
 Hybrid Deep Neural Network-Based Alert 

System for Wild Animal Activity 

Identification 

Abstract: This research addresses the pressing problem of the appearance of animal attacks in rural areas and 

forestry staff by developing an efficient surveillance system. The suggested Hybrid Visual Geometry Group 

(VGG)-19 with Bidirectional Long Short-Term Memory (Bi-LSTM) network aims at recognizing animal species, 

monitoring their activity, and providing timely locational information to send alerts in forest areas. Using the 

VGG-19 to extract features and Bi-LSTM to learn sequences, the model achieves the accuracy of animal 

recognition and movement patterns, as opposed to other traditional surveillance methods. As well, an ensemble 

approach is applied, which combines the forecast of different independent models to enhance resilience and 

accuracy. In addition to that, the performance is greatly increased with the use of methods like CNN supplemented 

with BiGRU, reaching the accuracy of 100 percent. The implementation provides an easy-to-use front end coded 

in Flask framework with user testing being possible with authentication. This paper is a feasible plan to minimize 

the risks of animal attacks, where advanced deep learning techniques and user-friendly design are used to 

implement effective safety measures in rural and forestry areas. 

Index Terms – Animal detection, VGG-Net, Bi-LSTM, convolutional neural network, activity recognition, video 

surveillance, wild animal monitoring, alert system. 

I. INTRODUCTION

The recent years have seen the rising rates of human-

wildlife interactions which have revealed the dire 

need of new approaches that can reduce the conflict 

rates and enhance the safety levels of humans and 

wildlife. The urbanization and agricultural 

development drove by habitat invasion has 

increasingly brought people into the close contact 

with animals leading to the rise of conflicts and 

threats [1]. These interactions have proven to be 

very challenging to conservationists, policymakers, 

and local communities, and as a result, the creation 

of effective early warning systems is necessary to 

minimize risks and to provide timely solutions. 

Wild Animal Activity Alerting System (WAAAS) is 

one of the possible solutions to the pressing 

problems of the interaction between humans and 

wildlife. With the help of advanced Machine 

Learning (ML) and DL frameworks, WAAAS aims 

at detecting and pointing out wild animal behavior 

near the human settlements, which provides the 

necessary data used in preemptive management 

strategies [2]. WAAAS draws on information 

through multiple channels such as photos, 

movement sensors and sound clips to determine 

trends that indicate the existence and activity of the 

wildlife to prevent inaccurate and delayed alerts [3]. 

The need to have such a system is brought out by the 

fact that there is an escalation of conflicts between 

humans and wildlife due to habitat fragmentation 

and resource competition. These wars can be 

expressed in various ways such as raiding of 

herbivores, livestock predation, and infrequent 

human attacks. These actions put the lives of 

humans and livelihoods in danger, destroy the lives 

of wild animals and hamper conservation. This has 

led to growing acceptance of the need to employ 

active measures to mitigate the conflicts and ensure 

peaceful co-existence between people and wildlife. 

The development of WAAAS is an important step of 

enhancing the safety level, minimizing the economic 

losses, and promoting conservation objectives. 

WAAAS is a ML and DL based method that can 

analyze wild animal action signals with an 

unprecedented precision and efficiency [6]. This 

introduction explores the intricate nature of human-

wildlife interactions and the importance of early 

warning systems in addressing those questions, as 

well as, explains the objectives and scope of 
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WAAAS in the reduction of conflicts and 

encouragement of coexistence. 

A Growing Menace Human-wildlife interaction has 

been a major international concern which has grown 

due to habitat fragmentation, climate change, and 

rising levels of human population. The human-

wildlife conflicts have been increasing in the 

different ecosystems due to the decline in natural 

environments as human activities encroach into the 

habitats and the degradation of their natural habitats. 

Agricultural losses and predation of livestock are 

experienced in rural communities, whereas urban 

communities are experiencing wildlife intrusion and 

destruction of properties which have varied 

ramifications. 

Crop pesting especially by the elephants, deer and 

wild boars is a significant risk to the agricultural 

livelihoods leading to enormous economic losses 

and heightening food poverty among the vulnerable 

groups [10]. Similarly, livestock carnivores (wolves, 

lions, and bears) cause conflict between pastoralists 

and conservationists, often leading to retaliatory 

killing and escalation of conservation problems [11]. 

Moreover, the periodical attacks on humans by big 

predators do not only bring about fear and 

insecurity, but also increase the tension between the 

locals and the wildlife authorities [12]. 

