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YOLOv3 Network Architecture

Conv: Convolutional layer Concatenate: concatenate two inputs

batch_size: the output size of this layer/block

Residual Block: repeated convolutional layers with ResNet structure
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Major changes compared with YOLOV2:

YOLOV3 7E YOLOv2 M, SR T49# backbone. F|H % REREE (feature map) EATHEHI
(three colored regions in the above image). M ZEBILH Logistic regression 73 3H33 X softmax 2R
TERIEE 7035

New Backbone: Darknet-53

YOLOV3 author Joseph Redmon: Darknet-53 is a hybrid approach between Darknet-19 (YOLOvV2

backbone) and residual network stuff (originated from ResNet).

Type Filters Size Output
Convolutional 32 3x3 256 x 256
Convolutional 64 3x3/2 128x 128
Convolutional 32 1x1

1x Convolutional 64 3x3
Residual 128 x 128
Convolutional 128 3x3/2 64 x64
Convolutional 64 1x1

2x Convolutional 128 3x3
Residual 64 x 64
Convolutional 256 3x3/2 32x32

Convolutional 128 1 x 1

8x Convolutional 256 3x3
Residual 32 x 32
Convolutional 512 3x3/2 16 x 16
Convolutional 256 1 x1

8x Convolutional 512 3x3
Residual 16 x 16
Convolutional 1024 3x3/2 8x8
Convolutional 512 1 x1

4x Convolutional 1024 3 x 3

Residual 8x8
Avgpool Global
Connected 1000

Softmax

Table 1. Darknet-53.
Why the number is 53? There are 53 convolution layers in Darknet-53.
Note: Darknet-53 has 23 residual blocks. (We will see why the author puts residual blocks in Darknet-53)

No max pooling layer found in Darknet-53 (Darknet-19 still has max pooling layer). To achieve

downsampling, convolution layers with 3x3 kernel and stride=2 are used.



Advantages of using convolution layer to replace max pooling layer:

Information of the spatial location of the input can be utilized and conserved in the output feature map.

A network with 53 convolution layer is rather deep. Deep neural network suffers from the vanishing
gradient problem/ exploding gradient problem (why? Chain rule in backpropagation: if many terms in the
gradient are less than 1, gradient vanishing; else, gradient exploding), and therefore hinders updating model

weights (this can be resolved by normalization in initialization and intermediate layers).

Also, with the network depth increases, the accuracy gets saturated, resulting in larger errors compared with

shallower neural network (problematic).

Why? During forward propagation, if the model is too deep for the problem, the layer in traditional
convolution layer is difficult to do identity mapping (i.e. input unchanged), and thus some layers would hold
back the performance, i.e. performing useless or even adding detrimental computations to the model input.
The bigger problem is we do not know which layers are those holding back in the model, and we have no

guidance to prune the model for better performance.

Note: this problem is not due to model overfitting as both the training error and test error are larger when

the model goes deeper. Fore model overfitting, it should have low training error but high testing error.
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Figure 1. Training error (left) and test error (right) on CIFAR-10)
with 20-layer and 56-layer “plain™ networks. The deeper network
has higher training error, and thus test error. Similar phenomena
on ImageNet is presented in Fig. 4.

Retrieved from Deep Residual Learning for Image Recognition paper

(SUPER IMPORTANT) Breakthrough: Kaiming He proposed residual block architecture in 2015 to tackle

the above two problems.

The idea is simple: if the network is too deep to the task, i.e. a shallower network can achieve better, some of
the layers in the network can just be identity mapping, skipping some layers and pass the input to the next

layer. Theoretically the deep neural network would behave similar as the shallower counterpart in this case.



How to achieve the identity mapping as stated above?

Skip connections. The skip connection connects activations of a layer to further layers by bypassing some

layers in between (the right arrow in the figure).
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x: input, f(x): desired underlying mapping we want the model to learn
Dotted region in the left block: directly learn f(x); (traditional conv block)
Dotted region in the right block: learn the residual mapping g(x) = f(x) — x (residual block)

If the model training is saturated, some residual blocks can learn g(x) = 0. Then in residual block the

output f(x) = x, giving the same input from this layer to the next layer, achieving identity mapping.

