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Case Study: Application of VGG in Image Classification ®0
A company uses the VGG-16 architecture to develop an advanced image recognition system for e-commerce. The model C W

accurately classifies product images into categories like "electronics," "fashion," and "home goods." Despite being
computationally intensive, the simplicity and uniform convolutional layers of VGG enable superior feature extraction,
improving the customer shopping experience.

Activity: Fine-Tuning VGG for a Custom Dataset

1. Task: Fine-tune a pre-trained VGG-16 model for classifying flower species using the "Flowers 102" dataset.
2. Steps:

o Import the pre-trained VGG-16 model without the top fully connected layers.

o Add a custom classifier head specific to the flower dataset.

o Train the model, keeping the 1nitial convolutional layers frozen to utilize learned features effectively.
3. Goal: Achieve an accuracy of 85% or higher on the test set.
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Depth in Neural Network
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ResNet improved performance

by training very deep network at
the time (2016)
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Depth in Neural Network

Resnets were inspired by the
VGG architecture
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Depth in Neural Network

VGG was very deep at the time
(compared to AlexNet)

; .

e 7
. r
;/ 4
' -
e ¥

i |
"
-
&
i
. [}
r 4 4
. N -
» Ll
) ! 4.
' Lo v ~y
ot
-
’
&,
A
e
3
»

. Y 4 ey L

1 4 ' i

s 0 ' 5 o
-
]

Xl
i

7
l

GULSHAN BANU.A/ AP/AI AND DS / Introduction to Convnet-VGG/SNSCE




Introduction to Convnet-VGG

'YX X R
%.
000"

Depth in Neural Network

The main difference from the previous networks is:
e Deeper (16-19 layers)
e Smaller Convolutional Filters (3x3)
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VGG Network Architecture
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AlexNet looks like this
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VGG Network Architecture
Not too deep (5 layers)

Use local response
normalization

60OM parameters
11x11, 5x5 and 3x3 filters
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| VGG Network Architecture
Overview:

e I[Nnputis 224 x 224 RGB image

e Conv layers 3x3 (also 1x1 sometime?*)

e Max Pooling (2x2 with stride 2) at a few spots
e Fully connected layers at the end

e RelLU activation units

e L ocal Response Normalization not
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VGG Network Architecture

\\ ConvNet Configuration
X% A A-LRN B C ») E
\a\je [Tweight | 11 weight | T3 weight | 16 weight | 16 weight | 19 weight
“‘, a\\ Tayers Tayers Tayers layers Tayers fayers
\“9 ‘“e mput (224 x« 224 RGB image)
P\ TR BT 7 S M+ G T T Ty
t\\e LLRN convi-6d conv3i.O64 convi-6d convi-64
"\%. maxpool
0“ convi-128 | convi 128 | convid-128 | convi-128 | convi-I28 | convi |28
conv3-128 | conv3-128 | conv3-128 | convi- 128
maxpool
conv3-256 | convi2356 | comviis6 | conv 256 | convi2S6 | convi-2s6 |
convi-256 | conv3i-256 | conv3i-256 | conv32S6 | conv3-2S56 | conv3-256
R— convl-256 | conv3.256 | convi-256
M conv3-256
maxpool
conv3-S12 | convi-SI2 | convi-S12 | convd-512 | convi-S12 | convi-Si2
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»
VGG Network Architecture
e ConvNet Configuration
\\x_\\ A ATRN i C b E
t Hhweight | 11 weight | 13weight | 16 weight 16 weight | 19 weight
tp“ \\ layers layers layers layers layers layers
0“ ‘o( Ca nput (224 x 224 RGB image)
e convi.64 convi-64 convi-04 convi-6d4 conv3-64 conv3-064
sa LRN convi-64 conv3-64 conv3-64 convi-64
. maxpool
CO‘\‘.\% convi- 138 | convi-128 | convi- 138 | convi-I28 convl-ﬂS convi-128 |
convi-128 | convi-128 | convi-128 | convi-I28
maxpool
conv 256 | convI-256 | convi-356 | convid 256 | conv3256 | conv3-256
convi-256 | convi-256 | conv3-256 | convi-256 | convi-256 | convi-256
convl-256 | conv3}.256 | convi- 256
convl.256
maxpool
convi-312 | convi-S12 [ convi-512 | convi-312 | convi-S12 | convi-Si2 |
convi-512 | convi-512 | conv3-512 | conv3-512 | conv3-512 | conv3-512
convl-512 | conv3-512 | convi-Si2
conv3.512
max |
convi-S12 | conv3i-512 | conv3d-S12 | conv3-S12 | conv3-512 | conv3-512
conv3i-512 | conv3-512 | conv3-S12 | conv3-S12 | conv3-S512 | conv3-512
convl-512 | conv3-512 | convi-5Si2
conv3i.512
maxpool
FC-4096
FC-4096
FC-1000
soft-max
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VGG Network Architecture