There are also complications related to alleviating 

human-wildlife conflicts due to the dynamism of 

wildlife behavior as well as the diversity of species. 

All species have their specific feeding behaviors, 

territorial activities, and response to disturbance 

caused by humans and so each one needs unique 

management interventions [13]. The temporal and 

spatial heterogeneity of the anthropogenic-wildlife 

interactions underscores the need to have real-time 

monitoring and the early warning systems to 

facilitate proactive responses [14]. 

II. RELATED WORK 

The increased attention to the study of the concept 

of scene has led to the emergence of the critical work 

on developing the strategies aimed at understanding 

complex visual images. Aarthi and Chitrakala [1] 

provide a comprehensive overview of the 

methodologies of the scene interpretation focused on 

the diversity of strategies applied to the sphere. 

Their study shows the importance of understanding 

scenes in various applications including robots, 

autonomous navigation and surveillance. 

CSTs give a strong description of both the structure 

and the hierarchy of the regions in an image. Ahuja 

and Todorovic [2] introduce the concept of CSTs 

which make it possible to represent spatial 

arrangement and hierarchy jointly, thereby 

improving the picture segmentation and the 

efficiency of the object recognition. This approach 

has been applied in other areas including medical 

imaging, remote sensing, as well as analysis of 

scenes. 

There has been a wide application to ML algorithms 

in predictive modeling processes, including disease 

prediction. The study by Assegie et al. [3] is an 

empirical study on the use of ML in predicting heart 

illness, and it evaluates the effectiveness of a variety 

of classifiers on a heart disease dataset. The results 

of their research shed some light on how some of the 

algorithms can be used to predict the risk of heart 

disease and this information can be used in clinical 

decision-making as well as risk stratification. 

DL has revolutionized the field of computer vision 

and made it possible to achieve impressive 

advancements in the understanding of objects and 

their detection. Banupriya et al. [4] focus on 

applying DL techniques to animal recognition and 

present the high efficiency of CNNs to identify and 

classify animals in images. The literature reveals 

how the DL-based methodology can be used in the 

wildlife surveillance and conservation programs. 

Objectness estimate is a critical element of object 

detection tasks, which helps to identify areas that are 

likely to have objects with the interest. According to 

Cheng et al. [5], Binarized Normed Gradients 

(BING) is an objectness estimator that achieves real-

time results of 300 frames per second (fps). BING 

employs normalized gradients and binarized 

features in offering a lightweight and efficient object 

detection solution in pictures. 

Another example of the state of the art approach to 

object detection is R-FCNs which involves the 

localization of objects and classification through 

region-based techniques. R-FCN offered by Dai et 

al. [6] is a hybrid of FCNs and RPNs that can be used 

to identify objects on photos efficiently. Their study 

demonstrates the performance of R-FCN in 

achieving competitive performance on benchmark 

data. 

The need of change detection in many applications, 

including environmental monitoring, urban 

planning, and surveillance is critical. De Gregorio 

and Giordano [7] suggest a framework of change 

detection based on weightless neural networks that 

have adaptation to changing environments and 

resilience to noise. Their approach demonstrates 

promising results in discovering the changes in 

remote sensing images, which helps in land cover 

mapping and catastrophe management. 

Sign language recognition is a daunting task, which 

is due to complex and dynamic nature of sign 
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motions. Natarajan et al. [8] introduce an overall DL 

system to identify sign language, translate and create 

videos. Their study employs the deep neural 

networks to identify information contained in the 

sign language videos, so that sign movements are 

correctly detected and translated and can therefore 

offer a feasible means through which 

communication can be improved among the hearing 

handicapped. 

III. MATERIALS AND METHODS 

The developed project is based on the design and 

evaluation of a hybrid VGG-19 + Bi-LSTM network 

that would be used to recognize the presence of 

animals in forested regions. This method utilizes the 

combination of feature extraction and sequence 

learning to improve the accuracy and enable real-

time monitoring to improve the safety by providing 

timely warnings. Moreover, the project expansion 

will imply the introduction of CNN+GRU model, 

which will operate with the help of one of the 

Bidirectional GRU layers and applying the CNN 

algorithm to their results to enhance precision. GRU 

was selected because it is more effective at picture 

feature optimization compared to LSTM. Also, a 

Flask application based on SQLite has been 

developed to simplify user registration and 

authentication, therefore, enabling the user to test 

the features of the system and enhance usability. The 

additions aim at providing a holistic and effective 

solution towards addressing the problems of 

detecting animal activity in forest ecosystems. 

