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Abstract 

 

 

Nowadays, machine learning has found a wide range of applications in many fields. Deep learning 

techniques especially Convolutional Neural Networks are most commonly applied to analyzing 

visual imagery. Face recognition, image recognition, object recognition etc., are the major 

applications of the CNN. As the use of machine learning is increasing rapidly around the world in 

many industries, the fashion industry is also adapting this advancement. The proposed model 

describes the development of a computer vision system for detection and classification of clothes 

for e-commerce images. Yolo v3 and Residual Networks are the architectures used in this work 

for detection and classification respectively. We are using a part of DeepFashion dataset, which 

contains box annotations for locations of clothes, and manually collected data for training and 

testing the clothes detection network and classification network. The proposed models detect the 

clothes using bounding boxes and further classifies the color of the detected clothing. The 

experimental results indicate that the proposed CNN architectures are efficient and most successful 

network configurations for clothes detection and classification. 
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Chapter 1 

Introduction 

 

1.1 Overview 

 

Fashion and clothing related issues are becoming more important aspects of day to day life of 

people. Fashion industry has become a major part of the economy, mainly over the Internet where 

a large deal of business related to fashion is happening. With the latest technical advancements, 

new fashion portals are popping up every day. Customers are also showing interest in the online 

shopping system so that they won’t need to go to shopping malls and spend hours to buy clothes 

of their choice. Instead, with online shopping portals, they can simply search their desired clothes 

from anywhere using mobile or any other platform and order them. So, the online stores should 

provide easy ways for the customers to find their choice of clothes. In order to do that the online 

stores should maintain best quality search engines with all the desired features. But the problem 

lies with the clothing suppliers, in order to put the clothes and other items to these online platforms 

it would require a very detailed, systematic and specific description of the items and clothing 

suppliers are not provided with such means. Furthermore, there are a lot of online stores and each 

store provides different categories and types of clothes with a variety of attributes. In order to put 

an item in a search engine it is required to separate it into the correct category and assign suitable 

attributes, as in figure 1.1. 

 

Previously this problem was handled by manually labeling the clothes before placing in the search 

engine. Later classifiers were built on the basis of descriptors to sort the clothes. Since all the 

products placed in these clothing portals are very well illuminated good quality photos with solid 

single colored background, Deep learning which is a popular developing technology can be used 

for classifying and detecting clothes efficiently and accurately. In Deep learning, there are many 

methods, mainly deep neural networks which are best suited for the task at hand. In recent years 

many deep neural network architectures are proven to be the best in classifying images as well as 

many other tasks related to images. 
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           Figure 1.1: Clothing detection, classification & attribute assignment 

(https://www.semanticscholar.org/paper/Clothes-detection-and-classification-using-

neural-Cychnerski-Brzeski/b245580bd7bbdd8f96fd079fcfa23e05e731a0df/figure/0) 

 

 

Convolutional Neural Networks use very less pre-processing compared to rest of the image 

classification algorithms. This indicates that the network learns the filters which are present in 

traditional algorithms. The major advantages of the convolutional neural networks are the 

independence of the network from prior knowledge and also the effort made in feature design. 

Many powerful algorithms which can solve the image detection and classification problems are 

being developed every year. 

 

1.2 Problem Statement  

 

Fashion plays a significant role in modern human culture. More and more online fashion portals 

are popping up every day. But the main problem with them is that the clothes are manually labelled 

previously and are not properly attributed and arranged in the search engine which leads to 

mismatched search results for the customers. Manual labelling consumes a lot of time and labor. 

With the help of deep neural networks like CNN we can solve this problem since they are highly 

efficient in classifying images.  

 

1.3 Objective  

 

To develop an automatic product tagging system using convolutional neural networks 

● To develop a CNN model using YOLO v3 network for detecting clothes in an image. 

● To develop a CNN model using Residual Networks for classifying the color of the clothes 

in the image. 

● To integrate both the models and test the system both on images and on a video. 

 

https://en.wikipedia.org/wiki/Filter_(signal_processing)
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1.4 Limitation and Future Scope  

 

As the proposed models mainly focus on classifying clothes in the images, it cannot take occlusion 

into consideration. It is difficult to detect and classify clothes in images with improper lighting 

conditions and backgrounds. The position of the camera is also important for detection of the 

clothes present in the images. While performing on video our model cannot detect well if the 

position of person is not facing the camera.   

 

In future work, the datasets can also be extended with more general types of photos taken with 

different types of cameras, including various shooting angles, body positions and various 

backgrounds, both indoors and outdoors. There is also scope for developing new configurations 

for background augmentation which can be used to increase the data for training with various 

backgrounds. For color classification, data for some more color clothes can be added in order to 

classify more types of colors.  
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Chapter 2 

Literature Review 

 

2.1 Background 

 

Clothing can be used to identify the characteristics of a human such as gender, age, life style etc. 

