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A Lightweight Convolutional Neural Network for Salient Object Detection
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Abstract: U-shape networks are widely used in salient object detection. Recently, CTDNet with a Comprehensive Triangular Decoder improved detection efficiency, which
made some improvement with respect to the complexity and slow training of U-shape networks. However, CTDNet is still not lightweight enough, and the use of Global
Average Pooling for top-level semantic features can lead to the loss of global structural information. This paper proposes Trilateral Enhanced Network (TENet), a faster
salient detection model based on CTDNet, for industrial application. TENet uses MobileNetV3 as a backbone network so that TENet only needs 3.72M parameters, which
lightweight the network consequently. TENet contains a feature fusion module called Channel Attraction Enhanced Feature Fusion Model, which integrates high-level
semantics to improve accuracy. Additionally, Convolutional Block Feature Enhancement Module is proposed, which can further enhance accuracy. In comparison with
CTDNet, TENet is a lightweight network with faster detection speed and more detection accuracy. TENet robustly detects defects in salient texture images, indicating
insensitivity to texture interference. Experiments show TENet maintains strong performance on salient textures detection, demonstrating suitability for industrial optical

inspection.
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1 INTRODUCTION

Salient object detection aims to detect foreground
objects that are significantly different from the objects in
the background in the image. Hence, a colour image is
transformed into a saliency map, and the values in different
positions in the map represent the degree of eye-catching
attention of the image [1, 2].Early salient object detection
models mostly rely on manually extracted features to
represent local details and global contexts [3, 4]. Owing to
the lack of high-level abstract semantic information, the
detection effect in complex scenes is deficient. In recent
years, convolutional neural network has been widely used
in various fields, including salient object detection, due to
its automatic extraction of multi-level semantic
information[5-8]. The pyramid-like network structure not
only contains rich and detailed underlying information, but
also reflects more high-level semantic information, which
can better locate the exact location of salient objects.
Therefore, many salient object detection algorithms based
on pyramid structure has been proposed [9-12].

The reason why U-shape [13] is widely used is that it
only needs a small number of training samples to complete
the training of the model. However, in order to achieve
high accuracy, the model has to be complex with a large
number of parameters. In 2021, Zhao proposed CTDNet
[14], which uses ResNet-18 as the backbone network so as
to overcome the shortcomings brought by U-shape with
many parameters and to improve the speed of the
model.CTDNet has three branches. The first is Boundary
Path where the edge supervision is enhanced to improve
the accuracy of boundary segmentation. The second is
Spatial Path which adds the supervision of spatial features
so that more spatial details can be preserved. The third is
Semantic Path which contains the supervision of high-level
features to reduce the loss of deep semantic information
and context structure information.

Although CTDNetis effective for salient object
detection, there are still some points which are worthy of
discussion:

(1) The GAP operation at the highest level in the
semantic path increases the receptive field and enhances

the semantic features, but the image becomes a point. Will
the position information of the object be lost?

(2) The high-level semantic features of objects are
completely different from their spatial representation in
morphology. The low-level features contain many spatial
details, and the high-level features are abstract semantic
features. Is it appropriate to use spatial information (the
ground truth of salient objects) to guide the learning of
high-level features in semantic path?

(3) CTDNet can use ResNet-18 as the backbone
network to lighten the model and improve the running
speed of the model. Can the backbone network be modified
to further speed up the model?

(4) The results of salient object detection and object
segmentation are to generate a binary image. Can the
algorithm be used for object segmentation?

Therefore, based on the CTD framework, this paper
proposes a TENet saliency detection model, which has a
lightweight structure and superior detection performance.
TENet has made the following improvements:

(1) The backbone network is replaced with a more
streamlined MobileNetV3 to reduce network parameters
and improve detection speed. Compared with the 11.82M
parameters of CTDNet-R18, TENet has only 3.72M
parameters.

(2) A new semantic feature fusion model is designed.

(3) High level semantic features are not supervised by
the ground truth to reduce the loss of semantic information
in the model.

