
Replies to critical reviews
Critical Review from Team 1:

● More explain for traditional method and latest method? 
Our response: Traditionally there are two classes of methods. The latest method is 
equipped with machine learning. Detail can be found in the report
● Higher voice for first presentation speaker
Our response: Duly noted 
● What is the difference between P-Net R-Net O-Net?
Our response: It is explained in the video
● What is triplet mean, make negative data far away from the anchor?
Our response: Triplet Loss is not related to anchor in detection, it is a classification loss, 
in which there are three sample included in the loss function. This loss function tries to 
make distance of features of the same class as close as possible and distance of 
features of different class as far as possible
● Why there are still exist distance even they are same images?
Our response: they are not the same image, just two similar images from the same 
person

Critical Review from Team 14:

● How could your results be quantitatively measured or compared to conventional 
methods? 
Our response: Based on the face detection ROC curve and recognition accuracy 
compared with conventional methods (non deep learning methods)
● What was the reason for choosing your system and network architecture?
Our response: It is a classical model for face detection and recognition, and the 
performance is pretty promising
● In the KNN part, What is the protocol 1/2? What does the threshold mean and why do 
we need it?
Our response: I didn’t remember I mentioned protocol 1/2 .
● Why don’t pick the threshold with the highest accuracy?
Our response: The detection should consider both false positive and false negative, one 
is related to precision and one is related to recall. We need to find one that both values 
are high. For accuracy, its definition is (correct positive + correct negative)/(wrong 
positive + wrong negative + correct positive + correct negative), which is not a metric 
used in face detection.

Critical Review from Team 46:

● You guys mentioned Many Factors affecting the accuracy may be posture, occlusion, 
and facial expressions, but I don’t see any discussion about this afterwards.
We will extend that in the final project report.
● In my mind, you use MTCNN model to train the dataset with about 30000 images, but 
the training process is not posted. Maybe posting the plot of accuracy and loss is fine. 
The accuracy line is increasing rapidly and achieve 97% at 10 epoch.
● What is the difference between protocol 1 and 2 of KNN? Why the accuracy exhibits 2 
opposite trends? 
They are not opposite, We just write protocol 2 from the highest threshold to lowest. So, 
they can meet at one point.
● It will be better if you can show the whole schematic of facenet model not just the part 
of Triple loss because we cannot understand how you implement face recognition using 
this model. 
Yes, in final report.
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Abstract—Face recognition software plays an increasingly
significant role in modern security, administration and business
systems. Although the performance of face recognition has been
significantly improved with the fast progress of deep learning,
the performance of real-time face detection and recognition
is still very limited. This project aims to develop a real-time
face detection and recognition system that can partially solve
the mentioned problems above in real scenarios by the help
of machine learning. The system is constructed with Multitask
Cascaded Convolutional Networks (MTCNN) model, FaceNet
model, and K Nearest Neighbor (KNN) model. This paper
utilizes MTCNN model for face detection and FaceNet model
for facial feature extraction. Then the KNN model will perform
classification.

Index Terms—Face Recognition, MTCNN, Deep Learning,
FaceNet

I. INTRODUCTION

Face is the most common characteristic used by humans for
recognition. With the development of information technology,
face recognition is widely applied in information security,
identity authentication, access control, and other fields [1]. A
powerful example is China’s Skynet, a nation-wide surveil-
lance system empowered by machine learning facial recog-
nition technology, which allegedly is able to catch a fugitive
within several seconds.

So far, researchers have made great efforts in investigating
the field of face recognition and have made great achieve-
ments. Now, due to the emergence of machine learning,
the performance of face recognition has been greatly im-
proved. However, there are still many challenges that limits
the performance of real-time face recognition. Many of the
current face recognition systems assume that frontal faces are
available in facial images. In reality, this may not be the case
because of the nature of face appearance and the background
environment. A face could occur in a complex background
and in many different positions. Recognition systems that are
built on the standard facial images are more likely to mistake
areas of the background as faces [2]. A face recognition
system should be able to deal with various changes in face
images, such as posture, occlusion, makeup, facial expression,
lighting, background changes and the quality and quantity of
the training dataset [3]. This presents a great challenge to face
recognition.

Face detection is one of the visual tasks that humans can
do effortlessly. However, in computer vision terms, this task is

not easy. A general statement of the problem can be depicted
by Fig.3.

