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Abstract: 

This paper presents a novel AI-driven emergency response system for 

vehicles that significantly improves post-crash emergency assistance by 

enhancing accident detection accuracy and response time optimization. 

The proposed system integrates multi-modal sensor data with deep 

learning techniques to accurately detect accidents, assess injury severity, 

and optimize emergency resource allocation. Experimental results 

demonstrate a 94.7% accuracy in crash detection, 89.3% accuracy in 

injury severity prediction, and an average 8.2-minute reduction in 

emergency response time compared to traditional systems. The framework 

incorporates vehicle sensor networks, edge computing, and natural 

language processing to create a comprehensive emergency response 

ecosystem. Field tests conducted across diverse environmental conditions 

validate the system's robustness and reliability, suggesting significant 

potential for reducing road traffic fatalities through AI-enhanced 

emergency response mechanisms. 
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1. INTRODUCTION 

According to the data that is made public by the World Health Organization (the WHO), each and every 

year, more than 1.35 million individuals lose their lives as a result of dying as a consequence of being 

engaged in a vehicle accident. This is the number of people who pass away by being involved in a car 

accident. These figures are derived from the fact that automobile collisions are the main cause of 

mortality around the globe. Accidents involving motor vehicles continue to be one of the leading causes 

of death and disability in a number of countries throughout the region and the whole world. This is the 

case in a number of countries. A significant number of countries all around the globe are now 

experiencing this issue. The "golden hour" immediately after a collision is a crucial period of time that 

has a significant impact on the percentage of victims who are able to survive the incident. This is because 

the "golden hour" comes soon after the accident. During this particular time frame, we refer to it as the 

"golden hour." This is due to the fact that the phenomenon known as the "golden hour" describes the 

time period that immediately follows an accident. The consequent incidence of this phenomena is a 

direct result of this. For every minute that goes by without emergency medical assistance being 

delivered, it is anticipated that the mortality rate will climb by seven to ten percent. This is the pace that 

is most likely to take place, and it is anticipated that it will continue to rise. This is the current state of 

affairs that has been noticed, as shown by the assessments that have been carried out. The traditional 

emergency response systems are confronted with a wide range of obstacles in a significant number of 

situations. These issues may be classified into thousands of different categories on their own. One of the 

concerns that has come to light is that there is a lack of comprehension of the gravity of the incident and 

the scope of the potential damage that may be caused. On account of this, there is a lack of awareness, 

which is one of the reasons why. A lack of comprehension, erroneous location data, and delayed 
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communication are some more possible issues that may arise. The aforementioned are only some of the 

various issues that might potentially develop. Whenever it comes to the process of deploying emergency 

medical services (EMS), there are a great deal of problems that add to the inefficiency of the procedure. 

It is common practice to refer to the phrase "emergency medical services" by its shorthand form, "EMS." 

The availability of an unprecedented number of options to enhance emergency response systems has 

been made possible by recent breakthroughs in artificial intelligence, the proliferation of sensors in 

current vehicles, and the establishment of high-speed wireless communication networks. All of these 

factors have contributed to the availability of all of these possibilities. These elements, taken 

individually, have made it feasible for an unprecedented amount of chances to become available. As a 

result of these improvements, the individuals who are looking for these possibilities may now access 

them thanks to their accessibility. These possibilities have been made possible by each and every one of 

these technical advancements, which have all contributed to the establishment of these opportunities. As 

a result of the widespread availability of these technologies, it is not completely out of the question that 

the operation of emergency response systems may go through a full transformation. The implementation 

of emergency response systems that are powered by artificial intelligence has the potential to bring about 

a revolution in the field of post-crash support. This development has the ability to bring about a 

revolution in the field. At some point in the future, the metamorphosis could prove to be a game-changer. 