(4) An attention module is added after the middle
convolution layer to further improve the accuracy of salient
object detection.

2 RELATED WORKS

U-Net based on U-shape adopts data augmentation,
which realizes biomedical segmentation with only veryfew
annotated images. Hence U-shape structure has been
widely used in image segmentation and salient object
detection algorithms [15-17]. Tsunyi Lin proposed aFPN
network framework similar to U-shape structure for target
detection [9]. FPN was initially used for object
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detection.Then many algorithms have adopted FPN
structure in salient object detection and image
segmentation [7, 18-22]. In addition to U-shape and FPN,
other salient object detection algorithms have been
proposed [23, 24]. However, in order to improve algorithm
performance, the networks above are becoming more
complex, with more parameters and slower training speeds.
As a consequence, the algorithm testing must rely entirely
on GPU to complete.However, these complex saliency
detection algorithms are difficult to be adopted by the
industry.

2.1 CTDNet

In 2021, Zhao proposed a CTDNet which contained a
Comprehensive Triangular Decoder [14] for salient object
detection. CTDNet is a lightweight algorithm for salient
object detection [14]. The key of CTDNet is that it contains
an efficient decoder---Comprehensive Trilateral Decoder
(CTD). CTDNet is divided into three paths: Semantic Path,
Spatial Path and Boundary Path. These three branches aim
to solve the problems of unclear semantic information, loss
of spatial information and lack of boundary information
respectively. These three branches include the processing
of different depth features in convolutional networks,
which complement one another. Semantic Path is used to
capture rich semantic context information and global
context information with large receptive fields. Spatial
Path is designed to preserve more spatial details. The
combination of Semantic Path and Spatial Path forms a
comprehensive and powerful middle and high-level fusion
feature. For Boundary Path, CTDNet uses low-level spatial
features and high-level fusion features to extract the
location boundary features of objects and adds additional
edge supervision to improve the accuracy of boundary
acquisition.

In order to realize the fusion of different features,
CTDNet has three feature fusion modules: Feature Fusion
Module (FFM) to fuse the features of different convolution
layers of the network; Cross Aggregation Module (CAM)
to fuse spatial features and advanced semantic features to
realize the combination of the Semantic Path and Semantic
Path; Boundary Refining module (BRM) to merge
boundary features and high-level features.

2.2 Attention Mechanism

In human visual perception, the human eye can focus
on the objects projected on the retina quickly. In
convolution neural networks, the convolution blocks can
be filtered to highlight more effective features. Human eye
attention includes the location of interest and the
characteristics of interest. Therefore, in convolutional
neural networks, researchers have proposed two attention
mechanisms: spatial attention module and channel
attention module.

In spatial attention model, each pixel learns a weight
value in the spatial domain of the image, and each weight
value represents the importance of a pixel position. Spatial
attention model first appeared in the paper [25] in 2015, in
which Max Jaderberg proposed a structure of spatial
transformer, which can realize the spatial transformation of

feature map without any additional learning process,
opening a new way for neural network model.

Channel attention model is to apply a weight to the
feature map of each channel in the convolution block. Each
weight represents the importance of the feature map. In
convolutional neural networks, the higher the number of
layers, the lower the resolution of the feature map, but the
more the number of channels. It is necessary to select the
channel feature map to determine which feature map is
more important. Hence the channel attention mechanism is
used to achieve this task. Through the study of channel
attention, Jie Hu proposed a Sequence and Exception
Block (SEB) structure [26], which adaptively recalibrates
the feature response of the channel by establishing the
interdependence between the channels. This structure can
be easily added to convolution network to form SENet,
which can improve the accuracy, but it also brings higher
model complexity and more computation. Based on SEB,
Qilong Wang proposed a more effective channel attention
model ECANet [27]. Compared with SEB, ECANet
structure reduces network parameters and has faster
operation speed with higher accuracy. In order to further
improve the efficiency of attention model, Sanghyun Woo
maintains that the feature matrix obtained after convolution
is the result of mixing the spatial features and channel
features of image, and that the feature matrix should be
enhanced independently according to channel dimension
and spatial dimension, hence Convolutional Block
Attention Module (CBAM) is proposed [28].

