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Abstract: In harsh environments where high-intensity work is performed, predicting the work intensity based on the vital signs of a 

worker can be useful in preventing accidents. Considering existing worker management systems are analyzed using set thresholds, they 

cannot resolve variables caused by individual differences. Therefore, we propose an algorithm to estimate the work intensity of workers 

based on their heart rate and body temperature using a deep learning-based 1D CNN-LSTM model. The proposed algorithm uses time-

series signals of 60 s to accurately estimate the work intensity by considering the time-series characteristics. In addition, the proposed 

algorithm considers the individual differences in bio-signals by extracting and using data from the exercise and rest states of workers. 

To verify the performance of the proposed algorithm, we compared estimation performance factors such as model accuracy, precision, 

recall, and F1 score with those of various models; the results showed a high estimation accuracy of 99.96%. We believe the proposed 

algorithm can help minimize damage by preemptively responding to unexpected accidents that may occur at work sites by accurately 

estimating the work intensity based on the individual differences among workers. 
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1. Introduction
Owing to the recent development of smart devices and sensors, 

many user-centered services based on various bio-signals have 

been developed [1]-[4]. Wearable devices such as smartwatches 

measure heart rate, blood pressure, and electrocardiogram pro-

vide highly reliable health indicators according to the user's real 

time activity. The user's bio signal measured through a wearable 

device is crucial in determining the real-time physical condition, 

and their safety can be derived by predicting the condition. In 

particular, in harsh environments where high-intensity work is 

performed, such as ships and steel mills, the prediction of work 

intensity based on the worker's vital signs can help improve 

safety management and prevent accidents [5]-[6]. 

An increase in physical activity owing to an increase in the 

work intensity indicates an increase in the amount of oxygen re-

quired for muscle activity. To supply the oxygen required, certain 

changes occur in the body, such as increased respiration and 

heart rate and skin temperature. In particular, when the heart rate 

increases during high-intensity work, the skin temperature rises, 

which decreases the work efficiency, causing severe fatigue and 

low concentration, leading to serious accidents. Therefore, there 

is a need for a method of estimating the work intensity by grasp-

ing the real-time biometric information of the worker, such as 

skin temperature and heart rate. Existing estimates of work inten-

sity are directly related to the heart rate [7]-[8]. The Borg's Scale 

[9], a representative exercise intensity measurement index, is the 

most widely used method of estimation, and various studies have 

been conducted related to work intensity [10]-[11]. However, be-

cause the metric is a questionnaire-based reasoning method, it 

can be difficult to conduct real-time measurements. Therefore, 

based on the high correlation between Borg's Scale and the heart 

rate, several studies have combined activity perception and heart 

rate [12]-[13] and proved the relationship between heart rate and 

the intensity of physical activity. Therefore, the work intensity 

can be estimated in real time using the heart rate. 

Existing worker management systems receive information 
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such as the skin temperature, blood pressure, and the heart rate 

of workers, and analyze whether they pass a set risk level [14]-

[15]. However, assigning the same criteria to all workers cannot 

resolve the variables caused by individual differences. Therefore, 

the worker management system requires a work intensity estima-

tion algorithm that can be considered. The work intensity can be 

estimated using the heart rate, which was confirmed through the 

previous studies described above. Additionally, when the heart 

rate increases, the energy consumption and skin temperature in-

crease, thereby indicating that the skin temperature changes ac-

cording to the changes in the heart rate, and the work intensity 

can be estimated using the heart rate and skin temperature. Re-

cently, many studies have been conducted to solve various prob-

lems by learning bio-signals using deep learning models [16]-

[17]. By using a deep learning-based method, the model can learn 

the characteristic patterns of various signals, and representative 

features can be extracted from the information of bio signals with 

individual differences. 

