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Outline

• Object Detection
• Region Proposal Networks
• Single-Shot Detection
• Yolo
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Image Classification

dog



Multi-label classification

dog dog,cat



Single-Object Detection

dog



Multi-Object Detection
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Cosa caratterizza la posizione di un oggetto?



Cosa caratterizza la posizione di un oggetto?

• Boundary coordinates
• 𝑥!, 𝑦! , (𝑥", 𝑦")



Image Classification, object detection

Image classification Object detection

- What?

- Input: un’immagine con uno o più oggetti
- Output: class label(s)

- What? + Where?

- input: un’immagine con uno o più oggeti
- Output: 

- uno o più bounding boxes
- Un’etichetta di classe per ogni bounding box



Bounding boxes



Bounding boxes



Bounding boxes



Image Classification, object detection

Image classification Object detection

- What?

- Input: un’immagine con uno o più oggetti
- Output: class label(s)

- What? + Where?

- input: un’immagine con uno o più oggeti
- Output: 

- uno o più bounding boxes
- (𝑥, 𝑦, 𝑤, ℎ)

- Un’etichetta di classe per ogni bounding box



Approcci all’object detection

• Si esamina ogni posizione/scala
• Si utilizza qualche meccanismo propositivo per analizzare un insieme 

di regioni candidate



Sliding windows

CNN
deer?
cat?
background?



Sliding windows
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Sliding windows
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Sliding windows
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Sliding windows

• Esplosione combinatoria!
• Dimensioni delle patch
• Quantità di patch



Approccio Naive

• Soluzione parziale: pyramids



Region Proposals

• Si generano Regioni di interesse (ROI)



Region Proposals
• Si generano Regioni di interesse (ROI)

• Algoritmo/modello di deep learning

• Feature extraction e predizioni sulle ROI
• Su ogni ROI viene effettuata una predizione di un bounding box

deer

Cat



Region Proposals

• Si generano Regioni di interesse (ROI)
• Algoritmo/modello di deep learning

• Feature extraction e predizioni sulle ROI
• Su ogni ROI viene effettuata una predizione di un bounding box

• Non-Maximum Suppression
• I bounding box non ottimali vengono rimossi



Qualità di un object detector

• FPS
• frames per second (FPS)
• Quante immagini al secondo si è in grado di analizzare

• Precision/Recall, mean Average Precision (mAP)
• Intersection over Union



Intersection over Union

𝐼𝑜𝑈 =



Precision, Recall

• True Positives (TP), False Positives (FP), True Negatives (TN), False 
Negatives (FN)

• Riferito ad un match
• Dato un bounding box predetto e uno «ground truth»

• True Positive se 𝐼𝑜𝑈 > θ, con θ valore di soglia, altrimenti False Positive

𝑅𝑒𝑐 =
𝑇𝑃

𝑇𝑃 + 𝐹𝑁𝑃𝑟𝑒𝑐 =
𝑇𝑃

𝑇𝑃 + 𝐹𝑃

TP FP TN FN



Precision/Recall

• Valori di Precision/recall al variare di θ, 
riferito agli oggetti di classe c

• In genere si può calcolare a gradoni, 
raccogliendo tutti i possibili valori di 
soglia

𝐴𝑃5 = )
6

!
𝑃𝑟𝑒𝑐5 𝜃 𝑑𝜃

𝑚𝐴𝑃 = 𝑎𝑣𝑔5(𝐴𝑃5)

𝑚𝐴𝑃@𝜃 = 𝑎𝑣𝑔5(𝑃𝑟𝑒𝑐5 𝜃 )



EvoluzioneObject detection renaissance (2013-present)
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Approcci

• Multi-shot detectors
• R-CNN
• Fast R-CNN
• Faster R-CNN

• Single-Shot detectors
• SSD
• YOLO



Region-Based Convolutional Neural Networks 
(R-CNN)
• Ross Girshick et al., 2014



Selective Search

• Si segmenta 
l’immagine usando un 
algoritmo graph-based
• Bounding box per ogni 

segmento
• Progressivamente si 

uniscono i bounding
box sulla base della 
loro vicinanza e 
somiglianza
• Colore, texture, …



