
 

Hairstyle Recommender System  
Using Machine Learning

 

Introduction 

Hairstyles can express a person’s characteristics, self-

confidence, and attitudes. It is true that different 

shapes of faces require different kind of hairstyles. It 

can be challenging for both customers and barbers to 

know which hairstyle fits them best. Therefore, a 

Feedforward Neural Network (FNN) is going be utilized 

to find out the relations between 64 types of existing 

hairstyles and facial features. In this way, the system 

can offer customers and barbers options of 

recommended hairstyles which fit them best regarding 

their gender, as well as facial and hair features. 

Sensing and Data Collection 

Collections of Portraits and Hairstyles 

Hairstyle30k [13], the largest hairstyle dataset 

regarding the number of hairstyle classes in the 

community, includes 30,000 images containing 64 

different hairstyles. The human face and hair dataset 

from Open Images V4 [8] (powered by Google AI) can 

provide abundant and copyright-free images in the 

natural settings. The 10k US Adult Faces Database [1] 

contains 10,168 natural face photographs.  

Hairstyle30k fits our Machine Learning purpose best 

since they have classified the hairstyles with 64 labels. 

Yet, it is still necessary to find a way to approach this 

robust database. To have access to the 10k US Adult 

Faces Database, an email application should be sent to 

the researcher (Wilma Bainbridge, Ph.D.), indicating 

the purpose of using the database.  

Data Processing 

Since we are neither going to implement a system to 

recognize facial features nor hairstyles, we suggest to 

utilize a (or multiple) promising facial, gender and 

hairstyle recognition APIs to convert our visual datasets 

into numerical datasets.  

Betaface API [4] provides us the well-rounded features 

(i.e. hair length, gender, shape of face, etc.) and 

generates numerical data to indicate each feature 

(Figure 1). To gather more promising data, image 

datasets can be analyzed by other APIs such as Google 

Cloud Vision [6] and Amazon Rekognition [2]. These 

different APIs generated data can be filtered and then 

merged together to reduce variance.  
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Hairstyles Classification1 

The hairstyle classification method developed by 

Hairstyle30k was based on people attributes and face 

attributes by using (1) hand-crafted visual features, 

such as SIFT [5] and LBP [11], (2) the recent deep 

features and (3) multi-task methods for learning facial 

attributes. According to the attributes, the researchers 

of Hairstyle30k manually coined and annotated 64 

labels for different hairstyles and each label has at least 

480 images. 

Data Standardization 
Features Classification 

Image 
Dataset 

Image 

   
… 

Label Kim Rattail Bob … 

Facial 
Features 

Roundness 0.95 0.47 0.48 … 

Whiteness 0.33 0.65 0.87 … 

Glasses 0 1 0 … 

Beard 0 0 0 … 

Hair 
Features 

Bold 0 1 0 … 

Curvature 0.15 0 0.45 … 

Length 0.33 0 0.70 … 

Gender Male 1 0 0 … 

Table 1:  Table of mapped data in terms of facial, hair 

features and gender.  

With labeled images, Betaface API can generate a RAW 

dataset for each classified hairstyle. However, this RAW 

data is not all numeric and formatted. For example, the 

skin tone is described as yellow, white or Indian. Thus, 

                                                 
 

these descriptive words need to be mapped into 

numerical data (Figure 2) and stored in the table shown 

in Table 1. 

Learning 

To realize the hairstyle recommender system, a 

Feedforward Neural Network (FNN) is applied. By using 

collected data, the FNN is trained in a supervised way 

to make a hairstyle prediction based on face features 

and gender. 

Algorithm selection 

In the hidden layer of the FNN, algorithms are first 

used to make a classification. People with similar face 

features and same gender, for example, men with blue 

eyes and a round face, will be grouped together. To 

simplify the system, it is assumed at first that all the 

input data are linearly separable. In that case, a linear 

classifier named Single-Layer Perceptron (SLP) will be 

enough to realize the system. The SLP can be easily 

studied and implemented [9] in Neuroph, the 

recommended lightweight Java neural network 

framework. Moreover, for every perceptron, it will use 

the delta rule, which is a gradient descent learning rule 

for artificial neurons. The delta rule is a special case of 

the more general backpropagation algorithm, and can 

be used as an alternative of multilayer perceptron if the 

function is non-linear and differentiable. 

It might happen that the cases are not linearly 

separable as assumed. Then, the learning process will 

never reach a point where all the cases are classified 

properly. In that situation, a Multi-Layer Perceptron 

(MLP), a network with the same structure as SLP will be 

 

Figure 1: Results analyzed by 

the Betaface API. Age: 12 (60%), 

Bald: no (82%), Beard: no 

(91%), Black hair: yes (53%), 

Gender: female, Oval face: yes, 

pale skin: yes (20%), Straight 

hair: yes (24%), Wavy hair: yes 

(8%), Hair length: Long, Race: 

White. 

 

Figure 2: Dataset Procedure: 

mapping descriptive words into 

numerical data. 



 

built on our SLP algorithm. The MLP has one or more 

layers than an SLP, and because it can classify the non-

linear data, it is widely used in many similar 

recommender cases to solve realistic problems [10][7]. 

MLP is trained with the backpropagation learning 

algorithm, which can be implemented in Neuroph by 

using a BackPropagation class [3]. 