Since clothing plays a significant role in society, there are many applications related to fashion. In 

recent years, many researchers are showing interest in various tasks related to clothing like 

recognizing clothes, classifying them and retrieving them to show similar clothes. Recent trend in 

new fashion related startups is the main reason for this interest in clothes-based recognition and 

detection. These researchers are showing interest in consumer-based application i.e. clothing 

recognition especially related to retrieval of identical clothes based on patterns present on clothing 

items. Clothing analysis and understanding plays an important role in improving context-aware 

applications like automatic clothing item tagging for online shopping platforms. According to the 

theory of clothing design, “Clothing genres are determined by the combination of various style 

elements that exhibit consistent and differentiable visual properties”.  

 

There are several problems in clothing image analysis. They are as follows: 

● Detection - which includes the rough prediction of clothing elements, usually indicated by 

rectangles or squares. 

● Segmentation - which includes the exact localization of the elements (usually done pixel 

by pixel) in images. 

● Classification- which includes the assignment of the clothing to one of the classes present 

in the dataset like type of clothing. 

● Attribute assignment - which includes the assignment of many attributes like patterns, 

colors, styles, sizes to the clothing present in the image at once. 

● Description - which includes the description of detected clothing present in the image in 

natural language. 

● Retrieval - which includes searching for similar clothes available. 

 

These problems are being dealt by researchers since many years to find efficient solutions. The 

solutions for these problems vary from hand-made complex mathematical models to most recently 

developed and highly advanced deep learning approaches. There are 3 main types of methods used. 

They are as follows: 

● Formula based approach in which arbitrary clothing mathematical models are created 

manually for solving clothing image analysis related problems. 

● Traditional feature learning approach in which simple features like ‘Histogram of Oriented 

Gradients’(HoGs), ‘Scale-Invariant Feature Transform’(SIFT) etc. are created manually 

and are then sent to simple machine learning models like ‘Support Vector 

Machines’(SVMs), Bayesian, Random Forest etc. for processing. 
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● Deep features learning approach in which deep neural networks are trained with big 

amounts of varied date by which different features are learnt by the network. This approach 

is the latest and successful method in solving our problems. 

 

2.2 Related Work 

 

Table 2.1: Comparison of Previous work and my approach 

 

Reference Authors  Description 

[1] Z. Liu, P. Luo, S. qiu, 

X. Wang, X. Tang 

In this paper, they proposed a network architecture called 

FashionNet, which is similar to VGG-16 for detection, 

classification, attribute assignment and retrieval. With a 

large dataset of 800k images they achieved good 

accuracies in attribute management (49-73% top 5) and 

clothing retrieval (14% top 5). 

[2] Q. Chen, J. Huang, R. 

Feris, L.M. Brown, J. 

Dong, S. Yan 

In this paper, they proposed a double-path deep domain 

adaptation network for attribute assignment and 

description of clothing. They used over one million images 

to get 48%-76% accuracy. 

[3] T. Xiao, T. Xia, Y. 

Yang, C. Huang, X. 

Wang 

In this paper, they proposed a network model similar to 

AlexNet for detection and classification of the clothing. 

With over a million images they achieved a classification 

accuracy of 78%. 

[4] J.-C. Chen, C.-F. Liu, 

C.-H. Chen 

In this paper, they proposed a model for image detection 

and classification. With over 80k images as dataset they 

achieved 60% accuracy. 

[5] K.-H. Liu, T.-Y. Chen, 

C.-S. Chen 

In this paper, they proposed a VGG 16 model pre-trained 

on ImageNet for attribute assignment and clothing 

retrieval. With a dataset of 160k images they achieved 35 

attributes over 80% and 93 attributes from 50-80%. 

[6] G.-L. Sun, X. Wu, Q. 

Peng 

This paper deals with the deep neural networks used for 

assigning attributes and clothing retrieval. With over a 

million images they got accuracies of about 60-80% 

[7] Q. Dong, S. Gong, X. 

Zhu 

In this paper a novel Multi-Task Curriculum Transfer 

(MTCT) deep learning method is proposed to explore 

multiple sources of different types of web annotations with 

multi-labelled fine-grained attributes. With 245k images as 

dataset accuracies of 43-86% for attribute assignment were 

obtained. 
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[8] Brain Lao, Karthik 

Jagadeesh 

In this paper Caffenet architecture is used for clothing 
attribute classification which achieved an accuracy of 
75% for 26 attributes. Clothing detection is also 
proposed in which R-CNN is used for 23 categories and 
91 % accuracy is achieved 

 My Approach • In this work the state of art YOLO v3 is being 

implemented for detection which performs 

exceptionally well in real time. Compared to 

previous methods this model is very fast and 

accurate on real world data. 

• For classification task, Residual Networks are 

being implemented. ResNets performed very well 

on ImageNet test with remarkably low error rate. 

In our work color is the attribute we are using for 

classification. 

• Furthermore, we are combining both the models in 

our approach so that when an image is given as 

input, the output will show both detected box with 

its clothing item as well as its color. This model is 

also used for testing on videos as well. 

 

 

The above works were all based on deep neural networks. Prior to these work simple neural 

networks like Support Vector Machine (SVM), Bayesian, Random Forests etc., were used to 

extract features from the clothing images. 

