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How to realize the accurate recognition of 3 parts of sheep carcass is the key to the research of mutton cutting robots. (e
characteristics of each part of the sheep carcass are connected to each other and have similar features, which make it difficult to
identify and detect, but with the development of image semantic segmentation technology based on deep learning, it is possible to
explore this technology for real-time recognition of the 3 parts of the sheep carcass. Based on the ICNet, we propose a real-time
semantic segmentation method for sheep carcass images. We first acquire images of the sheep carcass and use augmentation
technology to expand the image data, after normalization, using LabelMe to annotate the image and build the sheep carcass image
dataset. After that, we establish the ICNet model and train it with transfer learning. (e segmentation accuracy, MIoU, and the
average processing time of single image are then obtained and used as the evaluation standard of the segmentation effect. In
addition, we verify the generalization ability of the ICNet for the sheep carcass image dataset by setting different brightness image
segmentation experiments. Finally, the U-Net, DeepLabv3, PSPNet, and Fast-SCNN are introduced for comparative experiments
to further verify the segmentation performance of the ICNet. (e experimental results show that for the sheep carcass image
datasets, the segmentation accuracy and MIoU of our method are 97.68% and 88.47%, respectively. (e single image processing
time is 83ms. Besides, the MIoU of U-Net and DeepLabv3 is 0.22% and 0.03% higher than the ICNet, but the processing time of a
single image is longer by 186ms and 430ms. Besides, compared with the PSPNet and Fast-SCNN, theMIoU of the ICNet model is
increased by 1.25% and 4.49%, respectively. However, the processing time of a single image is shorter by 469ms and expands by
7ms, respectively.

1. Introduction

Mutton is the fourth largest meat consumer product in the
world, and its demand is increasing with the adjustment of
people’s dietary structure. According to the statistics, in
2017, the global mutton production was 15.1232 million
tons, with an average growth rate of more than 1.6%
compared with 2013. It has been estimated that the global
mutton production will reach 17.5805 million tons in 2025.
China has the largest mutton production and consumption
in the world, with mutton output of 4.751 million tons in
2018 and a yearly increase of 0.8% [1–3]. Despite those
impressive figures, most of the mutton slaughtering and
processing enterprises in China still adopt a semiautomatic

production technology where the cutting process of sheep is
completed manually, with high labor intensity and low
cutting efficiency, i.e., consuming a lot of manpower and
financial resources. At the same time, the harsh production
environment is not conducive for the health of operators,
and it may pose a risk to food safety [4, 5]. It is thus of great
practical significance to design intelligent livestock seg-
mentation robots to replace manual. To this aim, an accurate
acquisition of the location of each part of the sheep body in
the image is a prerequisite.

In the recent years, most of the studies about sheep body
detection focus on measuring the sheep body size and
assessing the mutton freshness. (ese methods are mainly
focused on image processing, to combine spectral
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technology with the machine learning algorithm, e.g., to
extract the characteristics of specific sheep body and mutton
(such as contour, color, texture, chemical substances, and so
on) from the image or from spectrum at different waveband
sand, and then, according the extracted feature vector, to
designmachine learning classifiers to achieve accurate object
recognition and detection. Li’na et al. developed a mea-
surement system for sheep’s morphological parameters
without stress response [6]. Lin et al. have used a portable
platform Linux real-time operating system, based on
OpenCV, to performmorphological processing on the sheep
body image to obtain the sheep body length, height, and
other parameters [7]. Meng et al. have put forward an ac-
curate identification method for lamb spine, front leg, and
rear leg based on color contrast detection combined with
deep learning, the support vector machine, and the back-
propagation neural network [8]. Chandraratne has exploited
image processing technology to analyze the different com-
binations features in sheep carcass images which, after ANN
and DFA classification, has been used as input to MLP to
achieve a classification accuracy of sheep carcass as high as
96.9% [9]. Fan et al. have extracted data from hyperspectral
image of mutton in the range 460–1000 nm and have de-
veloped a BP/AdaBoost BP neural network to assess the
quality of mutton freshness with accuracy about 94.44% [10].
Mohammed et al. have detected three kinds of sheepmuscles
(semitendon, dorsal longus, and psoas major) in the Cha-
rolais sheep using hyperspectral near-infrared technology
with 100% accuracy [11]. Although the above research on
sheep body detection and recognition has achieved signif-
icant results, two main challenges are still limiting the ac-
curacy and application of automatic segmentation methods.
First, the key ingredient of image recognition is the ex-
traction of image features. In the above methods, the ex-
traction of objects features depends on the manual work,
which is affected by human subjectivity and involves a heavy
and tedious workload. At the same time, the extracted
features have poor recognition and are far from the ex-
pression of natural features of the object. On the other hand,
the classifiers designed by machine learning are not robust,
have poor generalization ability, and can only be used for
specific target objects.

