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Abstract— An improved multi-loss multi-output convolutional
neural network method was deployed to extract features from a
given set of disjointed data (Fashion and Color) with diverse
convolutional chunks in a single network. The first convolution
block extracts features from the first image dataset (Fashion) and
determines the classes to which they belong. The second block is
responsible for learning the information encoded in the second
set of data (color), classify and append such to the features
extracted from the first convolutional block. Each block
possesses its loss function which makes the network a multi-loss
convolutional neural network. A set of double fully connected
output heads are generated at the network terminal; enabling the
network to perform predictions on a combination of disjointed
labels. To validate the classification ability of our network model,
we conducted several experiments with different network
parameters and variations of data sizes and obtained remarkable
classification results of 98 and 95 on the fashion and color sets
respectively.

Keywords— Multi Loss Multi Qutput Convolution,
Convolutional Neural Network, Fashion Class Classification

I. INTRODUCTION

In recent time, object detection, recognition and
segmentation [1, 2] have recorded remarkable
performance in computer vision tasks. This
breakthrough [16] substantially improved the
handcrafted method of object recognition and
detection systems. This pioneered several
researches in this area and successive enhancements
in various problems relating to fashion; like cloth
classifications, prediction of several attributes of a
distinct bit of clothing and enhancing clothing
image retrievals [3, 4]. Prominent e-commerce lines
are increasing their commitment and investment in
automated fashion. Better knowledge of users’
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unique preference and recommending same to them
has become a crucial task.

Lately, many models such as recommendation
and personalization based algorithms have seen a
ton of research interests; including techniques
driven by collaborative filtering [5],
recommendation-driven content systems like neural
networks, probabilistic graph models and a
combination of these systems - hybrids.
Collaborative filtering [5] works by analysing
people’s behaviour and favourite items thereby
linking them to a pattern that is predefined in order
to recommend a product to them. However,
attributes or features are deployed by content-based
techniques to recommend items to users relying
solely on users search habits. On the other hand,
knowledge-based systems [5] (hybrid system)
integrate product features and user preference to
recommend a product for them.

In addition, texture-based synthesis attempts to
understand the fundamental texture of an image so
as to create new samples that possess identical
texture. This research area is solely fixated on
parametric and non-parametric techniques [7].
Resampling of particular pixels is employed by
non-parametric method in an attempt to form the
image or deploy particular patches from the original
and create a new image [8][9]. Statistical models
are used to define parametric methods that denote
the texture [10]. A convolutional neural network
based parametric model was developed in 2015 [7]
for texture synthesis. Extraction of feature maps
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was employed to model the style of a specific
image by feeding the image into a pre-trained CNN
model by employing a VGGNet with 19 layers.
They effectively split the content and style of a
randomly selected image and establish the way in
which styles can be embedded in them by applying
prior textures. In this work, we introduce
regularization technique to enhance the existing
multiple-loss multiple-output CNN based system to
classify fashion images and learn their respective
colors from different network blocks.

II. RELATED WORKS

Detail overviews of some existing fashion
classification and segmentation methods have been
explored over the years. A method that deal with
clothing parsing using deep learning models was
tested successfully [11]. They generated Fashionista
dataset containing 158,235 images and from this
dataset 685 images were deployed for training and
testing purposes. Image retrieval approach was
employed in [12] to handle cloth parsing task.
Image retrieval method was extensively explored in
[13, 14], garment and style classification with fine-
grained technique was examined in [15, 16],
landmark detection in fashion [17] and domain
transfer with image conditioning in [18]. Also
studied are subjective characteristics that deal with
fissionability [19], popularity [20] and several
approaches that rely on collecting voluminous
image datasets by crawling the internet. Weak
labels [21] were also examined as were annotations
that use manual method on image through crowd-
sourcing [22].

Other recent works have also demonstrated the
use of retrieval methods that adopt cross-scenario
system [23, 24], street-to-shop [24] technique that
solves the discrepancy in domain among photos in
streets and photos in shops applying sparse
representations. Methods like image patch-match
and object retrieval based on fine grain system or
face verification rely on similarity learning
capability of deep neural networks. These systems
learn representations in conjunction with either their
generic learned multi-layer similarity network
measures or distance functions. Our approach is
narrowly related to multi-task convolutional neural
network method but utilizes individual network
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section for learning distinct classification tasks
designated to it.