This study proposes a deep learning-based real-time work in-

tensity estimation algorithm that uses heart rate and skin temper-

ature information to determine a worker’s rest and physical ac-

tivity states. The proposed algorithm measures the heart rate and 

skin temperature information using the Fatigueset's wrist weara-

ble device and extracts the rest state information and physical ac-

tivity state information from the dataset. Furthermore, the pro-

posed deep learning-based 1D CNN-LSTM is used to determine 

the extracted biometric information as a time series and estimate 

the work intensity in the current state according to the rest, phys-

ical activity, heart rate, and skin temperature. The proposed algo-

rithm simultaneously uses the remaining state information and 

the physical activity state information. This algorithm can deter-

mine individual differences in biometric information, and the 

data aspects according to time series can be obtained by pro-

cessing the heart rate and skin temperature information using a 

sliding window technique. 

The remainder of this paper is organized as follows. Section 

21D describes the CNN-LSTM and related research. Section 3 

explains the structure of the proposed method and the data pre-

processing methods. In Section 4, the performance is evaluated 

by comparing the model accuracy, precision, recall, and F1 score 

for the detailed settings and dataset descriptions for the experi-

ment of the proposed method. The experimental results and con-

clusions are presented in Section 5. 

2. Related research and theories

2.1 Related research 
The work intensity can be estimated using the heart rate, which 

was confirmed through previous studies. In addition, when the 

heart rate increases, energy consumption and skin temperature 

increase, thereby indicating that the skin temperature changes ac-

cording to the changes in the heart rate, and the work intensity 

can be estimated using the heart rate and skin temperature 

[16][17]. Recently, many studies have been conducted to solve 

various problems by learning bio signals using deep learning 

models [18][19]. Using a deep learning-based method, the model 

can learn the characteristic patterns of various signals to extract 

representative features from the information of bio-signals with 

individual differences. 

Padraig et al. [20] classified work intensity with a very simple 

binary classification system using a CNN based on activity data 

recorded by a smartwatch. The proposed algorithm compared 

and analyzed the data measured based on Borg's scale with ma-

chine learning algorithms such as Support Vector Machine 

(SVM) and DTW. However, it was difficult to estimate real-time 

task intensity considering the proposed CNN-based algorithm 

classifies data by post-processing rather than real-time pro-

cessing. In particular, the performance of DTW, which is a real-

time processing method, was lower. 

Darbandy et al. [21] proposed a method for monitoring and 

detecting occupational physical fatigue using heart rate measure-

ment of a wearable device. It can quickly determine the heart rate 

signal by determining the similarity using the KNN. However, 

the proposed method is difficult to apply universally, depending 

on the environment, given that the user characteristics are not 

considered. Therefore, it is necessary to study a discrimination 

algorithm for real-time work intensity based on a user's biologi-

cal characteristics. 

2.2 1D CNN-LSTM structure 
A CNN is a network that can extract spatial features of data, 

and an LSTM [22] is a network that can learn features of time-

series data. CNN-LSTM. These two structures combined can 

learn the features of time-series data and two-dimensional data 

together. Because 1D CNN filter 1D data, their features can be 

obtained from 1D sensor data, and by learning time-series infor-

mation through LSTM, it shows excellent performance in classi-

fying and estimating time-series data. The 1D CNN-LSTM struc-

ture is used in signal-based technologies such as healthcare and 
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RADAR-based Human Activity Recognition (HAR). Shoeibi et 

al. [23] proposed a model capable of automatically diagnosing 

schizophrenia by processing an EEG, which is a brain wave sig-

nal using a 1D CNN-LSTM structure. This study was conducted 

to determine whether it is schizophrenia using a 1D CNN-LSTM 

model by combining graphs according to various electrodes of 

the EEG signal into one image. The results showed that it is easy 

to process bio signals by using 1D CNN and LSTM simultane-

ously. Zhu et al. [24] proposed a model that learns the character-

istics of frequency change using 1D CNN-LSTM of the 2D spec-

trogram of the radar signal in radar-signal-based HAR and clas-

sified behavior through LSTMs. The model proposed in this 

study showed a similar performance to other models using a 2D 

CNN. Through these studies, the structure of 1D CNN-LSTM 

can effectively obtain good results in the learning model of time-

series data. 

