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Abstract 
 

With the advent of the internet, the entire world has become a global village. 

Despite finding maximum utilization worldwide, the internet’s full potential 

is yet to be explored, as many things are not connected. In order to achieve 

this, a new technology called the Internet of Things (IoT) is being developed, 

which works mainly on the aim of ―connecting the unconnected‖. The 

practical applications of IoT are found in various fields such as agriculture, 

health care (Human and Animal), defense, space science, etc. This paper 

deals with the application of IoT in animal health care. The cow population is 

the highest in India, which is the largest milk-producing country in the world, 

accounting for nearly 22 percent of global milk production. The cow is one 

of the primary resources for dairy industries, which employs automatic 

milking machines to extract milk. Nowadays, there is a wide variety of 

diseases experienced by a cow, especially in its udders. The mammary 

gland’s inflammation inside the udder is called clinical mastitis, whose 

detection at the early stage poses a massive challenge to the dairy industry . 

Existing techniques revolve around the usage of milk texture as the main 

parameter for mastitis detection. The proposed methodology uses a variety of 

parameters from udder using sensors and milk images. The sac is designed 

by deploying sensors that act as cow bra to collect the data. The milk images 

are gathered using a camera. To predict the clinical mastitis in cows deep 

learning algorithm applied to sensor data and convolutional neural 
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network used on milk image data. The cloud is used as storage from the 

remote end.  Also, the proposed method is compared with K Nearest 

Neighbor (KNN), Support Vector Machine (SVM) and Random Forest (RF) 

classifications. 

 

Keywords: Internet of Animal Health Things, IoT, Clinical Mastitis, 

Sensors, Mastitis detection. 
 

1 Introduction 
 

Energy The advent of the internet has changed the perception of 

communication in a way beyond explanation. From carrying out complex 

business activities to monitoring one’s health data, the internet has deepened 

our daily lives. Nowadays, exponential growth in the number of objects 

(living and nonliving) getting connected to the internet and new technology 

is required to satisfy every connected object’s needs within the existing 

constraints. 

The IoT is considered to be one of the fastest growing technologies, 

which has garnered significant attention from academia, industry and society 

[16]. IoT has provided a whole new dimension of viewing our day to day 

activities and have enabled us to carry out various tasks in a much smarter 

way. It facilitates the connection of every object to the internet via its robust 

framework that employs hardware components (like controllers, sensors, 

micro-controllers, etc.), software applications (applications written for 

configuring controllers, perform remote operations, etc.), communication 

platforms (appropriate communication protocols and frameworks for 

enabling communication among different objects) and cloud applications 

(written applications which bind the cloud-based objects with the local 

hardware components). IoT is not a single technology, instead, it is a 

consolidation of a variety of technologies. Due to its robustness, IoT has 

found its potential applications in many diverse fields such as health care, 

home automation, transport systems, defense, veterinary departments, 

agriculture, etc.  

One of the major applications of IoT is in dairy industries, which comes 

under veterinary science. India is the largest milk producing country 

globally, which accounts for nearly 22 percent of the total milk produced 

globally [14]. For any dairy industry, the cow forms the most crucial 

resource and is one of milk’s primary sources. In order to obtain a significant 

production of quality milk, the dairy industries need to ensure the well-being 

of cows, which is one of their top priorities. Similar to humans, cows too, 

experience a wide range of diseases.  

A cow needs to be healthy in order to produce quality milk and every 

dairy industry needs to ensure the well-being of this domestic animal, which 

forms one of its topmost priorities. Like humans, animals are also prone to a 

variety of diseases. One such condition is clinical mastitis, the infection of 

the  
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mammary glands caused by bacteria that enter the udder through the teat 

ends [15]. Mastitis occurs at the time of lactation, irrespective of the stages 

and months. But the cows are more susceptible to the disease in the first 

month of lactation. Initially, mastitis enters a single teat of the udder and then  

gradually spreads to the other teats. The disease is highly contagious. Utmost 

care needs to be taken to ensure the protection of cows. 

 In usual practice, the milking process is done either manually or using 

automatic milking machines depending on the number of available cows. 

