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Cattle identification is crucial to be registered for breeding association, food quality tracing, disease prevention
and control and fake insurance claims. Traditional non-biometrics methods for cattle identification is not really
satisfactory in providing reliability due to theft, fraud, and duplication. In this study, a computer vision tech
nique was proposed to facilitate precision animal management and improve livestock welfare. This paper pre
sents a novel face identification framework by integrating light-weight RetinaFace-mobilenet with Additive
Angular Margin Loss (ArcFace), namely CattleFaceNet. RetinaFace-mobilenet is designed for face detection and
location, and ArcFace is adopted to strengthen the within-class compactness and also between-class discrepancy
during training. Experiments on real-word scenarios dataset prove that RetinaFace-mobilenet achieves superior
detection performance and significantly accelerates the computation time against RetinaNet. Three loss functions
utilized in human face recognition combined with RetinaFace-mobilenet are compared and results indict that the
proposed CattleFaceNet outperforms others with identification accuracy of 91.3% and processing time of 24
frames per second (FPS). This research work demonstrates the potential candidate of CattleFaceNet for livestock
identification in real time in practical production scenarios.

1. Introduction
With the increasingly population’s need for meat and requirements
for high food quality, the livestock industry is developing from smallscale and subsistence farming towards intensive and specialized graz
ing. For the purpose of improving the product outputs and quality, there
is a definite need for the automated and precise management of livestock
so as to achieve the product quality traceability. Accurate and reliable
identification of cows plays a vital part both in tracing cows from birth to
the meat products and in avoiding fake insurance claims which solve the
problem of mismatch between the claim cattle and the insured cattle
(Aziz et al., 2013; Kumar et al., 2016a). The most important components
of dairy production and genetic improvement system, such as cattle
selection, breeding, vaccination and calving also depend on identifica
tion of cattle individuals.
Classical cattle identification technologies such as ear tags (Leslie
et al., 2010), branding (Adcock et al., 2018) and tattooing is susceptible
to theft, fraud, and duplication, which cannot guarantee the effective

identification for cattle, but also causes stimulation and physical damage
to cattle, affecting animal welfare. The newly emerging marking method
based on Radio Frequency Identification (RFID) usually uses embedded
technology in wearable devices and provides dramatic advantages and
operational improvements over classical methods (Yang et al., 2020),
but it is constrained by the relatively expensive cost and the limited
monitoring distance. Furthermore, the worn devices probably suffer
from being lost, tampered or damaged. Therefore, the need for a more
robust cattle identification scheme has become desirable in modernscale dairy farming.
With the developments in precision livestock and information tech
nology, visual animal biometrics has gained attention recently and
become a promising trend in the cattle identification. The biometricbased technology takes advantage of computer vision and intelligent
monitoring equipment to obtain the unique and stable biological char
acteristics of cattle such as facial images (Kumar et al., 2015; Kumar
et al., 2016b), retinal vascular patterns (Gonzales Barron et al., 2008),
iris patterns, muzzle print images (Kumar et al., 2018) and other visual
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characteristics, providing low-cost and efficient methods for cattle
identification. However, biometric identifiers present challenges con
cerning characteristics capture, recognition precision, computation time
and the system practicability. For instance, the retinal vessel identifi
cation method is faced with the problems of the capture of retinopathy
images and poor collectability over long-term tracking; The accuracy of
iris approach will be greatly impacted if the iris is blocked by the cattle’s
eyelid or eyelashes. Moreover, iris texture may change with diseases and
drugs which result in failure in iris-based recognition systems; Although
the muzzle print of cows could be regarded as a time-immutable char
acteristic (Monteiro, 2016), a build-up of moist booties on cattle’s nose
during eating or daily activities will raise challenges in identification
accuracy due to using smeared images.
Compared with the above-mentioned biometrics recognition
methods, cattle face identification can be considered as an affordable,
non-invasive, easy-to-operate and robust individual identification
approach by using distinct structured facial features and skin texture
information. Kim et al. identified Japanese black cattle by face images
which were processed by the associative neural memory method, and
the method was verified by the transformed face image of brightness,
distortion, noise, and angle (Kim et al., 2005). Cai et al. proposed local
binary pattern (LBP) features used to extracts local texture features of
cattle face for face detection and robust alignment by sparse and lowrank ecomposition to align the images (Cai & Li, 2013). Xia and Cai
studied the cattle identification on the basis of sparse representation
classifier (SRC). They employed traditional machine learning methods
for feature extraction and also evaluated the nearest neighbor and SRC
for classification (XIA & CAI, 2012). Kumar et al. presented the com
parisons of ICA, PCA, LBP, Speeded Up Robust Feature (SURF) and
Linear Discriminative Analysis (LDA) for extracting local texture fea
tures from different levels of Gaussian filtered images for automatic
cattle face recognition (Kumar et al., 2015; Kumar et al., 2016b). His
togram Oriented Gradient (HOG) as features and Support vector ma
chine (SVM) for classification have been performed for the identification
of multi-view faces in thermal imaging with three classifiers and tem
perature thresholding (Jaddoa et al., 2020).
However, the heavy involvement of handcrafted features which are
appearance-based feature representation cannot meet the requirements
for realizing cattle identification in unconstrained scenarios. Recently,
deep learning, an emerging field of computer vision, has been success
fully used to detect and represent the phenotypic appearance and visual
biological characteristics of individual animals (Chen et al., 2020;
Crouse et al., 2017; Hansen et al., 2018; Marsot et al., 2020). For
instance, Yao et al. introduced the cow face recognition framework that
coupled the CNN (Convolutional Neural Networks) and the PnasNet-5
recognition model for automatic learning features (Yao et al., 2019).
Qiao et al. unified the advantages of CNN and LSTM (Long Short-Term
Memory) network methods for identifying beef cattle using image se
quences. A CNN network using Inception-V3 was adopted to extract
features from a rear-view cattle face video dataset and these extracted
features were then used to train an LSTM model to capture temporal
information and identify each individual animal (Qiao et al., 2019). In
order to solve the problem of the influence of camera’s low resolution
and position, Yang et al. developed the cattle face recognition network
using CNN cascaded with the super-resolution network for improving
recognition accuracy and recovering identity information for generating
cow faces closed to the real identity (Yang et al., 2019). Wang et al.
achieved cattle face recognition through small sample data using VGG16 network in combination with parameter transfer (Wang et al., 2020).
Despite satisfactory results obtained based on these intelligent
methods, there is still limitation that need to be addressed. The top
challenges for livestock application are the identification accuracy and
speed in practical production scenarios. The suggested main reason for
this discrepancy is that cattle face recognition is regarded as the task of
object detection and classification in most research. However, cattle face
recognition is a particular field of object classification, and it is actually