3. Proposed Algorithm
3.1 Overview of the proposed algorithm 

 In this study, we propose a model for estimating the work in-

tensity of a worker using their heart rate and skin temperature 

during rest and physical activity states in real time. The proposed 

deep-learning model comprises a 1D CNN and LSTM, as shown 

in Figure 1. 

Figure 1: Structure of proposed work intensity estimation model 

The proposed model divides the time-series data of the heart 

rate and skin temperature in the rest and physical activity states 

using the sliding window technique for 60 s of the signal, and 

uses the combined heart rate and skin temperature data as input 

data. Furthermore, when inputting data into the model, the data 

is divided into rest and physical activity states such that each state 

can also be considered. Feature information of time series  

 data are extracted using 1D CNN layers of the preprocessed 

data in the rest state and physical activity state, respectively. A 

1D CNN is a network that can analyze one-dimensional data 

patterns and time-series information and extracts time-series 

characteristic information of bio-signals. Then, the extracted fea-

ture information is input to LSTM, which can learn time-series 

data. Here, the initial weights are set by first inputting the char-

acteristic information of the remaining state into the LSTM. Sub-

sequently, the feature information of the physical activity state is 

input to the LSTM, wherein the weight is mapped with the infor-

mation of the rest state. Finally, the FCNs were used in a structure 

for the final output of the data to obtain the estimated work in-

tensity from the output data. By inputting the characteristic rest 

state first and using the data of the physical activity state later, 

the characteristic information of the physical activity state can be 

learned considering the feature information of the rest state. As a 

result, the work intensity can be estimated considering both 

states. 

3.2 Data preprocessing 
 The model proposed in this study uses the heart rate and skin 

temperature data as input data. However, biometric information 

such as the heart rate and skin temperature differs from person to 

person depending on the body condition. Therefore, to consider 

these conditions for all workers, it is necessary to develop a 

method for identifying variables caused by individual differ-

ences. Although there are individual differences for each person, 

as the work intensity increases, the heart rate and body tempera-

ture increase. To apply these human characteristics, this paper 

uses rest and physical activity, heart rate, and skin temperature 

data during preprocessing to respond to individual differences in 

a wide range of work and learn changes in bio signals depending 

on the work intensity. 

 The preprocessing process is illustrated in Fig. 2. First, sig-

nals in the rest and physical activity states were extracted from 

the heart rate and skin temperature data. Then, using the Sliding 

Window technique, the data was overlapped and extracted in 

units of 60 s. For example, for 180 s of data collected, we obtain 

Figure 2: Method of data preprocessing 
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120 pieces of data. However, considering the skin temperature or 

heart rate does not change rapidly depending on the physical ac-

tivity state, it is not possible to accurately determine the change 

if information at a short time point is used. This paper focuses on 

the fact that the average heart rate is described in terms of heart 

beats per minute and extracts data in units of 60 s. Finally, to use 

both the heart rate and skin temperature information simultane-

ously, the heart rate and skin temperature data at the same time 

are simultaneously connected and used as input to the model. 

3.3 Proposed 1D CNN-LSTM model 
 The work-intensity estimation algorithm using heart rate and 

skin temperature uses preprocessed time-series data, as described 

in Section 3.2. Therefore, the proposed model was designed us-

ing a 1D CNN, which can extract of time-series data, and LSTM, 

which can estimate the time-series data. Previous studies [7]-[13] 

confirm that heart rate is related to actual work intensity. Moreo-

ver, because blood pressure also increases as the heart rate in-

creases, the body temperature can serve as an auxiliary variable 

for the heart rate. The input time series data was calculated as 

shown in Figure 3.  