 

2.3 Neural Networks 

 

A neural network, also called as an Artificial Neural Networks (ANN), is an interconnected system 

of artificial neurons which are similar to the neurons present in the human brain. These artificial 

neurons use a complex mathematical or computational model to process the information based on 

a connecting approach to computation. In most cases an Artificial Neural Network is an adaptive 

system in which the structure of the networks changes accordingly with the flow of external or 

internal information through the system. These artificial neurons or nodes can be used to find 

patterns in data or to model complex relationships between inputs and outputs. 
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Figure 2.1: A simple three-layered neural network. 

(https://en.wikipedia.org/wiki/Artificial_neural_network#Convolutional_neural_networks) 

 

A simple three-layered neural network is shown in Figure 2.3. The inputs of the network are given 

in the form of vectors of multiple dimensions. These vectors are then sent to all the nodes which 

are present in the hidden layer. These nodes perform different mathematical operations on the 

incoming data make a decision depending on the data. The final results are then fed into the output 

layer. This is called a feed forward network. Further there is a concept of back propagation. In 

back propagation if the output prediction is wrong then the weights learnt at the output layer are 

corrected and sent back to the previous hidden layers where the weights are corrected and updated. 

This combination of forward pass and back propagation helps to predict the correct outputs for the 

inputs. Typically, in a neural network architecture there are a lot of hidden layers stacked upon 

each other. 

 

 

2.3.1 Convolutional Neural Networks 

 

In Deep learning there are mainly two modes of learning: ‘Supervised learning’ and ‘Unsupervised 

learning’. In supervised learning, the data which is given as input to the network is labelled 

properly with appropriate tags related to the data. During the learning process, the network goes 

through the labels of the inputs during the training and try to predict the correct labels for the 

output examples. For example, we have a data x and a label y, our goal is make the machine learn 

a function which maps from x to y. Supervised learning is used in classification, regression, object 

detection, image captioning, etc. In unsupervised learning, there aren't any labels given to the data 

during the training process. Our goal in unsupervised learning is to make the machine learn some 

underlying hidden structure of data. Unsupervised learning is used in clustering, feature learning, 

density estimation etc. 
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 A convolutional neural network is a deep, feed-forward artificial neural network, which is 

commonly applied to analyze visual imagery in various fields. The CNNs use Supervised learning 

method. CNNs are used in solving various problems related to different fields like Image and 

Video Recognition, Medical image analysis, Object Detection and Natural language processing. 

The structure of a CNN mainly consists of a series of layers which are an input layer, an output 

layer as well as single or multiple hidden layers present in between them. The convolutional layers, 

pooling layers, fully connected layers and normalization layers are the layers which constitute a 

typical hidden layer of a CNN. 

 

The basic structure of a CNN model is shown in the following figure: 

 
 

    Figure 2.2: Convolutional Neural Network 

(http://www.mdpi.com/entropy/entropy-19-00242/article_deploy/html/images/entropy-

19-00242-g001.png).  

     

  

Convolutional Layer: 

 

One of the basic building blocks of the convolutional neural network is the Convolutional layer. 

This layer preserves the spatial structure of the input. In this layer there are a set of filters which 

are of the same depth of the input image but smaller in size. At any given spatial location this filter 

is slid over the input image and a dot product between the elements in the filter and the 

corresponding element present in the chunk of input is calculated. Thus, all the features are 

extracted from the input and feature maps are formed. So, for different filters different feature 

maps are formed. These are also called activation maps. After convolution is done a Rectified 

Linear unit (ReLu) non-linearity is applied. The function if this nonlinearity is to set the negative 
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values of the pixels in the feature map to zero thus making every pixel value to positive which 

increases the nonlinear properties of the decision function.    

 

Pooling Layer: 

 

After Convolution is done and feature maps are obtained, Pooling is applied to the filter. The main 

function of pooling layer is to down sample the input i.e. reducing the dimension of the activation 

map. This decreases the number of parameters to be computed thus helps in reducing overfitting. 

A common method of pooling used widely is max pooling. The filters present in the pooling layer 

are slid over the input volume. Here instead of dot product, the filter just takes the maximum value 

of pixel present in that chunk of input. Thus, only useful features are taken, and size of the 

activation map is reduced. Generally, the pooling layers are periodically inserted between 

successive convolutional layers.  

 

Fully connected Layer: 

 

After several combinations of convolutional and max pooling layers, a fully connected layer is 

added at the end. The neurons in the fully connected layer are connected to all activation layers 

present in the previous layers. The fully connected layer then gives the required output score/class 

for a given input. 

 

2.4 YOLO (You Only Look Once)  

 

Developed by Joseph Redmon in 2016, YOLO is one of the fastest networks for real-time object 

detection. Before YOLO, for detection purpose the classifier networks were modified to detect the 

object. But now with YOLO, the object detection is framed as ‘a regression problem to spatially 

separated bounding boxes and associated class probabilities’. YOLO uses a single neural network 

predicting the bounding boxes and class probabilities from a full image directly in a single 

evaluation. That is why it gets the name You Only Look Once.  

 

 
                                          Figure 2.3: Detection in YOLO 

(http://arxiv.org/pdf/1506.02640v5.pdf) 
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The basic operation done in YOLO for detection is simple. The input images are resized 448x448 

and are given to the neural network. Our system thresholds the resulting detections by certain level 

of confidence set in the model. This means only the detections with confidence higher than a fixed 

value are shown as output. Later newer versions of YOLO are developed which are better and 

faster than the initial version. 

