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Fair Use Agreement
This agreement covers the use of all slides in this document, please read 
carefully. 

• You may freely use these slides, if:
– You send me an email telling me the conference/venue/company name 

in advance, and which slides you wish to use.
– You receive a positive confirmation email back from me.
– My name (R. Ptucha) appears on each slide you use.

(c) Raymond Ptucha, rwpeec@rit.edu
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Agenda

• 9-9:30am Part I: Introduction
• 9:30-10:00am Part II: Convolutional Neural Nets
• 10:00-10:30am Part III: Fully Convolutional Nets
• 10:30-10:45am Break
• 10:45-11:15am Part IV: Facial Understanding
• 11:15-11:35am Part V: Recurrent Neural Nets
• 11:35-11:55pm Part VI: Generative Adversarial Nets
• 11:55-12:30am Hands-on with NVIDIA DIGITS
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Facial Understanding
• Face Detection- find the faces 

in an image.
• Face Recognition- for all the 

faces found, identify who 
they are.

• Facial Feature Parts- location 
of nose, lips, eyes, etc.

• Facial Feature Points- outline 
of nose, lips, eyes, etc.

Joe
Biden

Barack
Obama

• Face Verification- determine if 
input image is that of a target 
person.
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Holistic Face Detection 
Using Viola-Jones, CVPR’01; Lienhart et al, DAGM’03

• The normalized image is scanned by sliding a (20×20 
pixel) window across the image, computing a classifier 
H(X), determining if we have a face or not.

• With an initial image size of 
384×256, we center our 20×20 
window over 360×232 or 83,520 
locations, computing H(X) at each 
location.

• We then increase our window 
(1.25×) looking for larger faces.

• For each match, the size of our 
window is the size of our face. 
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Viola Jones Face Detection Processing

Integral Image
(Papageorgiou)

Resample to 
low resolution

384x288

Locate Haar-like 
basis functions

Cascade of progressively 
more complex features 
(Trained w/ AdaBoost)

Filter multiple 
detections in 
same locale
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http://www.cs.utexas.edu/~grauman/courses/spring2007/395T/slides/Rapid
_Object_Detection.pdf
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A B C = ii(1) –[ii(2)-ii(1)] + [ii(3)-ii(2)]
= 2*ii(1) - 2*ii(2) + ii(3)
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CNN Face Detectors
• Deep learning techniques have replaced Viola Jones for face 

detection.
• Although more accurate, deep methods use orders of 

magnitude more memory and disk space.
• For example, Apple’s CIDetector class from their Core Image 

framework was converted to deep methods in 2017.
• Use the fully convolutional OverFeat [Sermanet ICLR’14] 

method, processing a 320×320 image with a 32×32 
window, and stride of 16 would yield a 20×20 face map 
(CNN has ~20 layers).

• Add a regression [x,y,w,h] output at each 20×20  location to 
better localize faces.

• Use multi-stage image pyramid to process several 
resolutions of image with same framework.
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https://kpzhang93.github.io/MTCNN_face_detection_alignment/
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Formulate pyramid of resolutions

Fully convolutional network which 
finds facial bounding boxes: 
[P(face),UL,UR,width,height]
Use non-maximal suppression (NMS) 
to clean up boxes

Candidate proposals further 
scrutinized, rejecting false positives 
and more accurately locating true 
positives. Another NMS stage.

Final check of proposal areas.  In 
addition to facial bounding box, also 
return centers of eyes, nose tip, and 
corners of mouth.

Stage1:
Proposal

P-Net

Stage2:
Region
R-Net

Stage3:
Output
O-Net

https://kpzhang93.github.io/MTCNN_face_detection_alignment/paper/spl.pdf
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https://kpzhang93.github.io/MTCNN_face_detection_alignment/paper/spl.pdf

P-Net

R-Net

O-Net

15
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Learning Objectives

• Face classification done as two-class objective function:

• Bounding box: Predict left, top, height, width.  Regression 
problem with Euclidean loss:

yidet is GT location
pi is predicted face 
from nnet

𝑦𝑦!"#$ =	GT	locations
.𝑦𝑦!"#$ = estimate
locations

• Facial landmark: Predict left/right eye, nose tip, left/right 
mouth.  Regression problem with Euclidean loss:

𝑦𝑦!%&'()&*+ =	GT
.𝑦𝑦!%&'()&*+ = estimate

16

R. Ptucha ‘18 17

Online Hard Sample Mining

• For each minibatch, the hard samples are defined 
as the top 70% samples with the highest losses.