Feature extraction e predizione



Bounding Box Regression

• Le coordinate (𝑐!, 𝑐", 𝑤, ℎ) possono essere 
espresse in termini di offset 
𝑔#! , 𝑔#" , 𝑔$, 𝑔% rispetto alle coordinate 
�̂�!, �̂�" )𝑤, *ℎ della prior proposal region

• Regressione su 𝑔#! , 𝑔#" , 𝑔$, 𝑔%

𝑔!! =
𝑐" − �̂�"
)𝑤

𝑔!" =
𝑐# − �̂�#

+ℎ

𝑔$ = 𝑙𝑜𝑔
𝑤
)𝑤 𝑔% = 𝑙𝑜𝑔

ℎ
+ℎ



R-CNN

• Algoritmo lento
• La fase SS genera 2000 blocchi candidati che devono essere passati al FE e al 

classificatore
• ~47s/image = 0.021FPS

• Training multi-stage
• Ogni modulo appreso separatamente
• Estremamente lento (~84 ore)
• Space complexity

• mAP 66%



Fast R-CNN

• Girshick, 2015
• Idea: utilizziamo un unico feature extractor e integriamo un modulo di 

classificazione



Fast R-CNN

CNN Feature extractor

Adaptive
Pooling

FC FC

FC FC



Fast R-CNN

CNN Feature extractor

Adaptive
Pooling

FC FC

FC FC



Fast R-CNN

RoI
Projection

CNN Feature extractor

Adaptive
Pooling
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FC FC



Fast R-CNN
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Fast R-CNN

RoI
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Fast R-CNN

RoI
Projection

CNN Feature extractor

Adaptive
Pooling

FC FC

FC FC

Softmax Bbox regressor



Fast R-CNN

CNN Feature extractor

Adaptive
Pooling

FC FC

FC FC

Addestrabili



Fast R-CNN

• Un oggetto 𝑜& = 𝑦& , 𝑐&
• 𝑐7 = 𝑐7,8, 𝑐7,9, 𝑐7,:, 𝑐7,;

• Un box 𝑏& = (�̂�& , �̂�&)

𝑙𝑜𝑠𝑠 𝑜! = 𝐿"# �̂�! , 𝑦! + 𝑦! > 0 𝐿$%&&'((𝑐! , �̂�!)

𝑠𝑚𝑜𝑜𝑡ℎ)# 𝑥 = 0.5𝑥* 𝑥 < 1
𝑥 − 0.5 𝑜. 𝑤.

𝐿$%&&'( 𝑐! , �̂�! = K
+∈{.,0,1,(}

𝑠𝑚𝑜𝑜𝑡ℎ)#(𝑐!+ − �̂�!+)



Adaptive Pooling

• Adatta la size sull’input per produrre lo stesso output
• Indipendente dalla dimensione della RoI
• Differenziabile
• Ricordate la regola del gradient router



Adaptive Pooling

Convolutional Layer

Pooling



Adaptive Pooling

Convolutional Layer

Pooling



Adaptive Pooling

Convolutional Layer

Pooling



Adaptive Pooling

Convolutional Layer

Pooling



Adaptive Pooling

Convolutional Layer

Pooling



Fast R-CNN

• Vantaggi
• Architettura integrata
• Training veloce: speedup 8.8x
• Predizione veloce

• 0.32s/image ~ 3FPS
• mAP 66.9%

• Problemi
• Le region proposals dipendono ancora dal Selective Search

• Estremamente lento: 2s/image



Faster R-CNN

• Girshick et. al, 2016
• Idea: facciamo generare le proposal regions dalla rete stessa
• Due reti a cascata
• La prima per generare le proposal regions
• la seconda per la detection



Faster R-CNN



Fase 1: feature extraction

VGG16



Fase 2: RPN Network



Come vengono generate le Region Proposals?

• Anchor boxes (priors)
• Box di dimensione fissata e precalcolata

• Tre elementi
• Posizione 𝑥, 𝑦
• Scala 𝑠
• Rapporto (aspect ratio) 𝑎

• Ogni punto genera una quadrupla (𝑥, 𝑦, 𝑤, ℎ)

𝑤 = 𝑠 ⋅ 𝑎'

ℎ =
𝑠
𝑎



Come vengono generate le Region Proposals?