Current, the CNN shows excellent performance in object
detection [12–15], image recognition [16, 17], and natural
language processing [18] due to the automatic extraction of
deep and shallow layers features of the image. At the same
time, it has high precision and strong robustness. (ese
features make the image semantic segmentation method
based on the CNN a natural candidate to solve the above-
mentioned problems of livestock detection. Shen et al. have
proposed a real-time detection method, based on the deep
convolution neural network, to detect piglets in a complex
environment (e.g., the pig house) [19]. (e resulting de-
tection speed is 53.19 f/s for 500× 375 pixels image with an
accuracy rate equal to 95.76%. Yun et al. have designed a
PigNet detection network with 44 convolution layers, which
may effectively implement segmentation of bonded pigs in
herd images [20]. Yang et al. have developed an image
segmentation method based on the full convolution neural

network to solve the segmentation problem of sow and
piglet. (e scheme is based on taking 8 feature maps as
sampling and combining deep abstract features and shallow
detail features of the image [21]. Noor et al. used a VGG16
network to extract features from sheep facial expression
images and then predict sheep expression labels based on the
transfer learning training model. Test results show that the
accuracy rate may reach 98.4% [22]. Our team has carried
out related research on the classification of lamb and on the
semantic segmentation of lamb rib images. We have realized
the accurate recognition of 6 types of lamb splits based on
the Fast-RCNN object detection model, and the mAP of the
model reached 84.5% accuracy. Moreover, our team has also
implemented the end-to-end pixel level semantic segmen-
tation of the lamb rib region using the U-Net fully con-
volutional neural network with a segmentation accuracy PA
of 92.34% [23, 24].

Combined with the real-time requirements in the actual
processing of sheep carcass, the recognition model should
have the characteristics of small amount of computation. At
present, the commonly used image semantic segmentation
methods mainly focus on the DCNN, so that the large
amount of floating-point calculations makes it difficult to
guarantee real-time performance. (erefore, we choose the
ICNet [25] with less calculation to accurately identify the
three parts of sheep carcass and verify its feasibility through
comparative experiments. Our method aims at images se-
mantic segmentation of sheep carcass from which the head,
legs, and abdomen have been removed, to accurately detect
the neck, ribs, and spine in real-time. (e first step consists
in collecting a certain amount of sheep carcass images as
experimental data and to expand the data using image
augmentation technology. (en, by using the annotation
tool on the sheep carcass images, we build the training, test,
and validation sets. In the second step, we take into account
the time constraint and look for a scheme with good real-
time performance. To this aim, we have chosen the ICNet
model for the real-time sheep carcass image segmentation
model, and after training, we use accuracy, MIoU, and single
image processing time as figures of merit to assess the model
segmentation performance. As a further step in assessing our
ICNet scheme, we consider the U-Net [26], DeepLabv3 [27],
PSPNet [28], and Fast-SCNN [29] and perform comparative
experiments. In particular, we consider accuracy, MIoU,
computational time, and each model’s segmentation accu-
racy and MIoU of the neck, ribs, and spine to assess the
advantages and disadvantages of the ICNet in real-time
semantic segmentation of sheep carcass images. In this
study, a 2D image real-time semantic segmentation based on
the ICNet model is utilized in a deep learning model for
sheep carcass segmentation. (e model’s accuracy and real-
time performance are realized mainly focusing on the sheep
carcass’s spine, ribs, and neck. Furthermore, the applicability
and advantages of this method are verified through com-
parative experiments. (is research provides theoretical
basis and technical support for the development of vision
systems of sheep carcass cutting robots.