However, in dairy industries, where there will be a huge population of cows, 

automatic milking machines are employed to extract milk. In such scenarios, 

it becomes highly challenging to identify the cows infected with clinical 

mastitis. Clinical mastitis is characterized by some of the visible 

abnormalities in the milk or the udder or both. The symptoms of clinical 

mastitis are tabulated in table 1. 
Table 1 Clinical mastitis symptoms [13] 

 
Abnormal

ity in 

Parameters Effects Results in  

Milk Texture of milk 

Flakes 
 Bad 

quality 

milk 

Clots 

Watery 
Appearance 

Udder 

Hardness 
Pus formation 

in the udder 
 Reduction 

in Milk 

quantity 

 Bad 
Quality 

milk 

Redness 
PH value 
variation 

Acute Pain and 

sensitivity to 
touch 

Fever in Cows 

 

Healthy and normal udder is shown in Figure 1 for differentiation. 

Mastitis can be mild, moderate, or severe, depending on the stage at 

which the mastitis is identified. Identifying mild clinical mastitis is very 

challenging, whereas for moderate and severe level, the cost incurred in 

identifying and treating mastitis is enormous. Largely, clinical mastitis is 

identified in either a moderate stage or severe stage, which affects the dairy 

industries adversely. The main objective of the proposed work is to provide 

an IoT and deep learning based solution to the problem of identifying clinical 

mastitis at the early stage, i.e., at the mild level. In this work, animals are 

being connected to the internet via sensors, IoT in this case is referred to as 

Internet of Animal Health Things (IoAHT). 

To receive efficient results, the dataset is collected from various local 

farms and dairies. Hence, the analysis for the proposed system begins from 

the data collection process. 

Table 2 shows the modules designed to achieve the objective of the 

proposed paper. 



 
 

 
 

 

 

 

 
Figure 1 Udder Variation in Cows 

 
Table 2 Module Description 

 

Module 
Module 

Name 
Module Description 

1. Design of sac 

Building of specialized sac using required 

sensors. This is used to cover the udder of the 

cow for sensing the required parameters 

2. 
Data 

Collection 

Collect and store the Sensor data generated by 

the sensors in the sac and Milk data. 

3. Result 

Analyze the collected data by processing them 

on the proposed deep learning based algorithm 

and tabulate the results. 

 

The following section explains the literature work and implementation of 

clinical mastitis detection.  

 

2 Literature Survey 
 

The existing manual method called California Mastitis Test (CMT) which 

is used extensively for the clinical mastitis detection [17]. CMT is basically 

used as a mastitis indicator on the cow, based on the Somatic Cell Count 

(SCC). 

According to Emma Carlén and Erling Strandberg proposed ―Genetic 

Parameters for clinical mastitis, Somatic Cell Score, and Production within 

the Primary Three Lactations of Swedish‖, the detection of clinical mastitis 

can be done by the examination of a genetic parameter, average SCC and 

milk production during the first three lactations [1]. Further, the developed 

system employed milk property for mastitis detection. SCC is taken from the 

milk and is compared with the set threshold value. 

Caroline Viguier et. al., proposed ―Mastitis Detection: Current Trends 

and Future Perspectives‖, in which various methods for the detection of 

clinical mastitis was identified and discussed [2]. Some of the discussed 

methods were (i) using natural gene or characteristics differentiate a cattle 

with mastitis, (ii) Measuring specific proteins within the milk, (iii) a 

macromolecule test for  

Normal  Mastitis  
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pathogen detection in milk, (iv) temperature is used as a parameter to detect 

the mastitis in cows, Increase in temperature tells about the cows illness, (v) 

variations within the EC, SCC and color of the milk detect the clinical 

mastitis using suitable sensors. 

Indu Panchal et. al., proposed ―Identifying Healthy and Mastitis Sahiwal 

Cows using Electro-Chemical Properties: A Connectionist Approach‖, where 

various milk properties like PH, EC, SCC and temperature of udder, milk and 

skin are taken to detect clinical mastitis [3]. 

