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Abstract— In recent times, nuclear families with both 

parents working round the clock are mushrooming all over 

the world. As a result, children are left alone in their homes 

without any supervision. To address this issue, this work 

aims to develop a ‘Human Activity Recognition based Child 

Monitoring System’. This system is composed of- Faster 

RCNN model for human activity recognition, webcam 

interface for input video, and an Android application. The 

frames are extracted from the incoming video stream from 

the webcam and are fed to the activity recognition model. 

The model then outputs the recognized activity along with a 

confidence score. The parent is notified through the Android 

application whenever the child under surveillance performs 

any activity that is deemed to be harmful or inappropriate by 

the system. The deep learning model used for human 

activity recognition gives quite good results for the small set 

of activities considered for this work. 
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I. INTRODUCTION 

Parents play a pivotal role in shaping the lives of their 

children. With the advent of the family-style where both the 

parents are at work, raising a child has become difficult. 

Nuclear families have mushroomed and increased 

everywhere the country, leaving working parents with 

almost no loved one to leave their child with.  

So, to address this issue, this work proposes a child 

monitoring system based on human activity detection with 

video surveillance. 

Today it is quite easy to equip the homes with 

cameras for surveillance of kids, but the surveillance is done 

by a human, and it is done only if there is a report of 

anomaly behavior, otherwise, the videos are kept as 

archives, and never used. Developing algorithms for 

automatic detection of human movements, and updating the 

parent with the child’s activities whenever necessary, will 

result in real-time processing of activities of the child at 

home. 

II. RELATED WORK 

Human activity recognition is a broadly popular arena of 

computer vision. But, use of human activity recognition for 

child monitoring, in particular, is comparatively quite less 

explored. Most of the existent child monitoring systems rely 

on various body-mounted sensors for child tracking and 

monitoring.  

The work by N. Raghavan and S. Ullas[1] proposes 

a monitoring system that requires that the wireless sensors 

be worn by the child connected to anklets, bangles, bands, 

etc. One of the works that come close to the aim of our work 

is by S. Fleck and W. Straßer[2], in which a distributed and 

automated camera-based approach is proposed. In another 

work [3], the use of an integrated multi-sensors unit is 

proposed for efficient child monitoring. In [4], YOLO based 

approach is adopted for human activity detection while in 

[5] Faster RCNN is adopted for object detection. In [6], 

Imagenet dataset has been introduced for activity detection. 

The works [7][8][9] contain implementations of sensors-

based child tracing and monitoring systems. In [10], a 

tracking algorithm is presented. 

III. THE FASTER RCNN 

Among the various neural networks for visual works, Faster 

RCNN [11],is one of the most popular neural networks. 

Three neural networks namely Feature network (FN), RPN 

that is Region proposal network and detection network form 

the basic components of the Faster-RCNN. 

For this work the VGG16 network with some minor 

modifications is used as the feature network. Appropriate 

and useful features are extracted from the input images 

while simultaneously maintaining the structure and shape of 

the original images.  

Next comes the RPN which is a three layered convolutional 

neural network. The two layers - classification and bounding 

box regressor layers - are feed from a single common neural 

layer. The RPN then generates bounding boxes which 

actually are the ROIs (Region of Interest) that have a high 

probability of object detection. These bounding boxes are 

identified using the pixel coordinates of the diagonal 

corners. The final class and the bounding box are the output 

of the detection network which is nothing but the RCNN 

network. This detection network, usually made up of four 

fully connected layers, takes the input from FN and RPN.  

Training is done for both RPN and detection network which 

involves the crux of the Faster-RCNN. 

A. Loss Function 

Faster R-CNN is optimized for a multi-task loss function 

combining two tasks (classification + bounding box 

regression). The Faster R-CNN uses the L1 loss which is 

less sensitive to the outliers. 
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Fig. 1: The Faster R-CNN model. (Image source: Ren et al., 2016) 

IV. METHODOLOGY 

A. Step 1: Data Collection and Data Preprocessing: 

1) Data Collection - 

The images for the dataset was collected from various 

sources. Some images were collected from the Stanford40 

dataset. Many images were procured from various sources 

from the Internet. Also, real-time camera images with the 

help of children around the campus were collected. 

Sr. No. Action Class Label 

1 Reading Reading 

2 Watching Television In front of Screen 

3 Using Computer/Laptop In front of Screen 

4 Fighting Fighting 

Table 1: The action categories and labels in the dataset. 