(is study is designed as follows. Section 2.1 describes
the sheep carcass image acquisition and preprocessing in the
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research. Section 2.2 introduces the algorithm principle and
structure of this study. Section 2.4 describes the evaluation
criteria of test results. Section 3.1 describes the model
training of introducing transfer learning and nontransfer
learning and the corresponding comparative experiment.
Section 3.2 introduces segmentation result and analysis of
sheep carcass images. Section 3.3 describes the ICNet
generalization ability test. Section 3.4 introduces the com-
parative experiments of the method in this study and other
methods. Section 4 presents the conclusions.

2. Materials and Methods

2.1. Images Acquisition and Preprocessing

2.1.1. Images Acquisition. (e experimental samples are
adult Boer goats, and its head, legs, and abdomen fur have
been removed. Images have been acquired from the livestock
segmentation production line of Inner Mongolia Meiyan-
gyang Food Co., Ltd. (e image acquisition consists in a
HuaGu Power Technology WP-UC600 color camera with a
Z4S-LE-SV-1214H Omron lens. (e camera has been set to
1.4 meters from the ground and 0.8 meters from the hanging
sheep carcass sample, without any specific background and
light source. Figure 1 is the sketch of the image acquisition
device. In order to expand the differences between the
samples and to ensure the generalization ability of the model
training, we have randomly collected ten batches of sheep
carcass, each batch containing 350 sheep carcasses. We thus
have 3500 mutton images in total, with image resolution
3024× 4032 pixels.

2.1.2. Image Preprocessing. Deep learning is driven by large
datasets, which improve the prediction accuracy of the
model and suppress the overfitting phenomenon. On the
other hand, since the number of sheep carcass image samples
available for our analysis was limited, we resort to aug-
mentation techniques for the images. In particular, we have
used the MATLAB image processing toolbox to transform
the sheep carcasses by rotation, flipping, and translation (the
rotation angle is set to 30 degrees). In this way, we have
simulated the sheep carcass in different postures and have
collected images by cameras in different locations. Excessive
image augmentation would lead to overfitting of the model,
and thus, we set the image augmentation factor to 3. Finally,
in order to speed up the convergence of the model, we have
used the principle of proportional invariance to scale the
image to 512× 512 pixels. Examples from the image aug-
mentation process are shown in Figures 2(b)–2(d).

2.2. Image Annotation and Generation of Datasets. Our se-
mantic segmentation model training belongs to the class of
supervised learning. However, the acquired sheep carcass
images do not contain labels and semantics, and it is thus
necessary to annotate them manually to meet the require-
ments of model training. We have made reference to the
Cityscapes datasets format and used the LabelMe image
annotation tool to annotate the sheep carcass images. After

this stage, we have randomly split data into the training set,
testing set, and validation set according to the principle of
deep learning dataset division. We have used 8000 images,
2000 images, and 200 images, respectively. (e labels of the
spine, ribs, and neck of the sheep carcass are sheep 1, sheep 2,
and sheep 3, as shown in Figure 3.(e RGB 3 channel values
of the three types of labels are given in Table 1.

2.3. Image Semantic Segmentation Model

2.3.1. Structure of the ICNet Model. (ere are several deep
learning models currently available to realize image se-
mantic segmentation, such as the DeepLabv3, PSPNet,
U-Net, SegNet [30], and FCN [31]. All the models may
achieve high accuracy in image segmentation for the
ImageNet dataset, but the segmentation takes a long time,
and they cannot be employed in real-time applications. (e
lightweight semantic segmentation model ENet [32] allows
one to save time, however, at the price of a reduced accuracy
in the segmentation. Zhao has proposed an image.

A cascade network real-time image semantic segmen-
tation module, referred to as the ICNet, which may be used
for real-time applications and guarantees a good accuracy
rate at same time.(e ICNet uses PSPNet’s pyramid pooling
module to fuse multiscale context information and split the
network structure into three branches, i.e., low resolution,
medium resolution, and high resolution, as shown in Fig-
ure 4. (e low-resolution branch scales the feature map of
the original from the image size of 1/16 to the medium
resolution output to 1/32, uses dialed convolution to expand
the receptive field, and outputs the feature map at the size of
1/32 of the original image size, sharing the convolution
parameters and weights with the medium resolution branch.
(e medium resolution branch takes the resolution of 1/2 of
the original image as input and obtains a feature map of the
original image size of 1/16 after the convolution layer,
merging the output with the low-resolution output in the
cascade feature fusion (CFF) unit to obtain the final output.
(e high-resolution branch takes the original image as the