Zhifei Zhang et. al., proposed ―Early Mastitis Diagnosis through 

Topological Analysis of Biosignals from Low- Voltage Alternate Current 

Electrokinetics‖ in which deployment of biosensors on milk and application 

of Gaussian Decision Tree for topological based mastitis analysis was 

discussed [4]. 

J. Eric Hillerton proposed clinical mastitis detection in ―Detecting 

Mastitis Cow-Side‖ based on milk’s electrical conductivity and analysis of 

milk temperature [5]. Sensitivity and Specificity were considered as 

parameters to prove the results. 

E. Wang and S. Samarasinghe in ―On-Line Detection of Mastitis in Dairy 

Herds Using Artificial Neural Networks‖ proposed a mastitis detection 

technique by considering various milk parameters such as PH value, 

electrical conductivity, temperature etc. [6]. 

To help the farmer staying in a remote location, Srushti K. Sarnobat and 

Mali A. S. gave a mastitis detection technique in ―Detection of Mastitis and 

Monitoring Milk Parameters from a distant Location‖ [7]. The method 

enabled the farmer to monitor the cow and its behavior remotely.  

According to [9], [12], there exist two types of sensors: 

1. Active Sensors: Sensors are embedded inside a bag. The bag is tied to the 

animal at an appropriate location. As the animals move from one place to 

another, they are monitored remotely via the bag’s sensors. 

2. Passive Sensors: The sensors are kept fixed at a specific location, which 

tends to have a specific active area of operation. Whenever the animal enters 

the sensor’s active area of operation, it gets monitored via the sensor. 

Following are some of the sensors applicable to animals [10], [11], [13]: 

• ECG sensors: Accumulate signals like ECG (Electro Cardio Graphic), 

body temperature and blood oxygen saturation. 

• Motion sensors: Trace the animal’s movements.     

• Environmental sensor: Observes humidity and temperature of the 

surrounding environment. 

• RFID: Identify and match the animal. 

• Temperature sensors: Find out the variation in the heat level in the body. 

• Smartphone: Smartphones also act as sensors to watch the health of 

animals remotely. 

• Heart rate sensors: Record the heartbeat rate of the animal. 



 
 

 

 

 

     

 

• Rumination sensors: Monitor the digestion rate of the animal. 

•  Oxygen sensors: Mainly utilized in fisheries to understand the oxygen 

level. 

• PH sensor: Identify the chemical composition of water based solutions. 

The conclusion is sensors are used on animals for the following purpose: 

1. Auto monitoring of the animals and obtain the monitoring statistics. 

2. Analyze the behavior of the animal and obtain the statistics. 

3. Detect the ECG data. 

4. Find motorized dysfunction. 

Most of the existing work taken place based on the milk parameter as per 

the literature study. The proposed system works on milk data and udder 

parameters. 

To summarize, every animal is connected to the internet for remote 

monitoring. Data regarding the illness of the animal is collected dynamically 

through sensors. IoAHT is very much similar to human to machine 

communication. To achieve a highly efficient result, the analysis should start 

from the data collection via sensors, processing the collected data and 

predicting the results based on the processed data. 

 

3 Methodology 
 

The proposed work workflow is divided into two stages – User end 

Process and Cloud end Process. The following section explains these stages 

in brief. 

 

        3.1 User End Process and Dataset 
 

Since the farmers are the people who mainly use the designed system, 

one of the crucial parts of the work is designing some of the hardware kit to 

be fixed to the cow. The user end process begins with the data collection 

process.  

For collecting the data, first, a sack containing all the required sensors is 

designed. The sack acts like a cow bra, which will cover the udder along with 

the teats and the sensors in the sac will generate the required data. The 

sample of the data collection process is shown in Fig.2 and the various 

sensors used in the sac are explained below: 

 
Figure 2 A to Detect Clinical Mastitis 

Ankitha K et al. 9268



 
 

 

 

 

 

 

Sustainable Integration of Deep Learning and Internet of Animal Health Things to 

Predict Clinical Mastitis in Cows 9269 

 

The sac contains the following sensors for collecting the data for the 

chosen parameters of clinical mastitis detection. 

1. Flex sensor: As per the literature review, it is found that, the primary 

symptom of a mastitis cow is variation in the udder size due to swelling. 