These are how the residual blocks in Darknet-53 address the degradation problem and the vanishing gradient

problem.

A INVRAY 2% JE 8, Darknet-53 Lt Darknet-19 18772, {H Darknet-53 BRIUH EAFFD 78 sRIE, &
FEEFIFE L ResNet PRIRZ, YOLOV3 RARCREE 7 mitERE (tradeoff between FPS and precision)

Darknet-53: slightly worse top-1 precision than ResNet-152 but doubles the FPS.

Backbone Top-1 Top-5 BnOps BFLOP/s FPS
Darknet-19 [ 7] 74.1 91.8 1.29 1246 171
ResNet-101[5] 77.1 93.7 19.7 1039 53
ResNet-152 [7] 77.6 93.8 294 1090 37

Darknet-53 77.2 93.8 18.7 1457 78



Multi-scale Detection
Problem of YOLOV2: information of tiny objects is lost after multiple max pooling and downsampling.
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YOLOV3 uses a similar approach from Feature Pyramid Network (FPN) to do multi-scale detection,
especially helpful in tiny object detection.

Framework of FPN:
A
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What are the advantages to extract features from multiple layers? (Why not only using the last feature

map?)



This allows the model to gather different information of objects from multiple layers.
o Low level feature (high resolution) ¥fAANFI R B &L B (capture tiny objects).
« High level feature (low resolution) ¥fA5ER (semantic) F HIFHIFEME (capture large objects).

o TEAIEBURMAERH, U0 detection. segmentation 55, ME EFAARIELER, TFEZENLES .

FPN composes of a bottom-up and a top-down pathway. The bottom-up pathway is the usual
convolutional network for feature extraction. As we go up, the model involves downsampling the feature

map. With more high-level structures detected, the semantic value for each layer increases.
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Lateral connection

—> 1x1 conv

The top-down process involves upsampling the feature map obtained at higher levels and then
propagating the feature map downward. As high-level features contain rich semantic information, through
top-down propagation, this semantic information is transferred to the lower-level features, allowing them to

also carry abundant semantic details.
Method used for upsampling in FPN and YOLOvV3: nearest neighbor interpolation

e.g. 3x3 feature map upsample to 6x6 using nearest neighbor interpolation:
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Other types of interpolation: linear, spline.

Nearest neighbor interpolation has low computation cost, but the output feature map is discontinuities and

has abrupt changes, often producing blocky or jagged outputs.

Having bottom-up and top-down alone are not enough. We need a way to combine the high-level features

from top-down and the low-level features from intermediate feature maps in bottom-up.
Lateral connection:

1. Do 1x1 convolution of the feature map from each stage C, to reduce the number of output channels.
2. Do element-wise addition (Note: YOLOV3 uses concatenation) to the upsampled feature map from the
previous stage to injects the strong semantic context from the top layers into the fresh spatial details

present in the lower layers.
3. Do 3x3 convolution on the feature map from step 2 to obtain the output feature map of this stage to

reduce the aliasing effect introduced by the simple upsampling process and extract features.

C,,—> 1x1 conv —»é—) 3x3 conv ——>F,

How is the idea of FPN included in YOLOv3?




Inputs.
(batch_size: 416, 416, 32)

YOLOvV3 Network Architecture

Conv: Convolutional layer Concatenate: concatenate two inputs
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(batch_size: 208, 208, 64)

s2: with stride of 2 batch_size: the output size of this layer/block

Residual Block 1x64
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Bottom-up: Darknet-53 (Left part), Input size: 416x416x3
Top-down: Three regions on the right part.