homologous to human face recognition, because of diverse background,
illumination, occlusion, face angle and scale in cattle. Since abundant
work has been done in human face recognition, it is reasonable to
examine the applicability of well proven approaches for cattle face
recognition.
Considering the potential application and scalability for large
pasture, this paper proposes a novel approach based on the face recog
nition named CattleFaceNet for future use to identify individual cattle
face. In this work, the light-weight backbone network is employed and
the latest loss function of face recognition is integrated into the network
to tackle the challenges of effective and efficient cattle identification in
practical farm condition. It should be noted that this is the first time that
the improved RetinaFace for face detection combined with Additive
Angular Margin Loss (ArcFace) is applied for animal identification.
2. Theoretical framework
Face identification is a particular application of pattern recognition
which is composed of face location, face alignment and face classifica
tion (Ylioinas et al., 2015). Specifically, the first step is detecting the face
and locating the facial landmark in the image, and then the main face
area cropped after preprocessing is fed into the back-end network where
the facial feature extracting and face matching are completed. Face
identification has achieved notable progress lately with reference to the
general object detection and the latest advancement in deep learning.
CNN-based object detectors can be grouped into the two-stage detection
algorithm and the one-stage detection algorithm based on regression
(Lin et al., 2020; Redmon & Farhadi, 2018; Ren et al., 2017). The most
recent cutting-edge face recognition approaches center on one-stage
framework which adopt dense sampling, and demonstrate promising
performance both in speed and precision compared with two-stage ap
proaches (Deng et al., 2020; Deng et al., 2019).
RetinaFace is the latest one-stage face detection model proposed by
Insight Face in 2019 which is based on the structure of RetinaNet and
also uses deformable convolution and dense regression loss (Deng et al.,
2020). The paper utilized the lightweight version of RetinaFace based
Mxnet. To enhance the detection speed, Mobilenet was chosen as the
backbone to achieve a lightweight model. The outputs of these final
blocks in Mobilenet for conv2_x, conv3_x, conv4_x and conv5_x are
denoted as {C2, C3, C4, C5} and this detection network is pre-trained
and initialized by ImageNet dataset. Moreover, a 3 × 3 convolution
with stride = 2 is appended on C5 to produce P6 so as to improve the
feature pyramid levels. Feature Pyramid Networks (FPN) is adopted to
extract features for week semantic features using a top-down pyramid
(P2-P6) and lateral connections. Learned from the successful design of
Single Stage Headless (SSH) (Najibi et al., 2017) and PyramidBox (Loy
et al., 2019), independent context modules followed the FPN are
employed to expand the receptive field of the pre-detection area and
improve the reasoning ability, thus the corresponding multi-task loss
can be calculated effectively.
The feature pyramid is employed in the paper to conduct multi-scale
feature fusion of cattle face, which especially has good performance in
detecting small face. Although sliding windows on image pyramids have
prevalent application in scale-invariant face detection frameworks,
sliding anchors on feature map of multiple sizes predominate soon after
the feature pyramid emerges. While extracting features, dense sampling
of face location and scale is performed on the feature pyramid, where
SSH deploys the context model to expand the scope of the receptive field
in the Euclidean grids.
• Single Stage Headless (SSH) detection network
Due to the scale variance in the images of cattle faces in uncon
strained environments, the detection network is supposed to have strong
robustness for the detection of multi-size faces in the images. Although
the recent research took the advantage of image pyramid to process
2
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Fig. 1. (a) The experimental farm and (b) the experimental camera deployed on a tripod.