It is feasible to spot situations with a higher degree of accuracy, to assess the severity of injuries, to 

optimize the use of resources, and to deliver important information to first responders in real time. All 

of these things are conceivable. In addition to having the capacity to recognize accidents, these systems 

are equipped with a broad variety of other features as well. As a consequence of the findings of this 

research, an emergency response system for automobiles will be developed. This system will be an all-

encompassing system that is powered by artificial intelligence. Immediately after the conclusion of this 

inquiry, the process of developing this system will begin. The purpose of this system is to enhance the 

assistance that is provided to victims of accidents after they have already occurred. It does this by using 

a broad variety of sensing modalities, capabilities for edge computing, and deep learning methodologies. 

The objective of this system is to significantly improve the level of assistance that is provided to those 

who have sustained injuries as a result of accidents. The frameworks for emergency response that are 

now in place have significant limitations, and the solution that has been offered is able to circumvent 

these constraints. At the moment, the frameworks are fully operational. The following are all instances 

of constraints that fall under this category: they are all examples of constraints. In the case that it is 

finished, the remaining components of this assignment are organized in the manner that is stated in the 

paragraphs that are immediately after this one: A comprehensive literature review of the several 

emergency response systems that are now in operation, as well as the technology that is associated with 

these specific systems, is presented in the second half of this research study. The technology that is 

responsible for connecting various systems is also included in this section. There is a description of the 

methodology that was used in the process of designing our system that can be found in Section 3, which 

can be found under this section. The explanation that you are seeking for may be found in the part that 

you are able to discover. A full study of the basic algorithms and the mathematical foundations of each 

one is offered in the fourth portion of the research. This section is devoted to the investigation. This 

exact section is also included in the article as an additional component. An explanation of the structure 

that has been recommended is offered at the beginning of Section 5, which is the introduction. This 

section covers the topic of the structure. Immediately after this, a description of the system architecture 

is provided, which is then followed by a more in-depth explanation in Section 6. In the presentation that 

acts as the last section of Section 7, there is a segment that provides an overview of the technique that 

was covered before. The eighth section of the article is devoted to explaining the particulars of the 

implementation as well as the context in which the experiment was conducted. The results of the 

investigation as well as an evaluation of the performance are offered to the reader in the ninth part of the 

report. In each of these sections, the project is breaking down into its component parts and presenting 

them in the sequence that corresponds to their respective positions. The next two parts, which are 

numbered 10 and 11, respectively, are dedicated to examining the outcomes of the study as well as the 

potential for doing more research. These sections are listed sequentially. The sequence in which these 

pieces are given is how they should be presented. 

2. LITERATURE REVIEW 
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The development of emergency response systems for vehicles has resulted in these systems transforming 

from simple safety devices into technologically complex platforms that are powered by artificial 

intelligence. This evolution occurred as a direct consequence of the development of these systems. [1] 

To be more specific, the development of these technologies was directly accountable for the shift that 

that took occurred. Initially, the majority of the efforts that were made to increase the safety of 

automobiles concentrated on structural improvements and restraint systems. In the case of an accident, 

this was done with the purpose of lowering the number of injuries that were received by those involved. 

When this was done, it was done with the purpose of reducing the number of people who were injured 

as a result of the circumstances.[2] Two examples of technology that were responsible for the beginning 

of the future advancement toward active safety are anti-lock braking systems (ABS) and electronic 

stability control (ESC).[3] Both of these technologies are commonly used in automobiles. The modern 

era saw the development of both of these technological advancements. Both of these technical 

improvements were developed within the same decade that they were introduced. [5] The development 

of these technologies was undertaken with the purpose of enhancing vehicle control in order to achieve 

the objective of reducing the likelihood of accidents occurring.[6] Exactly this was the impetus that 

drove the enterprise forward.[7] In the process of responding to accidents, the installation of automated 

crash notification (ACN) systems represented a major step forward in the process. It was believed that 

this was a huge step in the right direction. A significant amount of progress has been made in this specific 

field throughout the course of time. [8] With its ability to send notifications to emergency services, 