2.3 MobileNetV3

Compared with heavyweight networks, lightweight
networks have less parameters, less computation, and short
time consumption. Lightweight networks are more suitable
for scenarios with limited computing power, storage, and
power consumption, such as mobile devices and industrial
pipelines. MobileNet is an outstanding lightweight
network, which has developed into the third version after
the accumulation of the first and second versions [29].
MobileNetV3 adds the channel attention mechanism,
which is excellent in performance and speed. It is favoured
by the academic and industrial circles and has become one
of the most widely used lightweight networks. The TENet
proposed in this paper also uses MobileNetV3 as the
backbone network.

3 PROPOSED METHOD
3.1 Algorithm Framework

The overall framework of TENet proposed in this
paper is shown in Fig. 1. Since CTD structure is more
compact than U-shape structure network, TENet adopts
CTD structure. TENet mainly includes encoder and
decoder. The network framework will be explained in
detail as follows:

3.1.1 Encoder

If the algorithm is to be used in the industry, it is very
necessary to improve the speed of the algorithm. Therefore,
MobileNetV3 is adopted as the backbone network of
TENet. The experimental results show that TENet has fast
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execution speed and low requirements for computer
hardware.

The image is input to MobileNetV3. After multi-stage
convolution processing in the network, corresponding
convolution blocks can be obtained. These convolution
blocks are also called feature matrices. The deeper the
layers of the backbone network, the lower the spatial
resolution of the feature matrix obtained after convolution
of the input image. The spatial resolution of the
convolution block generated after convolution of each
stage is 1/2 of the spatial resolution of the convolution
block generated by convolution of the previous stage. The

convolution blocks obtained after convolution in the first
stage has the highest spatial resolution. However, if this
convolution block is involved in decoder, the number of
network weights will be greatly increased, and the
calculation amount of the network will become large.
Therefore, the paper only focuses on the convolution block
obtained by convolution in the last four stages. The spatial
resolution of the feature matrix in the last four stages is 1/4,
1/8, 1/16 and 1/32 of the resolution of the input image. We
use {E@, E®, E® EOY to represent feature matrixes from
these four stages.
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Figure 1 The framework of Trilateral Enhanced Network (TENet)

The features obtained by stage 3 are between spatial
features and high-level semantic features, that is, it
contains spatial features and integrate high-level semantic
features. In order to enhance the significant features in £
and reduce the influence of insignificant features on the
experimental results, we embed a Convolutional Block
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Feature Enhancement Module (CBFEM) after E® to
strengthen the significant features and suppress the
insignificant features through the CBFEM. In the
following experiments, we will also compare the results of
the encoder without CBFEM and the encoder with
CBFEM.

Spatial attention
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Figure 2 Convolutional Block Feature Enhancement Module (CBFEM)

Convolutional Block Feature Enhancement Module
(CBFEM) is proposed in this paper to enhance convolution
features through attention mechanism. It is a mixed
attention mechanism. The structure is shown in Fig. 2.
CBFEM includes two steps of enhancement. First, channel
attention enhancement is performed on convolution block.
Here we refer to ECANet [27]. Next, spatial attention
enhancement is performed. Here we refer to CBAM [28].
CBFEM can improve the significant features in the two
dimensions of channel and space in the convolution block
and suppress the insignificant features.

In the channel attention module of CBFEM, the GAP
(Global Average Pooling) [30] operation is first performed
on the feature matrix £®). The GAP operation is to average
each feature map in E® to one point, and then the feature

matrix E® is transformed into a 1D vector Eg gp .Next, 1D

convolution of size 5 is performed on this 1D vector, and a
sigmoid activation function is executed to obtain a channel
attention weight map Map,. The purpose of using 1D
convolution of size 5 is to capture cross-channel feature
extraction, further reduce the complexity of the model and
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improve the running speed. E® is multiplied by Map. to
obtain Ef). The purpose of spatial attention
enhancement is to improve the spatial saliency of EES).
Firstly, the maxpool and avgpool feature maps of EES) are

obtained along the channel axis. Two 2D matrices Ex(rfa)x

and E(S) are obtained. Then E(S) and E(S) are

avg max avg
concatenated. The spatial attention weight map Mapg is
obtained through a 7 X 7 convolution and sigmoid

activation function. The feature matrix EES) is multiplied

by Mapg to get E(CSB)FE, which will be used as the input of
stage 4. The whole process can be described as:

