accuracy-for-object-detection-79896ed47
b50

19x19x1024
convolutional
biases (512
scale(512)
mean(512;

variance (512>
weights (1024x512x1x1

19x19x512

19x19x512

maxpool

19x19%2048



https://towardsdatascience.com/yolo-v4-optimal-speed-accuracy-for-object-detection-79896ed47b50
https://towardsdatascience.com/yolo-v4-optimal-speed-accuracy-for-object-detection-79896ed47b50
https://towardsdatascience.com/yolo-v4-optimal-speed-accuracy-for-object-detection-79896ed47b50

YOLOvV4 - PANet

Path Aggregation Network:

A method for parameter aggregation from different backbone levels
for different detector levels

YOLOv3 used FPN
instead of PAN:

FPN:
https://arxiv.org/pdf/1612.03144.pdf
PAN:
https://openaccess.thecvf.com/conte

nt_cvpr_2018/papers/Liu_Path_Aggr

egation Network CVPR 2018 paper
-pdf

Figure 1. Illustration of our framework. (a) FPN backbone. (b) Bottom-up path augmemauon (c) Adaptive feature pooling. (d) Box
branch. (e) Fully-connected fusion. Note that we omit channel dimension of feature maps in (a) and (b) for brevity.
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https://arxiv.org/pdf/1612.03144.pdf
https://openaccess.thecvf.com/content_cvpr_2018/papers/Liu_Path_Aggregation_Network_CVPR_2018_paper.pdf
https://openaccess.thecvf.com/content_cvpr_2018/papers/Liu_Path_Aggregation_Network_CVPR_2018_paper.pdf
https://openaccess.thecvf.com/content_cvpr_2018/papers/Liu_Path_Aggregation_Network_CVPR_2018_paper.pdf
https://openaccess.thecvf.com/content_cvpr_2018/papers/Liu_Path_Aggregation_Network_CVPR_2018_paper.pdf
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YOLOv4: PANet

Py O—»?—> Pz

repeated blocks repeated blocks

Pe O—» Pe
Ps O—» Ps
Py Q-»t—> P4 (}>i}>
Ps O—@—> B
(a) FPN (b) PANet (c) NAS-FPN (d) BiFPN

Figure 2: Feature network design — (a) FPN [ ] introduces a top-down pathway to fuse multi-scale features from level 3 to
7 (Ps3 - Pr); (b) PANet [ ] adds an additional bottom-up pathway on top of FPN; (c) NAS-FPN [ '] use neural architecture
search to find an irregular feature network topology and then repeatedly apply the same block; (d) is our BiFPN with better
accuracy and efficiency trade-offs.

https://arxiv.org/pdf/1911.09070.pdf
EfficientDet


https://arxiv.org/pdf/1911.09070.pdf
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YOLOvV4: Detection Head

Detection still anchor-based as it was
in v3.

o
I.I'...’.....I..Il
o
¥
L
Q
~
ct
=
A
JEL R N R B
o
b3
&
~
ct
>
v/
+
g
x

Figure 3: Bounding boxes with dimension priors and location
prediction. We predict the width and height of the box as offsets
from cluster centroids. We predict the center coordinates of the
box relative to the location of filter application using a sigmoid
function.



YOLOv4: Augmentation

Flougonot6raesis. - O X | P asgonoomse0sse. - O X

(¢) CutMix

¥ 009004548280 21 - 08 X

(a) Crop, Rotation, Flip, Hue,
Saturation, Exposure, Aspect. (d) Mosaic
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YOLOv4: DropBlock

DropBlock is more

effective than Dropout

for CNNSs.