1

2

3

(1) Slideway
(2) Sheep carcass
(3) Camera

Figure 1: Illustration of the image acquisition device.
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input, obtains the feature map with the size of 1/8 of the
original image after the convolution layer, and then com-
bines the output feature map with the medium resolution
through CFF unit, expanding the feature map to the original
size after multiple sampling. (e ICNet uses low resolution
images to complete semantic segmentation and high-reso-
lution refinement for the segmentation results to improve
segmentation accuracy. Furthermore, the ICNet uses cas-
cading tags to guide the training of each branch, speeding up
the convergence and prediction, and improving the real-
time performance. Overall, the ICNet is able to suitably
match the conflicting requirements of accuracy and real-
time operation.

2.3.2. Cascade Feature Fusion Unit. ICNet uses CFF unit to
achieve feature fusion. (e CFF unit includes three parts: a
low-resolution branch feature map F1, a high-resolution

feature map F2, and a cascade tag. At first, F1 uses 2 times
upsampling to restore its size to F2 size and then uses 3× 3
dilated convs to input F2 branch after batch normalization.
F2 uses 1× 1 dilated convs to ensure that it has the same
output size as F1, fuses the output features from the F1
branch through the batch normalization layer, and finally
obtains F2′with the same resolution as F2 through the ReLU
nonlinear activation function, leaving it ready for the next
level. (e effect of cascaded tags is to strengthen the learning
of F1, to optimize the softmax cross-entropy, and obtain a
new loss value to update the model weight. (e structure of
CFF unit is shown in Figure 5 [25].

2.3.3. Loss Function. ICNet adds loss weight to each branch
training and optimizes the weighted softmax cross-entropy.
(e loss function can be expressed as in equation (1).

L � − 
T

t�1
λt

1
YtXt



Yt

y�1


Xt

x�1
log

e
Ft

n,y,x


N
n�1 e

Ft
n,y,x

. (1)

In the formula, T is the number of resolution branches,
i.e., 3. N denotes the number of categories, Ft is the
predicted feature map in the branch t, YtXt denotes the
space size of the feature map Ft. Ft

n,y,x is the value of
position (n, y, x); the true label of 2D position (y, x) is n. If

(a) (b) (c) (d)

Figure 2: Examples of augmented images. (a) Original image. (b) Rotation image. (c) Flipping image. (d) Translation image.

(a) (b) (c)

Figure 3: Examples of annotated images. (a) Original image. (b) Annotated image. (c) Index image.

Table 1: Marked color of three parts in sheep carcass.

Classification Label R G B
Background 0 0 0 0
Spine Sheep 1 255 0 0
Ribs Sheep 2 107 142 35
Neck Sheep 3 255 245 225
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the high-resolution branch weight λ3 is set to 1, the usual
values of the weights λ2 and λ1 of the medium-resolution
and low-resolution branches are 0.4 and 0.16, respectively.

2.4. Evaluating Criteria. In order to quantitatively analyze
the performance of the ICNet model in semantic segmen-
tation of the sheep carcass image dataset, we introduce the
PA (pixel accuracy) and MIoU (mean intersection over
union). PA and MIoU can be expressed as in equations (2)
and (3).

PA �


N−1
i�0 nii


N−1
i�0 

N−1
j�0 nij

, (2)

where N is the number of semantic categories; in this study,
N � 4; nii denotes the number of real pixels in i class se-
mantics, that is, TP (true positives); nij is the number of
pixels in which the semantics of class i are wrongly identified
as class j, that is, FP (false positives).

MIoU �
1
N



N−1

i�0

nii


N−1
j�0 nij + 

N−1
j�0 nji − nii 

, (3)

where nji is the number of pixels whose class j semantics are
recognized as class i, namely, FN (false negatives).(eMIoU
is positively correlated with the segmentation effect of the
model, and because of its simplicity and representativeness,
it is often used as the main figure of merit to evaluate
performance of image semantic segmentation models.

3. Real-Time Semantic Segmentation of Sheep
Carcass Image

Our real-time semantic segmentation of sheep carcass image
based on the ICNet includes the following three steps:

A Building a dataset of images of sheep carcass
B Building and training the ICNet model and gener-
alization ability experiment
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Figure 4: Architecture of the image cascade network.

