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ABSTRACT

pnage classification using Convolutional Neural Network (CNN) achieves optimal perfor-
mance with a particular strategy. MobileNet reduces the parameter number for learning
features by switching from the standard convolution paradigm to the depthwise separable
convolution (DSC) paradigm. However, there are not enough features to learn for identify-
ing the freshness of fish eyes. Furthermore, minor variances in features should not require
complicated CNN architecture. In this paper, our first contribution proposed DSC Bottle-
neck with Expansion for learning features of the freshness of fish eyes with a Bottleneck
Multiplier. The second contribution proposed Residual Transition to bridge current feature
maps and skip connection feature maps to the next convolution block. The third contribu-
tion proposed MobileNetV1 Bottleneck with Expansion (MB-BE) for classifying the freshness
of fish eyes. The result obtained from the Freshness of the Fish Eyes dataset shows that MB-
BE outperformed other models such as original MobileNet, VGG16, Densenet, Nasnet
Mobile gith 63.21% accuracy.
© 2022 China Agricultural University. Production and hosting by Elsevier B.V. on behalf of
KeAi. This is an open access article under the CC BY-NC-NDlicense (http://creativecommons.
org/licenses/by-nc-nd/4.0/).

iL] Introduction

staple food of Indonesians consumed with rice and vegeta-
bles. According to a survey, fish is ranked fourth among the

Fish is a product that significantly contributes to the global
economy and trade [1] due to its delightful flavor and high
nutrient contents [2], such as protein, unsaturated fatty acids,
minerals, and vitamins [1]. This product is part of the daily
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highly consumed side dishes after processed food, beverages,
cigarettes, and grains [3]. Presently, some vendors sell both
fresh and not fresh fish stored with ice at varying tempera-
tures. The freshness of fish is inspected using sensory cues
such as visual appearance, texture, sound, taste, and smell
[4]. However, it is almost impossible for people to recognize
the freshness of fish using a detector due to its cumbersome
size, cost, and timeframe. Therefore, a system capable of
automatically recognizing the freshness of fish quickly and
easily, without destroying it, is needed. Non-destructive

2214-3173 @ 2022 China Agricultural University. Production and hosting by Elsevier B.V. on behalf of KeAi.
This is an open access article under the CC BY-NC-ND license (http;/creativecommons.org/licenses/by-nc-nd/4.0/).
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freshness classification is conducted using an image-based
automatic system by processing the visual features in an
image. Due to the limitation of visual appearance, this system
uses the eyes, skin, and tail of fish to determine its freshness.
This study focused on the fish freshness classification based
on eyes appearance.

Preliminary studies carried out to determine the eye differ-
ences of fish freshness showed that the visual appearance of
both fresh and not fresh fish are different [4]. Several studies
have been carried out to determine the fish freshness classi-
fication, such as developing a system based on eyes and gills
during a 10-day ice-storage cycle using color features and an
artificial neural network [2], location detection and counting
fish numbers in the sea with extreme background variation
[S]. The recent study in fish freshness classification used the
Cosine Nearest Neighbor and eyes color features comprising
71 images showing an accuracy of about 60.89% [6,7]. In addi-
tion, a system for classifying common carp fish using a deep
convolutional neural network (CNN), the accuracy reaches up
to 98.21% [8]. The CNN technique is one of the common pro-
cesses used to classify fish because it is cost-efficient, precise,
non-destructive, automated, and produces real-time answers.
This technique has also been combined in numerous studies,
for example, CNN for age range classification from uncon-
strained face images [9], insect classification [10], and fruit
grading [11]. Several CNNs were previously developed, such
as the residual network (ResNet) for maintaining lower-level
features using a skip connection [12] and VGGNet for reducing
the convolutional kernel size [13]. Furthermore, Densenet was
developed for skip connection with bottleneck [14], MobileNet
for a small classifier suitable for mobile devices [15], and Nas-
net with a search space transferable from low to a high data-
set [16]. The MobileNetV1 was significantly enhanced using
an inverted residual and linear bottleneck called MobileNetV2
to simplify the architecture further and improve the perfor-
mance [17]. Although this system succeeded in simplifying
the MobileNetV1 architecture, the performance achieved in
the fish freshness classification was inadequate. Therefore,
this research proposes a new architecture to resolve fish’s
freshness classification based on its eyes. In addition, PFS
confirms that the eyes of fresh and not fresh fish can be dis-
tinguished with varying notions. Visual appearance is domi-
nant in the analysis where the naked eye distinguishes
fresh and not-fresh fish with difficulty. Consequently, the
automatic system further does not have useful features to
distinguish them.