We apply DropBlock to

input layer(s). N N

Dropout DropBlock

https: //arxiv.org /pdf/1810.12890.pdf
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https://arxiv.org/pdf/1810.12890.pdf
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YOLOv4: Label Smoothing

Given a parameter o, the ground truth labels are updated with:
vy 1s = (1L - a) * y hot + a/ K

Example:

* Applying softmax to the vector [10, O, O]
gives [0.9999, 0, 0] rounded to 4 decimal places.

e If we use label smoothing with o = 0.1, the smoothed label
vector becomes = [0.9333, 0.0333, 0.0333].

https: //towardsdatascience.com /what-is-label-smoothing-108debd7ef06


https://towardsdatascience.com/what-is-label-smoothing-108debd7ef06
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YOLOv4: Mish Activation Function:

Non-monotonous
activation

function that helps
preserve

small negative weights.

https: //arxiv.or df/1908.08681.pdf

3.0

25

2.0

15

1.0

0.5

0.0

Derivatives of Mish and Swish

s Mish = 1st Derivative of Mish
— RelU —e— 2nd Derivative of Mish
=== SoftPlus 1.0{ = 1st Derivative of Swish
— Swish —e— 2nd Derivative of Swish
0.8
0.6
0.4
0.2
_____ 0.0 -
J
-3 -2 -1 0 1 2 3 -3 -2 -1 0
(@) (b)

mish(x) = xtanh(Softplus(x))

Softplus(z) = l,; * log(1 + exp(3 = z))



https://arxiv.org/pdf/1908.08681.pdf
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YOLOv4: Mish Activation Function:

Table 2: Influence of BoF and Mish on the CSPResNeXt-50 clas-
sifier accuracy.

MixUp CutMix Mosaic Bluring Sm[;)?)lt)l‘i:ng Swish Mish Top-1 Top-5

77.9% 94.0%

v 77.2% 94.0%
v 78.0% 94.3%

v 78.1% 94.5%

v 77.5% 93.8%

v 78.1% 94.4%

v 64.5% 86.0%
v 78.9% 94.5%
78.5% 94.8%

v 79.8% 95.2%

% &
% &
%
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YOLOv4: Complete IoU (ClIoU)

CloU loss [4], simultaneously considers three metrics: overlapping area, the distance between center points, and the aspect
ratio. It is an extension to DloU loss.

2(b, bt
£CIOU=1—IOU+L’2)+Q'U
c

CloU loss

where b and b9 denote the central points of B and BY, p(-) is the Euclidean distance, c is the diagonal length of the smallest
enclosing box covering the two boxes, a is a positive trade-off parameter, and v measures the consistency of aspect ratio.

The a is a positive trade off parameter where overlaps are given higher priority over non-overlap cases and v gives information
about consistency of aspect ratio.

4 w W |9
= F(arctanﬁ — arctanﬁ)
B v
G (1—1IoU) +wv

where h is the height of the bounding box and w is the width. .
https://wikidocs.net/167839



https://wikidocs.net/167839
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YOLOv4: Selt-Adversarial Training (SAT)

SAT aims to find the portion of the image that the network most relies on during
training, and then edits the image to obscure this reliance, forcing the network to
generalize to new features that can help it with detection.

Two-stage Operation:

1. Neural network alters the original image instead of the network weights. In this
way the neural network executes an adversarial attack on itself, altering the
original image to create the deception that there is no desired object on the
image.

2. NNis trained to detect an object on this modified image in the normal way.
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YOLOv4: Cross mini-batch Normalization (CmBN)

This collects statistics only
between mini-batches within a
single batch, and only updates
bias and scale parameters at the
end of the batch.

https: //arxiv.or df/1908.08681.pdf

BN — assume a batch contains four mini-batches

accumulate W3 accumulate W03 2 gecumulate W3 -1 S ‘::“ 2
calculate BNC-) calculate BNt calculate BNCY St
normalize BN normalize BN normalize BN LI L

- i ! _update W, ScaleShift

- \
(CBN — assume cross four iterations

update W update W ~update W update WO
accumulate BNC- - “’aocumnh(e BN(2 -5 accumulate BN Y yccumulate BN -9
normalize BN normalize BN normalize BN
update ScaleShift upme ScaleShm update ScaleShift  update ScaleShift