Additionally, other than using a neural network, the k-

Nearest Neighborhood (kNN) algorithm, widely used as 

a collaborative filter [12] in recommender systems, is 

also worth a try. However, we do not have experience 

with this algorithm and do not know if it will be more 

accurate than the FNN in this case. However, as there 

are many tutorials online for kNN, it can be our 

alternative option. 

Learning Process 

The learning process of the hairstyle recommender 

system (Figure 3) is as follows: 

Firstly, the input data, including several numerical face 

features and gender information, will be sent to the 

hidden layer. Then, the algorithms, an SLP or an MLP, 

will classify the cases into several groups. Thirdly, the 

hairstyle label in each group will be counted (e.g. Kim: 

0.51, Rattail: 0.3, Bobline: 0.15, …). Meanwhile, each 

perceptron will make a guess. Thus, the fourth step for 

the system is to compare guess with the counted label, 

compute the error, and adjust all the weights according 

to the error. At last, the system will return to the 

beginning and start another round of training.  

After thousand-times of learning, the system will reach 

an equilibrium point (with threshold) where each group 

of classification will have a (relatively) stable preferred 

hairstyle list. At that time, this system should go 

through a cross validation test, in which some 

deliberately unused input data will be given to the 

system to see the accuracy of prediction. Finally, the 

hairstyle recommender system will be well-trained. 

Feasibility 

Processing will be used as the development 

environment for our project, since we have former 

experiences in using Java as programming language. It 

is practical, and some simple perceptron cases which 

classify the labels of random generated datasets, have 

already been tested by us using Processing.  

What can be foreseen is that problems will occur when 

using neural networks with many artificial neurons. 

Luckily, there are some tutorials online teaching neural 

network codes written in Java and Python, so that will 

make it manageable. 

Actuation & Feedback Loop 

Actuation goal 
For our hairstyle recommendation service, the main 

actuation goal is to make people more confident in 

changing their haircut when intending to do so. People 

who have this intention right now may be hesitant 

because they often do not know what they can expect 

when visiting the barber. 

Feedback loop 

The recommendation system can implement a positive 

feedback loop. A positive feedback loop could look as 

follows: after having your face scanned, the system 

gives three suggestions of different hairstyles based on 

your gender, facial features and current hairstyle. The 

suggestions may be presented in different ways. If the 

 

Figure 3: The learning process of 

the hairstyle recommender system 



 

system provides a percentage of what most people 

similar to you would choose, this would create a 

positive feedback loop. Whenever the highest 

percentage suggestion is chosen by the user, the 

system would take this into account for the next similar 

user, thus relatively giving a higher percentage 

compared to the previous time (Figure 4). 

What happens when the system always gives three 

suggestions, but only one suggestion at the same time 

and the option to agree or disagree with these 

individual suggestions? When the user agrees to none 

of the suggestions, it may need to find other 

suggestions. When the user agrees to all of the 

suggestions, the system should probably recommend 

the highest rated hairstyle based on what other similar 

users have chosen.  

There are several ways to implement feedback loops 

within the hairstyle recommendation system. Tests 

should be conducted on which type of feedback loop 

ultimately results in the best, most feasible or most 

appreciated recommendations. 

Connectivity and social aspects 

In this section, several options to connect the system 

to other products or systems are described. These 

options are analyzed and their feasibility is evaluated. 

The first section describes the connectivity that is 

required to make the basic system work. The second 

section describes possibilities to extend the system to 

include social aspects and the required connectivity for 

each case. Again, these options are analyzed and their 

feasibility is evaluated. 

Basic connectivity 

The basic system is that a user takes a picture of his or 

her face, uploads it and receives three recommended 

hairstyle options. From these three the user can select 

one that he or she likes the best.  

To make the basic system work, a device with a 

(touch)screen and camera are needed. This can be a 

phone or a computer. The camera should be connected 

to the device, so that the image can be uploaded. Most 

mobile phones and laptops already have this 

connection. With a program written in Processing, the 

interface can be designed such, that pictures can be 

taken and uploaded directly. This is definitely feasible. 

Extended connectivity and social aspects 

An option to extend the system would be to look at 

previous hairstyles of the user and use these all as 

input. The neural network will in that case be trained 

better to understand the relation from a previous 

hairstyle to a new hairstyle. This can be done by 

uploading all photos of the user from the phone or 

computer of the user to the system. For doing so, a 

different API is needed, that recognizes people. 

However, some phones already have this included, so 

in that case, this functionality can be used directly. The 

neural network can be extended to become a MLP with 

backpropagation. This is needed to solve non-linear 

problems.  

In addition, if a user has had a certain hairstyle, it does 

not necessarily mean that they liked it at that time, or 

do still like it now. A possible way to find out about this, 

is to show the pictures in the interface and let the user 

decide for each picture if they like their hairstyle (swipe 

picture to the right) or not (swipe picture to the left). 

 

Figure 4: Diagram of 

recommendation accuracy 



 

This will not work with a neural network as proposed 

before, since it will not update after it has been trained. 

In order for this to work, a recurrent neural network is 

required. This will change the network based on the 

feedback it receives. 

Furthermore, to involve other people in this concept 

and thus add a social aspect, the images can be sent to 

different users as well. More specifically, it could be 

sent to friends or the partner of the user. They could 

categorize pictures in the same way as the user. 

This would be feasible if all users and their friends have 
the application on their phone or laptop. They will need 

an internet connection. However, the timeframe of this 
course is limited and therefore, this extended concept 
will not be executed.  
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