As discussed earlier, MobileNet @livers a vast decreasing
number of parameters by moving from the standard to the
depthwise separable convolution (DSC) paradigm. The stan-
dard convolution involves kernel size and input-output chan-
nels, sequentially broken down into DSC and pointwise with
1 x 1kernel. DSC performance is slightly below the standard
convolution from the empirical studies results, with relatively
lighter parameters. Therefore, this smart concept presents a
trade-off where the number of parameters is massively
reduced with a slight drop in performance than the big model
[17]. Slightly lower performance is still acceptable with a sig-
nificantly smaller size model than the big model with slightly
better performance. MobileNetV1 uses model parameters of

more than three million parameters at a width multiplier of
1.0, classic architectural paradigm, and plain convolution flow
(PCF). This process is obtained from the initial to the final
layer, using stratified, and straight, no skip connection [12],
without bottleneck [17], inception [18], cross-stage partial
[19], hierarchical spatial features [20], and additional image
quality analysis [21]. Although PCF consists of architectural
simplicity, its model is ineffective for learning dataset fea-
tures. For instance, it increases accuracy during training, gets
saturated, and drops fast [12] and increases the number of
channels with binary-fold incremental inflict in higher mem-
ory traffic [19]. The channel number of MobileNet from initial
to final layer is a binary-fold consisting of 32-64-128-256-512-
1024 incremental parameters. Its size reduces models with
performance similar to standard convolution, such as ResNet
and VGGNet. In this research, MobileNetV1 uses fewer param-
eters to solve general classification problems, such as Ima-
genet, which becomes less opti when classifying the
freshness of fish eyes. Therefore, this research proposed a
CNN architecture that inherits the smart DSC idea from Mobi-
leNetV1, which is more effective in learning the fish eye fea-
tures for freshness classification.

As explained earlier, the non-destructive fish freshness
examination is conducted using an image-based automatic
system. Although CNN promises optimal classification perfor-
mance, it requires a vast number of image data and a wide
variety of images. Several datasets, such as Caltech-101 [22]
or Coil-100 [23], have many variations in scaling, rotation,
shearing, color, lighting, viewpoint, and image quality. How-
ever, the eyes of fresh and not fresh fish do not have an ade-
quate variety of images. Hence, the visual features between
the internal and exteigm] classes are insufficient. Conversely,
the slight differences in features do not require complicated
CNN architecture. Therefore, to address this problem, a new
CNN architectural system was proposed with the following
contributions

1. Depthwise Separable Convolution Bottleneck with Expan-
sion (DSC-BE)

This technique is a bottleneck and expansion convolution
for improving feature quality and generating more detailed
features with non-linear functions. It is organized using the
Depthwise Separable Convolution (DSC) by convoluting fea-
ture maps with a Bottleneck Multiplier (BM) ratio to obtain
fewer feature maps. Furthermore, it is re-convoluted to
expand the feature maps to the original size. This technique
also introduced BM as a constant to determine the bottleneck
level with the performance trade-off and model size. The con-
cept effectively improves features quality for both classifica-
tion [24] and object detection [25].

2. Residual Transition

CNN architecture generally uses pooling for bridging the
feature maps from one layer to the next with varying sizes.
This technique is only used when one feature map acts as
an input. On the other hand, a transition block involves such
features map and skip-connection from the previous layer.
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This process of maintaining low-level features is insufficient
in utilizing pooling. This research aims to determine the
Residual Transitions (RT) for bridging some feature maps
from one convolutional block to another using different sizes.
The feature maps from the previous block are combined with
the current using depthwise convolution and concatenation,
and then the size is changed from one current block size to
the next using pointwise convolution.

3. MobileNetV1 with Bottleneck and Expansion (MB-BE)

The MobileNetV1 with Bottleneck and Expansion (MB-BE)
was proposed in this research using some parts as the back-
bone and DSC-BE as an additional layer; this model was uti-
lized to generate the fish’s features eyes and reducing the
number of parameters. It is difficult to distinguish the fresh-
ness of a fish’s eyes due to the insufficient visual features,
both internal within classes and external beigfeen classes.
DSC-BE is utilized to generate proper feamresg classifying
the freshness of fish eyes in the MB-BE architecture. Further-
more, it investigated the depth of DSC-BE to obtain the config-
uration of a convolution depth of the model according to the
freshness classification of fish eyes.

2. Materials and method

2.1. Dataset

ﬁe Freshness of the Fish Eyes (FFE) dataset [26]@Jere used to
evaluate the proposed model’s performance. This dataset
consists of 4 392 i es of fish eyes, with 8 fish species,
and each comprises highly fresh fish (day 1 and 2), fresh fish
(day d 4), and not fresh fish (day 5 and 6), it can be seen
here. The eight fish species are as follows Chanos Chanos
(500 images), Johnius Trachycephalus (240 images), Nibea Alb-
iflora (421 images), Rastrelliger Faughni (769 images), Upeneus
Moluccensis (792 images), Eleutheronema Tetradactylum (240
images), Oreochromis Mossambicus (625 images), and Ore-
ochromis Niloticus (805 images). These fish were classified
into 24 classes with eight species of fish and three levels of
freshness. However, there were difficulties in differentiating
the freshness of fish eyes due to no adequate features internal
within classes and external between classes. Image acquisi-
tion was carried out by treating the fish with storage in a sty-
rofoam box for six days to adjust the ice storage processin a
ratio of 1:1. A mobile phone is used to photograph the fish
daily with various backgrounds and lighting; each image con-
tains the same species with a varying number of fish. After
that, a deep learning model is utilized to locate the eye used
as input images. The data collection process is shown in
Fig. 1.