Mape, = a(qd (GAP(E<5>))j ()
EY) = Map., ® E¥) )
apy = G [ave, (0 amax, ()]} o
Eke = Maps @ E) )

where C,, represents 1D convolution, o denotes sigmoid

activation  function, ® denotes
multiplication, avg, and max, represent average and

element-wise

maximum operations along the channel axis, and C, ,

represent 7 x 7 convolution.
3.1.2 Decoder

TENet decoder framework refers to CTDNet and
includes three paths: Semantic Path, Spatial Path and
Boundary Path. TENet enhances abstract semantics, spatial
features and boundary features respectively in these three
paths.

1) Semantic Path

In Semantic Path, we need to fuse the feature matrix
E® of Stage5 with the feature matrix E® of Stage4 to
complete the decoding process. E® is a high-level
semantic feature, which contains the overall context
texture information. In order to reduce the computation, ES
feature matrix passthrougha 1 x 1 convolution and is
compressed to 64 channels. Since the spatial resolution of
E® is only one-half of E®, the convoluted E® needs to be
upsampled once in order to fuse £®. The whole process
can be described as:

E® = Up(CM (E(S) )) (5)

EY =c,, (E(4)) (6)

where C),, represents 1 x 1 convolution, and Up
represents upsampling.

Next, semantic feature fusion is performed for E1(4)

and El(s) with 64 channels. Here, we compare three

semantic feature fusion schemes. The first is FFM [24], and
the second and third semantic fusion schemes are proposed
in this paper.

(1) Feature Fusion Module (FFM)

FFM can fuse two groups of features. The structure is

shown in Fig. 1. In FFM, EI(S) and E1(4) are fused by

element-wise multiplication to amplify the features. The
fused features pass through two 3 x 3 convolution layers to
obtain the final feature matrix. Each convolution in FFM is
followed by a batch normalization and ReLU function
activation. The process of FFM can be formulized as:

D, = FFM(El(S),E1(4)) =G (C3x3 (EI(S) ® E1(4) )) M

where D; represents the final fused features obtained after
FFM.

(2) Channel Attention Enhanced Feature Fusion Model
(CAEFFM)

E® and E® are important semantic features. In
attention analysis, features that attract people's attention
need to be focused, hence E® and E® should be
enhanced. CAEFFM enhances the features after the fusion
of E® and E® with channel attention module. The
processof CAEFFM can be described as:

Elmul = C3><3 (EI(S) ®E1(4)) (8)

CAmap, = G(MLP(anC (Elmul )) + MLP(maxc (Elmul )))

)
= o (4 (Wi (avee (Evuna))+ 4 (o (max, (Eia))))
D, = CAEFFM (El(s),El(4) ) = Cyy (s ® CAmap,) (10)

where D, represents the features obtained after CAEFFM.
avg, and max, represent average and maximum

operations along the channel axis. MLP represents the
multi-layer perceptron, and W, and W, represent the weight

of the multi-layer perceptron [28]. In CAEFFM, El(s) and

E1(4) are fused by element-wise multiplication. The fused

features pass through a 3 x 3 convolution layers to get the
feature matrix £,,,,. Then the channel attention module

[28] is performed on £, followed by a3 X 3 convolution

to obtain the feature matrix D;. Each convolution is
followed by a block normalization and ReLU function
activation.

(3) Spatial Attention Enhanced Feature Fusion Model
(SAEFFM)

In addition to the features that easily attract human eye
attention and need to be enhanced, the spatial locations that
attract human eye attention also need to be enhanced.