• Only compute gradient descent using the hard 
samples.

Declare more non-faces as faces à

De
cl

ar
e 

m
or

e 
fa

ce
s a

s f
ac

es
 à

Want 
to be 
here!
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MTCNN 
Results

https://kpzhang93.github.io/MTCNN_face_detection_alignment/
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One-shot Learning for Face Recognition

• Given a single exemplar of a face, can you recognize 
future exemplars.

Images from LFW, Kawulok et al. 2016

?Bill Gates!
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Face Recognition: Similarity Function

• Can we learn a function d(f(face1),f(face2)) which 
returns a small value when faces are from same 
person and large value when faces from different 
people?

face1

face2

𝑑𝑑 = 𝑓𝑓 𝑥𝑥(-) − 𝑓𝑓(𝑥𝑥(/))
/
/

Perhaps the simplest method is to 
compare two images, pixel by pixel, 
comparing to a threshold.

Unfortunately, this method is not robust 
to lighting, pose, background, etc.

21
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• Can we learn a function d(f(face1),f(face2)) which 
returns a small value when faces are from same 
person and large value when faces from different 
people?

Siamese network- identical networks

face1

face2

f(face1)

f(face2)
𝑑𝑑 = 𝑓𝑓 𝑥𝑥(-) − 𝑓𝑓(𝑥𝑥(/))

/
/

𝑑𝑑 𝑓𝑓 𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓 , 𝑓𝑓 𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓

FaceNet: Schroff et al. 2015

(face2vec)

Similarity Function

f(face2)

Instead, use a 
CNN encoding

22
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Similarity Function Objective

Anchor (A) Positive (P) Anchor (A) Negative (N)

𝑑𝑑 𝑓𝑓 𝐴𝐴 , 𝑓𝑓 𝑃𝑃 𝑑𝑑 𝑓𝑓 𝐴𝐴 , 𝑓𝑓 𝑁𝑁

𝑓𝑓 𝐴𝐴 − 𝑓𝑓(𝑃𝑃) 1
1 𝑓𝑓 𝐴𝐴 − 𝑓𝑓(𝑁𝑁) 1

1

Triplet loss (A,P,N)

Want: ≤+ a Add 
margin

𝑓𝑓 𝐴𝐴 − 𝑓𝑓(𝑃𝑃) 1
1 − 𝑓𝑓 𝐴𝐴 − 𝑓𝑓 𝑁𝑁 1

1 + α ≤ 0

23
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Similarity Function Objective

𝑓𝑓 𝐴𝐴 − 𝑓𝑓(𝑃𝑃) 1
1 𝑓𝑓 𝐴𝐴 − 𝑓𝑓(𝑁𝑁) 1

1Want: ≤+ a

𝑓𝑓 𝐴𝐴 − 𝑓𝑓(𝑃𝑃) 1
1 − 𝑓𝑓 𝐴𝐴 − 𝑓𝑓 𝑁𝑁 1

1 + α ≤ 0

Given three images, Anchor (A), Positive (P), Negative (N):

ℒ 𝐴𝐴, 𝑃𝑃, 𝑁𝑁 = 𝑚𝑚𝑚𝑚𝑚𝑚 𝑓𝑓 𝐴𝐴 − 𝑓𝑓(𝑃𝑃) 1
1 − 𝑓𝑓 𝐴𝐴 − 𝑓𝑓 𝑁𝑁 1

1 + α, 0

Want loss to be as small as possible, so as long 
as this part is negative, the loss is 0.