The udder has four teats and initially, the mastitis infection occurs in any 

one of the teats, i.e., a quarter of the udder. The infected teat will lead to 

swelling in the udder, which is detected using a flex sensor. For the work, 

four flex sensors are required to monitor a swelling of the udder. The flex 

sensor is shown in Figure 3. 

 
Figure 3 Flex Sensor 

 

2. Temperature sensor: Udder swelling indicates infection, which leads to 

an increase in the udder temperature. The udder temperature is noted 

using temperature sensor. A sample temperature sensor is shown in 

Figure 4. 

 
Figure 4 Temperature Sensor 

 

3. Analog to digital converter: The four flex sensors and a temperature 

sensor will continuously generate the data in analog form. Analog to 

digital converter is required to convert these analog values to digital 

values. Hence one analog to digital converter is deployed within the sac 

for the above said purpose. 

4. Raspberry pi: The raspberry pi acts as a sensor node and relays the digital 

data to the cloud. Cloud is an integral part of IoT structure, which is 

mainly required for storing the data. 

5. Switch: A switch is kept for user input about the hardness of the udder. 

All the sensors and converters are embedded inside the sac. There is no 

direct contact between the hardware and the cow body, so no harm to the 

cow. The sac is worn to the cow only twice a day for 5 to 10 minutes before 

the milking process. 



 
 

 
 

 

 

 

Milk also plays an essential role in clinical mastitis detection. However, 

independently, the milk data or the udder data alone cannot efficiently detect 

clinical mastitis. Hence, the proposed system takes a combination of milk 

data (in the form of images) and udder data (from the sensors) to give much 

better mastitis detection results. The obtained results are combined for further 

analysis. Thus the system works accurately with two kinds of data that is 

sensor data and milk image data. The variation of an udder size is a common 

part of the inhale and exhale process, so values must be taken carefully to get 

a good result. The user end process is shown in Figure 5.  

Work aims to give hands-on devices to common people and dairy 

industries to quickly and efficiently detect clinical mastitis before it goes to 

the last stage of the disease. 

 

 
 

Figure 5 User end process 

 

Table 3 shows the attributes considered for building the clinical mastitis 

detection problem’s data set and figure 6 shows the sample dataset. 

The proposed system performs the analysis of the data collected from 

various dairies and farms since 2017.  Initially, data collected from the udder 

using sensors and stored in the cloud as a CSV file. The result of milk image 

data is then added to the sensor dataset to give the final data set. The 

processing is done on the combination of the final dataset and the switch data 

(which determines the udder hardness). 

 
3.2 Cloud End Process 
 

Post data collection, in order to obtain the final result, processing is done 

on the collected data. At the cloud end, the data is stored and processed using 

deep learning (for sensor data) and Image Processing techniques 

(Convolution Neural Network (CNN) – for processing the milk image data.) 

The data is divided into training data and test data in the cloud, where 

prediction takes place. The cloud end process is shown in Figure 7. 
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Table 3 Data Attribute 

 
Hardware Parameter Data Source 

Flex Sensor 

Flex 

Sensor 1 

Udder_teat1_maxvalue 

Collected from the 

sensors in the sac 

(Sensor Data) 

Udder_teat1_minvalue 

Flex 

Sensor 2 

Udder_teat2_maxvalue 

Udder_teat2_minvalue 

Flex 

Sensor 3 

Udder_teat3_maxvalue 

Udder_teat3_minvalue 

Flex 

Sensor 4 

Udder_teat4_maxvalue 

Udder_teat4_minvalue 

Temperature Udder Temperature 

Camera 
Capture the milk image – to classify as 

normal milk and abnormal milk 

Milk Images (Milk 

Data). This will be 

combined with Sensor 

data to give the final data 

set. 

Switch Detect the amount of udder hardness 

The final Data set and 

the Switch data are 

combined and given for 

final processing. 

 
 

 
Figure 6 Sample Data Set 

 



 
 

 

 

 

 

 
Figure 7 Cloud End Process 

 

4 Result 
 

The milk image is obtained along with the udder information during the 

data collection stage. The milk image provides information about milk – 

Normal or Abnormal. Milk from a healthy cow will be normal, whereas the 

one obtained from the mastitis infected cow will be abnormal, which will be 

yellowish in color. 