Tehnicki viesnik 31, 4(2024), 1402-1410
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SAEFFM applies spatial attention module to multi feature
fusion. The process of SAEFFM can be described as:

E i =G (E1(5) ®E1(4)) (1)

SAmapl = O-(C7><7 (|:an3 (Elmul );maxs (Elmul ):|)) (12)
D, = SAEFFM(EfS),Ef“)) = Cyy (B ® SAmap,)  (13)

where avg, and max, represent average and maximum
operations along the spatial axis. Ej,, generate two

different spatial context feature matrices by using average-
pooling and max-pooling operations along the spatial axis.
We concatenate these two feature matrices and compute
the spatial attention map S4map, by a 7 x 7 convolution

and a sigmoid function. S4dmap, and E, are fused by

element-wise multiplication followed by a 3 x 3
convolution to obtain the final fusion matrix D;. Each 3 x
3 convolution here is followed by a block normalization
and ReLU function activation.

TENet uses ground truth to supervise the Semantic
Path to guide the learning of the network. Compared with
CTDNet, we do not embed a Global Average Pooling
(GAP) layer on E®. This is because although the receptive
field is increased by GAP operation, the feature map is
compressed to one pixel point. The local position
information will be lost when an image is reconstructed by
the pixel point. Hence, GAP operation will reduce the
accuracy of object segmentation. We also do not use
ground truth to supervise E®. This is because E® are
semantic features, while ground truth are spatial features.
These are two completely different features. Such
supervision may mislead the learning direction of the
network. Therefore, the Semantic Path part of TENet is
simpler than CTDNet.

2) Spatial Path

Spatial Path is used to enhance the features of the
middle layer. The spatial resolution of £® is only one-
eighth of the input image. E® passes through the Spatial
Attention Module (SAM) [14] to obtain the features D,. In
fact, a spatial attention mechanism is added to the SAM,
which enhances the spatial features of E®. In SAM, two

single-channel feature maps F,, and F,, are generated

by E® using average-pooling and max-pooling
operationsalong the channel axis. Then we concatenate
F,, and F,,, and compute the attention map Mapg,y, by

a 3 x 3 convolution and a sigmoid function. Each feature
map in E® is multiplied by the corresponding weight in
Mapgay, and then the feature matrix obtained pass

X

through a 3 x 3 convolution to obtain the final output D,
with 64 channels. The process of SAM can be described as:

Mapg = o-(C3X3 ([avgC (Em );maxc (E(3) )})) (14)

D, = Cy 5 (Mapgy ®)E® (15)
2 3x3 SAM

D, contains spatial information, while D; contains
semantic information. Spatial information and semantic
information are two completely different features. The
spatial resolutions of D, and D; are 1/8 and 1/16 of the
input image. We use the Cross Aggregation Module
(CAM) proposed in the paper [14] to fuse D, and D;. In
CAM, D;subsampled to the same resolution as D, by
bilinear interpolation. We apply a 3 % 3 convolution with
stride 2 followed by a batch normalization and a ReLU

activation function to D». The resolution of sz is the same
as D. sz and D are fused by element-wise multiplication

to obtain Ci. D, and D, are fused by element-wise
multiplication to obtain C,. The resolution of C; is the same
as D,, and the resolution of C; is the same as D;. Then C;
and C, pass through a 3 x 3 revolution respectively
followed by a batch normalization and a ReLU activation
function to obtain C; and C, . The upsampled C, and C,
are fed into FFM to obtain D;,. The above process can be
described as:

Dy =Up(D,),D; = Fyy3,(Dy) (16)
C,=D,®D,,C, =D, ®D, (17)
Cl=Fy3(C).Co = Fs(G) (18)
Dy, =FFM(Up(c;),C'2) (19)

where Up represents upsampling and F3,;, represents a 3

x 3 convolution with stride 2.