 

Fig.1 Proposed Architecture 

The system design starts with the input data which 

is the photographic data collected in the forested 

areas. Preprocesses are done on the images to 

generate normalization and augmentation before the 

division of the images into training and testing sets. 

The training stage includes the use of three specific 

algorithms: CNN, VGG19-BiLSTM, and 

CNN+Bidirectional GRU that are specifically 

trained to detect animal activity. The CNN model 

focuses on convolutional layers in extracting 

features, whereas the VGG19-BiLSTM integrates 

convolutional layers with Bi-LSTM in sequence 

learning. CNN+Bidirectional GRU model is CNN 

with a Bidirectional GRU layer to boost the 

accuracy. The models are then evaluated with an 

independent test set after training to test their 

effectiveness in detecting animal behaviors. The 

real-time monitoring-enabled detection model 

processes the received photos and sends timely 

alerts in case of animal movement in the vicinity, 

thereby enhancing security in the forest cover. 

A) Dataset Collection: 

The data gathering method involved getting photos 

of four different benchmark datasets namely: the 

camera trap dataset [48], the wild animal dataset 

[49], the hoofed animal dataset [50] and the CDnet 

dataset [51]. These data sets have very diverse 

habitats and wildlife species so the training and 

testing of the proposed model can be broadly 

covered. The camera trap data captures the action of 

wildlife in the wild whereas the wild animal data 

captures a broader set of species and actions. Of 

particular interest to the hoofed animal dataset is the 

focus on species-specific characteristics of the 

training data, which focuses on the mammals with 

hooves. The CDnet dataset makes the task more 

diverse with annotated video sequences that should 

be evaluated. The data gathering method involved 

getting photos of four different benchmark datasets 

namely: the camera trap dataset [48], the wild 

animal dataset [49], the hoofed animal dataset [50] 

and the CDnet dataset [51]. 

 

Fig.2 Dataset Collection 

These datasets cover numerous habitats and wildlife 

species, which provides comprehensive coverage of 

the proposed model training and testing. The camera 

trap dataset reports on the activity of wildlife in the 

wild, but the wild animal dataset shows a more 

diverse species and behavior. The hoofed animal 

dataset particularly focuses on hoofed mammals and 

therefore increasing the training data with species-

specific characteristics. The CDnet data adds some 

variability by annotated video sequences to be 

evaluated. Through the combination of multiple 

datasets, the model is provided with a complex and 
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diverse training corpus, which allows the successful 

recognition of animal activity in the wild in 

changing environmental conditions and species 

groups. 

B) Processing: 

The preprocessing stage of the data is a sequence of 

procedures that are necessary to ensure that deep 

neural networks are performing phenomenally when 

it comes to identifying the behavior of wild animals. 

To begin with, the images are normalized to 

normalize their pixel values and this enhances 

uniformity across the dataset and convergence in 

training. The photos are then mixed up to randomize 

their order and hence reduce bias and boost the 

generalization ability of the model. Moreover, the 

dataset can undergo augmentation processes 

(rotation, flipping, or cropping) to increase both its 

variety and resiliency. There are also labels to the 

photographs to show the activity of the wild animals 

or not. The pre-processing step prepares the work of 

the effective training and evaluation of hybrid deep 

neural networks through the extensive 

normalization, shuffling, and marking of the data 

set. This ensures that the models are able to 

accurately determine and classify wild animal 

behavior in varying environmental conditions and 

hence give timely alarm messages to enhance safety 

in wildlife grounds. 

Visualization: Visualization with the help of 

Seaborn and Matplotlib is necessary to extract 

insights out of the data and evaluate the efficiency 

of the model. These libraries are rich in producing 

useful plot and chart generating tools such as 

histograms, scatter plots and heatmaps. High level 

interface Seaborn is built on Matplotlib and allows 

users to build visually appealing visualization with 

no effort or coding. These visualizations help to 

understand how the data is distributed, find the 

outliers, and see the trends which can impact the 

model training and performance. Moreover, the 

presentation of model parameters such as accuracy, 

loss, and confusion matrices will make a cumulative 

assessment of the model performance and 

effectiveness. Researchers can effectively present 

the results and address the hypotheses, as well as 

make informed decisions along the ML pipeline, 

using Seaborn and Matplotlib, thereby increasing 

the strength and reliability of the research and the 

models created. 