Fig.3 shows the pipeline of an automatic face recognition
system. First, a face image is fed into the system, and face
detection and face alignment are performed. Then a feature
extractor is used to extract facial features. Finally, the system
compares the extracted features with the gallery faces to
perform classification or face matching. The output of the
system is the name of the person this query face belongs to.

II. RELATED WORKS

Two issues are of great importance in facial recognition. The
first is finding features that should be used to represent a face.
As mentioned before, a face image is subject to changes in
multiple aspects. An effective representation of a face should
be able to handle all kinds of possible changes. The second is
how to classify a new face image with the chosen feature [1].

Traditionally, there are two classes of methods in facial
recognition [4]. The first class of methods address face recog-
nition as a general recognition problem [2]. It makes use
of an analytic approach to face representation and applies
feature-based methods for feature extraction. In geometric
feature-based methods, features such as eyes, nose, and mouth
are detected. The character and relative relationship between
features are used as the descriptors of faces. Although efficient
in achieving data reduction and insensitive to variations in
illumination and viewpoint, the horizontal changes in the facial
appearance cannot be modeled [5].

The second class is template matching methods. Take an
example from the simplest version of template matching, the
face image is compared using a certain metric with a template
representing the face. Typically, the metric would be Euclidean
distance. In more sophisticated ways, there could be more
than one templates, each representing a face from different
viewpoints.

One of the most researched and used template matching
method would be eigenface method [6]. This is a hybrid ap-
proach in which the features are extracted out of original image
data by using a mathematical tool called Principal Component
Analysis (PCA) [7]. The eigenface method captures the varia-
tion in a set of facial images. Then this information is utilized
to encode and compare different face images within a set. The
variation between faces can be captured by eigenvectors. Each
image contributes to each eigenvector in different weights.



Thus, each image in the training set can be represented
as a combination of eigenvevtors. Face recognition can be
performed by projecting a new image into the space spanned
by the eigenfaces. And by comparing its position in face space
with the positions of known individuals, the new face image
can be classified. This approach can successfully achieve data
reduction and insensitive to variations in illumination and
viewpoint.

Fig. 1. A set of M orthogonal Eigenfaces used to represent the original images
[8]

III. DATASET AND FEATURES

As mentioned before, variations of face images could exit in
multiple aspects including posture, occlusion and illumination.
Testing the system’s ability to detect faces in these conditions
is crucial. The wider face dataset is chosen to address this
problem. The wider face dataset is a face detection benchmark
dataset, which contains 32,203 images and 393,703 labeled
faces with a high degree of variability in scale, pose and
occlusion as depicted in the sample images [9]. The height
of the images in the dataset range from 10 pixels to over 300
pixels. We select 40% /10% /50% data as training, validation
and testing sets.

Fig. 2. Detected faces in Wider Face database [9]

We are using the labelled faces in the wild home (LFW)
dataset collected by the Computer Vision Laboratory of the
University of Massachusetts Amherst, USA. The database is
designed to address the pair matching problem and can be
viewed and downloaded at the following web address: http:
//vis-www.cs.umass.edu/lfw/. The database contains 13,233

target face images [10]. The name of the person in the
face image is given a unique name so that no name should
correspond to more than one person. The data are in the form
of 250 by 250 pixel image files. About 6000 images are used
in training and around 2000 images are used in validation and
6000 for testing. Before feature extraction, we are using the
Multi-task CNN to perform facial detection in the images and
once the position of the faces has been found in the files. The
images will be cropped to a certain size before being fed into
FaceNet. Where a 1 by 128 facial feature vector will be output
from the embedding layer.

IV. METHODS

Fig. 3. Basic Pipeline for the system

This figure shows the basic pipeline of our system, which
consists of face detection, face alignment, face feature extrac-
tion and KNN search in Database.

A. Face Detection

For the face detection part, we choose to use a pretty
classical deep model called Multi-Task CNN [11], previously
it is used to both detect key point and bounding boxes of the
face. The net has a cascade structure, namely P-Net, R-Net
and O-Net. In the figure, the MP means max pooling and
Conv means convolution. For the first net, P-Net, it is a full
convolutional network so it is insensitive to the input size.
The basic idea of the P-Net is to use convolutional filters as
sliding window for face search. One problem here is that the
size of the convolutional filter is fixed. So if the image input is
fixed size, the conv filter cannot handle different size of face
problem.