ConvNet Configuration
. “% A A-LRN B C D E
00\\ 1 weight 11T weight 13 weight 16 weight 16 weight 19 weight
w‘ Q .\‘- layers layers layers layers layers layers
“ ab input (224 x 224 RGB image)
e(s ‘e convi-64 convi-64 cony 3-64 convi-64 convi-64 conv 3-64
\aﬂ w‘\e LRN conv3i-64 ccl)nv3-64 convi-64 convi-64
MAX POO
eﬂ ed conv - 128 | conv I 128 T convi- 128 | convi- 128 | convi-I28 | convi-I28
conv3-128 | conv3 128 | convi-128 | conv3-I28
maxpool
convi-256 | convi-256 | convi-256 | convi-256 | convi-2856 | convi-256
conv3-256 | convid-256 | convi-256 | conv3i-256 | conv3-256 | convi-256
convl1-256 | convI.256 | convi-256
conv3.256
maxpoo!
convi-Si2 ["convIST | conv3-ST2 | convi-ST3 | convi-ST2 | convi-512
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VGG Network Architecture
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VGG Network Architecture
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VGG Network Architecture

“.\9 ConvNet Configuration
? A A-LRN B C D 8
2 e ITweight | TTweight | T3 weight | 16 weight | 16 weight | 10 weight
“‘\% o\‘X\ layers layers layers layers layers layers
CoO ‘\-\N X ihput (221 % 221 RGB image)
G‘& 0“ convi-Od convi-o4 convi-04 convi-od | convi-od conv 3-04
q G “359 LRN conv3d-64 | convd-64 | convi-64 | convi-64
ca\ ‘:\0“ maxpool . = |
\'o \'\1’3 conv3- 128 | conv! convI-1287 ] convI- 128 | convI- 138 | conv3-T28
> conv3-128 | conv3-128 | conv3-128 | conv3-128
maxpool
conv3-256 | conv. convd-256 | conv3I256 | convi-2S6 | convi-256
convi-256 | conv3i-256 | convd-256 | convi-256 | conv3d-256 | convi-256
conv1-256 | conv3-256 | convi.2S6
conv3.256
| maxpool
convi-312 | convi-5i2 | convi-S12 | convi-Si2 | convi-Si2 | convi-Si2
conv3i-512 | conv3-512 | conv3d-512 | conv3i-512 | conv3d-512 | conv3-SI2
convl-512 | conv3-512 | conviSi2
conv3-512
maxpool
convd-312 | conv3-S12 | convi-512 | conv3-S12 [ conv3-S12 | conv3-512
conv3-S12 | conv3d-512 | conv3-S12 | conv3-512 | conv3d-S512 | conv3-S5I2
convl-512 | conv3d-512 | conv3-512
conv3i-512
maxpool
FC-4096
FC-4096
FC-1000
soft-max
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VGG Network Architecture
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VGG Network Architecture