An ablation study was also conducted on th odel to
evaluate its effectiveness using the FFE dataset inﬁssifying
the freshness of fish eyes. The experiments also compare the
performa@are between MB-BE and several CNNs, such as the
original MobileNet V1, Mobilg@get V2, ResNet50, Densenet,
VGG16, and Nasnet Mobile on the Freshness of the Fish Eyes
(FFE) dataset. Other datasets were also used, such as Caltech
101 (9 000 images, 101 classes) [22] and Coil (7 200 images,

100 classes) [23], to prove its ability to classify fish’s freshness
and other problems.

2.2.  Depthwise Separable convolution (DSC)

Convolution of f, ; features map uses M number kernel ker-
nels W = {wy, wy, - -, wy} with filter size of Dy, = Dy that is
operated to an image I {W(i,j) xI{(x —i,x —j)} to produce N
number feature map or channel output f, as follows:

fo = {ws x Lwy x L--- wy x I} (1)

Standard convolution in Eq. (1) uses computation costs of Dy-
% Dy % M x N x Dg x Dg, where Dy denotes the size of the result
feature map, M and N denote the input and output channel,
respectively. Meanwhile, the major change to the convolution
method with minimal costs is Depthwise Convelution (DC),
which uses a single kernel for each feature map [15]. For
example, 664 single kernels are needed for 64 features by a
3 x 3 size, where each kernel is used to convolve one feature
map. Convolution results used to determine the 64 features of
one DC are as follows:

o= {wsxLws <L w x1}Q)

Where, wy is a single kernel with size of Dy x Dy., and f, is
a features map.

Furthermore, the DC output is con ted usinga 1 x 1
kernel pointwise convolution known as Depthwise Separable
Convolution (DSC), as shown in Fig. 2. The cost of DSC compu-
tation is much smaller than the standard convolution,
namely Dy x Dy x M x Dg % D+ M x N x Df x De.

This research used the DSC as the basis for light convolu-
tion and to reduce the number of parameters in the DSC-BE
and the RT of fish freshness classification. Convolution uses
DSC-BE in each block to achieve high-level features, while
RT was transitionally used between blocks.

2.3.  Depthwise Separable convolution bottleneck with
Expansion (DSC-BE)

ResNet [12] and ResNext [24] solve saturated performance
problems during training using the skip connection in the
bottleneck scheme. ResNext also added cardinality to deter-
mine the amount of decomposition per block. This method
shows the bottleneck with the residual concept where the
feature map is convoluted into fewer features followed by
the next convolution into more features. In this research, bot-
tleneck with expansion convolution is proposed using DSC
(Depthwise Separable Convolution), instead of standard con-
volution, to be less feature map with the number of BM (Bot-
tleneck Multiplier) x feature map, where 0 < BM < 1. The D5C
used this process to expand the number of feature maps to
the original size. This bottleneck concept effectively improves
features quality for both classification [24] and object detec-
tion [25], while expansion is powerful for generating more
detailed features with non-linear functions.

The Depthwise Separable Convolution Bottleneck with
Expansion (DSC-BE) is the mechanism used to improve fea-
ture quality and generate more detailed features with low
computational costs in this research. DSC offers feature
map results with classification performance slightly below
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Smartphone
camera

Detected
fish eyes

Fig. 1 - Fish eyes image acquisition.

Depth Separable Convolution (DSC)
DyxDy, 1 f°

}'X(;Xf’

l

Fig. 2 - Depthwise Separable Convolution (DSC).

the standard convolution and low computational costs.
Therefore, DSC-BM convolutes the feature map into a BM
ratio measure because BM is a non-negative number below
one, which is effective for scraping-out unimportant features.
Furthermore, the DSC convolutes again with the same feature
map size to generate more detailed features through non-
linear transformation. In terms of usage, it requires kernel
size parameters of Dy x Dy as depthwise convolution. How-
ever, this study uses the depthwise and pointwise convolu-
tion with kernel sizes of 3 x 3 and 1 x 1, respectively.

This research also introduced BM as a constant for deter-
mining bottleneck levels with the trade-off of performance
and model sizes. BM determines the convolution bottleneck-
level; for example, using BM = 0.5 applies a bottleneck of half
the number of feature maps. The smaller the BM, the higher
the bottleneck occurs. If BM = 1, then there is no bottleneck,
the convolution will become a plain convolution. Fig. 3 shows
the conversion of the feature mapsize of r x c x Mtor xc x N.
DSC-BE convolutes a bottleneck of BM, followed by a convolu-
tion of expansion to its original size.
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rxex(M=BM)

DSC DsC
Dy =Dy, M, (M=BM) I' Dy =Dy, (M<BM), N

rrexM

rrexN

Fig. 3 - Depthwise Separable Convolution Bottleneck with Expansion (DSC-BE).

Ga(f)

Gi(f)
e
f TG

Fig. 4 - Identity mapping by ResNet [12].