small, medium, and large faces jointly (Liu et al., 2020; Luo et al., 2020),
the drawback is that the image pyramid needs to be constructed for each
image and each layer of the pyramid image involves one forward
operation, which obviously increases inference time. Different from twostage detection algorithms which filter the region proposals and then
perform classification (Girshick, 2015; Ren et al., 2017), SSH is a singlestage detection network and directly detect face from the first few
convolutional layers of the classification net (Najibi et al., 2017). In this
paper, the SSH design combines the designed detection modules on the
feature maps on the corresponding convolutional layers to realize scaleinvariant performance. Moreover, the procedure is completed during
the single forward pass and thus these make SSH a light-weight and
efficient model for face detection.
The cattle face detection framework consists of three parts: i) 3 × 3
convolutional layers; ii) context module and iii) two branches of 1 × 1
convolutional layer. The output of the 3 × 3 convolutional layer and
context module are merged through concat function to detect and
localize the cattle face, then two 1 × 1 convolutional layers perform
classification prediction and bounding-box prediction respectively.
Instead of expanding the window around region proposal to obtain more
context information which is common in the region-based algorithms,
SSH employs single layer of convolutional layers to integrate context.
Specifically, 3 × 3 convolutional layer is deployed and connected in
parallel or sequential respectively, and thereby expand the receptive
field but use fewer parameters than the region-based algorithms.

Table 1
The experimental dataset specifications.
Images

Size

Proportion

Training

72

1854

512 × 512

80%

Verification

9

232

512 × 512

10%

Testing

9

232

512 × 512

10%

Total

90

2318

512 × 512

100%

3. Materials and methods
3.1. Datasets collection and preprocessing
The experimental dataset collection was conducted in two housing
farms of Hongxing Farm and Minle Farm, China. Fig. 1 depicts the
experimental farm and the experimental equipment of the camera. A
Sony FDR-AX 40 camera on a tripod was used to capture the cattle faces
recorded in videos when they were fed from the cow standing in front of
the trough to leaving the trough. The video for each cow is in the HD
spatial resolution (3840 × 2160 pixels) with 25 FPS. Images from videos
were intercepted and key frames during face movement were chosen
manually and resized to 512 × 512 pixels. These key frames for each cow
were under different situations and highly similar faces especially
consecutive frames were avoided. The background of dataset is rela
tively complex such as different illumination, overlapping, postures and
even shadows, making the dataset more challenging. The specifications
of datasets in the experiment are presented in the Table 1.
As can be seen in Table 1, the experimental dataset consists of three
parts, that is, training (80%), verification (10%) and testing (10%),
which contains 1854, 232 and 232 images, respectively. For cattle face
detection during training, the annotation tool known as LabelImg was
utilized to label the ground truth for cattle face using RectBox shown in
Fig. 2, and the RectBox coordinates marked in red were transformed into
standard data styles similar to the wider_face formats (Yang et al., 2016)
via the formula (2) and (3). In addition, the image naming of each cow