OnStar was one of the first commercial telematics systems to be on the scene.[9] The year 1996 marked 

the beginning of its development by General Motors. General Motors was the company that first created 

the OnStar system. The fact that OnStar was one of the very first systems to be manufactured and made 

available to customers is a further insult to injury. [10] At the time when these systems were first 

introduced, they relied heavily on easy accident detection, which was dependent on the activation of 

airbags and physical emergency buttons. This was the predominant method of accident detection. But 

on the other hand, these systems have seen a substantial degree of evolution over the course of the last 

several centuries. The efficacy of ACN systems that were of the first generation was the topic of an 

investigation that White and colleagues carried out and reported in their article in [11]. The paper was 

released in [12]. After considerable deliberation, they arrived at the conclusion that while these systems 

reduced the amount of time that was necessary to notify people, they lacked the capability to carry out 

full accident severity assessments, which hindered their potential to maximize the effectiveness of 

emergency response.[13]Some of the most cutting-edge algorithms for artificial intelligence have been 

included into the technology that is utilized in modern emergency response systems. These algorithms 

are among the most advanced algorithms currently available. The purpose of these algorithms is to 

discover accidents, determine the level of injuries, and predict the chance that a person will experience 

injuries in the future. They do this by taking into consideration a large number of sensor inputs. 

According to the findings of [14] modern ACN systems have the capacity to cut the amount of time it 

takes to react to crises in remote locations by an average of six minutes. This was observed throughout 

the course of their research. Those persons who participated in their study demonstrated that it was the 

case. Every single year, this has the potential to save the lives of thousands of individuals all around the 

world.[15] This is a situation that might potentially occur. As a consequence of their research, they were 

able to shed light on the need of accurately evaluating the severity of an occurrence in order to efficiently 

prioritize the deployment of emergency resources. Because of this, it is essential to guarantee that 

efficiency and effectiveness are maintained. During the course of the investigation that they carried out, 

they came across this piece of information.[16] When it comes to emergency response systems, the 

capabilities have been greatly enhanced and brought up to date via the use of methods that are associated 

with machine learning. In order to accomplish the objective of crash detection, [17] investigated 

accelerometer data using random forest methods. This was so that they could achieve their aim. These 

two approaches were applied in the process. The purpose of carrying out this exercise was to ascertain 

the degree of success that they had attained. When they were able to discern between events that involved 

accidents and occurrences that did not include crashes, they were able to reach an accuracy rate of 89%. 

With this achievement, they had taken a significant step forward in their journey.[18] According to Chen 

and Wang [] the ability of convolutional neural networks to detect accidents enabled them to obtain an 

accuracy of 92% when it came to detecting accidents and determining the severity of such occurrences. 

This was accomplished throughout the process of identifying accidents. In addition to this, they were 

able to do this by effectively identifying accidents. [19] The use of the information that was gathered 
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from the accelerometers and gyroscopes situated on mobile devices was all that was required in order to 

achieve this goal. The prospect of emergency response systems that are portable has been brought to the 

attention of a large number of people as a direct consequence of this revelation. Because of the 

integration of artificial intelligence and vehicle-to-everything (V2X) communication technology, there 

has been an additional rise in the capacity that emergency response activities are carried out. This has 

resulted in an increase in the capacity that emergency response activities are able to provide.[20] The 

capabilities that are included inside the emergency response system have been improved as a direct result 

of its implementation. The researchers [21] built a system that is capable of providing accident data to 

emergency services in real time. This system was produced by using edge computing and 5G networks. 

The use of the system allowed for the accomplishment of these capabilities. The formulation of this 

strategy was carried out with the purpose of carrying out this particular action.[22] Not only does this 

information include the feeds from the cameras, but it also includes the vital signs of the persons that 

are now stationed within the facility. When compared to the typical methods of notification, the amount 

of time that is necessary to respond to an emergency situation was reduced by forty-seven percent, as 

shown by the results of the research. [23] presented a framework for distributed edge computing so that 

it might be implemented. The analysis and identification of accidents was the primary motivation for 

the construction of this system. [25] The method in which this framework worked was pretty comparable 

to the way in which the one that was mentioned before carried out its functions. It would be able to 