Figure 3: Process of LSTM in the proposed model 

In the 1D CNN, the heart rate at time t (ℎ𝑟𝑟𝑡𝑡) and the skin tem-

perature (𝑇𝑇𝑡𝑡) are preprocessed input data in 60 s increments are 

convolved in chronological order to extract temporal character-

istics, and the feature data are extracted by combining the other 

two variables. Then, it goes through multi-layer 1D CNN Layers 

and max-pooling to generate feature vectors for time-series pat-

terns. For all parameters of the 1D CNN, Kernel Size was set to 

2, stride was set to 1, and padding was set to 0. The kernel size 

of the max-pooling layer was set to 1. The feature vectors in the 

rest and physical activity states generated through this process 

were input to the LSTM to extract time-series pattern features. 

The adapted LSTM is illustrated in Figure 4. 

Figure 4: Process of 1D CNN Layers 

where 𝑅𝑅𝑡𝑡 and 𝐸𝐸𝑡𝑡 are feature vectors extracted from a 1D CNN 

as input data in the rest and physical activity states, respectively. 

Each feature vector was processed according to the following for-

mulas. 

ℎ0, 𝑐𝑐0 = 𝐿𝐿𝐿𝐿𝑇𝑇𝐿𝐿(𝑅𝑅𝑡𝑡)   (1) 

𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜 = 𝐿𝐿𝐿𝐿𝑇𝑇𝐿𝐿′(𝐸𝐸𝑡𝑡 , [ℎ0, 𝑐𝑐0])   (2) 

As shown in Equation (1), 𝑅𝑅𝑡𝑡 is used as an input to LSTM and 

outputs of Many to One. These vectors are used as the initial 

weights of LSTM, which 𝐸𝐸𝑡𝑡 will be input in Equation (2), and a 

vector called output is the output of Many to One. If the output 

of the vector in the rest state is used as the initial weight of the 

LSTM, the output considering the characteristics of the rest state 

can be obtained by inputting the vector in the physical activity 

state. Therefore, it is possible to obtain a result of estimate the 

work intensity by considering both the information of the rest and 

physical activity states. The hidden size of LSTM was set to 128, 

and the bidirectional option was applied to design a model that 

simultaneously considers information from the previous and later 

time steps. 

4. Results

4.1 Experimental setting 
The model proposed in this paper was implemented using 

Pytorch, a Python-based deep learning framework, and the learn-

ing parameters and learning epochs were set to 100. The batch 

size was set to 512. The learning loss function uses cross-entropy, 

which is a representative function used in classification algo-

rithms. Adam [25], which optimizes different neural networks 

well, was used as the learning optimizer, and the learning rate 

was set to 0.001. 

The training dataset used was Fatigueset [26]. Fatigueset 

measured mental and physical fatigue after performing three 

types of physical activities by attaching four wearable devices to 

12 people. There were three sessions in Fatigueset, as shown in 

Figure 5.  
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Figure 5: Dataset measurements of Fatigueset 

One is S1 Session, wherein the subjects are given a 3 min break 

for data collection, and the second is S2 Session, wherein the 

physical activity is performed for 3 min to provide physical fa-

tigue. The third is the S3 Session, which is a task that gives men-

tal fatigue for 15 min. The middle of each course was comprised 

of M1 sessions that identified fatigue status through question-

naires. The physical activity intensity of the S2 Session was ex-

pressed in three categories: 0, 1, and 2, and jogging was per-

formed at speeds of 5, 7, and 9 km/h. When the subject reported 

a grade of 10, 14, or 16 on Borg’s Scale, the criterion for each 

physical activity intensity was determined while stopping for 

safety. We extracted and used the data of sessions S1 and S2 to 

acquire heart rate and skin temperature information during rest 

and physical activity states. Heart rate and skin temperature data 

were extracted from a wrist wearable device, as shown in Figure 

6, and signals of 1 Hz and 4 Hz were received. To match the time 

step of the data, the heart rate and skin temperature data corre-

sponding to 1 Hz were used. 