 

2.4.1 YOLO v3 Architecture 

 

In this version the latest version of YOLO, version 3 is being implemented. YOLO v3 uses Darknet 

53 as backbone. In addition to the existing 53 layers in darknet which are pre trained using 

ImageNet, another 53 layers are stacked upon them making YOLO v3 a 106 layer network. 

The architecture of YOLO v3 is shown below: 

 

 
Figure 2.4: Yolo v3 architecture. 

(http://cdn-images-1.medium.com/max/1000/1*d4Eg171VJ0L41e7CTWLLSg.png) 

 

The output of YOLO is obtained by applying a 1x1 kernel on a feature map. The final shape of the 

kernel is given as 1x1x(Bx(c+5)) where c is the number of classes and B is the number of boundary 

boxes which are predicted by each cell grid and 5 is the total number of descriptors used for 

describing the bounding box. They are the center of the bounding box (bx ,by), the width of the box 

(bw), the height of the box(bh ) and c which is the class of the object. So, for YOLO v3 it becomes 

1x1x225(where B and c are taken 3 and 80 respectively during training on COCO dataset. 
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In Yolo v3 detection mainly occurs at 3 layers. First detection occurs at 82nd layer where the stride 

will be 32 and the feature map will be of the dimensions 13x13. So, the output at this layer is of 

the shape of 13x13x255. Bigger objects are detected at this layer. Further next detection is made 

by 94th layer where the stride will be 16 and the feature map will be of the dimension 26x26. Up 

sampling is done during this stage which is the major change in v3 compared to the first two 

models. After up sampling the feature map at 79th layer is depth concatenated with the feature 

map from 61st layer. So, the resulting output shape at the 94th layer is 26x26x225. Medium sized 

objects are detected in this layer. Again, the feature maps are up sampled and this time feature 

maps from 36th layer are concatenated before the final layer. Final detection is made in the last 

layer i.e. 106th layer where the stride is 8 and the resultant feature map size will be 52x52. So the 

output shape at this layer is shown as 52x52x225. Small objects can be easily detected in this layer. 

 

YOLO v3 is somewhat slow compared to YOLO v2 because of the additional blocks like residual 

connections, up sampling etc. At a default resolution of 416x416, YOLO v2 can predict up to 845 

bounding boxes with 5 boxes at each grid cell using 5 anchors. Whereas in YOLO v3 the detections 

occur at 3 levels as mentioned earlier and at each level it uses 3 anchors. So, a total of 9 anchors 

are used in YOLOv3 which results in 10647 bounding boxes, which implies that the predictions 

made by YOLO v3 are ten times more than v2. As we are achieving more predictions and ability 

to detect small objects, the speed of the detection is compromised. 

 

2.5 Residual Networks Architecture 

 

Developed by Kaiming He in 2015, ResNet is the CNN with least error rate and is nearly equal to 

human error rate. ResNets were learned with network depths ranging from a small model with 18 

layers to a complex model with 152 layers. The Residual Networks swept all classification and 

detection competitions in ILVSRC’15 and COCO’15. It achieves better accuracy compared to 

VGGNet and GoogLeNet while being computationally more efficient than VGGNet. ResNet-152 

achieves 95.51% top-5 accuracies and 3.57% top-5 error rate. The building block of residual 

network is shown below: 

 

 
     Figure 2.5: Building block of ResNet 

  (https://arxiv.org/pdf/1512.03385.pdf). 
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The c0re idea 0f ResNet is intr0ducing a s0-called “identity shortcut connection” which is used to 

skip one or more layers, as shown in the above figure. The idea of implementing this concept is 

that stacking layers over one another should not degrade the performance of the network, because 

we could simply stack up identity mappings (layer that doesn’t do upon the present network, and 

the resulting architecture would perform the same. This indicates that the training error produced 

by the deeper model should be less than that of the shallow model. From this we can hypothesize 

that letting the stacked layers fit a residual mapping is easier than letting them directly fit the 

desired under laying mapping. The architecture of a 34-layer ResNet is shown: 

 
 

Figure 2.6: The ResNet18 architecture. 

(https://kopernio.com/viewer?doi=10.1109/ICCITECHN.2017.8281823&route=6) 

 

In the above figure we can see the various convolutional and polling blocks stacked together along 

with the residual connections between some of the blocks. There are different Residual networks 

with different depths - 18,34, 50, 101, 152. These numbers indicate the total number of weight 

layers present in the network. 

 

Some fully connected layers along with dropouts and a final output layer are added to the 

architecture at the end while training according to our requirements. The dropout layer plays a 

major role in weight optimization. It simply removes some of the nodes while training an image 

thus reducing the weights required to learn that particular image. It is used to deal with Overfitting 

problem. 
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Chapter 3 

Methodology 

 

This section explains the methodology used in this study for recognizing the clothing and 

characterizes the implementation of our system.  

 

3.1 Basic Research Method 

 

In this study YOLO v3 network and Residual Networks are being implemented for the clothing 

recognition. YOLO is used for detection and Residual Networks for classification into predefined 

attributes. The input data for detection is taken from the DeepFashion data set which has a wide 

range of clothing images. Also, images are taken from various online stores for different classes. 