Lateral connection: Concatenate block in three regions

)¢ Darknet53 b = JEg i H 2R i detection, K/N73JillJ& 52x52 (Scale 1: downsampled 8 times). 26x26
(Scale 2: downsampled 16 times). 13x13 (Scale 3: downsampled 32 times). FrPA%5EE A —5R[E A 244
B, detection model # & ¢ ¥5iE = Ff ] ~F 5 H =1 loss (still Regression Loss + Objectness Loss +

Classification Loss).
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https://medium.com/ching-i/yolo%E6%BC%94%E9%80%B2-2-85ee99d114al



B R ER] feature map & FEMIH 3l Anchor prior, 1M Anchor prior FJK/NAIERA K-means #1728
KT (BR YOLOV2 HIEE—EE).

o 13x13 feature map (i KK E) FHIAMRIRYIES, Fr LUK Anchor prior (116x90),
(156x198), (373x326). Output size: 13x13x255

o 26x26 feature map (HEEEAZEF) FAEEIF SER/NIYIEE, Fr LA S8 H Anchor prior
(30x61), (62x45), (59x119). Output size: 26x26x255

e 52x52 feature map (H/NEEAZEF) HTAMRI NS, Fir LA/ ) Anchor prior (10x13),
(16x30), (33x23). Output size: 52x52x255

Total number of anchor boxes in YOLOvV2 for 1 image = 13x13x5 = 845
Total number of anchor boxes in YOLOvV3 for 1 image = 13x13x3 + 26x26x3 + 52x52x3 = 10647 > > 845.
Why 255 output channels?

Each grid has 3 bounding boxes. Each box has 4 box coordinates (t,, ty, t,, t;)(the definition of box

coordinates follows from YOLOV2), 1 objectness score , and 80 classification scores. Total =3 x (4 + 1 +

80) =255
YOLOV2: 20 classes; YOLOV3: 80 classes, why does the number of classes increase?

Different datasets are used. YOLOv2: VOC2007/2012 (20 classes); YOLOv3: COC02014/2017 (80 classes)

Bounding Box Prediction

YOLOvV3 f# ] Logistic regression 3 THHI%EEE bounding box HJ objectness score, LA bounding box i
ground truth (] IOU ZAHlEtEse, B4EH ground truth H 3Bl —fF R IF 1 bounding box. FJ iz
7730, fEM Detect Z AR AR AL EH] Anchor /b ETH & .

o IEH: ¥ IOU 5= 1 bounding box , objectness score #% 7% 1 (unlike YOLOV2)

o ZEEERB]: HABA R &= IOU ) bounding box I H 10U KJABIE (threshold, FEHIZ 0.5) , HI
ZHEIEYE bounding box, AEIHL loss

o Efl: 7 bounding box %A HT— ground truth &, RJE/DI objectness score
? ZAfTEE YOLOV3 Z# objectness score #7417

O [k % objectness score JE1H7% bounding box A&7 VHHIH — M #E G OIS, R—M =08, I
HAEEB /MR YR, HIRAKEE&EE 10U, 1% YOLOvI {#f bounding box & ground
truth ) IOU 1E%s objectness score, Al objectness score ZHEAR /N, ML R, B Recall

AN
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Class Prediction

YOLO ZHi#fZffH softmax Z:43r%8%HH bounding box, {H softmax RBEHANEEELZH»E ER
R H R MERER), w0 TEN E AR T ee A R R (B A 2N B A A R R),

Person 1 Women

Rl YOLOvV3 Mk A Z %511 Logistic regression 730J88s (W] A B EELT S H0ETERE]) &K,
ffi [ binary cross-entropy {E% loss function, W H 353 HEMEZR A& T [F

n
loss == y;log(%;) + (1 — y) log(1 — 7).,
1=l

y; is true value, y; is predict value

Loss function
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We can see that the loss function still consists of the three losses in YOLOv1 and YOLOV2 (regression loss
(1*t and 2" terms) + objectness loss (3™ and 4" terms) + classification loss (5% term)), but it uses BCE

loss for objectness loss and classification loss.

Note: YOLOV3 is the last YOLO from Joseph Redmon, who is the main author of YOLOvI and YOLOV2.
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