24
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Similarity Function Objective

𝑓𝑓 𝐴𝐴 − 𝑓𝑓(𝑃𝑃) 1
1 𝑓𝑓 𝐴𝐴 − 𝑓𝑓(𝑁𝑁) 1

1Want: ≤+ a

𝑓𝑓 𝐴𝐴 − 𝑓𝑓(𝑃𝑃) 1
1 − 𝑓𝑓 𝐴𝐴 − 𝑓𝑓 𝑁𝑁 1

1 + α ≤ 0

Given three images, Anchor (A), Positive (P), Negative (N):

ℒ 𝐴𝐴, 𝑃𝑃, 𝑁𝑁 = 𝑚𝑚𝑚𝑚𝑚𝑚 𝑓𝑓 𝐴𝐴 − 𝑓𝑓(𝑃𝑃) 1
1 − 𝑓𝑓 𝐴𝐴 − 𝑓𝑓 𝑁𝑁 1

1 + α, 0

𝒥𝒥 =2
234

5

ℒ 𝐴𝐴 2 , 𝑃𝑃 2 , 𝑁𝑁 2Overall cost: n is images in 
minibatch

25
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How to Choose A, P, N

• If A, P, N are chosen randomly, 𝑑𝑑 𝐴𝐴, 𝑃𝑃 + 𝛼𝛼 ≤ 𝑑𝑑 𝐴𝐴,𝑁𝑁
then is too easily satisfied. 
• Need to find “hard” triplets, given A:

• Hard positive: argmax
6

𝑓𝑓 𝐴𝐴 − 𝑓𝑓(𝑃𝑃) 1
1

• Hard negative: argmin
7

𝑓𝑓 𝐴𝐴 − 𝑓𝑓(𝑁𝑁) 1
1

• Infeasible to find overall argmin/max, so choose over 
mini-batches in an online fashion.
• A few thousand faces per mini-batch.
• Data sampled such that ~40 faces/identity in each mini-batch.
• Facenet uses all (A,P) pairs, but only uses hardest (A,N) pairs, 

but removes a to avoid bad local minima early in training.

𝑓𝑓 𝐴𝐴 − 𝑓𝑓(𝑃𝑃) 1
1 − 𝑓𝑓 𝐴𝐴 − 𝑓𝑓 𝑁𝑁 1

1 + α ≤ 0

26
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How to Choose A, P, N

• If A, P, N are chosen randomly, 𝑑𝑑 𝐴𝐴, 𝑃𝑃 + 𝛼𝛼 ≤ 𝑑𝑑 𝐴𝐴,𝑁𝑁
then is too easily satisfied. 
• Need to find “hard” triplets, given A:

• Hard positive: argmax
6

𝑓𝑓 𝐴𝐴 − 𝑓𝑓(𝑃𝑃) 1
1

• Hard negative: argmin
7

𝑓𝑓 𝐴𝐴 − 𝑓𝑓(𝑁𝑁) 1
1

• This will force 𝑑𝑑 𝐴𝐴, 𝑃𝑃 to go small and 𝑑𝑑 𝐴𝐴,𝑁𝑁 to go 
large.
• Through backpropagation, the network will continually 

adjust its weights to minimize our cost.
• FaceNet used 100M-200M training face thumbnails of 

about 8M faces.

𝑓𝑓 𝐴𝐴 − 𝑓𝑓(𝑃𝑃) 1
1 − 𝑓𝑓 𝐴𝐴 − 𝑓𝑓 𝑁𝑁 1

1 + α ≤ 0
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Triplet Loss

• This loss makes sure that, given an anchor point, 
the projection of a positive point is closer to the 
anchor’s projection than that of a negative point 
belonging to another class, by at least a margin

• N is the total number of triplets (𝑥𝑥,	𝑥𝑥0,	𝑥𝑥1) in 
the dataset

• α is the margin hyper-parameter
• Selecting hard negatives is challenging hence 

semi-hard negatives are chosen (more in the 
reference)

• [. ]0 denotes the hinge function which takes the 
positive component of the argument. It ensures 
loss only contributes when positive.

Schroff, Florian, Dmitry Kalenichenko, and James Philbin. "Facenet: A unified embedding for face recognition and 
clustering." Proceedings of the IEEE conference on computer vision and pattern recognition. 2015.

Loss

Shared
Weights

Shared
Weights

28
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Contrastive Loss

• N is the no. of sample pairs
• y is a binary indicator. 1 for same and 0 for 

dissimilar pairs
• W are learned weights in a network G
• margin is a hyper-parameter
• y==1: Gradient descent will force X1, X2

same
• y==0: Gradient descent will force:

margin-d < 0;   or    d > margin

Shared
Weights

Similar 
pairs
y==1

Dissimilar 
pairs
y==0Want EW

to be low

29
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N-Tuple Loss

• It generalizes triplet loss by allowing joint comparison among 
more than one negative examples

• Also extended to multi-class N-pair loss.