The milk may appear abnormal due to various reasons, with one being 

clinical mastitis [18]. Hence, the abnormality of milk alone does not prove 

the existence of mastitis. The proposed work combines the milk data along 

with the sensor data collected from the udder.  

Milk dataset obtained from different cows of the same breed will be 

processed using CNN, considering the image parameters. Here color and 

milk texture are considered as the main features. Depending on the milk 

image and the sensor’s values dataset is created [19]. This dataset is used for 

further process. 

The methods to be followed to apply CNN are in Figure 9. 

Step 1: Input a milk image obtained through the camera. 

Step 2: Start the convolution operations for feature maps. Here, we 

introduce layer by layer operation. A convolution filter will be applied in the 

first layer to detect a pattern in the image. 

Step 3: Sub Sampling will be done on the convoluted image to reduce 

filter sensitivity. 

Step 4: The action layer controls the signal passing from one layer to 

another. 

Step 5: Add the Rectified Linear Unit (RELU) layer to fasten the training 

period and a feature nap of the milk image will be extracted. 

Step 6: To the Max pooling layer, the convolution kernel will be passed, 

using multiple filters to detect edges, corners, etc. 

Step 7: feature mapping will be used to convert the data to one-

dimensional array.  

Step 8: Processing data with a dense layer with all nodes. 
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Step 9: Output gives either of two values normal or abnormal with 

respect to the input milk image. 

Step 10: Convert these values to binary values like 0 (normal) or 

1(abnormal). 

Step 11: Combine output of Step 8 to the udder data set as last column 

data. 

It must be noted that the milk property is also considered as one of the 

major factors, which is combined with udder data in better identification of 

the clinical mastitis. Two kinds of images will be provided to the model – 

one image of milk from the normal cow and another image of the milk from 

mastitis infected cow. Milk from the normal cow will be pure and free from 

clots and puss since it will be healthy. In contrast, the milk from the mastitis 

infected cow will be exhibiting variations in color and texture.  

The five-layer proposed strategy gives us the estimable outcome for the 

location of the strange milk. Convolution, Max Pooling, Flatten, and two 

thick layers are the proposed five-layer CNN model.  

Information expansion had been done before fitting the model as CNN is 

an interpretation invariance. We assess the presentation in two different ways 

depending on parting the dataset. We achieve 92.98% of exactness for 70:30 

parting proportion, where the preparation precision is 99.01%. In the 

subsequent cycle, 80% of the pictures were appointed for preparing and the 

remainder of the pictures certify for testing, where we finished up 97.87% of 

exactness and 98.47% of preparing precision. The details are shown in figure 

10. 

Based on the input milk images, the classification model detects the 

status of the milk in a better way and provides accurate results. The result of 

the CNN model is shown in Figure 8. 

The result of the CNN is added to the sensor data set (obtained from the 

udder). The data set consists of a new attribute named milk status, which has 

equal importance as the remaining parameters. Information regarding the 

previous occurrence of mastitis is also taken to find the clinical mastitis in 

cows. 

 
Figure 8 CNN Process for Milk Image Model 

 

 



 
 

 

 

 

 
 

Figure 9 CNN Process for Milk Image 

 

 
Figure 10 Performance of the Proposed CNN Model 

 

 
 

Figure 11 Accuracy Of The Proposed CNN Model. 

 

Figure 11 shows the preparation and approval exactness of our model. 

The KERAS callbacks work determined it. Working with a distinctive 

number of ages, we watched the preparation and approval exactness. We 

found that after nine epochs model has the greatest exactness for both 

preparing and approval. 

On the primary data set, the fundamental algorithms of machine learning 

like K-nearest neighbor (KNN), Support Vector Machine (SVM) and 

Random Forest (RF) is applied. The accuracy of the algorithms is 78%, 81% 

and 89%, respectively. As dealing with the life of a cow and health, the 

accuracy is not satisfactory in KNN, SVM and RF. Figure 12 shows the 

comparison of KNN,  
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SVM and RF algorithm. In KNN, the value of K is taken as three after 

analyzing with various value of K. 