Bm scale mmmn
Mean, variance
Weights - W

CmBN assume a batch contains four mlm-batches
accumulate W3 - "
accumulate W' accumulate W' "2 accumulate W= =10 Lo s - ,,

12
accumulate BN accumulate BN®*~ 2 gccumulate BN -1 normalize BN

normalize BN normalize BN normalize BN

update W, ScaleShift

Figure 4: Cross mini-Batch Normalization.


https://arxiv.org/pdf/1908.08681.pdf

YOLOvV4: Performance

MS COCO Object Detection MS COCO Object Detection
real-time . real-time
45 ?
YOLOvV4 (ours
had YSAF ( ) YOLOV4 (ours)
65
41 FSAF
. —&— YOLOV4 (ours) \ —8— YOLOV4 (ours)
M2Det M2Det
39 ——YOLOV3 w0 : ——YOLOV3
37 LRF —e—LRF LRF e
—~—SSD 2 ‘\ ~o—SSD
S & s e \\
‘ -~ RefineDet « s &~ RefineDet
3 ~_ —e—M2Det - —e—M2Det
- ~I>» —e— PFPNet 50 <s —o— PFPNet
\\ T .\ —e—RetinaNet
o —e—FSAF P \ —e—FSAF
27 .\ ~a— CornerNet —o— CornerNet
i \‘ "
0 10 20 30 40 S0 60 0 10 20 30 40 50 60
FPS (Maxwell) FPS (Maxwell)
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Evolution of YOLO Models

Multi-label classification
Extremely fast Improvement in small objects
Larger network (53 CNN layers), predicts 3

) Each grid has only one class output bboxes at 3 scales (13x13, 26x26, 52x52)

- Poor perf for small objects
- High Localization error

- Low Recall - At loU th = 0.75, mAP decreases
- Trained on 80 classes significantly

v2

vl v3

Separate Class for every bbox
33% less computation
v9000 handles 10K classes

BN instead of dropout, passthrough block,
Anchor Boxes, 2 phase training

135
Ref: https://blog.roboflow.com/guide-to-yolo-models/
Paper Yolo v4: https://arxiv.org/pdf/2004.10934.pdf

v4

Several small architectural changes
Size 418, ~38FPS [Maxwell GPU]::
Metric-AP50: 55.3% (v3) to 62.8%

Darknet to CSPDarkNet, Training: Several
Augmentations and increments to achieve
robustness


https://blog.roboflow.com/guide-to-yolo-models/
https://arxiv.org/pdf/2004.10934.pdf




Why do One-Stage Detectors Trail in Accuracy?

We encounter an extreme We encounter an extreme
foreground-background class imbalance in foreground-background class imbalance in
object detection tasks. object detection tasks.

Two-stage Detectors’ Approach: One-stage Detectors’ Approach:

The proposal stage rapidly narrows down Have to process a much larger set of
#candidate object locations to a small candidate object locations regularly sampled
number (e.g., 1-2k), filtering out most across an image, which amounts to
background samples enumerating ~100k locations that densely

In the classification stage, fix cover spatial positions, scales, and aspect

foreground-to-background ratio to 1:3, or ratios.

online hard example mining (OHEM).
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RetinaNet - Focal Loss

The central cause of lower performance of single-stage detectors is the extreme
foreground-background class imbalance encountered during training of dense detectors.

New Approach called Focal Loss: Addresses this class imbalance by reshaping the standard
cross entropy loss such that it down-weights the loss assigned to well-classified examples.

Focal Loss for Dense Object Detection, Tsung-Yi Lin, Priya Goyal, Ross Girshick, Kaiming He, Piotr Dollar,
https: //arxiv.org /abs /1708.02002



https://arxiv.org/abs/1708.02002

Object Detection Background/Foreground Imbalance

An important issue for object detection model training is the extreme imbalance
between background which contains no object and foreground which holds objects of
interest.