24. Residual network

Residual Network (ResNet) is an architecture that introduces a
concept of skip connection [12]. Saturated performance prob-
lems during training are resolved by adding residues from the
previous convolution layer. ResNet's original concept allows a
feature map to jump over several layers to join the certain lay-
ers, as shown in Fig. 4. This procedure is performed using
identity mapping a feature map to the next layer using the
adding operation. Supposing G(f) is convolutional operation
on a feature map f, then the residual network is calculated
by adding identity mapping as follows:

fror =f+ Gu(f)(3)Where G,(f) is n times convolutional
operation conducted on a feature map f, f,., is the next fea-
ture map resulted from convolution. This method is proven
to be able to avoid saturated performance problems when
the training is conducted with a high number of epochs.

2.5. Residual transition

In most CNN architectures, such as Densenet and MobileNet,
the model is divided into several blocks where each contains
several layers of convolution with similar sizes and smaller
resolutions. This changes the size of the feature map from
one block to the next using transitions, as in Densenet, which
uses 1 x 1 convolution on 2 x 2/2 max-pooling to obtain half
of the resolution [14]. Therefore, this transition skips the con-
nection from the previous block to a transition block to avoid
saturated performance problems during training. Further-
more, additional padding or projection size [24] was used to
maintain the feature map size.

The Residual Transition (RT) for bridging the skip connec-
tion in the transition block using 3 x 3 depthwise convolu-
tions (DC) on the two feature maps was proposed in this
research. The first feature map is the current convolution
layer, and the second is the skip connection from the previous
block. Furthermore, this research combined both maps
through the concatenation and convolution process using
1 x 1 kernel, followed by batch normalization, relu activation,
and max-pooling processes. The result is used in the next
convolution block or passed to the fully connected layer, as
shown in Fig. 5. The feature map f with size r x ¢ x M is con-
voluted by G, (f) to be f. Both f and f feature maps are involved
together in the transition block. In addition, DC and PC are the
mechanisms used to convelute them at low computational
costs. Therefore, RT uses two DC and one PC to convolute
them while keeping low computational costs. The next con-
volutional block would use the RT output as an input feature
map.

DC DC(F)
Dy »Dy, M
PC e’ xN
@ DxDL 2M N [
DC
Do 1))
Dy=Dy, M

Fig. 5 - Residual Transition.
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The RT formula is shown as follows:

fe= PC[DC(,"J LJDC(,‘J] (4)Where f, is the featur,
of RT operation, U denotes the union operation, f1is the cur-
rent feature map, and f is the residual features from the pre-

vious block, DC and PC denote depthwise and pointwise
convolution, respectively.

ap result

2.6.  MobileNetV1 with bottleneck and Expansion (MB-BE)
MobileNet V1 convolution layer is classified into ten blocks,
the first uses standard convolution, which produces 32 fea-
tures, while the next block uses DSC and down-sampling with

max-pooling. The feature map increases by binary multiplica-
tion up to 1 024 features in last block. MobileNet V1 with Bot-
tleneck and Expansion (MB-BE) is proposed as a new CNN
architecture that partially inherits the architecture. Fig. 5
shows that among the ten blocks of MobileNet V1 architec-
ture, the first six blocks (delimited by dotted lines) are inher-
ited on MB-BE as the main backbone. The advantage of using
some of the MobileNet V1 architecture is that it can be pre-
trained as initial weights, using millions of images and thou-
sands of classes. The pre-trained weights recognize various
image features, which consists of significant advantages
when trained using the initial weight of pre-trained Mobile-
Net V1.

DSC
3=3, 128, 256 /52

DSC
3%3, 128, 256 /52

MobileNet V1 MB-BE
2243 ! 22473 :
3 | 3
\  comwixi2is2 |\ Convixsz/is2 |1
T | . I DSC-BE
1127732 | 1127732 |
DSC | DSC |
3%3,32, 64/51 | 3%3,32, 64 /51 ! DSC
: | I 3x3,256, 128
112°%64 | 112°%64 :
| )
DSC | DSC | DSC
3%3,64, 128/52 | 33,64, 128 /52 : 3x3, 128,256
|
5677128 | 56128 |
DSC I DSC I Residual Transition (RT)
3x3,128 128/51 | 3x3,128, 128 /51 I
T | 7 | DC DC
567%128 567%128
I : 3x3,f 3%3,f
| |
| |
| |
| |
| I
|
|

| Pointwise Conv

_l IxLf

Max-pooling 2°/2

28°%256 28°%256
DSC DSC
3x3,256, 256 /51 3x3,256, 256 /51
2872256 L_ 28°x256
DSC Denth — 1x DSC-BE
3x3,256, 512/52 epth = 33,256
14%512 287x256
- DSC RT
3%3,512, 512 /51 3x3,256, 512 /52
142%512 14°%512
DSC Depth = 1% DSC-BE
3x3,512, 1024/ 52 3x3,512
- 287%256
7°x1024
DSC RT
3%3, 1024, 1024 / 3x3,512, 1024 /2
o *x1024
7°%10
7*%1024
Depth = 1= DSC-BE
3x3,1024
7'x1024

Fig.

6 - MobileNetV1 with Bottleneck and Expansion (MB-BE).
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DSC is used as a convolutional basis for both Depthwise
Separable Convolution Bottleneck with Expansion (DSC-BE)
and Residual Transition (RT). Three DSC-BE convolution
blocks are added for the feature counts of 256, 512, and 1
024, respectively. As a feature map, the process of resizing
transition, RT is used to bridge the changes by adding the resi-
due from the previous block’s end.