Feature Extraction: An important process used in 

identifying wild animals behavior using hybrid deep 

neural networks is feature extraction. In this regard, 

feature extraction is the study of the input photos to 

identify meaningful patterns and attributes that 

would distinguish different types of animal 

behavior. CNNs are also commonly used in feature-

extraction since they have the capability of learning 

hierarchical findings on raw pixel data in an 

autonomous manner. The hybrid model proposed in 

the present paper employs a mixture of CNN and 

RNNs), with the use of LSTM and Gated Recurrent 

Units (GRUs) in the extraction of features. CNN 

element obtains spatial details of the input images, 

whereas, the RNN element obtains motion and 

context details of the temporal sequences. 

Combining these two types of neural networks 

makes the hybrid model an effective extractor of 

geographical and temporal information, thus, 

making it possible to accurately detect the presence 

of wildlife and trigger an alarm to the relevant 

authorities or citizen. 

Training and testing: The creation of a robust 

system which is used in generation of alert messages 

based on the detection of wild animal behavior using 

hybrid deep neural networks requires testing and 

training as part of the process. The hybrid model is 

introduced during training with a labeled dataset 

with photos of various examples of wild animal 

behavior. Through the use of iterative optimisation 

of model parameters i.e. the use of backpropagation, 

the model learns the process of identifying the 

relevant information and producing accurate 

predictions. Training involves evaluating the 

effectiveness of the model on a separate test of the 

data to ensure the effectiveness of the model to new 

circumstances. 

Testing on the other hand evaluates the effectiveness 

of the trained model on a different set of data, which 

is a realistic scenario. Precision in the identification 

of activities of wild animals and generation of alert 

notices: the proficiency of the model in terms of its 

ability to identify wild animal activities accurately 

and precisely is measured by the following: 

accuracy, precision, recall, and F1, etc. Testing also 

helps the researchers to evaluate the effectiveness of 

the model, identify possible gaps, and refine the 

architecture or training process accordingly. Finally, 

the development of a reliable system aimed at 

effective alleviation of the risks concerning wild 

animals interactions requires thorough testing and 

training. 

C) Algorithms: 

Existing CNN: Convolutional Neural Network 

(CNN) is a DL model that is specifically designed to 

be used in image recognition. The identification of 

the activities of wild animals in this study is carried 

out using an existing CNN[16]. CNNs have 

convolutional layers which extract features of the 

input images, followed by pooling layers to reduce 

dimensions and fully connected layers to make the 

classification. The study uses CNN to decode image 

data in the raw form, where relevant features that 
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depict the presence of wildlife are extracted. With 

the capabilities of the CNN [16] and hierarchical 

feature extraction, the model can effectively 

generate the patterns of the images and classify them 

to generate an alert message in response to the 

movement of the animal(s) that is noted. 

Propose VGG19 + BI-LSTM: The proposed 

VGG19 + BI-LSTM is a hybrid model that 

integrates VGG19 CNN model with the 

Bidirectional Long Short-Term Memory (BI-

LSTM) recurrent neural networks. VGG19 is used 

to obtain hierarchical features of input photos and 

BI-LSTM is used to obtain time dependence features 

by analyzing sequential data. This is a hybrid model 

which is used to detect wild animal activities in the 

project. VGG19 obtains spatial characteristics of 

photos, and BI-LSTM obtains time series of feature 

vectors where it detects patterns that can signal a 

change in the behavior of animals over time. The 

VGG19 + BI-LSTM model enhances the accuracy 

of the detection of activities of wild animals, 

combining spatial and time data, which allows 

sending an alert as quickly as possible. 

CNN + GRU: CNN + GRU model combines the use 

of CNNs and GRUs. CNNs learn the spatial 

characteristics of images, and GRUs events in 

sequential data to learn the temporal characteristics 

of them. This is a hybrid model which is used to 

detect wild animal activities in the project. CNN 

component extracts spatial features of input photos, 

and GRU component processes the time series of the 

animal feature vectors to extract patterns that could 

be evidence of a change in behavior. The CNN 

+GRU model enhances the accuracy of detecting the 

activity of wild animals by adding spatial and 

temporal information, thereby allowing alert 

notifications to be issued in a timely manner. 

This can be easily achieved by a simple formula: 

Dimension of image = (n, n)  

Dimension of filter = (f,f)  

Dimension of output will be ((n-f+1) , (n-f+1))     (1) 

At this point, you should have a full and in-depth 

observation on how a convolutional layer works. We 

shall now turn to the next part of CNN structure. 