Sohn, Kihyuk. "Improved deep metric learning with multi-class n-pair loss objective." Advances in Neural 
Information Processing Systems. 2016.

Triplet Loss N-Tuple Loss

is a (N+1) tuple for training

f is a embedding kernel defined by a deep neural network

30
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Lifted Structured Loss
• Each positive pair compares the distances against all 

the negative pairs weighted by a margin constraint
• The idea is to have a differentiable smooth loss which 

incorporates the online hard negative mining 
functionality using the log-sum-exp formulation.

Song, Hyun Oh, et al. "Deep metric learning via lifted structured feature embedding." Computer Vision and Pattern 
Recognition (CVPR), 2016 IEEE Conference on. IEEE, 2016.

denotes the set of pairs of examples with same labels
denotes the set of pairs of examples with different class labels

31
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FaceNet

• Learns a 128 byte embedding per face.
• The learned embedding is useful for face verification, 

facial recognition, and clustering of similar faces.
• Embedding faces to this latent representation gives 

99.63% on Labeled Faces in the Wild and 95.12% on 
YouTube Faces database.
• Rather than construct a classification CNN, FaceNet

uses triplet loss with online negative exemplar mining.
• Faces are tightly cropped faces using [Chen et al. 

ECCV’14] , no 2D or 3D alignment.

FaceNet: Schroff et al. 2015

32
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Using FaceNet

• Given a face, FaceNet outputs a 128 dimensional 
vector, a fingerprint of a face.

• If distance between two vectors close, we have a 
match.

FaceNet

x(i)

𝜖𝜖ℝ-/2

𝜖𝜖ℝ-/2

x(j)

Distance

33
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Using FaceNet for Face Verification
FaceNet

x(i)

𝜖𝜖ℝ-/2

𝜖𝜖ℝ-/2

x(j)

𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷 =2
234

41?

𝑓𝑓 𝑥𝑥 2
@ − 𝑓𝑓 𝑥𝑥 A

@

1

Elementwise comparison of each dimension:

Distance

34
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Example of FaceNet for Face 
Verification

Example distances outputs between three individuals’ FaceNet encodings

Deeplearning.ai W4C4 programming assignment

35
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Embedding 
Dimensionality

• 128 dimensional float 
actually used, but 
experiments show can be 
quantized to 128 bytes.
• Larger dimensions 

probably need more 
training data to justify.

Training Set 
Size

• That is a lot of training 
data!

FaceNet: Schroff et al. 2015
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Using FaceNet on your own Dataset

• Given a face, FaceNet outputs a 128 dimensional 
vector, a fingerprint of a face.

• You can use FaceNet on your own dataset:

FaceNet

x(i)

𝜖𝜖ℝ-/2

𝜖𝜖ℝ-/2 A𝑦𝑦 ∈ 0,1

Can train own 
classifier using 

pairs (not 
triplets) of faces

x(j)

Pass in same or 
different 
classifier

38
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Using FaceNet for Face Verification
FaceNet

x(i)

𝜖𝜖ℝ-/2

𝜖𝜖ℝ-/2 A𝑦𝑦 ∈ 0,1

Can train own 
classifier

x(j)

A𝑦𝑦 = 𝜎𝜎 2
234

41?

𝑓𝑓 𝑥𝑥 2
@ − 𝑓𝑓 𝑥𝑥 A

@

Elementwise comparison of each dimension:

Same face or 
different?

39
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Using FaceNet for Face Verification
FaceNet

x(i)

𝜖𝜖ℝ-/2

𝜖𝜖ℝ-/2 A𝑦𝑦 ∈ 0,1

Can train own 
classifier

x(j)

A𝑦𝑦 = 𝜎𝜎 2
234

41?

𝑤𝑤2 𝑓𝑓 𝑥𝑥 2
@ − 𝑓𝑓 𝑥𝑥 A

@ + 𝑏𝑏

Can fit, for example into a logistic regression:

Same face or 
different?

40
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Using FaceNet for Face Verification
FaceNet

x(i)

𝜖𝜖ℝ-/2

𝜖𝜖ℝ-/2 A𝑦𝑦 ∈ 0,1

Can train own 
classifier

x(j)

A𝑦𝑦 = 𝜎𝜎 2
234

41?