3) Boundary Path

Boundary Path is used to decode E®. The spatial
resolution of £@ is one fourth of the input map. Low-level
features E® contain a lot of spatial information. In order to
fuse spatial features and semantic features, FFM is still
used to fuse £® and D which is the output of the Semantic
Path. We apply a 1 x 1 convolution followed by a batch
normalization and a ReLU function to D; to adjust the
number of channels. The result after convolution is fused
with the upsampled result of D; by FFM to obtain D;. The
whole process can be formulated as:

D, = FFl\/I(Up(Dl),Flxl (E(z) )) (20)

In order to enhance the boundary segmentation
accuracy, TENet adds the learning of object boundaries
like CTDNet [14].

4) Through the above three steps, there are two outputs
Dj; and D1,, which are the fused features of low-level and
high-level features and those of mid-level and high-level
features respectively. Since BRM [14] can better fuse the
two types of features, TENet also uses BRM to fuse D3 and
Dy,. In BRM, Ds is fused with upsampled D, by addition
operation to obtain B;. B; pass through global average
pooling (GAP), that is, we apply average-pooling operation
along the special axis to Bi, and then obtain a 1D vector.
The 1D vector pass through a 1 x 1 convolution followed
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by a batch normalization and a sigmoid function to adjust
channel, by which 1D vector Mappg, is obtained. B; is

multiplied by Mapy, to obtain an enhanced feature matrix

B>. We combine B, and B; by addition operation to further
enhance the significant features. Finally, the combined
features pass through two 3 x 3 convolution layers, which
generates the final output Dy. Each 3 x 3 convolution is
followed by a batch normalization and a ReLU activation
function. The whole process is described as:

B, =Up(Dy,)+Ds (1)
Mapy, = o(F,, (GAP(B,))) 22)
B, = Mapy, ® B, (23)
Dy = Fys(Fys (B, + B,)) (24)

3.2 Loss Function

During the training of TENet, there are four output
feature matrices Dy, D1, D12 and D;. These four feature
matrices pass through a 3 x 3 convolution and sigmoid
function and then are converted to the single channel
prediction masks. We adopt the combination of three loss
functions, one is regression focal loss [31], and the other
two are IoU loss and BCE loss [14].

The characteristic of Regression focal loss (RF loss)is
that it can deal with class imbalance problems. Because the
dataset we use has class imbalance problem, RF loss is
adopted in TENet. The definition of RF loss formula is as
follows:

Lye (P.G) =

(1-P(0.))" tog (P (i.)).
A itP(i,j)=1 25)

'ﬁgg(pcoj)( ) tog (1~ P(i. 7).

1fP( )

where P denotes the prediction mask, G represents the
ground truth, A and W represent the row number and
column number of the ground truth, P(i, j) represents the
probability that the pixel of the ith row and the j-th column
is predicted as objects, and G(i, j) represents the value of
the ith row and the j-th column in G. N represents the total
number of pixels covered by the object in G. a and f are
the hyperparameters of focal loss [32], which is used to
reduce the weight of easily classified samples. Their values
are 2 and 4 [31].

IoU loss indicates the overall similarity between the
prediction mask and the ground truth. The IoU loss formula
is as follows:

Ly (P.G) =
S P )G(i)) (26)
Z, IZ (P(i:))+G(i))=P(i,j) G (is /)

RF loss and IoU loss have their own advantages, thus
for Dy, D1, and D1,, we use the combination of RF loss and
IoU loss to supervise their prediction masks. The combined
loss function is as follows:

% =y1) + 1) k (D), D, D,,) 27)

where y is the weight used to balance the two loss
functions. When y is 0.6, the experimental result is the best.

In order to enhance the accuracy of segmented object
contour, we use the boundary map of ground truth to
supervise the prediction of D3. Here, BCE loss [14] is used
as the loss function of this supervision, and the formula is
as follows:

H W

Lycg (P.G) =2

i=1 j=1 (28)

|G (i, j)tog(P(i, )+ (1-G(i../))og (1= P(i. /)|

According to Egs. (26), (27) and (28), the total loss
function is:

> " (29)

ke{Dg,Dy.Dy2}

L=Lgcg +

where g, represents the weight of the corresponding three

loss functions, and we set them to 1.0, 0.5 and 0.25
respectively.