For classification also images are taken from various sources on the internet. 

 

3.2 Dataset Collection: 

 

In this study a part of data is collected from DeepFashion dataset, a publicly available dataset with 

various clothing images. There is a total of seven classes for detection using Yolo v3.  The classes 

taken from this dataset are Dress, Tee, Shorts, Jeans. For the remaining classes of Shirts, Caps and 

Spectacles data is collected from various sources on the Internet and images collected from a 

mobile phone. Some of the data is also taken from videos of random places with people walking 

around. Images of different kind are taken i.e. solid background images mostly taken in studios 

like fig 3.2(a), photos taken outdoors with colorful backgrounds like fig 3.2(b) and random photos 

taken from mobile in our campus like fig 3.2(c). A total of 1800 images are used for detection out 

of which 80% i.e. 1440 images are used for training YOLO v3 and remaining 360 images are used 

for validation.  

 

We are using Residual Networks for color classification. A total of six classes are taken for this 

task. The six colors are - Black, Blue, Gray, Green, Pink, Red. For this task images are taken from 

various fashion stores and also from my mobile phone by taking pictures in AIT as well as 

Thammasat University. A total of 6000 images are collected, 1000 per each class. These images 

are divided into 80 and 20 percent respectively for training and validation sets. Additional 100 

images per each class, i.e. 600 images are collected for making a test set. For better performance 

these clothing images are cropped in such a way that only a patch of color images is used in training 

and testing process. 
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 Figure 3.1(a): Data collection for clothing detection from DeepFashion dataset. 

 

 

  

 

  

 

 Figure 3.1(b): Data collection for clothing detection from online sources. 
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 Figure 3.1(c): Data collection for clothing detection from mobile phone. 

 

   

 
  

  Figure 3.1(d): Data collection for color classification from fashion stores.  
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3.3 Annotating Images 

 

For detection purpose, objects in images should be labelled with appropriate classes. In our case 

we have a total of seven classes- Dress, Tee, Short, Pant, Shirt, Spectacles and Cap. For labelling 

images an open source software called ‘LabelImg’ is used in our work. Clothes in images are 

labelled according to the classes and the labels are saved in a text file format. LabelImg is a user-

friendly software and labels can be created easily and saved in YOLO format. 

The label file contains information about the class and coordinates of the bounding boxes in the 

image. In YOLO format, the values stored in the text file are given in the order of class, x, y, w 

and h where 

x =
Absolute x

Width of total image
 

y =
Absolute y

height of total image
  

w =
Absolute width

width of total image
 

h =
Absolute height

height of total image
 

The absolute values of x,y,w and h are given below 

Absolute x = (Xmin + (Absolute width/2)) 

Absolute y = (Ymin + (Absolute height/2)) 

Absolute width = abs(Xmax − Xmin) 

Absolute height = abs(Ymax − Ymin) 

 
Figure 3.2(a): Image from DeepFashion dataset labelled using LabelImg tool. 
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Figure 3.2(b): Image from online source labelled using LabelImg tool. 

 

 

 
 

Figure 3.2(c): Image taken from mobile phone labelled using LabelImg tool. 
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For classification, there is no need for labelling the images. Images are simply put in the folders 

of the classes. So, for each train, validation and test folders images are stored in six folders namely- 

Black, Blue, Gray, Green, Pink and Red. the arrangement can be shown in the below figure. 

 

 
 

Figure 3.2(d): Images arranged in folders for classification. 

 

 

3.4 Training Process 

 

Training a neural network require a lot of computational power. So Gpu’s are best preferred for 

the training process. The specifications of the system used for training our networks are shown as 

follows:  

An Intel i7-7700k CPU with 16 GB of RAM 

An Asus ROG-STRIX-GTX 1080 Ti GPU with 11 GB of RAM.  

 

For YOLOv3 we are using a pretrained model weights trained on COCO dataset to initiate our 

model. After preparing the dataset, while training our network we need to change the configuration 

file in accordance with our required model. Initially the COCO dataset contains 80 classes. In our 

case we have 7 classes. So the filters required for 7 classes are calculated by the formula filters = 

(classes + 5) * 3, which gives us a total of 36 filters. So at the three yolo detection layers the class 

value and filter numbers are set to 7 and 36 respectively. The input images while training are set 

to a batch of 64 with subdivisions of 16. The input resolution to the YOLO network should be a 

multiple of 32, so in our case we are using a resolution of 416x416. 
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Learning rate is set to 0.001 with a momentum of 0.9 and a decay of 0.0005. Since we have 7 

classes, the model should be trained up to 14000 iterations. The best practice is to train the network 

until the point after which the average loss will not decrease any further or remains constant. 