The four blocks of the MobileNet V1 convolution were
removed and replaced with five new blocks to reduce the
number of parameters and recognize the features of fish eyes.
As explained before, the freshness of fish eyes is difficult to be
distinguished because there are not many visual features,
both internal within class and external between classes; then,
DSC-BE in the BE architecture is proposed to complete the
correct feature for classifying the freshness of the fish eyes.

In terms of the number of parameters, the size of the MB-
BE architecture depends on Bottleneck Multiplier (BM), as
shown in Fig. 6. It is assumed when BM equals 0.5, a bottle-
neck convolution of 50% is carried out, followed by the expan-
sion to the original size. Furthermore, in Fig. 5, DSC-BE 256 is
convolved, which led to the evolution of 128 bottlenecks with
256 features expansion. In addition, an ablation study is con-

ducted to investigate the effect of BM on architectural mea-
sures and performance. The Bottleneck Multiplier with a
value of 1.0 is also specified in the MobileNet V1 because it
is the backbone of MB-BE.

The depth of DSC-BE is also considered because it deter-
mined the number of DSC-BE convolutions conducted.
Depths values of 1 and 2 indicate that DSC-BE 1 and 2 times,
etc. Three blocks pass using depth, as shown in Fig. 5. Fur-
thermore, the effect of the depth of DSC-BE is investigated
to determine the adequate value through an ablation study.

The model described earlier is a feature extraction block,
whereas a classification block needs to be added in CNN. Fur-
thermore, a fully connected layer with 1 024 neurons is added
to the hidden and one output layer in accordance with the
number of neurons according to the experiment’s dataset.

2.7.  Framework research ?asst:fying the freshness of fish
eyes

The system framework for gassifying the freshness of the
fish eyes starts with segmentation, as shown in Fig. 7. This
section is conducted using the object detection method with

Eye segmentation |

A

y

| Splitting fish’s eyes data |

=
Training
data

Train model for

classifying fish freshness
Convolution block

Fully connected

I usi

Validation
data

Convolution block

Fully connected
block

model

—
Testing data

!

I Testing session

I

I

using model 1

I

Convolution block :
I

I

I

I

I

Fish frehness

Fish frehness

Yz

Fish frehness

y

/

‘ System evaluation ‘

Fig. 7 - Framework Research gassifying the Freshness of Fish Eyes.
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the image ut segmented into the fish eyes. A total of 4392
images in the dataset, divided into training, validation, and
testing data were used to carry out this research. This data
splitting process is explained in the next section. The pro-
posed moﬂl is trained and validated using the associated
methods 1n the experimental session. Furthermore, the
trained mode is used to classify the test data due to its
importance 1n the reliability process in classifying images
not seen during the experiment session. Furthermore, this
study evaluated the classification results on all data with
accuracy metrics and in-depth analysis.

2.8.  Performance metric

This study classifies a multi-class problem consisting of 8 fish
species and 3 levels of freshness, therefore a total of 24
classes were classified with Accuracy, Precision, Recall, and
Fl-score used to determine the performance metrics. Accu-
racy is used to measure the correct classification as follows.

Accuracy = bTH_(S)where TP, TN, FN, FP are true pos-
itive, true negative, false positive, and false negative of classi-
fication results, respectively. TP + TN denotes the number of
images of fish species classified according to each species,
TP + FN + FP + TN is the number of images classified through
training, validation, and testing data. The Precision is utilized
to evaluate the model’s ability for avoiding misclassification
based on positive predicted data in a class (TP) in accordance
with the predicted results (TP + FP). The Precision Formula
employed is as follows:

Precision = ;(6)The FP is the class of species data that is
failed to be detected as such species. The recall is used to
evaluate the ability of the model to recognize a class; itis cal-
culated based on positive predicted data in a class (TP) in
accordance with all data that should be recognized as such
class (TP + FN). The Recall formula is as follows:

Recall = ;(7)The FN is the unrecognized data in a class,
while Fl-score is used to evaluate the overall model perfor-
mance based on Precision and Recall. The formula is as
follows.

2= Precision = R4 Ilm'hj el
= L hrecsion Recell(B)In this study, Precision, Recall, and

Fl-score were calculated for each class and used to determine
the average of all these metrics as the final performance.

Fi_scare

3. Result and discussions
3.1.  Experimental setting

This study was carried out using the pre-trained MobileNet V1
[15], which is publicly available, as a backbone architecture
with trained weights from Imagenet to complete classifica-
tions of fish eye freshness. The model also used an input
image of 224 x 224 pixels with a classification block consisting
of a fully connected layer with 1 024 neurons as the hidden
layer. After adding an output layer to the number of neurons
according to the classes in thegtaset, 0.5 dropouts were fur-
ther included. RMSProp with a learning rate of 1e-5 and a loss
functi ategorical cross-entropy for the optimizer was uti-
lized. e dataset was divided into training, validation, and
testing with the respective percentages of 60, 20, and 20,
respectively. For the FFE dataset, the authors used batch-
size 24 and 22 for training and validation, respectively. Mean-
while, Caltech-101, and Ceil-100 used batch sizes 30 and 31, as
well as 44 and 14, respectively.