Turion’s

[ ConvNet Cdnfiguration
. A A-LRN B C D E
6\ hweight | 11 weight 3 weight 16 weight 16 weight 19 weight
“‘.\% layers layers layers layers layers layers
CoO 2 iput (221 x 241 RGB image)
G‘y convi-oq | convi.of convi-64 conv3-04 convi-64 conv3-064
QG LRN conv3-64 || convi-64 | convi-64 | conv3.64
maxpool
convi-128 | conv, conv - 128 [ conv T8 T conv3-128 | conv3-128 |
convI-128 || conv3-128 | conv3-128 | convi-I28
maxpool
convi-256 | conv conv3-256 |[convI-256 | convi-256 | convi-256 |
convi-256 | conv3i-256 § conv3-256 || conv3-256 | conv3-256 | conv3-256
convl-256 | convy.256 | convi- 256
conv3.256
maxpool
convi-Sil X convi- convd-512 [ convd-S12 | convi-SI2
convi-512 | conv3-512 § conv3-S12 || conv3-512 | conv3-512 | conv3-SI2
convl-512 | conv3S512 | convi-Si2
conv3.512
maxpool
conv3-S12 [ com3-512 | conv3d-512 || 'conv3I-S12 | conv3-512 | convi-S12
conv3-S12 | conv3-512 § convd-S12 || conv3-S512 | conv3-512 | conv3-512
convl-S12 | conv3-512 | convi-512
conv3-512
maxpool
FC-4096
FC-4096
FC-1000
soft-max
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VGG Network Architecture

ConvNet higuration
A A-LRN B C D E
Hhweight | 1THhweight | 13 weight || 16 weight 16 weight | 19 weight
layers layers layers layers layers layers
mput (224 x 224 RGB image)
convi-0d conv3-0d convi-64 convi-04 convi-od conv 3-04
LLRN convi.64 convi-64 convi-64
convi- 128 [ convi- 128 T convi-12 conv. convi-128 | convi<I28

conv3-128 || conv3i-128 | conv3-128 | conv3-I28

ma 0|
conv3-2! convi-256 | convi- conv3- 256 | conv3i-256 | conv3-256
conv3i-256 | conv3-256 | conv3-256 || conv3-256 | conv3-256 | conv3-256
conv1-256 | conv3.256 | convi-256
conv3.256

maipool

convi-s12 [ convd-S12 | convd-S12 || convi-S12 | convi-S12 | convi-5i2 |

convi-512 | conv3-512 | conv3-S12 || conv3-512 | conv3-512 | conv3-S12
convl-512 | conv3.512 | convi-Si2
conv3.512

mag pool
conv3-512 | convi-512 | comv3-512 || conv3-SI2 | conv3-512 | conv3-SI2
convi-S512 | conv3-S12 | conv3d-SI2 || conv3-512 | conv3-S12 | conv3-512
convl-512 | conv3-512 | conv3i-5I12
conv3-512

maxpool

FC-4096

FC-4096

FC-1000

soft-max
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VGG Network Architecture
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VGG Network Architecture

ConvNet Configuration

A A-LRN C D E
1T weight T weight | 13 weight 16 weight 16 weight 19 weight
layers layers layers layers layers layers
input (224 x 224 RGB imagé)

convi-64 convi-0d conv3-04 conv i-04 conv 3-04 conv.i-64
LRN convi-6d convi-6d convi-64 convi-64

maxpool
conv - 128 | conw 128 | conv3-128 | convi 128 | convi-l2 convi-12
conv3-128 | conv3-128 | conv3-128 | conv3-I128

maxpool
conv3-256 | convi-256 | convi-256 | conv3256 | convids convi-2!
conv3-256 | conv3-256 | conv3-256 | conv3-256 | conv3-256 | convi-256
convl-256 | convd.256 | convi-256
conv3.256