4 EXPERIMENTS

The lightweight TENet proposed in this paper is
compared with the current excellent CTDNet. We mainly
compare their effectsin salient object detection and
industrial optical inspection.

4.1 Datasets

The results of salient object detection and image
segmentation are both a binary image, thus we test the
TENet from two aspects: salient object detection and
industrial optical inspection. In the experiment, we use two
test datasets, one is the salient detection dataset DUTS [33]
and the other is the industrial optical inspection dataset
DAGM [34]. There are 10553 training images and 5019
test images in the DUTS. DAGM is mainly used to detect
miscellaneous defects on various statistically textured
backgrounds. This dataset has 10 types of textures, and
each type of texture contains non-defective images and
defective images.

4.2 Evaluation Metrics

Mean Absolute Error (MAE) is generally used as the
evaluation metrics for salient object detection algorithm,
but TENet will also be used in industrial optical inspection.
Salient object detection and industrial optical inspection
can be considered as object segmentation task. The
evaluation metrics of object segmentation algorithm
generally uses Mean Intersection over Union (MloU)
similar to MAE. Therefore, this paper uses MIoU as the

Tehnicki viesnik 31, 4(2024), 1402-1410
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evaluation metrics of the algorithm.MIoU represents the
coincidence ratio of the intersection and union of two sets.
When used to evaluate object segmentation algorithms, it
represents the coincidence ratio of the intersection and
union of the real segmentation results and the predicted
segmentation results.

k
MioU =Ly P0G (30)
ki3 PUG

where, k represents the number of classes, P represents the
prediction result, and G represents the ground truth. For the
object segmentation model, the larger the MIoU value, the
better the segmentation effect of the model. When the
MioU value is equal to 1, it means that the predicted value
is completely coincident with the real value.

4.3 Implementation Details

We use MobileNetV3 as the backbone network. All
training images are resized to 400 x 400 with random
cropping to feed into model. We use adaptive moment
estimation optimizer with the cosine annealing decay
learning rate strategy to train our model and training epoch
is 400.

4.4 Results Analysis

In order to test the feasibility of the algorithm used in
industry, only low-performance CPU is used to test the
model effect in the experiment. The computer
configuration for the test is Intel i7-7700 (3.6 GHz) and 8
GB memory. In order to take the accuracy and speed of the
model into consideration, the Trilateral Enhanced Network
in Fig. 1 is partially modified several times in this paper to
obtain multiple variant networks. All the networks are
compared, and all experimental data are shown in Tab. 1
and Tab. 2.

Table 1 Experimental results of salient object detection (DUTS dataset)

MIoU FPS

CTDNet r18[14] 0.587 3.13
CTDNet-MobileNetV3 0.601 3.33
TENet without CBFEM 0.601 3.33
TENet-CAEFFM without CBFEM | 0.612 3.33
TENet-SAEFFM without CBFEM | 0.607 3.33
TENet with CBFEM 0.615 3.23

3

TENet with
CBFEM

Figure 3 Comparison of algorithm results on DUTS dataset

CTDNet-R18

Ground truth

The first column in Tab. 1 represents the algorithms
for comparison. The second column is the MIoU value of
DUTS dataset using different algorithms. The third column
is the frame rate (Frames per Second) when only a single
CPU (Intel i7-7700 3.6GHz) is used for detection. The first
line is the evaluation metrics. The second line shows the
experimental results of DUTS dataset using CTDNet-R18
[14]. The result in line 3 is produced by CTDNet
framework where MobileNetV3 is used as the backbone
network and thus this network is called CTDNet-
MobileNetV3. The fourth line is the result of Trilateral
Enhanced Network (TENet) using MobileNetV3 as the
backbone network proposed by us in Fig. 1, but the
CBFEM module is not embedded after the stage 3 of the
network. The fifth line is also TENet without embedded
CBFEM, but the FFM of the Semantic Path in the network
is replaced by CAEFFM. Line 6 is TENet without CBFEM,
but FFM of Semantic Path in the network is replaced by
SAEFFM. Line 7 shows the experimental results of the
complete TENet with CBFEM embedded behind stage 3.