Label F1 F2

Classifier
CONV 1 × 1

Softmax loss
weight λ

Upsample × 2

Dilated CONV
3 × 3, dilation 2

Batch norm

Projection
CONV 1 × 1
Batch norm

SUM
RELU

F2′Loss

Figure 5: Cascade feature fusion unit.
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C Introducing the U-Net, DeepLabv3, PSPNet, and
Fast-SCNN to make a comparative study with the
ICNet

(e procedure is illustrated in the flow chart of Figure 6.

3.1. Real-Time Semantic Segmentation of Sheep Carcass
Images Based on the ICNet

3.1.1. Test Platform. Based on the PyTorch deep learning
framework, we built and trained the ICNet model with the
Python language in a parallel computational framework that
used Cuda 10.1.(e hardware platform is a Dell t5820 image
processing workstation with 64 g operating memory, Xeon
w-2145 3.70GHz processor, and P4000-8 g GPU.

3.1.2. 7e ICNet Model Training Based on Transfer Learning.
Transfer learning ensures that the model has the ability to
suppress overfitting while processing small sample datasets
and is capable to accelerate model convergence and im-
prove generalization ability. Before training, we adopt
ICNet’s pretraining weights for the Cityscapes dataset, load
the trained weights and parameters into the convolutional
layer while keeping the structure of all convolutional layers
unchanged, and conduct all-layer transfer learning training
of the ICNet. ICNet training is then performed with sto-
chastic gradient descent using the ADAM optimizer, and
the hyperparameters of transfer learning and nontransfer
learning are set to be the same, as given in Table 2. (e
model is designed to automatically save the optimal model
during training and use this as the final input model for
semantic segmentation of sheep carcass images. During the
model training process, trend variations for the loss values
of transfer learning and nontransfer learning methods are
evident as shown in Figure 7.

From Figure 7, rapid decrease of the loss values for both
methods can be observed at the beginning of training. (e
values then slightly decrease with the increased number of
iterations and finally converge to 0.032 and 0.318 for transfer
learning and nontransfer learning, respectively. (is indi-
cates that the introduction of transfer learning into the
model can not only reduce the loss value of the model but
also improve the training effect of the model. (erefore,
pretraining weights are loaded to all models used in this
study.

3.2. Segmentation Result andAnalysis of Sheep Carcass Image.
We randomly select 200 images of sheep carcass as addi-
tional test datasets and conduct tests based on the optimal
model to obtain the MIoU and accuracy of the three parts of
the sheep, as well as the overall MIoU and total segmentation
accuracy of the model. Furthermore, in order to assess
whether the model has good real-time performance, the time
needed to process a single image is recorded, as well as its
average value. Examples of the segmentation process are
shown in Figure 8.

(e accuracy, MIoU, and the average processing time of
single image of the ICNet for the semantic segmentation of

the three parts of the spine, ribs, and neck in the sheep
carcass image are given in Table 3.

From Figure 8 and Table 3, we conclude that the
segmentation of sheep carcass image in the spine, rib, and
neck is accurately performed by our method; each part is
clearly distinguished, with oversegmentation and
undersegmentation to reduce to a nonsignificant value. In
particular, the sheep spine edges with complex features are
clearly identified, which is probably due to the deeper low-
resolution branch convolution layer of the ICNet and to
the multilayer convolution operation, which ensures the
extraction of detail abstract features. Besides, ICNet’s
multiple upsampling feature fusion improves the recog-
nition accuracy. For the additional test set, the overall
accuracy and MIoU of the ICNet model are 97.68% and
88.47%, respectively, and the average processing time of
the single image is 83ms, which indicates that the ICNet
achieves accurate semantic segmentation of sheep carcass
images, with good real-time performance.

3.3. Generalization Ability Test of the ICNet Model. In order
to verify the generalization ability of the ICNet model for
semantic segmentation of sheep carcass images, we se-
lected 600 sheep skeleton images with the same light
source randomly and converted its RGB color space to
HSV. In addition, we set 1.5 times and 0.8 times image
brightness to simulate different light intensity and es-
tablish different brightness image datasets of sheep car-
cass, including 300 “bright” images and 300 “dark”
images. Finally, it is manually labeled and input into the
ICNet model for testing. Some segmentation results are
shown in Figure 9.