During training weights are saved for every 1000 iterations. Usually the last saved weights provide 

better results. After training the network on train set, we need to use these weights to validate the 

model on Val set. In order to do that we calculate the mean average precision (mAP). The mAP is 

given by comparing the predicted outputs with the original ground truths  

 

 
Figure 3.3: Training YOLO network 

 

 

For Residual Networks, the input resolution is set to 64x64 since we are only giving patches of 

clothing images. Data augmentation techniques are applied on the color dataset so that the data set 

will increase and result in better performance of the model. Rotation, width shift, height shift, 

zoom, horizontal flip are the techniques used for augmenting the data. The ResNet model is 

compiled with a SGD optimizer and a categorical cross entropy loss function and is set to train for 

50 epochs with 2000 steps per each epoch. 
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Figure 3.5: Training Residual Networks. 
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Chapter 4 

Experimental Results 

 

 

4.1 YOLO v3 outputs 

 

After training our networks, the models are tested with images taken in our campus. Clothing 

detection is done by using YOLO v3 detector. To analyze the system performance, we choose the 

weights which provide best results. Each image is tested individually using the detector network. 

Precision is the metric used to measure the performance of the system. We have tested the detector 

network on 20 images taken using mobile phone. For these 20 images we got a mean average 

precision of 89%. Precision is given by the formula precision = TP/TP+FP. True positive (TP) is 

where the network prediction is correct, and it is true. False positive (FP) is where the network 

prediction is correct, but it is false with respect to ground truth. The mAP gives the average 

precision of each class present in the test set images. 

 

 
 

Figure 4.1: Mean Average Precision for test images. 
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The mAP is also tested for the validation set. The validation set contains 20% of total images in 

the dataset i.e 364 images. For this validation set we got a mAP of 82%. 

 

 
Figure 4.2: Mean Average Precision for validation set. 

 

Our dataset contains images taken from different sources like studio images with solid 

backgrounds, outdoor images and images from mobile. Our test set images are solely taken from 

a mobile phone. From the above values we can see that our model performs well on real world 

images with different backgrounds and lighting conditions. 

 

The outputs of the 20 test images are shown as follows:  
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            Figure 4.3: Output1 

 
         Figure 4.4: Output 2 

 
         Figure 4.5: Output 3     

 
          Figure 4.6: Output 4 

 
        Figure 4.7: Output 5  

 
        Figure 4.8: Output 6 
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          Figure 4.9: Output 7 

 
         Figure 4.10: Output 8 

 
         Figure 4.11: Output 9   

 
       Figure 4.12: Output 10 

 
        Figure 4.13: Output 11 

 
        Figure 4.14: Output 12 
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        Figure 4.15: Output 13 

 
      Figure 4.16: Output 14 

 
       Figure 4.17: Output 15 

 
       Figure 4.18: Output 16 

 
        Figure 4.19: Output 17 

 
      Figure 4.20: Output 18 
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         Figure 4.21: Output 19 

 
          Figure 4.22: Output 20 

 

 

 

Out of the 20 test images our model could get most of the images correct with expected bounding 

boxes on the clothes present in the images. So for the test images taken on mobile in different 

lighting conditions our model could get 89 % accuracy. In some of the images some parts of 

clothing is not detected. This is mainly due to the poor lighting conditions and clarity of the images. 

The percentage of accuracy with which our model predicted these test images is shown in the 

following table. 
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Table 4.1: Predicted output confidences for test images. 

 

Test Images Dress Tee Shorts Pants Shirts Spectacles Cap 

Output 1  100  100    

Output 2    100 100   

Output 3     100 99 missing  

Output 4 99       

Output 5 100     99  

Output 6 92       

Output 7  95  100    

Output 8 99       

Output 9  100 99     

Output 10  85  100  93 95 

Output 11    100 100   

Output 12  100  100    

Output 13 100     91  

Output 14  100 97   94  

Output 15      93 87 

Output 16     49 100  

Output 17  100 99   missing  

Output 18    100 99 missing  

Output 19  100 96 30   99 

Output 20  100    58 missing 
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Table 4.2: Confusion Matrix for test results. 

 

 Dress Tee Shorts Pants Shirt Spectacles Cap Missing 

Dress 5 - - - - - - - 

Tee - 8 - - 1 - - 1 

Shorts - - 4 - - - - - 

Pants - - - 9 - - - - 

Shirt - 1 - - 4 - - - 

Spectacles - - - - - 7 - 3 

Cap - - - - - - 3 1 

 

F1 score from confusion matrix can be calculated using the formula 

𝐹1 = 2 ∗ (𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 ∗ 𝑅𝑒𝑐𝑎𝑙𝑙)/(𝑃𝑟𝑒𝑠𝑐𝑖𝑠𝑖𝑜𝑛 + 𝑅𝑒𝑐𝑎𝑙𝑙) where  

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
𝑇𝑟𝑢𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒

𝑇𝑟𝑢𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒 + 𝐹𝑎𝑙𝑠𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒
 

𝑅𝑒𝑐𝑎𝑙𝑙 =
𝑇𝑟𝑢𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒

𝑇𝑟𝑢𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒 + 𝐹𝑎𝑙𝑠𝑒 𝑁𝑒𝑔𝑎𝑡𝑖𝑣𝑒
 

 

The F1 score from the above table is 95%. 

 

Table 4.3: Precision values of clothing detection for test images. 