maxpool
Cconvi-512 | convi-S12 | convi-Si2 | convi-312 | convi-Si2 | convi-Si2
convi-SI12 | convi-S12 | conv3-S12 | conv3i-S12 | conv3-SI2 | conv3-SI2
convl-512 | conv3.512 | convi-5i2
conv3-512

maxpool
convi-512 [ convd-S12 | conv3-512 | conv3-512 | conv3-512 | convi-S12
convi-S12 | conv3d-S12 | conv3i-S12 | conv3-512 | conv3-512 | conv3-512
convl-512 | conv3-512 | convi-5i2
conv3-512

maxpool

FC-4090

FC-4096

FC-1000

soft-max
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VGG Network Architecture

ConvNet Configuration
. S A A-LRN B C D 8
= e\ I weight 11 weight 13 weight 16 weight 16 weight 19 weight
“‘\g layers layers layers layers layers layers
Co g‘, input (224 = 224 RGB image)
G’y convi-nd convi.o4 conv3-04 convi-n4 convi-od conv3-064
“ G LRN convi.6d convi-6d convi-o4 convi-64
maxpool
convi- 128 | conv 128 | convI- 128 | conv X138 | convi-12 convi-128
conv3-128 | conv3i-128 | conv3i-128 | conv3-128
maxpool
convi-256 | convi-256 | convi-256 | convi-256 [ convi-l CONV3-2:
conv3-256 | conv3-256 | conv3-256 | conv32S6 | conv3-2S56 | conv3-256
convl-256 | conv}.256 | convi 256
conv3.256
maxpool
convi-S12 | convd-S12 | convd-S12 | convd-S12 | convd-S12 | convi-Si2
convi-512 | conv3-512 | conv3d-S12 | conv3-512 | conv3-512 | conv3-SI2
convl-512 | conv3-512 | convi-Si2
conv3.512
maxpool
comv3-312 [ convi-512 | conv3-512 | conv3d-512 | conv3-512 | conv3-512
conv3i-S12 | conv3d-512 | conv3-S12 | conv3-512 | conv3-512 | conv3-512
convl-5S12 | conv3-512 | convi-512
conv3i-512
maxpool
FC-4096
FC-4096
FC-1000
soft-max

GULSHAN BANU.A/ AP/AI AND DS / Introduction to Convnet-VGG/SNSCE




Table 2: Number of parameters (in millions).
( Network A A-LRN B C D E

Introduction to Convnet-VGG

VGG Network Architecture

Number of parameters 133 133 | 134 | 138 | 144

s A By

e e
~ 1

"\ - - -
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VGG Network Architecture
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VGG Network Architecture
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14 million+ images
hand-annotated.

1000 classes
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VGG Network Training

Training Overview:
1.batch gradient descent + momentum
2.L.2 penalty
3.Drop out at 0.5 for fully connected

layers.

SGCD +
MOMENTUM

M oy .
;.,'-,' ' '{% m,.';.. e .’ )

1'/ t,
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VGG Network Training

Initialization Overview:
1.Randomly initialized config A.
2.Used trained config A as the base for
deeper networks. (\

Normal Distribution 0
({npaits) @ w, _\:_: ——-’— .y[«d

;Q/w\/ (Activatien functien)
* (Summation function)

(Weights)
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VGG Network Training

Data Augmented with Scale Jittering
aka Copy-Pasting
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VGG Network Results
Table 3: ConvNet performance at a single test scale.
ConvNet config. (Table[l) | smallest image side | top-1 val. error (%) | top-5 val. error (%)
train (S) | test (Q)
A 256 256 29.6 10.4
| A-LRN 256 256 29.7 10.5
| B 256 256 28.7 9.9
256 256 28.1 0.4
C 384 384 28.1 9.3
[256;512] 384 27.3 8.8
25 256 27.0 8.8
D 384 384 26.8 8.7
[256:512] 384 25.6 8.1
25 256 27.3 9.0
E 384 384 26.9 8.7
[256:512] 384 25.5 8.0
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VGG Network Results

Table 4: ConvNet performance at multiple test scales.