Focal loss is designed to assign more weights on hard, easily misclassified examples (i.e.
background with noisy texture or partial object) and to down-weight easy examples (i.e.
obviously empty background).
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Object Detection Background/Foreground Imbalance

Let’s start with the cross-entropy loss for binary classification:

— log(p) ify=1
—log(1 — p) otherwise.

CE(p,y) = {

where y &{-1,1} is a ground truth binary label, indicating whether a bounding box
contains a object, and p €[0,1] is the predicted probability for the class with label 1.



Behaviour of Cross-Entropy Loss for Unbalanced Data

* 100000 easy : 100 hard examples
e The loss from easy (background)

* 40x bigger loss from easy examples examples = 100,000 x 0.1 = 10,000
* The loss from hard (foreground)
examples =100 x 2.3 = 230
Loss = 2.3 well Classified e 10,000 / 230 =43
g "4 Examples e The loss from easy examples is 40x
? * g bigger
Loss = 0.1
\
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One Approach: a-Balanced CE Loss

For notational convenience:

—.Jip ify=1 B o
= { 1 —p otherwise , then CE(p, y) = CE(p:) = —logp:

To address the class imbalance, one method is to add a weighting factor o for class 1and 1 - a for class -1:

CE(p) = —oulog(py)
o may be set by inverse class frequency or treated as a hyperparameter to set by cross validation.

As seen at the two-stage detectors, o is implicitly implemented by selecting the foreground-to-background
ratio of 1:3.
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Focal Loss Expression

For notational convenience

e ify=1 = _
= { 1—p otherwise , then CE(p, y) = CE(p) = —logp

® Easily classified examples with large p, > 0.5, that is, when p is very close to 0 (when y=0) or 1 (when
y=1), can incur a loss with non-trivial magnitude.

Focal loss explicitly adds a weighting factor (1-p ), y>0 to each term in cross entropy so that the weight is
small when p, is large and therefore easy examples are down-weighted:

FL(p:) = —(1 — p)" log p;

143



Focal Loss Expression with Hyperparameter o

For better control, we introduce a hyperparameter o

FL(pt) = —au(1 — pr)” log(pr)

—a(1 —p)log(p) if y=1
—(1 — a)p”log(1 — p) otherwise,

PI@J%={

RetinaNet uses an a-balanced variant of the focal loss, where a=0.25, y=2 works the best.

* While a balances the importance of positive /negative examples it does not differentiate between
easy/hard examples.
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Focal Loss vs. Conventional Cross-Entropy Loss

Setting y>0 reduces the relative loss for
well-qualified examples with p,>0.5, putting
more focus on hard, misclassified examples.

Focal loss facilitates the training of highly
accurate dense object detectors in the
presence of vast number of easy background
examples.

https: //arxiv.org /abs /1708.02002

CE(p) = —log(pm)
FL(p) = —(1 — p)" log(p1)

e -t = - =2

NN- oo

om

0.2 04 d;
probability of ground truth class

0.8
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https://arxiv.org/abs/1708.02002

Focal Loss Interpretation

Every sample is weighted according to its error!

Focusing parameter y smoothly adjusts the rate at
which easy examples are down-weighted.

 For misclassified, p, is small, modulating
factor is near 1, and the loss is unaffected

* Asp— 0.5, the factor goes to 0 and the loss
for well-qualified examples is down-weighted

e With p=2, the example classified with p,=0.9
would have 100 times lower loss compared to
CE and with p,=0.968 it would have 1000 times
lower loss. This in turn increases the
importance of correcting misclassified
examples

CE(p) = —log(p) :1;35
FL(p) = —(1 — p)" log(p) -1
— b
ell-claskified
wexanarzlkes
A
<4

0.2 0.4 0.6
probability of ground truth class

0.8
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Focal Loss -> RetinaNet

The Focal Loss focuses training on a sparse set of hard examples and prevents the
vast number of easy negatives from overwhelming the detector during training:

* To evaluate the effectiveness of the focal loss, a new design /training method: a
simple dense detector called RetinaNet.