3.2.  Ablation study

An ablation study was carried out to determine the appropri-
ate configuration of the MB-BE parameters to complete the
freshness classification of fish eyes. MB-BE used MobileNet
V1 as the backbone model and connected to DSC-BE and RT
thrice and twice. In each DSC-BE block, the depth of BSC-BE
was investigated to determine the number of times the
DSC-BE convolution was carried out in order to achieve high
performance. The first, second, and third MB-BE were
recorded to determine the notation of the depth of DSC-BE.
The higher the depth of DSC-BE, the greater the parameters
utilized with deeper convolution. Furthermore, this study
investigated the appropriate BM wvalues by evaluating
BM = 0.3, 0.5,0.7, and 0.9. These two parameters in the abla-
tion study were combined to obtain an adequate configura-
tion for achieving optimal performance.

Table 1 shows the evaluated BM from 0.3 to 0.9 at the sﬁe
depth of DSC-BE, i.e. (111). The results further show that the
performance of training, validation, and testing were similar,
where accuracy is low for small BM at 0.3, with accuracy,
training, validation, and testing scores of 50.30%, 51.03%,

able 1 - Ablation study of MB-BE and performance on test data.

Model Parameters BM  Train data Val. data Test data
(million) accuracy /%  accuracy /% Accuracy /%  Precision /%  Recall /%  Fiscore/%

MB-BE (111) 2.33 0.3 50.30 51.03 52.96 54.69 52.16 51.15
MB-BE (111) 3.16 0.5 56.75 63.21 60.02 58.41 58.06 57.66
MB-BE (111) 3.44 0.7 55.69 59.00 59.23 61.83 57.99 57.13
MB-BE (111) 4.00 0.9 55.73 59.00 59.00 60.58 58.02 57.69
MB-BE (251) 4.05 0.5 44 99 49.09 43.41 49.48 46.44 4577
MB-BE (151) 4.50 0.5 44 46 47.95 49.43 4995 4342 46.95
MB-BE (122) 4.52 0.5 51.63 56.72 55.81 55.39 54.00 53.70
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and 52.96%, respectively. For BM between 0.3 and 0.9, the per-
formance peaked at 0.5, has accuracy, training, validation,
and testing scores of 56.75%, 63.21%, and 60.12%, respectively.
An increase in the BM significantly decreased the MB-BE per-
formance contracts by approximately 55%. BM determines
the bottleneck-level, and the number of parameters, there-
fore, the higher the bottleneck (small BM), the smaller param-
eters, and vice versa. The ablation study results showed that
too large or small a bottleneck does not ensure better perfor-
mance. The best bottleneck level was determined at BM = 0.5.

Furthermore, an ablation study was carried out for the
same BM with various Depths used to determine the most
optimal performance. Ablation also played attention to the
number of parameters regarded by MobileNet, which is iden-
tical with small parameters. This means that the greater the
depth, the higher the number of convelution conducted,
which is in addition to the simplicity of the architecture
used to properly model the system on mobile devices. The
results of the ablation study at the Depth level of (251),
(151), and (122) show that the accuracy of all Depth alterna-
tives does not exceed Depth (111), where the highest accu-
racy is 56.72%. We found an increase in depth, leading to a
rise in the number of parameters (more than 4 million
parameters) with no effect on performance. Therefore, the
results of the ablation study also indicated that the best
depth is (111).

Performance comparisons were also carried out on test
data using Precision, Recall, and Fy . qp. Table 1, shows that
the ablation study has a Depth (111) similar to the model,
which achieved the best Precision at BM = 0.7 (61.83%). Recall
shows different results where BM of 0.5 achieved the best pre-
cision results of 58.06%. This performance is slightly different
from BM = 0.9, where recall of 58.02 still uses more parame-
ters than 0.5. The Fy ... as a combined performance of Preci-
silon and Recall also shows that MB-BE with Depth (111)
achieves the best performance, where using BM 0.9 and 0.5
achieves Ficores 57.69% and 57.66%, respectively. However,
BM of 0.5 is superior to 0.9 because it uses a fewer parameter.
The results of the comparison with other Depth differences,
namely (251), (151), and (122), also show that the depth
(111) outperforms othe

MB-BE achieved an accuracy of 56.75%, 63.21%, and 60.02%
for training, validation, and testing The performance of
ResNet50 is higher than MB-BE, however, the parameters uti-
lized are approximately seven times higher, parameters of
23.59 million and 3.16 million.

MB-BE also outperforms MobileNet, Densenet, VGG16, and
Nasnet Mobile, with approximately 34% to 59% accuracy. In
terms of the number of parameters, MB-BE is more excellent
except for MobileNet2. MB-BE uses 3.16 million parameters
while the other CNN use more than 3.2 million, and Mobile-
Net V2 uses 2.25 million; nevertheless, the accuracy reached
by MB-BE is higher than MobileNetV2. This research was fur-
ther experimented with by classifying datasets, namely
Caltech-101 and Coil-100.