𝑤𝑤2

𝑥𝑥 2
@ − 𝑥𝑥 A

@

1

𝑥𝑥 2 @ + 𝑥𝑥 A @
+ 𝑏𝑏

Sometimes use Chi-square fit (normalize by distance):

Same face or 
different?

41
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Using FaceNet for Face Verification
FaceNet

x(i)

𝜖𝜖ℝ-/2

𝜖𝜖ℝ-/2 A𝑦𝑦 ∈ 0,1

Can train own 
classifier

x(j)

• At runtime, expensive to run both x(i) and x(j) through FaceNet
for each sample in dataset.

• Typically precompute 128 vector value for all training faces to 
speed up runtime.

Same face or 
different?

42
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Facial Feature Points

• Constrained Local Models CLMs such as 
active shape/appearance models model the 
appearance of each facial landmark 
individually, then use a shape model to 
constrain location, then iteratively repeat. 

• CLMs have difficulty with variations in 
expression, illumination, facial hair, makeup, 
and accessories.

• Given enough data, nnets can model these 
complex variations.

Zadeh et al. CVPR’17
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Viola Jones Face 
Detection

Average eye and 82 
facial feature points

Search for actual point locations 
using Mahalanobis distance

Restrict based on 
PCA statistics

Repeat ~3-5×

Traditional Approach

44
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Convolutional Experts Constrained 
Local Model (CE-CLM)

Start with face 
bbox.  Extract 
n×n ROI 
around best 
guess of where 
landmark is.  
(n=19).
Best guess 
determined by 
model.

Learn 500 
11×11×1 
filters.
No padding 
used, so width 
and height 
reduced by 
10.

Learn 200 
1×1×500 
filters.

Learn 100 
1×1×200 
filters.  Each 
neuron and 
expert- uses 
sigmoid, which 
estimates 100 
to 0:1 
“probabilities”.

Learn 100 non-
negative 
weights at 
each pixel 
position to 
form final 
response map.

This is 
followed by a 
point 
distribution 
model which 
constrains 
landmark 
locations.

Zadeh et al. CVPR’17
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CE-CLM: State-of-the-art Results
All training done with Multi-PIE and 300W

Mean Average 
Error (MAE) 
results 
normalized by 
Inter-Ocular-
Distance (IOD)

300-W test set – Helen, LFPW, and iBUG

Menpo dataset evaluation (no training examples came from Menpo)

Zadeh et al. CVPR’17

(only use eyebrows, eyes, lips, nose)
68 points

46
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Human Pose
• Finding human pose body joints is 

difficult as we don’t know how many 
people in the image, and even if we 
did, there can be complex interactions.

• Many methods first find all the people, 
then determine body pose of each 
person.

• These top down methods are reliant on 
accurate people detectors, and can be 
slow if many people in image.

• Bottom up approaches find all parts, 
and then try to assemble into bodies.

Cao et al. CVPR’17
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Realtime Multi-Person 2D Pose 
Estimation using Part Affinity Fields

CNN simultaneously predicts a set of 
2D confidence maps of body part 
locations (b), one map per body part;

and a set of 2D vector fields called 
Part Affinity Fields (PAF)  (c) that 
encode the location and orientation 
of limbs, one map per body part.

Form all bipartite graphs, 
measure the alignment of the 
predicted PAF with the candidate 
limb that would be formed by 
connecting the detected body 
parts.  Use a variation of the 
Hungarian algorithm to find the 
optimal graph.

Cao et al. CVPR’17

48

R. Ptucha ‘18 49

Realtime Multi-Person 2D Pose 
Estimation using Part Affinity Fields

Stage 0: The first 10 layers 
of VGGNet are used to 
create feature maps for the 
input image.

Stage 1: Top branch predicts 
a set of 2D confidence maps 
(S) of body part locations 
( e.g. elbow, knee etc.). 
The second branch predicts a 
set of 2D vector fields (L) of 
part affinities, which encode 
the degree of association 
between parts.

Stage 2: The 
confidence and 
affinity maps are 
parsed by greedy 
inference to produce 
the 2D keypoints.

Cao et al. CVPR’17
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Realtime Multi-Person 2D Pose 
Estimation using Part Affinity Fields

Confidence maps for 
Left Shoulder

Confidence maps for 
Part Affinity maps for Neck – Left Shoulder

https://www.learnopencv.com/deep-learning-based-human-pose-estimation-using-opencv-cpp-python/

50
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Redaction
Sah et al. “Detection without Recognition for Redaction” 2017

• Redaction is used to obfuscate 
personally identifiable 
information such as faces, 
license plates, house numbers, 
and store fronts. 