• 𝑠 = 0.5,1,2
• 𝑎=[1:1,1:2,2:1]



50x50800x800
Subsampling ratio: 16



50x50800x800
Subsampling ratio: 16



50x50800x800
Subsampling ratio: 16



50x50800x800
Subsampling ratio: 16

- Ogni cella della feature map individua 𝑘 anchor boxes 
sull’immagine orginale

- Totale anchor boxes: 𝑘 ⋅ 𝑊 ⋅ 𝐻
- dove 𝑊,𝐻 è la size della feature map



50x50800x800
Subsampling ratio: 16

Regression
layer

Classification
layer



RPN in Pytorch



Classification, regression
• Un anchor box è positivo se ha un 𝐼𝑜𝑈 > 0.7 con un oggetto 
• e negativo se ha un 𝐼𝑜𝑈 < 0.3

𝑙𝑜𝑠𝑠 = K
!

𝐿34$ �̂�! , 𝑦! +K
!

𝐿567(�̂�! , 𝑐!)



Fase 3: Fast R-CNN

• Input dato dall’output di RPN



Postprocessing: Non-Maximum Suppression

• Si ordinano le regioni per score di classificazione
• Ogni box rimuove tutti i box della stessa classe che lo seguono e che 

hanno 𝐼𝑜𝑈 > 0.5



Riassunto

• Addestramento troppo lento
• Fasi multiple
• Può sopportare real-time object detection?

• No
• Troppo lenti

Metodo Sec/image (FPS) Speedup mAP

R-CNN ~50s (0,02) 1x 66%

Fast R-
CNN

~2s (0,5) 25x 66,9%

Faster
R-CNN

~0,2s (5-7) 250x 69,9%



Evoluzione
• Multi-stage object detectors

• Single-shot object detectors

Conv feature 
map of the 

entire image

Region 
Proposals

RoI
features

RPN

RoI
pooling

Classification + 
Regression

Detections

Conv feature 
map of the 

entire image
Detections

Classification + 
Regression



SSD: Single-Shot MultiBox Detector

• Szegedy et al., 2016
• 74% mAP, 59 FPS
• Principali caratteristiche
• Eliminazione delle region proposals
• Rete di base (preaddestrata) per estrarre le feature maps.
• Multi-scale feature layers
• Una serie di filtri convoluzionali in cascata
• Riducono la dimensione e abilitano la detection su scale multiple

• Non-maximum suppression



SSD
• Tre componenti
• Base convolutions
• Auxiliary convolutions
• Prediction convolutions



SSD – Base convolutions
• Modified VGG-16
• Input size: 300x300
• Modifichiamo il quinto pooling layer
• Rimuoviamo FC8, ristrutturiamo FC6, FC7 (convolutionize, reduce 

channels, subsample->decimazione/dilation)

Original Modified



SSD – Base convolutions

• Reshaping
• Su un’immagine di dimensione H, W su I canali, un FC con output N equivale a un 

CONV con kernel HxW e N canali di output



SSD – Auxiliary convolutions

• Quattro nuovi blocchi
• Ogni blocco produce una Feature Map di output



SSD – Prediction outputs

• Cosa rappresentano gli FM di output?
• Celle su cui definire i priors



SSD - Prediction convolutions

• Ogni prior su ogni posizione di ogni feature map produce una 
predizione
• Due layer convoluzionali
• Localization layer 3×3×4

• Regressione su 𝑔!& , 𝑔!' , 𝑔", 𝑔#
• Classification layer 3×3×𝑛5PQRRSR



SSD – Prediction Convolutions



SSD - Riassunto

• Training tips
• Hard negative mining: rapporto positivi/negativi 1 a 3
• Data augmentation
• Transfer learning: Atrous convolution: decimazione/dilation dei kernel su FC6

• Due varianti
• SSD300
• SSD512

Metodo FPS mAP Priors

Faster R-
CNN

5-7 69,9% ~6000

SSD300 46 74.3% 8732

SSD512 19 76,8% 24564



RetinaNet

• Feature Pyramids
• Estende il concetto di multi-scale anchor boxes

• Focal loss



RetinaNet: architettura

• Tre componenti
• ResNet come architettura base
• Feature Pyramid Network per combinare i risultati
• Una sottorete per BB Regression e Classification