To fix this problem, to detect face in different size, the
input is set to a image pyramid, resize to different size and
input to the P-Net. As a full convolutional network, the size
of the generated feature map for P-Net is related to the size of
input. For each position on the feature map, the value means
a confidence score, if the score is higher than the threshold,
the the patch that this position is corresponding to might have
a face. For each position on the feature map, we can map the
point to a box on the input image based on the ratio between
the feature map and the input image.

The next function of the P-Net is to do simple regression
of the bounding box, since it is highly impossible that the
conv kernels just fit the face on the image, the mapped box
on the image will be slightly corrected through the regression
process. The regression value is not the direct pixels due to
different face has different size, but the ratio related to the
size of the image. So that the regression model is insensitive

http://vis-www.cs.umass.edu/lfw/
http://vis-www.cs.umass.edu/lfw/


to the input size of the image, this is a common technique in
object detection.

Fig. 4. Architecture that we use for face detection MTCNN

The R-Net and O-Net are not full convolutional networks,
so the input size are fixed. The input of R-Net are cropped
potential faces from the P-Net. Usually for face detection.
There are lots of false positives rather than false negatives,
so the designed model is a cascade structure which is used to
filter those false positives. The cropped faces from the image
is resized to a fixed size and input to the R-Net, the R-Net
also has two tasks, the first is to give the confidence score of
faces for the second time. The second task is to further regress
the bounding box. The O-Net has pretty similar structure as
R-Net and the same tasks.

For the detection training procedure, the faces are randomly
cropped from the dataset. Bounding boxes are randomly
shifted from the groundtruth bounding boxes and the IoU is
computed with the groundtruth. The value decides whether the
cropped image patch are positive or negatives. To train the P-
Net, the input is still fixed. And the output is a 1x1 feature map
for confidence score and 1x4 for regression. Also, a technique
called Online Hard Example Mining (OHEM) is used. Since
false positives are pretty common in face detection task. When
P-Net is trained, the net will be forwarded through the dataset
and the false positives will be extracted as special data to
be the input to the second networks for training. The same
operation is done for the third net.

During real face detection inferences, the image is resized to
different scales and put into the network, the detected face, in
different stages, will all pass the NMS operation and remaining
bounding boxes will be the input to the next stage. If it is the
final stage, the face will be the output.

B. Face Feature Extraction

For the face feature extraction model, we use another deep
model called FaceNet [12]. The facenet paper is published
before ResNet is published. So the main idea of this paper is
that it uses a different loss called triplet loss. Compared with
classification loss that tries to correctly classify objects, the
triplet loss differs in that it tries to both minimize the dis-
tance between different images for same faces and maximize
distance of differet images for different faces. This is much
like a clustering method that cluster the same identity’s feature
and make them as close as possible and maximize feature of
different identities. The backbone for the feature extraction
model can either be ResNet [13], Inception [14] etc.

TABLE I
THE DISTANCES BETWEEN TWO FACIAL IMAGES

Distance/Model same individual different individuals
MS-Celeb-1M 0.2850 1.3609

CASIA-WebFace 0.4968 1.2570

TABLE II
THE ACCURACIES OF THE TWO MODELS ON LFW

Model Accuracy
MS-Celeb-1M 0.992

CASIA-WebFace 0.988

C. Face Recognition

This step is used when the deep feature of previous model
has been extracted. Here we simply use KNN to search the
nearest feature, here k=5. To achieve this, we must have a
database of the feature extracted from different identities. Once
a face is given to the deep model and the feature is extracted,
the normalize L2 distance will be used to calculate with all
features in the database, and the top 5 feature will be used to
identify which face this is. L2 Distance is defined as

L2(f1, f2) = ||f1 − f2||22 (1)

Here we normalize each feature so that their l2 norm is 1.

V. RESULTS AND DISCUSSION

A. The Distance of Two Facial Images

In this section, the two pre-trained FaceNet models are
used to obtain the feature vectors of two facial images from
different individuals and two facial images from the same
individual. The distance between the two images in each pair
is calculated. The distance represents the similarity between
the two faces. Therefore, the distance between the different
individuals should be longer, and the distance between the
same person should be shorter. Table 1 shows the result of the
experiment.