Face classification is different from general object classification since
the feature differences both in face intra-class and inter-class is hard to
distinguish for real-world applications. The biggest challenge for largescale face classification is to optimize loss function to strengthen the
intra-class compactness and also inter-class discrepancy for highly
similar individual faces (Liu et al., 2017; H. Wang et al., 2018). Additive
Angular Margin Loss (ArcFace) is designed to enhance the discrimina
tive capacity for learning deep feature, which can considerably maxi
mize the separability of face classes (Deng et al., 2019). ArcFace is
modified from the most common loss function, Softmax, which is shown
as follows (Srivastava et al., 2020):
N
1 ∑
es(cos(θyk +m))
log s(cos(θy +m)) ∑n
scosθj
k
N k=1
e
+ j=1,j∕
=yk e

Cow number

Here, N and n denote the batchsize and label class respectively. θj is
the angle between embedding feature and the corresponding j-th col
umn of weights. Moreover, the additive margin penalty m is added to the
angle to lessen within-class discrepancy and enlarge between-class an
gles. The embedding feature of the yk class is fixed through L2 normal
ization and re-scaled to s.

• Additive Angular Margin Loss (ArcFace)

L= −

Dataset

(1)
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Fig. 2. Example of annotation (green) for cattle face and details of a labeled cattle face.

Fig. 3. The proposed framework for the individual cattle face recognition.

was manually annotated similar to the LFW public dataset formats
(Huang et al., 2008) for the purpose of cattle face classification.
b0 = xmin b2 = xmax − xmin

(2)

b1 = ymin b3 = ymax − ymin

(3)

and ymin represent the starting coordinates of vertical axes. xmax and ymax
are the finishing points of X-axis and Y-axis and respectively, and thus b2
and b3 are the width and height of the cattle face RectBox.
3.2. Overview of the proposed framework

where b0 and xmin are the starting coordinates of lateral axes while b1

As shown in Fig. 3, this paper proposed a novel pipeline for
4
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available libraries including Mxnet, Pytorch and Torchvision in Py
thon3.7 to provide the software environment of deep learning. The
training experiment consisted of two phases: face detection and face
classification in cattle. In the face detection stage, the Mobilenet-pretrained backbone was used in RetinaFace as the beginning and finetuned by cattle dataset for face detection, then the ArcFace loss calcu
lated the feature distance and completed the face classification on
dataset. During these two procedures, the batchsize was set 32 and the
training process terminated at 34,000 iterations.

Table 2
Evaluation metrics of cattle face detection.
Method

AP

Atime

Positive
object

False
Positive

False
Negative

RetinaNet
RetinaFacemobilenet

0.997
0.997

0.060
0.038

501
501

3
1

1
0

individual cattle face recognition in field conditions. The cattle face
collected from the farm was manually annotated and labelled the class of
cows, while simultaneously processed automatically by the designed
model, CattleFaceNet. The input images which were partitioned and
resized were transported to the lightweight backbone network for
feature extraction and then Single Stage Headless (SSH) detection
network for achieving multi-task learning of face detection and align
ment. The loss function, ArcFace, in combination with the aligned face
shape effectively enhanced the discriminative feature learned from the
networks for face classification. Lastly, the estimated class and face
location of cattle face from the automatic process were validated with
the ground-truth by manual marking.

4. Experimental evaluation
The experiment was conducted with two main goals. Since the
optimal RetinaFace + ArcFace framework extracted features from the
RetinaFace for face detection, and conducted final classification using
ArcFace. Thus, the paper made the evaluation of the cattle face detection
and individual classification respectively and compared against the
corresponding baseline methods.
4.1. Performance metrics
This paper utilized various evaluation metrics to measure the effec
tiveness of the proposed CattleFaceNet network model for cattle face
detection and classification, including average precision (AP) and
average processing time (Atime). The paper used AP to denote the
predicted precision of all individual cows. In addition, False Positive
(FP) specifies the quantity of falsely labelled cattle face. Likewise, the

3.3. Experimental setup
The experiment was implemented on a workstation which was
installed with NVIDIA GeForce GTX 1080 graphics cards and Win
dows10 system. The proposed framework was written employing

Fig. 4. Example images of detection results using RetinaNet and RetinaFace-mobilenet approaches.
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Fig. 5. Cattle face detection results of different scenes using RetinaFace-mobilenet.

quantity of cattle face incorrectly labelled is denoted False Negatives
(FN).