• Ideally, obfuscate targeted areas while 
maintaining scene context. 

• Is there a facial obfuscation method that 
maintains context by allowing facial detection 
methods to find an obfuscated face, but prevent 
humans and facial recognition systems from 
identifying the same face?

51
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Video Redaction System

• MT-CNN [Zhang et al. 2016] for face detection
• OpenFace [Amos et al. 2016] implementation of 

FaceNet [Schroff et al. 2015] for face recognition
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Example of a detection after redaction with different types and degrees of 
obfuscations (red box drawn of face detected).
a) Original image 
b) Detector fails when face obfuscated a mask
c) Face detected when original face swapped† with average female face
d) Varying degree of blurring using Gaussian kernel (sigma = 3, 5, 15, 25, 45)
e) Varying degree of pixelation (pixel block size = 2, 4, 8, 16, 32)

Detection without Recognition 

†  http://matthewearl.github.io/2015/07/28/switching-eds-with-python/
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Experimental Results

Face detection on AFLW [Koestinger et al. 2011] dataset. 
~25K annotated faces with 21 landmarks .

The effect of various obfuscation techniques on face detection

54
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Experimental Results

Face detection and recognition on FaceScrub [Ng and 
Winkler ‘14] dataset. ~100K faces from 530 people 

Demonstrate the trade-off between face detection and recognition 
accuracies with varying degree of obfuscation.

Want High Want Low
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Setting up own Server

• Good default settings
• Ubuntu 16.04
• Cuda 9.1 (with a Nvidia GPU)
• Cudnn 7
• Python 2.7
• Tensorflow >= 1.5
• OpenCV 3.x
• Numpy
• Pandas 0.19.2
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OpenFace 2.0

• Free, open source 
software with both 
pretrained binaries and 
source code.

• Facial landmark 
detection, head pose 
estimation, facial action 
unit recognition, and eye-
gaze estimation. 

• Real-time performance 
and state-of-theart
results in all categories. 

OpenFace 2.0, Baltrusaitus et al. F&G’18

https://github.com/TadasBaltrusaitis/OpenFace

57



8/24/22

26

R. Ptucha ‘18 58

OpenFace 2.0
• Face detection:

• Multi-Task Cascaded CNN (MTCNN), Zhang et al. ’16
• Facial landmark detection:

• Convolutional Experts Constrained Local Model (CE-CLM), 
Zadeh et al. ’17

• Head pose:
• CE-CLM represents facial landmarks in 3D and projects 

them to the image. Given landmarks, solve n point 
perspective problem.

• Eye gaze:
• Use a Constrained Local Neural Field (CLNF) landmark 

detector [Wood et al. 2015] to detect eyelids, iris, and the 
pupil. Solve pupil center on eye-ball sphere in 3D. Gaze is 
vector from the 3D eyeball center to the 3D pupil center.

OpenFace 2.0, Baltrusaitus et al. F&G’18
https://github.com/TadasBaltrusaitis/OpenFace
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OpenFace 2.0
• Facial Action Units (AU):

• Implementation of  
[Baltrusaitis et al. FG’15] 
which uses HOG and CE-CLM 
features, passed into SVM 
model. (seems to work just 
as well as deep models…) 

• Intensity and presence 
predicted for all 18 AUs, 
except for AU28, for which 
only presence predicted.

OpenFace 2.0, Baltrusaitus et al. F&G’18
https://github.com/TadasBaltrusaitis/OpenFace
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OpenPose
• Real-time multi-person landmark 

detection.
• Outputs 2D joint/landmarks from 

regular webcams.
• 15 or 18 keypoint body joint 

estimation. [Cao et al. CVPR’17, Wei 
et al. CVPR’16]

• 21 keypoint hand/finger estimation. 
[Simon et al. CVPR’17] 

• 70 landmark face estimation. [Simon 
et al. CVPR’17]

https://github.com/CMU-Perceptual-Computing-Lab/openpose

Cao et al. CVPR’17
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Thank you!!
Ray Ptucha

rwpeec@rit.edu

https://www.rit.edu/mil 
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