From the image segmentation results in Figure 9, it can
be seen that the ICNet can still achieve accurate segmen-
tation of three parts of sheep carcass at the two levels of
“light” and “dark,” and the edges of spine-rib and rib-neck
adhesion areas are obviously distinguished, the area is
complete, the contour is clear, and the over segmentation
and under segmentation is not significant. Finally, the
segmentation accuracy andMIoU of the ICNet for different
brightness sheep skeleton images reached 95.23% and
81.67%, which indicates that for the sheep carcass image
dataset, the ICNet has strong generalization ability and can
meet the segmentation requirements of different brightness
scenes.

3.4. Comparative Study on Different Segmentation Methods
for Sheep Carcass Images. In order to further test the ad-
vantages and disadvantages of our ICNet real-time semantic
segmentation method of sheep carcass image, we here
compare its performance with that of the U-Net, DeepLabv3,
PSPNet, and Fast-SCNN, which are commonly used
methods in image semantic segmentation tasks.

3.4.1. Model Training. (e training parameters of the above
four models are consistent with the ICNet, and they are all
trained automatically saving the optimal model. (e
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behavior of the loss function with the number of iterations
during the training process for each model is shown in
Figure 10.

As shown in Figure 10, the loss value of DeepLabv3 and
U-Net decreases rapidly at the beginning of training and
then shows a plateau around 0.05, finally converging to
0.033 and 0.034, respectively, for a number of iterations
around 19,000. (e behavior of the loss function for the
PSPNet and Fast-SCNN is similar; it decreases rapidly at
the beginning of training and then slowly decreases. After
17,000 iterations, the loss value converges to 0.036 and
0.057, respectively.

Moreover, the model’s parameter size is also significant
toward its deployment on the robot processing system.
Ensuring model’s accuracy and real-time performance,
smaller model parameters mean higher practicality. In this
study, the memory size of the model is used to measure its

parameter scale. According to statistics, the minimum
memories are 13.6MB, 100MB, 224MB, 679MB, and
764MB for the Fast-SCNN, ICNet, U-Net, DeepLabv3, and
PSPNet models, respectively.

3.4.2. Semantic Segmentation Results of Sheep Carcass
Images. We have used the best model from the training
process of the four segmentation models to test the addi-
tional test datasets and obtain the final segmentation results
of each model, using them to compare results with those of
the ICNet. (e segmentation results of some sheep carcass
images are shown in Figure 11.

From the segmentation results in Figure 11, we see that
the U-Net, DeepLabv3, ICNet, and PSPNet may achieve
accurate segmentation of the spine, ribs, and neck in 4
sheep carcass sample images, with smooth edges of each
part, i.e., they meet the requirements of production for
cutting accuracy. However, there are oversegmentation
and undersegmentation in the image processing of sample
1 and sample 3 in the Fast-SCNN, which mainly shows
that the background and ribs are wrongly segmented into
the neck region. (e reason for this may be the shallow
depth of the Fast-SCNN network and the shallow learning
downsampling module that is used to extract multibranch
low-level features; when the scale of sheep carcass image
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Figure 6: Technical flowchart for real-time semantic segmentation of sheep carcass images.

Table 2: Training parameters of transfer learning and nontransfer
learning methods.

Training parameters Transfer learning Nontransfer learning
Initial learning rate 0.001 0.001
Momentum factor 0.9 0.9
Batch size 4 4
Gamma factor 0.1 0.1
Iterations 20,000 20,000
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data is limited, it is difficult to extract deep abstract
features in the image for network learning, making it
difficult for the localization of features. On the contrary,
the U-Net, DeepLabv3, and PSPNet are deeper than the
Fast-SCNN, and they all adopt encoder-decoder structure,
so that the models are able to extract more abundant
semantic features and better recover the edge information
of objects. In addition, the ASPP structure of the Deep-
Labv3 and the pyramid pooling module of the ICNet and
PSPNet make the models able to accurately obtain context
information and multiscale features. (e overall accuracy,
MIoU, and average processing time of single image of the
U-Net, DeepLabv3, PSPNet, and Fast-SCNN are given in
Table 4.

According to the numbers of Table 3 and Table 4, we
conclude that the semantic segmentation model of sheep
carcass image based on the U-Net has the highest seg-
mentation accuracy and MIoU, reaching 97.72% and
88.69%, which is 0.03%, 0.19%, 0.04%, and 0.22%, and
0.25%, 1.47%, 0.87%, and 4.71% higher than the Deep-
Labv3, ICNet, PSPNet, and Fast-SCNN, respectively. (e
above results also show that the segmentation perfor-
mance of the five segmentation models is only slightly
different.