Figure 6: Wrist wearable device, E4 Wristband 

After completing the preprocessing described in Section 3.2, 

the total number of data was 466560, and each data point was 

([resting heart rate for 60 s, rest skin temperature for 60 s], [phys-

ical activity heart rate for 60 s, physical activity skin temperature 

for 60 s], and physical activity intensity). The ratio of training, 

verification, and test data was 8:1:1, and bias caused by data or-

der was prevented by randomly shuffling the entire dataset. 

4.2 Experiment results 
4.2.1 Metrics 

To compare the performance of the proposed method, we eval-

uated whether it was accurately estimated using the model accu-

racy, precision, recall, and F1 score. Model accuracy refers to the 

prediction accuracy of the model's test dataset, and precision is a 

metric that compares whether the category classified by the 

model is classified correctly; one can check whether the pre-

dicted correct answer is correct. Recall is a metric that can be 

used to determine whether the correct answer is accurately pre-

dicted. The F1 Score is calculated as the harmonic average of 

precision and recall; therefore, the performance of the model can 

be accurately evaluated regardless of data imbalance. The dataset 

used for learning uses the Fatigueset [26] described in Section 

4.1, and the learning settings of all models were the same as those 

described in Section 4.1. 

4.2.2 Validation with Other Models 

To prove the performance of the model for estimating time-

series bio-signals, we compared the performance of the SVM, 

DNN, and the proposed model. Furthermore, we compared the 

SVM, a representative machine learning-based classification al-

gorithm, and deep neural networks (DNNs), which are multi-lay-

ered single dense layers, with the proposed model in Table 1. The 

SVM was implemented using the Scikit-Learn module, the Ra-

dial basis function (RBF) [27] was used as the kernel, and the 

parameters C and gamma were set to 10 and 0.1, respectively. 

Instead of 1D CNN and LSTM, DNNs stack three layers of FCN 

layers with output sizes of 60, 30, and 15 to extract features in 

the rest state and physical activity state, combine the two fea-

tures, and finally input them into an FCN layer with an output 

size of three. 

Table 1: The performance for proposed model and other models 

Metrics 
Algorithm 

SVM DNNs Proposed 
Model Accuracy (%) 64.4 65.0 57.2 

Precision (%) 66 66 65 
Recall (%) 64 66 57 

F1 Score (%) 64 65 60 

As a result, the model accuracies of DNNs, SVM, and the pro-

posed model were calculated as 64.4%, 65.0%, and 57.2%, re-

spectively. When using only single data, the proposed method 

showed lower accuracy and estimation performance compared to 
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the DNNs or SVMs. However, the accurate estimation showed 

similar performance to the comparison models, as the precision 

results were 66%, 66%, and 65%, respectively. However, be-

cause it compares information at a single point in time that does 

not match the time-series information, the performance is said to 

be somewhat insufficient for practical use. Therefore, in Table 2, 

the performance was compared after constructing the input data 

using the data preprocessing method of the proposed method. 

Table 2: The performance for proposed method and single 

timestep method 

Metrics 
Algorithm 

Single Timestep Multi Timestep 
DNNs Proposed DNNs Proposed 

Model 
Accuracy (%) 65.0 57.2 91.83 99.96 

Precision (%) 66 65 92 100 
Recall (%) 66 57 92 100 

F1 Score (%) 65 60 92 100 

In Table 2, the models used in each method used DNNs and 

1D CNN-LSTM with the same structure as in Table 1. However, 

the structure of the input data used data from a single point in 

time, and the data were built through the proposed preprocessing 

method. 

The test accuracy of the model using the single time step and 

multi-time step significantly improved to 65% and 91.83% for 

DNNs and 57.2% and 99.96% for 1D CNN-LSTM, respectively. 