 
Fig. 2: Dataset images- (1) Reading  (2)In front of 

Screen  (3)In front of Screen  (4) Fighting 

2) Labeling Images- 

Labeling the images was one of the very crucial and time-

consuming tasks. For labeling the data, software ‘labellmg’ 

was used. In labellmg, desired objects can be labeled using 

bounding boxes. For every image corresponding .xml file is 

generated which contains the details about the bounding 

boxes and the labels. 

 
Fig. 3: Child Reading Book 

 
Fig. 4: Image (reading_353.jpg) 
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Fig. 5: Corresponding .xml file 

3) Splitting into training testing sets- 

The dataset is split in 4:1 ratio. 80% of the dataset images 

constitute the training set while the other 20% constitute the 

test set.  

B. Step 2: Generate Training Data 

Using the labeled images, data is created as input to the 

TensorFlow training model. The image .xml data is used to 

create .csv files. Then, a labelmap is created, where each 

action class is assigned a unique id. And finally, a 

‘train.record’ and a ‘test.record’ file is generated. The new 

activity detection classifier is trained using these files. 

C. Step 3: Training: 

Training of faster RCNN involves the training of its RPN 

(Region Proposal Network) and the Detection network. 

Firstly, the input images are passed through the 

convolution layers to extract the feature maps. The 

convolution operation acts on the input image using a 

convolution filter to produce a feature map. For example, 

 

 

 
Input Image X Filter = Feature Map 

Fig. 6 

The next step is the training of the Region Proposal 

Network (RPN). 

The image feature map is inputted to the RPN and 

collection of object proposals along with their associated 

objectness score is generated as the output. The low-

dimension feature is mapped using sliding window and then 

fed to the regressor layer and classification layer. Also, 

anchors are used in Faster-RCNN. 

Different sized proposed regions in the form of 

CNN feature maps are obtained from the RPN. Then comes 

the basic RCNN structure which is employed to perform RoI 

pooling. It takes region feature maps and flattens them out. 

Then these flattened feature maps are passed through ReLU 

activation that generates action predictions. During RoI 

pooling the different sized feature maps are reduced to a 

uniform size.  

D. Step 4: Testing 

The trained Faster RCNN model is then tested with the test 

data and the accuracy is calculated. 

E. Step 5: System Development 

Connected to a webcam to live stream the input video. The 

camera is continuously ON and the frames captured from 

the video are given as input to the model for checking and if 

certain actions are noticed then the result is sent to the 

firebase and from there it goes to the app where the parent 

automatically receives the notification regarding the activity 

of their children. 

V. EXPERIMENTAL RESULTS 

In this work, images of children with different age, gender, 

height,etc performing different actions have been used for 

the dataset. The actions included Reading, Fighting, being 

Infront of the Screen (watching Television or Using 

Computer).A large number of images were used for training. 

For each of the actions mentioned above 1000 images per 

action were collected. The dataset was divided into parts 

leading to 80% as training data and 20% as test data. 

 
Table 2: Training Data 
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Fig. 7: Training Images 

This is the data regarding the 20% test images that are not 

being given to the model while training, these images are 

completely unknown to the model. 

 
Table 3: TestingData 

 
Fig. 8: Testing Images 

After all operation discussed in methodology we got the 

results as follows- 

Out of the 200 images for reading testing, 200 

images for fighting testing and 200 images for in-front of 
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the screen testing, these are the results after testing these 

images by the model: 

 
Reading Fighting 

In-front 

Of      Screen 
Nothing 

Reading 194 - - 4 

Fighting - 185 - 15 

In-front 

Of  Screen 
2 - 187 13 

 

Accuracy = (194 + 185 + 187) /600 = 94.3 % 

Table 4: Results 

The proposed system can detect various activities 

like reading, in-front of screen, etc and notify the parent 

accordingly. 

In the following figure 9. the trained model in the 

system detected the correct output that the girl is reading. 

 
Fig. 9 

 
Fig. 10 

In the figure 10. The model detected the correct output that 

the girl is In-front of Screen (using laptop)      

The notification is being sent via the Android App: 
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Fig. 11: App Notifications 

VI. CONCLUSION 

The real-time child monitoring system based on human 

activity recognition using Faster RCNN is quite efficient in 

identifying actions involving a single person. Activities like 

fighting that involve more than one person are recognized 

with lesser accuracy. For making the results more accurate 

and making the system highly robust a well-curated and 

gargantuan dataset of actions would be needed. 
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