According to the visual segmentation results in Fig-
ure 11, the Fast-SCNN is affected by undersegmentation
and oversegmentation, and thus, only the U-Net, Deep-
Labv3, ICNet, and PSPNet models are suitable to practical
segmentation of sheep carcass image. In terms of real-time,

the U-Net, DeepLabv3, ICNet, and PSPNet take 269ms,
513ms, 83ms, and 552ms respectively, and the ICNet takes
the shortest time, which is 69.14%, 83.82%, and 84.96%
shorter than the U-Net, DeepLabv3, and PSPNet, respec-
tively. (ose results show that ICNet achieves high seg-
mentation accuracy and good real-time performance, thus
meeting the actual needs of sheep carcass cutting pro-
duction line.

Due to the differences in the characteristics of the three
parts of the neck, ribs, and spine of the carcass, it is equally
important to judge the segmentation effect of the model for
each part. We thus have obtained the segmentation accuracy
and MIoU of the five models for the three parts. (ey are as
shown in Figures 12 and 13.

As it is apparent from the plot, the segmentation
accuracy and MIoU value of the ICNet for three parts of
sheep carcass are larger than the PSPNet and Fast-SCNN,
and there is no significant difference with U-Net and
DeepLabv3 results. (e ICNet’s segmentation accuracies
of the neck, ribs, and spine are 94.13%, 96.42%, and
89.90% and MIoU is 84.61%, 90.88%, and 80.33%. (is set
of figures shows that ICNet results meet the requirements
of production lines for the segmentation accuracy of each
part of sheep body. (e test results indicate that ICNet’s
ability to segment the sheep’s neck in the image is the
weaker. (e reason may be that there is adhesion between
the neck and the rib, and the characteristics of the ad-
hesion region are very similar to those of the neck region,
despite the adhesion region belongs to the ribs.

Table 3: Segmentation results of sheep carcass on the ICNet model.

Types Accuracy (%) MIoU (%) Time (ms)
Spine 94.13 84.61

83Ribs 96.42 90.88
Neck 89.90 80.33
Additional test datasets 97.68 88.47
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Figure 7: Loss value of nontransfer learning and transfer learning on the ICNet model.
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Figure 10: (e loss value in the training process of four methods. (a) U-Net loss. (b) DeepLabv3 loss. (c) PSPNet loss. (d) Fast-SCNN.
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4. Conclusion

For the spine, ribs, and neck in sheep carcass images, we
have proposed a real-time semantic segmentation method of
sheep carcass images based on the ICNet. (e test results
show that for the sheep carcass image datasets, the model has
high segmentation accuracy and good real-time perfor-
mance, which are suitable to overcome the noise effects
caused by the complex production line background. Finally,
the segmentation accuracy of the ICNet is 97.68%, MIoU

reaches 88.47%, and it takes 83ms to process a single sheep
carcass image. In addition, by different brightness image
segmentation experiments verified that the ICNet has strong
generalization ability for the sheep carcass image dataset.
Moreover, we have taken the U-Net, DeepLabv3, PSPNet,
and Fast-SCNN to conduct a semantic segmentation
comparison test on the sheep carcass image datasets. (e
experiment has shown that the U-Net, DeepLabv3, and
PSPNet can achieve accurate segmentation of sheep carcass
images, whereas the Fast-SCNN shows undersegmentation
and oversegmentation. In addition, the segmentation ac-
curacy and MIoU of the U-Net and DeepLabv3 are 0.04%,
0.22%, and 0.01%, 0.03% higher than the ICNet, respectively,
and the segmentation accuracy and MIoU of the ICNet are
larger by 0.21%, 1.25%, and 0.83%, 4.49% compared to the
PSPNet and Fast-SCNN, respectively. Finally, for a single
sheep carcass image, the ICNet takes the shortest time,
which is 69.14%, 83.82%, and 84.96% shorter than the
U-Net, DeepLabv3, and PSPNet, respectively, which indi-
cates that the ICNet has a significant real-time advantage.
(is method can provide technical reference for the de-
velopment of the vision system for sheep carcass cutting
robot.

In the future, we plan to optimize the method of this
study with a more lightweight real-time image semantic
segmentation model without decreasing the cutting
accuracy.
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