 

Number of Iterations 

 

Precision (%) 

1000 82.41 

2000 90.03 

3000 87.01 

4000 87.88 

5000 84.23 

6000 88.74 

7000 95.84 

8000 83.84 

9000 86.26 

10000 87.12 

11000 88.31 

12000 89.33 

13000 89.33 

14000 89.33 
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Figure 4.23: Graphical representation of average loss vs number of iterations.  

 

4.2 Residual networks outputs 

 

For color classification resnet18 is used. Our model is trained from scratch instead of transfer 

learning since our data set is not similar to the ImageNet dataset. After training our network, the 

model is used on a test data set which contains 100 images per class. The training and validation 

accuracies of resnet18 after 50 epochs can be shown as follows. 
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     Figure 4.24(a): Accuracy of ResNet18 model. 

 

 

 
    Figure 4.24(b): Loss function of ResNet18 model. 

 

As we can see from the above graphs, we got a validation accuracy of 94% for our resnet18 model 

which is trained from scratch.  The weights file saved after training is then used to test our model 

on the test data set. The results of the test dataset are shown as follows: 
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 Figure 4.24(c): Predictions of resnet18 model for black color.  

 

 

Table 4.4: Number of correct predictions for each class. 

  

Class Number of correct predictions 

Black 96/100 

Blue 95/100 

Gray 96/100 

Green 98/100 

Pink 97/100 

Red 97/100 
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Table 4.5: Confusion matrix of ResNet18 for test data 

 

 Black Blue Gray Green Pink Red 

Black 96 1 3 0 0 0 

Blue 2 95 1 0 0 0 

Gray 2 2 96 0 0 0 

Green 0 2 0 98 0 0 

Pink 0 0 0 0 97 3 

Red 0 0 0 0 3 97 

 

The F1 score obtained from above confusion matrix is 96%. 

 

4.3 Outputs of Combined model 

 

After training both YOLOv3 and ResNet18 individually and saving their weights, we are then 

combining both the models for testing such that the resultant model detects a clothing in the image 

and classifies its color. For this the output from YOLO v3 is sent as input to the resnet model. This 

model is then tested on both images and videos taken in the cafeteria. The outputs of the test images 

are shown as follows:  

 

 
 

           Figure 4.25: Output1 

 
 

         Figure 4.26: Output2 
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       Figure 4.27: Output3 

 
       Figure 4.28: Output4 

 
       Figure 4.29: Output5 

 
        Figure 4.30: Output6 
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      Figure 4.31: Output7 

 
 

        Figure 4.32: Output8 

 
 

Figure 4.33: Output9 

 
 

Figure 4.34: Output10 
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From the above images we can see that YOLOv3 is performing well in detecting clothes. As for 

color classification there are some correct predictions and some wrong predictions as well. If more 

than one bounding box is present in the image, then only one of the boxes is getting correct color 

prediction. Out of the 10 images for detection we got all the objects correct and for color only 6 

images showed correct colors. 

 

A new test data set is created by collecting images from cafeteria using CCTV camera. This test 

data contains 50 images. The results of the combined model on this new test data is shown in the 

following confusion matrices. The first matrix shows the correct number of clothes detected out 

of the 50 images. 

 

Table 4.6: Confusion matrix for clothing type detection on new test data 

 

 Dress Tee Shorts Pants Shirt Spectacles Cap Missing 

Dress 1 1 - - - - - - 

Tee - 36 - - 4 - - 1 

Shorts - - 5 1 - - - 1 

Pants - - 1 21 - - - 3 

Shirt - 3 - - 5 - - 1 

Spectacles - - - - - 1 - 1 

Cap - - - - - - - 2 

 

The F1 score of the combined model for clothing type detection from the above confusion matrix 

is 82%. 

 

The next table shows the number of images in which correct color is detected in any one of the 

detected clothing type. Out of 50 images, all the colors are correctly detected in 13 images. In 

remaining images the color for only one of the clothing type is correctly predicted. The confusion 

matrix for colors is shown as follows.  

 

Table 4.7: Confusion matrix for color prediction on new test data 

 

 Black Blue Gray Green Pink Red 

Black 20 1 0 1 0 4 

Blue 10 7 0 0 0 0 

Gray 13 0 1 0 0 0 

Green 5 0 0 2 0 1 

Pink 0 0 0 0 0 0 

Red 2 0 0 0 0 4 

 

The F1 score of the combined model for color classification from the above confusion matrix is 

43%. This is because in most of the images only one type of clothing is correctly matched with its 
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actual color. Out of 50 test images, color for all the clothing items in 13 images are predicted 

correctly. 

In the above table we can see the number of original colors and the actual predicted colors. The 

performance of the model is affected by the clarity and distance of the objects from the CCTV 

camera. 

 

 

 

We also tested this combined model on a video as well. The videos are taken in cafeteria and snack 

bar. The results of the combined model on a video are shown as follows: 

 

 

 

 
 

       Figure 4.35(a): Combined model prediction on a video from snack bar. 

 

The Figs 4.35(a) and 4.35(b) are the screenshots taken from a video in snack bar which are tested 

using the combined model. In fig 4.35(b) we can see the missing detections.   
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        Figure 4.35(b): Combined model prediction on a video from snack bar. 

 

 
 

Figure 4.36(a): Combined model prediction on another video from snack bar. 
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 Figure 4.36(b): Combined model prediction on another video from snack bar. 