ConvNet config. (Tablel(l) smallest image side top-1 val. error (%) | top-5 val. error (%)
train (S) test (Q)

B 256 224,256,288 28.2 9.6
256 224,256,288 27.7 9.2
C 384 352,384,416 27.8 0.2
250, 512] | 256,384,512 26.3 8.2
256 224,256,288 26.6 8.6
D 384 | 352,384.416 26.5 8.6
200; b12] | 256,384,512 248 7.5
256 224,256,288 26.9 8.7
E 384 352,384,416 26.7 8.6
256; 512] | 256,384,512 24.8 7.5
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VGG Network Results

Table 5: ConvNet evaluation techniques comparison. In all experiments the training scale S was
sampled from [256; 512], and three test scales Q were considered: {256, 384,512},

ConvNet config. (Table(l) | Evaluation method | top-1 val. error (%) | top-5 val. error (%)
dense 24.8 | 7.5
D multi-crop 24.6 15
multi-crop & dense 244 7.2
dense 24.8 1.5
E multi-crop 24.6 74
multi-crop & dense 244 7.1

GULSHAN BANU.A/ AP/AI AND DS / Introduction to Convnet-VGG/SNSCE




Introduction to Convnet-VGG

VGG Network Results

Table 6: Multiple ConvNet fusion results.

. Error
Combined ConvNet models top-T vl top-3 valTiop-3 test
| ILSVRC submission
(D/256/224,256,288), (D/384/352,384,416), (D/[256:512]/256,384,512)
(C/256/224,256,288), (C/384/352,384,416) 24.7 1.3 13
(E/256/224,256,288), (E/384/352,384,416)

post-submission

(D/[256:512]/256,384,512), (E/[256:512]/256,384.512), dense eval. 24.0 z.l 1.0
(D/[256:512/256,384,512), (E/[256:512]/256,384,512), multi-crop 239 | 1.2 :
(D/[256;512]/256,384,512), (E/[256:512]/256,384,512), multi-crop & dense eval.| 23.7 6.8 6.8
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VGG Network Results
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1 Ensemble output

Combined network output ]
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NN»

Input
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VGG Network Results

Table 7: Comparison with the state of the art in ILSVRC classification. Our method is denoted
as “VGG". Only the results obtained without outside training data are reported.

Method top- ¥al. ertor (%) [ top->val. error (%) | top-pAest erfor, (%)
VGG (2 nets, multi-crop & dense eval.) 23.7 | \;‘!‘!} [ 6.8
VGG (1 net, multi-crop & dense eval.) .
VGG (ILSVRC submission, 7 nets, dense eval.) 24.7 1.5 7.3
GoogLeNet (Szegedy et al., 2014) (1 net) - .
GooglLeNet (Szegedy et al., 2014) (7 nets) . K?;\
IMSRA (He et al., 2014) (1T nets) . - 8.1
MSRA (ﬁe etal., .’;614) (1 net) 27.9 0.1 - 9.1
Clarifai (Russakovsky et al., 2014) (multiple nets) - - 7
ussakovsky et a ) (1 net) - - 1235
| ) (6 nets) 36.0 14.7 14.8
Zeiler & Fen;gus Zeiler & Fergus, 2013) (1 net) 37.5 16.0 16.1
OverFeat Sermanet et al., 2014) (7 nets) 34.0 13.2 13.6
:rFeal (Sermanet ,._&_0 4) (1 net) 35.7 142 -
uﬁﬁm fﬂf'mw 5'7 'Iﬂm 38.1 16.4 ,L 16.4
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VGG Network Results

Overall Best VGG is 19
(E Configuration).

: ﬂg{ﬁ; .....
- - o 512 512

512
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THANK YOU
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