Feature Pyramid Network
• In una rete convoluzionale, l’ultima feature map è la più significativa
• Idea: combiniamo l’informazione di tale feature map con quella dei 

layer inferiori
• Upsample e combinazione
• Predizione su ogni layer: le feature maps possono essere usate 

indipendentemente e rendono il modello scale-invariant

Original Feature Pyramid



Architettura finale

• Anchor points
• SSD ~10K
• RetinaNet ~ 100K



Focal Loss
• Con un numero così alto di anchor point, il 

numero di box negativi sarà incredibilmente 
alto
• Perché è un problema?
• La classification loss sarà dominata dalle 

componenti negative

• 𝑦$ rappresenta la ground truth sul box 𝑡

• Anche con CE 𝑝T, 𝑦T ≫ 0.5 il contributo è non 
nullo

CE 𝑝T, 𝑦T = 𝑦T log 𝑝T + 1 − 𝑦T log 1 − 𝑝T



Focal loss

• Focal loss

• Ribilancia il contributo dei true
negative
• Il gradiente è dominata dall’incertezza 

(sui positivi)

FL 𝑝T = −𝑤T 1 − 𝑝T U log 1 − 𝑝T
Focal Loss for Dense Object Detection

Tsung-Yi Lin Priya Goyal Ross Girshick Kaiming He Piotr Dollár
Facebook AI Research (FAIR)
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Figure 1. We propose a novel loss we term the Focal Loss that
adds a factor (1 � pt)

� to the standard cross entropy criterion.
Setting � > 0 reduces the relative loss for well-classified examples
(pt > .5), putting more focus on hard, misclassified examples. As
our experiments will demonstrate, the proposed focal loss enables
training highly accurate dense object detectors in the presence of
vast numbers of easy background examples.

Abstract

The highest accuracy object detectors to date are based

on a two-stage approach popularized by R-CNN, where a

classifier is applied to a sparse set of candidate object lo-

cations. In contrast, one-stage detectors that are applied

over a regular, dense sampling of possible object locations

have the potential to be faster and simpler, but have trailed

the accuracy of two-stage detectors thus far. In this paper,

we investigate why this is the case. We discover that the ex-

treme foreground-background class imbalance encountered

during training of dense detectors is the central cause. We

propose to address this class imbalance by reshaping the

standard cross entropy loss such that it down-weights the

loss assigned to well-classified examples. Our novel Focal
Loss focuses training on a sparse set of hard examples and

prevents the vast number of easy negatives from overwhelm-

ing the detector during training. To evaluate the effective-

ness of our loss, we design and train a simple dense detector

we call RetinaNet. Our results show that when trained with

the focal loss, RetinaNet is able to match the speed of pre-

vious one-stage detectors while surpassing the accuracy of

all existing state-of-the-art two-stage detectors. Code is at:

https://github.com/facebookresearch/Detectron.

50 100 150 200 250

inference time (ms)

28

30

32

34

36

38

C
O

C
O

 A
P

B C

D

E

F

G

RetinaNet-50
RetinaNet-101

AP time
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RetinaNet-101-800 37.8 198
†Not plotted ‡Extrapolated time

Figure 2. Speed (ms) versus accuracy (AP) on COCO test-dev.
Enabled by the focal loss, our simple one-stage RetinaNet detec-
tor outperforms all previous one-stage and two-stage detectors, in-
cluding the best reported Faster R-CNN [28] system from [20].
We show 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. Details are given in §5.

1. Introduction
Current state-of-the-art object detectors are based on

a two-stage, proposal-driven mechanism. As popularized
in the R-CNN framework [11], the first stage generates a
sparse set of candidate object locations and the second stage
classifies each candidate location as one of the foreground
classes or as background using a convolutional neural net-
work. Through a sequence of advances [10, 28, 20, 14], this
two-stage framework consistently achieves top accuracy on
the challenging COCO benchmark [21].

Despite the success of two-stage detectors, a natural
question to ask is: could a simple one-stage detector achieve
similar accuracy? One stage detectors are applied over a
regular, dense sampling of object locations, scales, and as-
pect ratios. Recent work on one-stage detectors, such as
YOLO [26, 27] and SSD [22, 9], demonstrates promising
results, yielding faster detectors with accuracy within 10-
40% relative to state-of-the-art two-stage methods.