of AP and Atime. The RetinaNet and the RetinaFace-mobilenet were
trained on the same dataset and the dataset in this section for face
detection was collected under different conditions of the illumination,
overlapping, postures and shadows. Due to the imbalanced datasets,
using precision alone may be misleading, the paper also calculates the
incorrectly detected including false positive and false negative. Table 2
shows the comparison analysis between two approaches on cattle face
detection.
It can be seen from Table 2, the performance of RetinaFacemobilenet convincingly outperforms the RetinaNet approach. Rela
tively high detection results can be observed using the designed

4.2. Performance on cattle face detection
As the most powerful open source face detection model, RetinaFace
adopts the similar structure design to RetinaNet and improves upon it
(Lin et al., 2020). In our previous work, RetinaNet has proved to be most
promising network for cattle face detection against the latest object
detection methods (Xu et al., 2021). Therefore, the paper compares the
lightweight RetinaFace with RetinaNet on cattle face detection in terms
6

B. Xu et al.

Computers and Electronics in Agriculture 193 (2022) 106675

Table 3
Comparisons of testing results between various loss function.
Method

Atime

Classification
Accuracy

False
Positive

False
Negative

RetinaFace + Softmax
RetinaFace + CosFace
CattleFaceNet
(RetinaFace +
ArcFace)

0.042
0.043
0.042

0.803
0.875
0.913

88
61
43

11
2
0

these were conducted using the same dataset. As observed, all the loss
functions present a downward tendency from a rapid decline at the
beginning to the fluctuation at a certain range with the increase of the
epochs. In comparison with Softmax loss, the trends of ArcFace loss and
CosFace loss are very similar, however, ArcFace loss outperforms than
others in the context of the ultimate loss value and the convergent
stability.
To testify the effectiveness of CattleFaceNet, this research performed
experiments on three trained frameworks and the testing results are
described in Table 3. All three approaches achieved good results with
above 80% classification accuracy. However, inspecting from Table 3,
with the same detection model, the performance of the proposed Cat
tleFaceNet shows superiority over RetinaFace + Softmax and Retina
Face + CosFace approaches with a classification accuracy of 91.3% and
execution time of 24 FPS. Compared with Softmax, ArcFace loss and
CosFace loss have significantly improved the classification accuracy by
11% and 7.2% respectively. This is because there are pose and illumi
nation variations within individual cattle and relatively higher similar
ity between different identities in testing data. The results indicate that
employing margin penalty in ArcFace loss and CosFace loss significantly
improve the ability of distinguishing features obtained by deep learning,
and thus proves its effectiveness in improving the intra-class compact
ness and also inter-class discrepancy. Notice that there is no major dif
ference in the computation time for testing between three loss function,
which implies the loss function only works on the optimization of the
recognition accuracy of the algorithms and the processing time is
determined by the network complexity.
To investigate how the loss function works on the input images, the
paper further demonstrates the individual cattle recognition results in
various scenarios using different loss function presented in Fig. 7. The
raw images from Fig. 7 (a) to Fig. 7 (i) belong to cattle 33, cattle 32 cattle
28 respectively. However, as observed from the first two rows in Fig. 6,
due to high resemblance between cattle 33 and cattle 32 in face
appearance and texture, the two face images are confused by Softmax
loss and CosFace loss, and both are also misidentified as another similar
cattle 7 by Softmax. Likewise, the confusion regions are produced on the
first row and third row images using CosFace and this is a consequence
of unobvious between-class differences between some individuals.

Fig. 6. Comparison of training loss between varying loss function.