GRU: 

The roles of a GRU can be expressed as the 

following equations: 

• Update Gate: zt = σ(Wz * [ht-1, xt]) 

• Reset Gate: rt = σ(Wr * [ht-1, xt]) 

• Candidate Hidden State: h̃t = tanh(W * 

[rt ⊙ ht-1, xt]) 

• Final Hidden State: ht = (1 - zt) ⊙ ht-1 + 

zt ⊙ h̃t 

Here, σ represents the sigmoid function, tanh is the 

hyperbolic tangent function, Wz, Wr, and W are 

parameter matrices, ht-1 is the previous hidden state, 

xt is the current input, ⊙ represents element-wise 

multiplication, and ht is the current hidden state. 

IV. RESULTS AND DISCUSSION 

Accuracy: Accuracy of a test is the ability to 

distinguish between patients and healthy people. In 

order to determine the accuracy of the tests; 

calculate the ratio between false positives and false 

negatives of all the tests done. This may be 

mathematically expressed as: 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
TP + TN

TP + FP + TN + FN
(2) 

Precision: Precision measures the percentage of the 

cases or samples that are correctly identified. The 

formula of determining precision is: 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
True Positive

True Positive + False Positive
(3) 

Recall: ML recall is used to determine a model that 

can identify every relevant example of a class. It 

shows the effectiveness of a model in capturing the 

number of instances of a class by comparing 

correctly observed positives to the positives. 

𝑅𝑒𝑐𝑎𝑙𝑙 =
TP

TP +  FN
(4) 

F1-Score: The F1 score is used to determine the 

accuracy of a ML model. Combining model recall 

and precision. The accuracy measure is used to 

gauge how many predictions are true by a model of 

the data. 

𝐹1 𝑆𝑐𝑜𝑟𝑒 = 2 ∗
𝑅𝑒𝑐𝑎𝑙𝑙 X 𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛

𝑅𝑒𝑐𝑎𝑙𝑙 + 𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛
∗ 100(5) 

Table (1) evaluates the performance measurements 

such as accuracy, precision, recall and F1-score of 

each algorithm. CNN+GRU extension outperforms 

all other algorithms on a regular basis. The tables 

will offer a comparative analysis of the measures of 

the alternative methods.
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Table.1 Performance Evaluation Table  

ML Model Accuracy Precision Recall F1-Score 

LSTM 0.120 1.000 0.120 0.214 

GRU 0.120 1.000 0.120 0.214 

EXTENSION 

CNN 

0.960 0.964 0.960 0.960 

EXTENSION 

CNN+LSTM 

0.979 0.979 0.979 0.979 

Graph.1 Comparison Graphs  

 

Graph (1) represents accuracy in blue, precision in 

red, recall in green and F1-Score in purple. In 

comparison to the previous ones, the extension CNN 

+GRU is more performing in all measures, 

achieving the greatest values. These findings are 

graphically illustrated in the above graphs. 

V. CONCLUSION 

Finally, the development and integration of CNN, 

VGG19 + BI-LSTM, and CNN-GRU algorithms 

have demonstrated excellent effectiveness in the 

classification of wild animal behaviors. Minimized 

computational expenses due to streamlined 

procedures are guaranteed to make forest monitoring 

programs sustainable. A hybrid CNN-GRU model, 

where the benefits of both CNN and GRU are used, 

has proven stronger detection capabilities, which are 

even more effective than each single model. The 

introduction of a user-friendly Flask front-end and a 

SQLite database enhance the usability of the system 

and support the effective input of data and 

displaying the animal detection results. This project, 

in the end, brings a lot of benefit to the rural 

populations, forestry employees and 

conservationists through the provision of an 

efficient, effective, and precise tool on the 

monitoring of wildlife activities. This project boosts 

security and preservation in the forested regions and 

this is beneficial both to human beings and wildlife 

and clear coexistence in the natural environment.  

The alert message production system that is based 

on the detection of wild animal behavior with the 

help of hybrid deep neural networks has one of the 

feature scopes that presuppose a lot of necessary 

elements. The system is also put in a way that it 

accurately recognizes and classifies different animal 

behaviors and patterns in the natural environments, 

including movements, interactions, and 

weirdnesses. The technology is to investigate 

temporal patterns of animal behavior in order to 

detect trends that can be viewed as possible dangers 

or disruptions. Also, the capabilities of the system 

include optimization of computational costs and 

sustainability in forest monitoring programs. It also 

includes the delivery of a user-friendly interface that 

offers an easy data entry and presentation of the 

animal detection findings. Its feature scope will be 

to advance safety and conservation in wooded 

regions by giving timely notifications to the relevant 

stakeholders, e.g., rural population, forestry 

laborers, and conservationists, which promotes 

peaceful coexistence between human beings and 

wild animals. 
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