Additionally, 1D CNN-LSTM showed a very high estimation ac-

curacy of 99.6%. When the estimation performance was almost 

accurate, the number of datasets was relatively small using infor-

mation on the three physical activity states of the 12 subjects. 

However, it can be confirmed that using the information of the 

rest and physical activity states can estimate the work intensity 

more accurately than using a single time step in the same learning 

environment and model. In the future, additional studies will be 

conducted using large-scale bio signal information. Moreover, 

the estimation performance was higher than that of DNNs con-

sidering 1D CNN-LSTM handles time-series information of a 

longer time step better than DNNs. Therefore, it was confirmed 

that the model method of the proposed method is effective in 

learning time-series data. Finally, in Table 3, the effect of using 

both sets of data was analyzed by comparing the cases of  

using both heart rate and skin temperature data and using only 

the heart rate data. 

Table 3: The performance using other data category 

Metrics 
Case 

Heart Rate Only 
Heart Rate & Skin 

Temperature 
Model Accuracy (%) 82.56 99.96 

Precision (%) 85 100 
Recall (%) 83 100 

F1 Score (%) 82 100 

4.2.3 Validation with Different Data Usage 

Table 3 analyzes the effects of heart rate and skin temperature 

on the work intensity estimation by comparing the cases of using 

only heart rate information and both heart rate and skin tempera-

ture using the proposed 1D CNN-LSTM. For the training data, 

the heart rate and body temperature data measured by Fa-

tigueset's wrist sensor were used. The experimental environment 

and conditions were the same as those in Tables 1 and 2. The 

heart rate and body temperature data were collected from Fa-

tigueset's wrist sensor, and only heart rate data was used for 

learning when used for each 1 Hz. In contrast, when using heart 

rate and body temperature, input data in the form of (heart rate 

and body temperature) were combined and used for learning. 

When the model used only the heart rate, the model accuracy was 

82.56% lower than when the heart rate and skin temperature were 

used together. Although the amount of data used was minimal, 

considering the same number of learnings were used, it was con-

firmed that the work intensity could be accurately estimated 

when the heart rate and skin temperature were used together, 

thereby showing higher accuracy by adding skin temperature in-

formation. 

From the above experimental results, we can conclude that the 

work intensity can be estimated more accurately than a single 

point in time by preprocessing the rest and physical activity data 

with a sliding window and utilizing the characteristics of time-

series information. Using this method, it is possible to determine 

the work intensity with high accuracy, even in real-time. Further-

more, the work intensity can be estimated more accurately by us-

ing both heart rate and skin temperature, as a comparison be-

tween the method using both heart rate and skin temperature and 

the method using only heart rate. Additionally, the proposed 

method showed high performance compared to other algorithm 

models, thereby proving the performance of the proposed model. 

However, the estimated accuracy of the model was quite high 

owing to the lack of data. In future work, we believe it will be 

possible to study whether similar accuracy can be obtained in a 
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real environment by collecting work intensity estimation data at 

a longer time step. 

5. Conclusion
This study proposed an algorithm for estimating work inten-

sity in real time using the heart rate and skin temperature in the 

rest and physical activity states to estimate the work intensity of 

a worker. The proposed algorithm acquired the time-series data 

by pre-processing the time-series information of the resting and 

physical activity states of the heart rate and skin temperature us-

ing the sliding window method and estimating the work intensity 

using a 1-D CNN and LSTM. Through a performance compari-

son, the proposed algorithm estimated more accurately compared 

to other estimation algorithms with 99% model accuracy, high 

precision, recall, and F1 Score. Additionally, the proposed 

method is expected to show high accuracy in real-time estimation 

by comparing preprocessed time-series data in units of 60 s. 

Moreover, it was confirmed that the estimation performance was 

improved based on the correlation between the two data sets by 

using heart rate and skin temperature together. In the future, we 

expect that research will be conducted to collect and analyze var-

ious bio signals from workers working in ships and shipyards. 
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