framework with the same AP of 99.7% but the best processing time of 38
ms per image. The system achieves 26 frames per second (FPS) on a
desktop once the model has been trained, which means livestock
counting based face detection can be potentially realized on a standard
computer in real time. It is noting that RetinaFace-mobilenet shows the
lowest errors with regard to FP and FN of 1 in 501 cattle faces. By
contrast, there are 4 faces error detection in 501 in the case of RetinaNet,
which is likely a bit risky for the future farm use.
Example images of detection results using two methods are shown
respectively in Fig. 4. Obviously, Fig. 4 (a) and (b) demonstrate that it’s
difficult for RetinaNet approach to discriminate between the cattle face
and some parts of the body in some situations where the image was
collected from the side and the colour and texture near the face are much
the same with that of other cattle faces. In addition, since this work only
involves the training and testing of single face images, in order to
examine the generalization capability and robustness of the proposed
model, this paper further compares the performance of RetinaFacemobilenet and RetinaNet on some additional multi-face images. As
presented in Fig. 4 (c) and (d), RetinaFace-mobilenet for is better than
RetinaNet regarding multi-face detection.
In practical detection scenes, the interference factors mainly come
from the variety of facial postures caused by the head swing, light
changes and occlusion of obstacles such as food trough railing. There
fore, the paper also presents the cattle face detection results of different
scenes in real production using RetinaFace-mobilenet in Fig. 5. The
proposed model performs well on the challenging dataset on the whole.
However, for the position deviation of the bounding-box in Fig. 5 (b) and
(d), the main reason is that the ambient light is very strong or dim,
resulting in the low precision of the proposed model in identifying cattle
face in a few similar extreme cases. The results imply that it is not
suitable for cattle face recognition in the evening or during the day when
the ambient light is very strong.

5. Discussion
Animal face identification is often limited to traditional machine
learning or CNN-based object detection approaches and this is mainly
attributed to precision constraints, particularly in the unconstrained
production scenarios. Learning from the human face recognition, this
paper has presented an adaptive and light-weight CattleFaceNet
approach for cattle face detection and individual identification. This
method allows processing image frames to detect and classify cattle face
for 512*512 input with 24 FPS on a standard Desktop CPU. This means
that the model is potential for the animal identification system inte
grated into mobile apps for individual identity verification in cattle in
surance industry and establishment of personal files in meat products
traceability. To the best of our knowledge, such combined strategy of
RetinaFace and Additive Angular Margin Loss is the first attempt
designed for animal face recognition.

4.3. Cattle individual recognition results and comparison analysis
Supervised learning has gained notable achievements in object
detection and classification. Investigates its reason, apart from the
feature extraction model, loss function is also highly relied on to solve
complicated classification tasks. The purpose of classification is to widen
the between-class discrepancy, and also reduce the within-class dis
tance. The loss function in the most common use is Softmax, however, it
only considers whether the classification is correct but the distance be
tween classes isn’t taken into account. Based on this, this paper selects
the latest loss functions of face identification and evaluates the perfor
mance together with face detection model on cattle face identification.
Fig. 6 depicts the training loss with three different loss functions and
7
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Fig. 7. Example images of individual cattle recognition using different loss approaches.

Accurate face detection and location is a crucial prerequisite for face
recognition. The paper uses the most cutting-edge face detection ar
chitecture, RetinaFace, for reference and designs the lightweight model
capable of localizing cattle face at around the stone in its pen. While the
results give the indication of how well the model performs on cattle face
detection in the real-word scenarios. Notably, the environment for each
cattle is different from others and thus the dataset containing variable
lighting, posture and illumination is not fully balanced. This could be
solved by enlarging the dataset of specific cases or establishing tracking
system to improve its robustness capability. For next consideration, the

algorithm could be in conjunction with edge computing to equip the
stand alone device, for example, surveillance cameras. Cattle face
detection could be used for livestock tracking and counting in an un
obtrusive way, and also could be further developed for animal expres
sion and emotion analysis to monitor animal welfare.
A frequently cited challenge in feature learning for face identifica
tion is to devise the proper loss function to improve discriminative ca
pacity (Liu et al., 2019; Liu et al., 2016; F. Wang et al., 2018). The basic
consensus is that learning both the intra-class and the inter-class features
between the classes is the best way to supervise the recognition effect.
8
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The paper learns from the latest successful design of loss function in face
recognition to apply in the animal face identification. The presented
comparison results illustrate that the integration of the proposed Reti
naFace detection network and ArcFace loss function achieve the supe
riority in complex production scenarios. This implies that the framework
for human face recognition can be improved for special requirements
and transferred to animal face identification. Although the recognition
accuracy of CosFace loss function is higher than Softmax, it still falls
behind ArcFace for distinguishing individuals within same class. The
result is not surprising since an angle parameter is added to ArcFace,
which forces the angle between the same kind to be enlarged, and
thereby the neural network makes the same kind more compact.
Despite the results CattleFaceNet achieves, the proposed approach is
not scalable for future farm use and this is because the network needs to
be retrained while expanding the cattle individuals or recollecting face
images with cattle growth. The suggested solution is to introduce the
incremental recognition model(Castro et al., 2018; Wu et al., 2019),
which can learn the new features based on the existing model and
doesn’t need to retrain from the beginning.
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