The RetinaNet is a one-stage dense object detector:

e Two crucial building blocks are
- the FPN, and
— the use of focal loss.

e The results show that when trained with the focal loss, RetinaNet is able to
match the speed of previous one-stage detectors while surpassing the accuracy
of all existing state-of-the-art two-stage detectors.

Code is at: https: //github.com /facebookresearch /detectron2
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RetinaNet Model Architecture

apply focal loss

[3x3 conv, ReLU] x 4

______ A S

= r \ .

class+box 7 - :

subnets ’ , class i p 3 I

. I subnet sigmoid
! WxH J.._2 WxH L3 || WxH

sy : x2s6 | xa” || xas6 y :

class+box | * : / / ! / :
subnets | | 1 f | regression

v ! WxH J___3p|| WxH L 31| WxH |

v 1 box x256 | x4 %256 xX4A | |

A subnet / / / !

N D ___

(a) ResNet (b) feature pyramid net (c) class subnet (top) (d) box subnet (bottom)
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RetinaNet Performance
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RetinaNet Performance .

COCO AP
@ W oW

Speed (ms) versus accuracy (AP) on COCO test-dev.

28

* Enabled by the focal loss, the simple one-stage RetinaNet detector
outperforms all previous one-stage and two-stage detectors, including
the best reported Faster R-CNN.

e See variants of RetinaNet with ResNet-50-FPN (blue circles) and
ResNet-101-FPN (orange diamonds) at five scales (400-800 pixels).

* Ignoring the low-accuracy regime (AP<25), RetinaNet forms an upper
envelope of all current detectors, and an improved variant (not shown)
achieves 40.8 AP.



RetinaNet Prediction Pipeline - Comparison

backbone AP APso AP7s | APs APy APp
Two-stage methods
Faster R-CNN+++ [16] ResNet-101-C4 349 55.7 374 15.6 38.7 509
Faster R-CNN w FPN [20] ResNet-101-FPN 36.2 59.1 39.0 18.2 39.0 48.2

Faster R-CNN by G-RMI [17] | Inception-ResNet-v2 [34] 347 55.5 36.7 13.5 38.1 52.0
Faster R-CNN w TDM [32] Inception-ResNet-v2-TDM | 36.8 57.7 39.2 16.2 398 52.1

One-stage methods

YOLOvV2 [27] DarkNet-19 [27] 21.6 44.0 19.2 5.0 224 35:5
SSD513 [22, 9] ResNet-101-SSD 31.2 50.4 33.3 10.2 345 49.8
DSSD513 [9] ResNet-101-DSSD 33.2 533 35.2 13.0 354 51.1
RetinaNet (ours) ResNet-101-FPN 39.1 59.1 423 21.8 42.7 50.2
RetinaNet (ours) ResNeXt-101-FPN 40.8 61.1 44.1 24.1 44.2 51.2

Table 2. Object detection single-model results (bounding box AP), vs. state-of-the-art on COCO test-dev. We show results for ot
RetinaNet-101-800 model, trained with scale jitter and for 1.5 x longer than the same model from Table le. Our model achieves top result:
outperforming both one-stage and two-stage models. For a detailed breakdown of speed versus accuracy see Table le and Figure 2.
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Snapshot of Object Detection Methods (till 2019)

R-CNN — OverFeat - MultiBox — SPP-Net — MR-CNN — DeepBox — AttentionNet —
ICCV' 15