 
Figure 12 Comparison of KNN, SVM and RF 

 

The confusion matrix is given as below 

[
      
      

] 

The equation (1), (2) and (3) gives the information of precision, recall 

and f1 score calculations. 

 

          
               

                                        
     (1) 

 

       
               

                                               
 (2) 

 

           
                

                
                             (3) 

 

To get more accuracy on this mastitis detection deep learning algorithm 

is applied. The process of deep learning is shown in Figure 13. 

The deep learning processes are as follows,  

Step 1: Load data set.  

Step 2: Normalize the data between the values 0 to 1. Using the formula 

(4). 

 

         
               

                 
                                   (4) 

Step 3: Build a sequential model. 

Step 4: Add layers to the sequential model build in step 3. 

Step 5: Compile the model. 
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Step 6: Fit the model. 

Step 7: Evaluate the model. 

The data set is divided into training and test data. Around 80% of the data 

from the set is taken for training purposes and the remaining 20% of the data 

is taken for testing. The K-fold validation is applied to the data set for 

validation. These classification models accurately classify the data and 

predict the clinical mastitis problem in the cow. The test results are taken 

from the cow dynamically and are cross-validated with the veterinary doctor. 

The result is found to be accurate and the proposed method is found to 

identify the clinical mastitis successfully. 

 
 

Figure 13 Deep Learning Process for Milk Image 

 

The proposed system model loss and model accuracy is shown in Figure 

14 and Figure 15, respectively. The model gives an accuracy of 97.87%. The 

sigmoid activation function, ReLU rectifier and Adam optimizers are used to 

get an accurate result. 

We got 97.87% as precision, which is striking similarly as using five-

layer CNN. We analyzed with a substitute number of layers, yet the 

remarkable of the outcomes were not especially basic to the extent using this 

five-layer CNN model. A bit of the point that we obtained when we increase 

the number of layers is-figuring time, the complexity of the method group 

size and steps per was hugely high. Further, we used 0.2 as the dropout 

regard anyway didn’t practically identical the model as the exactness fixed. 

Subsequently, this model gives the best precision without using dropout. 

When we test the data, respect to the model gives an accuracy of 91%. 

The system accuracy is permissible when cross-validated with veterinary 

tests. The system accuracy is shown in Figure16. The whole system runs in 

Ubuntu OS with KERAS environment. The python platform is used to run 

deep learning and CNN concepts and results are desired. 
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Figure 14 Model Loss   

 
Figure 15 Model Accuracy 

 

 
 

Figure 16 Test Accuracy 



 
 

 

 

 

 

5 Conclusion 
 

IoT has profound real-time applications, with majority being 

concentrated on Health Care. Much work has been concentrated on human 

health care. Animals are also an essential part of the world and ensuring their 

well-being is necessary. Animals, when connected to the internet, give rise to 

IoAHT. Clinical mastitis is an infectious disease that occurs in cow, highly 

contagious and proves to be life-killing if suitable measures are not taken at 

the early stages. The proposed work considers a combination of udder 

information and the milk quality data to detect clinical mastitis in cows. The 

udder information is primarily obtained through various sensors and switch, 

whereas the milk information is collected through the milk images using a 

camera. 

We implemented CNN for better results, which brought in the accuracy 

of 97.87% with a split ratio of 80:20 of 200 images, i.e., 80% of training 

images and 20% of testing images. We plan to work with different types of 

milk images and achieve more efficient milk segmentation in the future. 

Working with a larger dataset will be more challenging in this aspect.  

The CNN model classifies the results in the binary form – 0 for normal 

and 1 for abnormal. The binary information is combined with the sensor data 

and is further processed. The machine learning algorithms such as KNN, 

SVM and RF provides the mastitis detection accuracy of 78%, 81% and 

89%. In order to achieve higher accuracy, deep learning is applied to the 

data, which enables the model to achieve an accuracy of 99% and system 

accuracy of 91%. The deep learning technique provides a much better result 

in the detection of clinical mastitis. 
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