Table 2 showed that the best Precision, Recall, and Fl-score
were achieved by ResNet50, despite receiving more parame-
ters than all others. MB-BE had Precision, Recall, and F1-
scores of 58.41%, 58.06%, and 58.24%, equivalent to the origi-
nal MobileNetV1 at 59.74%, 57.98%, and 58.85%. However, our
proposal used fewer parameters of 3.16 and 3.22 compared to
original MobileNetV1 and other models, and superior on all
performance during the experiment, such as MobileNetV2,
DenseNet 121, VGG16, and Nasnet Mobile.

MobileNetV2 and MobileNetV1l have simplistic architec-
ture, with 2.25 million and 3.22 million parameters. Neverthe-
less, MobileVl was chosen as a baseline because it
outperformed MobileNetV2 to propose a new architecture
for fish freshness classification using fewer parameters.
Table 2 shows that the proposed modmtperforms the orig-
inal MobileNetV1l and MobileNetV2 in terms of accuracy,
while the Precision, Recall, and Fl-score are equivalent to
MobileNetV1 and superior MobileNetV2.

The samples results of fish eye freshness classification are
shown in Table 3. The results in columns (a), (b}, (d}, (f) indi-
cate that the proposed model was successfully predicted
according to ground truth, as opposed to others. The original
MobileNet V1 and ResNet50 also achieved four correct predic-
tions and outperform others. The sample indicates that suc-
cessful classification of the six image samples, wherein
general success is still evaluated using the previously dis-
cussed metrics. However, there are images that failed to be

The performance of MB-BE in classifying the freshness of
fish eyes using the FFE dataset was compared in this research,
as shown in Table 2. The ResNet50 reaches the best accuracy
of training data, validation, and testing with an accuracy of
84.86%, 78.47%, and 78.82%, respectively. Meanwhile, the

classified by the proposed model, despite being successful
by other models, such as column (e), which was successfully
classified by MobileNet V1, ResNet50, and Nasnet Mobile.
Some images also failed to be classified by all models, such
as those in column (c).

able 2 - Model performance using FFE dataset.

Model Parameters Train data Val. data Test data
(million) accuracy /% aceuracy /% Accuracy /% Precision /% Recall /% Fi-scare /%

EobﬂENEt V1 3.22 53.87 57.97 59.11 59.74 57.98 58.85
MobileNet V2 2.25 54.29 55.35 53.87 52.12 50.95 51.53
ResNet50 23.59 84.86 78.47 78.82 79.14 77.70 78.41
DenseNet 121 7.04 35.96 43.05 4237 4250 38.41 40.35
VGGle 14.71 34.26 41.00 4385 4581 41.38 4348
Nasnet Mobile 4.27 35.77 40.89 37.24 33.66 30.61 33.37
MB-BE (111) 3.16 56.75 63.21 60.02 58.41 58.06 58.24
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able 3 - Sample detection results.

Model

Images, label of ground truth and predicted results

(@) (b) () (d) () ]
gound truth 0 1 3 5 9 10
obileNet V1 0 2 17 5 ) 10
MobileNet V2 2 2 ) 14 10 10
ResNet50 0 1 12 14 ) 10
DenseNet 121 2 0 12 14 10 10
VGG1le 2 2 ) 12 10 11
Nasnet Mobile 2 9 9 14 9 9
MB-BE (111) 0 1 ) 5 10 10

The value [0-23] is inner-product between gams Chanos, Johnius Trachycephalus, Nibea Albiflora, Rastrelliger Faughni, Upeneus Moluc-
censis, Eleutheronema Tetradactylum, Oreochromis Mossambicus, and Oreochromis Niloticus} and (highly fresh, fresh, not fresh}, for example,
0, 1, 2 are highly fresh, fresh, and not fresh of Chanos Chanos, respectively.

In conclusion, the model performance in the testing ses-
sion determined the system’s robustness when implemented
in real cases. This is because the higher the testing perfor-
mance, the more robust the system completes the classifica-
tion. The experimental results showed that the highest
performance on the test data is ResNet50 and MB-BE because
they both outperformed the state-of-the-art accuracy.
Although MB-BE had less accuracy than ResNet50, it utilizes
highly smaller parameters, which makes it a proper tech-
nique for classifying the freshness of fish eyes.

3.3.  MB-BE For image classification

The Caltech-101 and Coil-100 datasets were used to deter-
mine the MB-BE’s performance in solving other classification
problems. Caltech-101 consists of 9 144 images, divided into
102 classes, which ranges from 31 to 800 pictures for each
class. This means Caltech-101 is an imbalanced dataset, as
shown in Table 4. The experimental findings on the Caltech-
101 dataset revealed that MB-BE was unable to complete the
unbalanced dataset, where the performance achieved in the
training session was 78.56%. This performance was superior
to Densenet, Nasnet Mobile, while MobileNet and ResNet50

outperformed VGG16 with an accuracy of 93.78%. The perfor-
mance of MB-BE in validation and testing session was also
similar with an accuracy of 70.11% and 68.56%, respectively.
This result outperformed VGG16 as opposed to MobileNet,
Densenet, Nasnet Mobile. The highest accuracy and valida-
tion scores of 92.73% and 92.67% were achieved by ResNet50.