2013.11 ICLR’ 14 CVPR’ 14 ECCV’ 14 Iccv" 15 Iccv” 15

Fast R-CNN — DeepProposal — Faster R-CNN — OHEM — YOLO v1— G-CNN — AZNet —
ICCV’ 15 ICCV’ 15 NIPS” 15 CVPR’ 16 CVPR’ 16 CVPR’ 16 CVPR’ 16
Inside-OutsideNet(ION) — HyperNet — CRAFT — MultiPathNet(MPN) — SSD — GBDNet —
CVPR’ 16 CVPR’ 16 CVPR’ 16 BMVC’ 16 ECCV 16 ECCV' 16
CPF — MS-CNN — R-FCN — PVANET — DeepID-Net— NoC — DSSD—- TDM — YOLO v2 —
ECCV’ 16 ECCV" 16 NIPS’ 16 NIPSW’ 16 PAMI’ 16 TPAMI' 16 arXiv' 17 CVPR’ 17 CVPR' 17
Feature Pyramid Net(FPN) - RON — DCN — DeNet — CoupleNet— RetinaNet — DSOD —
CVPR' 17 CVPR 17 Icov 17 Iccv 17 Iccv 17 Iccv' 17 Iccve 17

Mask R-CNN —- SMN — YOLO v3 — SIN — STDN —» RefineDet —» MLKP — Relation-Net —»
CVPR' 18 CVPR' 18 CVPR 18 CVPR' 18 CVPR' 18

ICCVv" 17 ICCV" 17 arXiv' 18

Cascade R-CNN — RFBNet —» CornerNet — PFPNet — Pelee - HKRM — R-DAD — M2Det
AAAI' 19 AAAI' 19

CVPR' 18 ECCv" 18 ECCV" 18 ECCV" 18 NIPS’ 18 NIPS’ 18

152 https: //github.com /hova012 /deep learning object detection
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YOLOVS
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YOLOVS: Adaptive Anchor Box

(a) (b)

e The optimal anchor box value in different training sets is
adaptively calculated during each training.
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YOLOVS: Focus Structure

The YOLOVS Focus layer replaces the first 3 YOLOv3 layers with a single layer:

@® ¢ @ yolov3.yaml - yolov5l.yaml (/JUsers/glennjocher/PycharmProjects/yolov5/models/hub - /Users/glennjocher/PycharmProjects/yolov5/...

v £

v

= backbone:

Side-by-side viewer ¥

# darknet53 backbone

Conv, [32, 3, 111,
, Conv, [64, 3, 211,
Bottleneck
, Bottleneck, [128]],
, Conv, [256, 3, 211,
, Bottleneck, [256]11,
, Conv, [512, 3, 211,
, Bottleneck, [512]1],
, Conv, [1024, 3, 2]1,
, Bottleneck, [1024]],

Do notignore ¥

#0
# 1-P1/2

# 5-P3/8

# 7-P4/16

# 9-P5/32
# 10

»

Highlight words +
yolov3.yaml (/Users/glennjocher/PycharmProjects/yolov5/models/hub)

4l
12

| AR
yolov5l.yaml (/Users/glennjocher/PycharmProjects/yolov5/models)
11

12 & # YOLOv5 backbone

13 backbone:

»

. # [from, number, module, args]

T M)
16 , 1, Conv, 1128, 3, 2]1, # 1-P2/4
17 c3, [128]1],

18 Conv, [256, 3, 211,
19 €3, [256]11,

20 Conv, [512, 3, 211,
21 €3, [512]1,

Conv, [1024, 3, 2]]1, # 7-P5/32
SPP, [1024, [5, 9, 13111,

C3, [1024, Falsell, # 9

’

~

# 3-P3/8

~

NP P OPROPRGR

~

~

~
~

# 5-P4/16

~
~

~
~

~
~

=1
=
=1
al
=1
=1
Sl
=gl
Sl
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YOLOVS: Focus Structure

e Focus structure slices high-resolution images and splits them
into multiple low resolution images.
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YOLOVS: Focus Structure