III. METHOD

Our model consists of two disjointed convolution
blocks with separate loss functions. The first block
B1 as shown in Figure 1, is responsible for learning
and extracting features from the fashion images and
then classifying them into the categories in which
they belong to. It consists of 5-layer sub-blocks
with 100x100 image input and the first layer having
(32x3x3) feature map. The remaining layers
compose of (64x3x3), (64x3x3), (128x3x3),
(128x3x3) and (256x3x3) sizes respectively with
each sub-layer block having dropout, pooling, batch
normalization, padding and regularization functions.
The second major block B2 deals with learning the
color information in the color dataset. It is
composed of 4 smaller layer sub-blocks with
(16x3x3), (32x3x3), (32x3x3) and (128x3x3) layer
sizes respectively. Each smaller sub-layer blocks
containing dropout, pooling, batch normalization,
padding and regularization terms. In summary, the
network has 5,605,255 total parameters, 5,603,495
trainable parameters and 1,760 non-trainable
parameters. We introduced L2 regularization term
in each layer which adds extra penalty terms to
some parameters in the network. The size of the
input image remains unaltered throughout the
training process in the B1 block.
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Figure 1. Multiple Loss Multiple Output CNN Architecture

IV.EXPERIMENT ANALYSIS

A. Dataset

To demonstrate the validation accuracy of our
proposed model, we used the dataset provided by
[27]. The dataset consists of 2,167 fashion images
of 6 categories including: blue dresses having 386
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images, black jeans containing 344 images, blue
shirts composing of 369 images, red dresses of 380
images, red shirts of 332 images and blue jeans
consisting of 356 images. 80 percent of the images
were allocated to training set and the remaining 20
to validation set.

B. Training Process

To evaluate our model, we used different sizes of
the training images, variant training samples, batch
of different sizes, several epochs and alterations of
filter kernels from the dataset. Also, to eliminate
overfitting, we introduced L2 regularization terms
and smoothened the learning process by applying
learning rate scheduler starting from le-4. All the
experiments were performed using Keras and
Tensorflow open source deep learning libraries in
conjunction with NVIDIA’s CUDA 9.0 and cuDNN
library7.0. Training was conducted on a desktop
with NVIDIA TitanX GPU and 12GB memory. To
mitigate random influence, all experiments were
repeated 10 times. The filter kernels in the network
were initialized via sampling emanating from usual
standard network distribution and the feature map
biases were all initially set to zero. Model
optimization was done using Ada optimizer across
the entire training dataset having the following
configurations: learning rate was initially set to 1e-4
and annealed with lambda x: 1e-3 * 0.9 ** x, over
every 100 epochs and L2-norm weight decay in all
the filter kernels was fixed to 0.01.

C. Results

A lot of technique like dropout, regularization
and batch normalization were employed to fit our
small dataset into our large model. As shown in
figure 2, the increase in epoch size and samples of
training set, the increase in both training and test
accuracy we obtain. We solely used 100 epochs in
the entire experiment because the marginal utility of
epochs reduced at approximately 100 epochs. In
addition, we adopted smaller batch size to improve
the classification performance of our model

although with higher computation demand and time.

In figure 2, the top plot represents the training
and test accuracies we obtained in the fashion
network block and the second plot illustrates the
output of the color network block respectively. On
both network blocks, we obtained 100% and 99.9%
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training accuracy on both the fashion and color
dataset respectively, 98% and 95% test accuracy
with training size of 100x100 on both dataset.
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Figure 2. Training and Test Accuracies on the Fashion and Color Dataset
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Figure 3. Training and Test Loss on the Fashion and Color Dataset
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Figure 3 illustrates the training and test losses
obtained from both the fashion and color datasets
respectively and Figure 4 shows the overall loss
obtained from both dataset. We obtained 0.094
fashion loss, 0.107 color loss and total loss of
0.0043 as shown above. We used moderate batch-
size to smoothen the iteration so as to make optimal
use of the GPU. Overall, our model achieved 98%
fashion set classification accuracy and 96% color
set classification accuracy.

Figure 4. Total Training and Validation Loss on the Fashion and Color
Dataset

V. CONCLUSIONS

We presented a multiple-loss multiple-output
convolutional network for joint classification of
fashion categories and their associated color
information. By wushering in regularization,
normalization and learning rate annealing methods.
We trained a more efficient disjointed network to
learn from two disjointed datasets and perform
classifications on them. We demonstrated how
classification and predictions can be learned
concurrently to generate an enhanced performance
for the two tasks. In future, we plan to introduce
more dataset and classification scenarios to improve
the accuracy of the proposed model.
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