Table 2 Experimental results of industrial optical inspection (DAGM dataset)
MloU FPS
Class]l | Class2 | Class3 | Class4 | Class5

TENet
with 0.9641 | 0.9438 | 0.9511 | 0.9643 | 0.9528 | 3.23
CBFEM

CTDNet-

RIS [14] 0.9531 | 0.9505 | 0.9594 | 0.9698 | 0.9564 | 3.13
Class6 | Class7 | Class8 | Class9 | Class10

TENet

with 0.9835 | 0.9550 | 0.9460 | 0.9748 | 0.9677 | 3.23
CBFEM
CTDNet-
R18[14]

0.9648 | 0.9718 | 0.9480 | 0.9813 | 0.9665 | 3.13

TENet with
CBFEM
Figure 4 Comparison of algorithm results on DAGM dataset

CTDNet-R18

Image Ground truth

It can be seen from columns 3 of Tab. 1 that CTDNet-
R18 has the slowest speed, 6% slower than the fastest
speed, when the CPU is used to detect salient objects. The
second slowest is TENet, because the network embeds
CBFEM behind stage 3, which increases the complexity of
the network, resulting in its speed being 3% slower than
the fastest algorithm. The backbone networks of the other
four algorithms all use MobileNetv3. Because the number
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of network parameters does not change much, the
algorithm speed is the same and the fastest. The algorithm
based on TENet proposed in this paper performs better on
DUTS dataset than that based on CTDNet, and the result
of CTDNet-R18 is the worst. The detection result based on
TENet-CAEFFM is better than that of TENet-SAEFFM,
which indicates that the channel attention module is better
than the spatial attention module in the high-level semantic
feature fusion. It also proves that the feature matrix
generated by stage 4 and stage 5 contains relatively less
spatial information. The complete TENet embedded with
CBFEM performs best on the DUTS dataset, and the MIoU
value reaches the highest value of 0.615, which is 4.77%
higher than CTDNet-R18. Fig. 3 shows the experimental
results of partial images of TENet and CTDNet-R18 on
DUTS dataset.

Tab. 2 compares the results of industrial optical
inspection generated by TENet and CTDNet-R18, which is
partly illustrated by Fig. 4. The results of TENet embedded
with CBFEM in Class 1, Class 6 and Class 10 are better
than those of CTDNet-R 18, while the results of other seven
classes are worse than those of CTDNet-R18. The average
frame rate (Frames Per Second) of TENet still leads by
3.19%. In the DAGM dataset, Class 1 contains more than
ten kinds of cross-texture images. Class 10 presents images
which have obvious thin lines from top to bottom. Class 6
1S a common texture image similar to Gaussian noise. The
remaining diagrams in Class 2-Class 5 and Class 7-Class 9
are ordinary texture images without fixed shapes. This
shows that TENet performs worse than CTDNet for
ordinary texture images when segmenting abnormal parts
in texture images. Therefore, TENet has good performance
for obvious texture images, which shows that TENet's
performance is not vulnerable to the interference of
obvious textures.

5 CONCLUSION

Inspired by CTDNet, this paper proposes Trilateral
Enhanced Network, a lightweight model for salient object
detection. CTDNet used ResNet18 to improve speed while
maintaining  performance. This  paper utilizes
MobileNetV3 as the backbone for even faster detection
speeds than CTDNet. Additionally, embedded attention
mechanisms in TENet further improve detection accuracy.
Experiments demonstrate TENet's high speed and accuracy
for detecting defects in textured industrial images. TENet
maintains strong performance on textured salient images,
indicating robustness to texture interference. With only
3.72M parameters, TENet has low hardware requirements,
making it suitable for industrial applications. In summary,
TENet achieves fast, accurate, and robust salient object
detection in an efficient model. But there is one limitation
to be considered: when detecting defects in ordinary
texture images, TENet has slightly lower accuracy. In the
future research, we will increase various texture image
samples to further improve the algorithm's compatibility
with different textures.
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