It is obvious that the model trained by MS-Celeb-1M is
superior to the model trained by CASIA-WebFace dataset in
this case.

B. Evaluate the Two Models on LFW

In this experiment, the two models are evaluated on LFW
dataset. The verification accuracies of these two models are
obtained. Table 2 shows the results of this experiment.

In this case, the performance of the model pre-trained by
MS-Celeb-1M dataset is better than that of the model pre-
trained by CASIA-WebFace dataset. This is the same as the
result obtained in section A

C. The Real-time Face Recognition System Based on KNN

Right now, this system can only be used to recognize the
person in the training dataset and is not universal.This is
because the model always choose the label that has the closest
distance to the photos we want to recognize.



TABLE III
THE RESULTS OF THE MODEL PRE-TRAINED BY MS-CELEB-1M

Threshold protocol 1 Threshold 2 protocol 2
0.29 43.47% 0.4 74.42%
0.31 74.69% 0.38 84.26%
0.32 81.39% 0.36 87.74%
0.33 91.31% 0.35 95.25%
0.34 95.24% 0.34 95.74%
0.35 97.45% 0.33 96.62%
0.36 99.70% 0.32 99.73%

TABLE IV
THE RESULTS OF THE MODEL PRE-TRAINED BY CASIA-WEBFACE

Threshold protocol 1 Threshold 2 protocol 2
0.67 81.06% 0.8 90.53%
0.71 90.11% 0.78 96.65%
0.74 94.44% 0.77 99.42%
0.75 95.96% 0.76 99.60%
0.76 97.02% 0.75 100%
0.77 98.53% 0.74 100%
0.78 99.01% 0.71 100%

In this step, a universal real-time face recognition system is
constructed. When someone out of the dataset is captured by
this system, it will recognize him as an unknown individual if
the distance value is under the threshold.

Therefore, the value of the threshold is crucial to the
performance of this system. There are two evaluation protocols
that are used to select the value of the threshold. The system is
required to recognize the person who is registered in the self-
collected dataset and then the person out of the self-collected
dataset. The accuracies under the two evaluation protocols are
obtained, and the value of threshold which maximizes them
as much as possible is selected. This experiment is done on
two pre-trained FaceNet models respectively. Table 3 shows
the results of the model pre-trained by MS-Celeb-1M under
the two evaluation protocols, and Table 4 shows the results
of the model pre-trained by CASIA-WebFace under the two
evaluation protocols.

In order to make the system perform as best as possible
under two evaluation protocols at the same time, for the model
pre-trained by MS-Celeb-1M, the value of threshold should be
0.35, which achieves an accuracy of 97.45% under protocol 1
and an accuracy of 95.25% under protocol 2. For the model
pre-trained by CASIA-WebFace, the value of the threshold
should be 0.77, which achieves an accuracy of 98.53% under
protocol 1 and an accuracy of 99.42% under protocol 2. It is
obvious that the second model is superior to the first model
in real scenarios. It is also found that the system based on
the first model is more susceptible to the pose, illumination,
occlusion and some other factors. The second model is more
stable than the first model.

D. Discussion

This result in section C is contrary to the results obtained
in section A and B, which suggest that the performance of
the first model is superior to the second model. That is to
say, the model that performs well on the web datasets may

perform poorly in practice. Therefore, the training dataset is
crucial to the performance of face recognition system. The
experiment result also shows that as the amount of training
data increases, the performance of the system will improve.
However, too much data will have a long tail effect, It means
that adding the data of the individuals with only a few facial
images does not help to improve the performance and may be
harmful to the system. This is caused by the unbalance of the
training dataset.

The performance of face recognition system can also be
affected by some cross factors, such as the illumination, pose,
occlusion, makeup, age variation and so on. Therefore, when
collecting training datasets, the actual application scenarios of
the system should be considered. For instance, if this system is
mainly used to recognize the Asian, the training dataset should
contain more facial images from Asian. And the dataset should
be balanced as much as possible.

VI. CONCLUSION AND FUTURE WORK

We implement a high performance and real time face
detection and recognition system on computer. In future works,
we are going to do more evaluation on the different datasets,
try to see whether the domain gap is a problem etc. Also, for
engineering part, we will enable the model to run on mobile
system.
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