Concat

class Focus(nn.Module):
# Focus wh information into c-space
def _init_ (self, c1, c2, k=1, s=1, p=None, g=1, act=True): # ch_in, ch _out, kernel, stride, padding, groups
super(Focus, self). init ()
self.conv = Conv(cl * 4, c2; k, s, p; g, act)

# self.contract = Contract(gain=2)

def forward(self, x): # x(b,c,w,h) -> y(b,4c,w/2,h/2)
return: self:conv(torchecat([x[sovn 2825 44215 oty Les2; 2] X[swey 1025 1032 s ofweas Aes2s T2 15 51))
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YOLOvVS: C3 Module

class C3(nn.Module):

# CSP Bottleneck with 3 convolutions

def __init__ (self, c1, c2, n=1, shortcut=True, g=1, e=0.5): # ch_in, ch_out, number, shortcut, groups, expansion
super().__init_ ()
c_ = int(c2 * e) # hidden channels
self.cvl ‘= Conv(cl, ¢, 1, 1)
self.cv2 = €onv(el, ¢ ., T, T)
self.cv3 = Conv(2 * c_, c2, 1) # optional act=FRelLU(c2)

self.m = nn.Sequential(*(Bottleneck(c_, c_, shortcut, g, e=1.0) for _ in range(n)))

def forward(self, x):
return self.cv3(torch.cat((self.m(self.cvli(x)), self.cv2(x)), 1))

159 https://github.com/ultralytics/yolov5/blob/3c0abe664bc3847ab9ccal3df66195debacfeb012/models/common.py#L 156
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YOLOvVS: Bottleneck Module

class Bottleneck(nn.Module):

# Standard bottleneck

def __init__ (self, c1, c2, shortcut=True, g=1, k=(3, 3), e=0.5): # ch_in, ch_out, shortcut, groups, kernels, expand
super().__init_ ()
c_ = int(c2 * e) # hidden channels
self.cvl = Conv(cl, c_, k[©], 1)
self.cv2 = Conv(c_, c2, k[1], 1, g=g)
self.add = shortcut and cl == c2

def forward(self, x):
return x + self.cv2(self.cvl(x)) if self.add else self.cv2(self.cvi(x))

160 https://github.com/ultralytics/yolov5/blob/3c0abe664bc3847ab9ccal3df66195debacfeb012/models/common.py#L 156
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YOLOVvS: Focal Loss

e YOLOVS optionally allows training via focal loss.
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YOLOv6
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YOLOv6: Changes

- e e e = = e = = -
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_________________________________________

e Backbone: VGG used are used durmg training, which are
replaced with simple 3x3 convolutions during inference.

e Neck: PAN that concatenates features from various
reparameterized blocks, and is as such called Rep-PAN.,

e Head: An efficient decoupled head is used: Classification and
detection branches do not share parameters.

e C(lassification Loss: Varifocal loss.



YOLOV6: RepVGG

stride=2 stride=2

(A) ResNet  (B) RepVGG training (C) RepVGG inference
| conv == ReLU D Ideniity |

Figure 2: Sketch of RepVGG architecture. RepVGG has
5 stages and conducts down-sampling via stride-2 convolu-
tion at the beginning of a stage. Here we only show the first
4 layers of a specific stage. As inspired by ResNet [12], we
also use identity and 1 x 1 branches, but only for training.

164 https://arxiv.org/abs/2101.03697
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YOLOVvVG6: Varifocal Loss

Y (0)
| P - 1 f
. : / soa
/ (a) Learning Class Label
‘ FY FN
: 0
p w038
\ : % Nod

Prediction  Target (q)
"~ (b) Learning loU-aware Class Score

& Varifocal Loss:

: _ [-alqlog(p)+(1-q)log(1-p)) g>0
| {-ap'los(l-p) g=0

~ BBox_refined = BBox_ini + Offsets
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YOLOvV7