This paper pushes the envelop further: we present a one-
stage object detector that, for the first time, matches the
state-of-the-art COCO AP of more complex two-stage de-
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YOLO – You Only Look Once

• Ideato da J. Redmon (https://pjreddie.com/)
• Tre versioni
• V1, 2016; V2, 2017; - v3, 2018
• Fast real time object detection

• Idea: limitiamo i bounding boxes utilizzando una griglia prefissata

https://pjreddie.com/


YOLOv3

• Fully Convolutional Networks
• Simile a SSD
• 75 convolutional layers
• skip connections
• upsampling layers



YOLOv3 - Principi

• Ogni cella definisce B Priors
• La cella è responsabile della predizione per l’oggetto il cui centro 

ricade in essa
• La predizione è effettuata con riferimento alla prior
• L’associazione prior-ground truth è fatta sulla base dell’IoU



YOLOv3 - Principi

• Predizione su scale multiple
• Tre griglie con stride 32, 16, 8
• Su un’immagine 416 x 416, la detection è fatta su griglie 13 x 13, 26 x 26 e 52 x 

52

• Risultato: 3549*B predizioni
• Con B=3, 10647 predizioni



YOLOv3 - Architettura

• 1x1 CONV seguiti da 3x3 CONV
• Residual Blocks
• Feature extractor basato su Darknet-53
• 106 fully convolutional layers



YOLOv3 - Architettura



YOLO - Loss

Regression

Object/no object 
confidence

Class prediction



YOLO - Loss
Cell i contains object, 

predictor j is responsible 
for it

Small deviations matter 
less for larger boxes than 

for smaller boxes

Confidence for object

Confidence for no object

Class probabilityDown-weight loss from 
boxes that don’t contain 
objects (𝜆#$$%& = 0.5)



YOLOv3 - Loss

Rimpiazzati da 
Cross-Entropy/Focal Loss



Sommario

• Estremamente veloce
• Accuratezza comparabile

Metodo FPS mAP Priors

Faster R-
CNN

5-7 69,9% ~6000

SSD300 46 74.3% 8732

SSD512 19 76,8% 24564

YOLOv3 ~100 57,9% 10647

YOLOv3: An Incremental Improvement

Joseph Redmon Ali Farhadi
University of Washington

Abstract

We present some updates to YOLO! We made a bunch

of little design changes to make it better. We also trained

this new network that’s pretty swell. It’s a little bigger than

last time but more accurate. It’s still fast though, don’t

worry. At 320 ⇥ 320 YOLOv3 runs in 22 ms at 28.2 mAP,

as accurate as SSD but three times faster. When we look

at the old .5 IOU mAP detection metric YOLOv3 is quite

good. It achieves 57.9 AP50 in 51 ms on a Titan X, com-

pared to 57.5 AP50 in 198 ms by RetinaNet, similar perfor-

mance but 3.8⇥ faster. As always, all the code is online at

https://pjreddie.com/yolo/.

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 [12] [1]; 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 [4] 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.

2. The Deal
So here’s the deal with YOLOv3: We mostly took good

ideas from other people. We also trained a new classifier
network that’s better than the other ones. We’ll just take
you through the whole system from scratch so you can un-
derstand it all.
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Figure 1. We adapt this figure from the Focal Loss paper [9].
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.

2.1. Bounding Box Prediction
Following YOLO9000 our system predicts bounding

boxes using dimension clusters as anchor boxes [15]. The
network predicts 4 coordinates for each bounding box, tx,
ty , tw, th. If the cell is offset from the top left corner of the
image by (cx, cy) and the bounding box prior has width and
height pw, ph, then the predictions correspond to:

bx = �(tx) + cx

by = �(ty) + cy

bw = pwe
tw

bh = phe
th

During training we use sum of squared error loss. If the
ground truth for some coordinate prediction is t̂* our gra-
dient is the ground truth value (computed from the ground
truth box) minus our prediction: t̂* � t*. This ground truth
value can be easily computed by inverting the equations
above.

YOLOv3 predicts an objectness score for each bounding
box using logistic regression. This should be 1 if the bound-
ing box prior overlaps a ground truth object by more than
any other bounding box prior. If the bounding box prior
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