 

The figs. 4.36(a) and 4.36(b) are taken from another video in snack bar. We can see a lot of missing 

detections in these.  

 

 
  Figure 4.37(a): Combined model prediction on a video from cafeteria. 
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  Figure 4.37(b): Combined model prediction on a video from cafeteria 

   

The Figs.4.37(a), 4.37(b) are the screenshots taken from a video in cafeteria. We can see that at a 

certain frame in the video only some of the clothes are being detected. 

 

 
 Figure 4.38(a): Combined model prediction on another video from cafeteria 
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 Figure 4.38(b): Combined model prediction on another video from cafeteria 

 

The Figs 4.38(a) and 4.38(b) are screenshots taken from the output video tested by using the 

combined model on another video from cafeteria. We can see that our model predicts well when 

objects are closer to the camera. 

 

Table 4.8: Overall accuracy on testing videos 

 

Test videos Actual Objects Predicted 

Objects 

No. of wrong 

predictions 

Accuracy 

(100%) 

1 4 3 - 75 

 4 4 - 100 

 4 4 1 80 

 4 3 1 75 

 4 3 2 80 

2 6 3 - 50 

 6 4 - 66 

 6 2 - 33 

3 6 2 - 33 

 6 3 - 50 

 6 4 - 66 

4 2 1 - 50 

 2 2 - 100 
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The above table 4.8 represents the overall accuracy on the testing videos taken from cafeteria. Data 

is taken from two different areas. The accuracy is calculated based on the total objects present in 

a particular frame and how many of the objects are predicted correctly. In many cases most of the 

objects are predicted correctly. In remaining cases some of the objects are not detected. This is due 

to the improper lighting conditions and camera angles. Among the collected dataset images taken 

from camera are very low. If we can increase data by taking directly from different videos we can 

further improve the detection accuracy on videos. 
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Chapter 5 

Conclusion and Recommendations 

 

5.1 Conclusion 

 

The aim of our work, ‘Automatic product tagging’ is thus successfully implemented by using the 

two models YOLOv3 and ResNet18. By training YOLO v3 with nearly 1800 images we got an 

accuracy of about 89%. Although it contains majority of images from studio background images 

our model performed exceptionally well on real world images. For Color classification, ResNet18 

achieved up to 95% of accuracy on validation set. It performed well on color patches. Finally, both 

the models are combined so that the output form detector is set as input to classifier and thus the 

final output shows both clothing type and its color. The combined model performed well on both 

images as well as videos. 

  

5.2 Recommendations 

 

This thesis can be further implemented by increasing dataset by taking data from different angles, 

different background conditions and different lighting environments. Furthermore, by adding more 

data, more classes can be used for both object detection and color classification. 

  



43 
 

References 

 

[1] Z. Liu, P. Luo, S. Qiu, X. Wang, X. Tang, "Deepfashion: Powering robust clothes recognition 

      and retrieval with rich annotations", Proceedings of IEEE Conference on Computer Vision   

      and   Pattern Recognition (CVPR), June 2016. 

 

[2] Q. Chen, J. Huang, R. Feris, L. M. Brown, J. Dong, S. Yan, "Deep domain adaptation for  

      describing people based on fine-grained clothing attributes", Proceedings of the IEEE      

      Computer Society Conference on Computer Vision and Pattern Recognition, vol. 07, 

       pp.   5315-5324, 2015. 

 

[3] T. Xiao, T. Xia, Y. Yang, C. Huang, X. Wang, "Learning from massive noisy labeled data for  

      image classification", Proceedings of the IEEE Computer Society Conference on Computer 

      Vision and Pattern Recognition, vol. 07, pp. 2691-2699, 12-June-2015. 

 

[4] J.-C. Chen, C.-F. Liu, C.-H. Chen, "Deep net architectures for visual-based clothing image   

      recognition on large database", Soft Computing, vol. 21, no. 11, pp. 2923-2939, 2017. 

 

[5] K.-H. Liu, T.-Y. Chen, C.-S. Chen, "MVC: A Dataset for View-Invariant Clothing Retrieval   

      and Attribute Prediction", Proceedings of the 2016 ACM on International Conference on  

      Multimedia Retrieval, pp. 313-316, 2016. 

 

[6] G.-L. Sun, X. Wu, Q. Peng, "Part-based clothing image annotation by visual neighbor   

      retrieval", Neurocomputing, vol. 213, pp. 115-124, 2016. 

 

[7] Q. Dong, S. Gong, X. Zhu, Multi-Task Curriculum Transfer Deep Learning of Clothing  

      Attributes, 2016. 

 

[8] Joseph Redmon, Santosh Divvala, Ross Girshick, and Ali Farhadi. "You only look once:   

      Unified, real-time object detection." In Proceedings of the IEEE conference on computer  

      vision and pattern recognition, pp. 779-788. 2016. 

 

[9] He Kaiming, Xiangyu Zhang, Shaoqing Ren, and Jian Sun. "Deep residual learning for image  

      recognition." In Proceedings of the IEEE conference on computer vision and pattern   

      recognition, pp. 770-778. 2016. 

 