MS COCO Object Detection
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YOLOvV7
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YOLOVv7: Efhicient Layer Aggregation Networks (ELAN)
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Figure 2: Extended efficient layer aggregation networks. The proposed extended ELAN (E-ELAN) does not change the gradient transmis-
sion path of the original architecture at all, but use group convolution to increase the cardinality of the added features, and combine the
features of different groups in a shuffle and merge cardinality manner. This way of operation can enhance the features learned by different
feature maps and improve the use of parameters and calculations.
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YOLOvV7: Model Scaling
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(a) concatenation-based model  (b) scaled-up concatenation-based model (c¢) compound scaling up depth and width for concatenation-based model

Figure 3: Model scaling for concatenation-based models. From (a) to (b), we observe that when depth scaling is performed on
concatenation-based models, the output width of a computational block also increases. This phenomenon will cause the input width
of the subsequent transmission layer to increase. Therefore, we propose (c), that is, when performing model scaling on concatenation-
based models, only the depth in a computational block needs to be scaled, and the remaining of transmission layer is performed with
corresponding width scaling.
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YOLOV7: Deep Supervision

Assigner el
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Figure 5: Coarse for auxiliary and fine for lead head label assigner. Compare with normal model (a), the schema in (b) has auxiliary head.
Different from the usual independent label assigner (c), we propose (d) lead head guided label assigner and (e) coarse-to-fine lead head
guided label assigner. The proposed label assigner is optimized by lead head prediction and the ground truth to get the labels of training
lead head and auxiliary head at the same time. The detailed coarse-to-fine implementation method and constraint design details will be
elaborated in Apendix.
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YOLOv8 vs YOLOVS

« C3 module (3 layer CSP) is replaced with C2f.

« The first 6x6 Conv is replaced with a 3x3 Conv in the backbone.

«  Two Convs (No.10 and No.14 in the YOLOV5 config) are removed.
« The first 1x1 Conv is replaced with a 3x3 Conv in the Bottleneck.
« Adecoupled head is used and the objectness branch is deleted.
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YOLOVvS: C2f Module

class C2f(nn.Module):

# CSP Bottleneck with 2 convolutions

def __init__(self, cl1, c2, n=1, shortcut=False, g=1, e=0.5): # ch_in, ch_out, number, shortcut, groups, expansion
super().__init__ ()
self.c = int(c2 * e) # hidden channels
self.cvl = Conv(cl, 2 * self.c, 1, 1)
self.cv2 = Conv((2 + n) * self.c, c2, 1) # optional act=FRelLU(c2)
self.m = nn.ModuleList(Bottleneck(self.c, self.c, shortcut, g, k=((3, 3), (3, 3)), e=1.8) for _ in range(n))

def forward(self, x):
y = list(self.cvl(x).chunk(2, 1))
y.extend(m(y[-1]) for m in self.m)
return self.cv2(torch.cat(y, 1))

def forward_split(self, x):
y = list(self.cvl(x).split((self.c, self.c), 1))
y.extend(m(y[-1]) for m in self.m)
return self.cv2(torch.cat(y, 1))
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YOLOvVS: C3 Module

class C3(nn.Module):

# CSP Bottleneck with 3 convolutions

def __init__ (self, c1, c2, n=1, shortcut=True, g=1, e=0.5): # ch_in, ch_out, number, shortcut, groups, expansion
super().__init_ ()
c_ = int(c2 * e) # hidden channels
self.cvl ‘= Conv(cl, ¢, 1, 1)
self.cv2 = €onv(el, ¢ ., T, T)
self.cv3 = Conv(2 * c_, c2, 1) # optional act=FRelLU(c2)

self.m = nn.Sequential(*(Bottleneck(c_, c_, shortcut, g, e=1.0) for _ in range(n)))

def forward(self, x):
return self.cv3(torch.cat((self.m(self.cvli(x)), self.cv2(x)), 1))
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YOLOvVS

MS COCO Object Detection
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