The data obtained from the Columbia University Image
Library (Coil-100) consists of 100 colored image objects
arranged against a black backdrop on a motorized turntable.
Regarding a fixed color camera, the turntable was rotated by
360 degrees to vary the object pose taken at 5-degree inter-
vals, which correspond to 72 poses per object (7 200 images
in total). The experimental results on the Coil-100 dataset
shown in Table 5 indicate that all models achieve high accu-
racy. However, Densenet, Nasnet Mobile, and VGG16 accura-
cies were below 90% for training sessions, while MB-BE
achieved the best performance at 99.36%. All models achieved
accuracy above 96% in the validation and testing session,
while ResNet and MB-BE were 100% and 99.93%. Although
the MB-BE performance is not the best, its difference with
ResNet is only 0.07 with an accuracy of 99.93%, outperfofMing
other state-of-the-art, to achieve optimal performance. Other
models such as MobileNet, Densenet, Nasnet Mobile, and

able 4 - Performance classification using Caltech-101.

Architecture Accuracy/%
Train Val Test

Mobilenet V1 80.51 89.40 89.67
Mobilenet V2 81.99 88.63 89.50
Densenet 121 71.38 83.06 83.98
ResNet50 93.78 92.73 92.67
VGG16 4271 59.67 51.94
Nasnet Mobile 70.34 81.58 82.89
MB-BE 78.56 70.11 68.56
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able 5 - Performance classification using Coil-100.

Architecture Accuracy/%
Train Val. Test

MobileNetV1 95.09 99.71 99.57
MobileNetV2 96.59 99.86 99.79
Resnet50 98.25 100.0 100.0
Densenetl21 88.39 97.86 97.43
VGGle 80.52 97.14 96.86
Nasnet Mobile 80.30 93.93 92.64
MB-BE 99.36 99.86 99.93

VGG16 have achieved optimal results as well, with all above
93%. The results also prove that MB-BE is appropriate for a
dataset with many varieties such as scaling, rotation, and
viewpoint but not suitable with color, lighting, shearing, and
even the image’s quality.

3.4.  Analysis
classification

of MB-BE performance for image

There are inconsistencies associated with the process of clas-
sifying the freshness of fish eyes using fresh and not fresh
fish due to non-sufficient adequate features that can be per-
ceived. The images of fish eyes, both fresh and not fresh,
are not diversified as in the general classification cases, so
the proper CNN model for solving it may not be complicated
as models in general, such as ResNet, Densenet, Nasnet,
and VGG16. Furthermore, a lightweight model was imple-
mented on mobile devices with MobileNet as a proper alter-
native because of its small parameter compared to other
CNNs. However, MobileNet could not optimally classify the
freshness of fish eyes because of the straightforward convolu-
tion flow architecture and not adequate features to distin-
guish fresh and not fresh fish eyes. As our proposed CNN
architecture, MB-BE partially inherits the MobileNet V1 archi-
tecture combined with DSC-BE and RT to provide a precise
representation of features in classifying the freshness of fish’s
eyes. MB-BE with Depth (111) has fewer parameters than
MobileNet V1, but the accuracy reached the most optimal
compared to other models except ResNet50, where the accu-
racy reached 63.21%. This performance is not high due to two
constraints, a lightweight model requirement and the lack of
distinguishing features of the freshness of fish eyes. They can
be observed by naked eyes where it is hard to identify fresh
and not fresh fish. Our proposed model attempts to get the
right features and higher performance at a lower computa-
tional cost. Conversely, ResNet50 achieves better performance
with a higher computational cost; meanwhile, although it is
below 70%, MB-BE achieved the most optimal performance
with a lighter architecture compared to the state-of-the-art.

4, Conclusions and future works

In conclusion, this study experimented the Depthwise
Separable Convolution Bottleneck with Expansion (DSC-BE)
to improve feature quality using bottleneck convolution and
generate more detailed features using expansion convolution.
Feature maps transition among blocks with residual was also

addressed using Residual Transition (RT) instead of pooling
and skip connection. The experimental result showed that
MobileNetV1 with Bottleneck and Expansion (MB-BE) rela-
tively classifies the freshness of the fish eyes with accuracy
up to 63.21%, thereby outperforming other models such as
MobileNetV1, MobileNetV2, VGG16, Nasnet Mobile, and Den-
senet. The proposed model is exceeded by Resnet50 with
accuracy of 84.86%. However, the parameters utilized by
ResNet50 are greater than MB-BE, by approximately seven
times higher, where ResNet50 uses 23.59 million parameters,
while MB-BE is only 3.16 million. Therefore, MB-BE is a new
state-of-the-art in fish freshness classification based on eyes.
Data augmentation was also employed during the experi-
ment to obtain more data variation though the performance
of MB-BE still below 70%. Therefore, the performance varia-
tion needs to be improved using other data variations, such
as Variational Auto Encoder. Furthermore, a one-model
approach was used to predict eight fish species and 3 fish
freshness, therefore, it is classified into 24 classes. Further
research needs to be conducted by separating species and
freshness to obtain the model’s optimal performance.
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