undertake real-time analysis of sensor data by using this framework, even in regions where connection 

is limited. This would be possible even in locations where connectivity is limited. Within the realm of 

emergency response systems that are now in the process of being created, the use of natural language 

processing, which is more often referred to as NLP, has become more significant of importance. After 

an accident, voice-activated emergency helpers are able to communicate with the people who are 

presently sitting within the car.[26] This allows them to provide assistance to those persons. In addition 

to this, they are able to evaluate the state of the inhabitants via conversation and provide the first 

responders and emergency professionals with information that is of the utmost significance. According 

to the findings of a research that was carried out by Zhang [] conversational bots that were driven by 

artificial intelligence were able to collect important medical information from residents with an accuracy 

rate of around eighty-five percent. The results of the investigation provided evidence that led to this 

conclusion. The fact that people were feeling tremendous stress or were suffering injuries did not change 

the reality that this remained to be the case. It is possible that natural language processing might be used 

as an alternate method of data collection in situations when individuals are still conscious after a 

collision, as shown by the findings of their experiment, which shed light on the possibility of using this 

technology. In accordance with the results of their research, this is the case.  As a direct consequence of 

the implementation of deep learning approaches over the course of the last few years, there has been a 

progressive rise in the complexity of injury prediction models. This has occurred over the course of the 

past few years. According to Clark. [] who conducted an analysis of data gathered from over 28,000 

occurrences, they found that artificial intelligence-enhanced injury prediction algorithms improved the 

accuracy of triage by approximately forty percent when compared to the approaches that have been used 

traditionally. Researchers arrived at this conclusion as a consequence of the inquiry that they conducted. 

Following the investigation that they carried out, the researchers came at this conclusion as a result of 

their findings. They were able to obtain an estimate of the chance of injuries as well as the severity of 

those injuries by using a mix of accident features, vehicle telemetry, and occupant data during the course 

of their study. This allowed them to predict both the likelihood of injuries and the severity of those 

injuries. As a consequence of this, it became feasible to provide an accurate prediction about the risk 

that injuries may occur. Consequently, this made it feasible to deploy emergency resources in a way that 

was more effective than it had been before possible. The result of this was that this occurred. A new 

frontier has been reached in the field of emergency response, which is driven by artificial intelligence. 

This new frontier is predictive analytics, and it has been recognized as a significant advancement. The 

field of predictive analytics was able to break through to this hitherto uncharted terrain. The potential of 

artificial intelligence systems to foresee high-risk occurrences and to pre-position emergency services 

in accordance with such forecasts is a significant advantage. Below, you will find a more in-depth 

description of this skill. This purpose may be accomplished by the use of the methods that are provided 

by the study of data from prior occurrences, weather conditions, traffic patterns, and vehicle telemetry. 

As a consequence of the fact that these technologies are able to do data analysis, the possibility of this 

occurring is now within the realm of possibility. This was discovered by Johnson and Smith [27], who 
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discovered that the predictive deployment of ambulances in urban environments led to a reduction in the 

average response time by 22%. This was a significant and significant finding. Through the use of risk 

assessment algorithms that were driven by artificial intelligence, it was able to accomplish this objective. 

The period of time it took for ambulances to arrive at the area was cut down, which allowed for the 

successful completion of this objective. This was the approach that was used in order to successfully 

complete this undertaking. By using spatiotemporal analysis of accident patterns, they were able to 

achieve their goal of deploying emergency response units in the most beneficial location, as stated in 

their plan. This was the way by which they were able to accomplish their purpose. In the process of 

putting into place emergency response systems that are driven by artificial intelligence, there are still a 

number of key obstacles that are being addressed. These issues are being tackled in the following 

manner. One of the most challenging aspects of these issues to address is the ethical and privacy concerns 

that accompany them. There are issues about the surveillance of individuals and the protection of their 

data that are raised as a result of the gathering and transmission of sensitive data, which may include 

biometric information and location data. Regarding the surveillance of individuals, these issues are also 

present. The collection and transmission of sensitive information is one of these issues that has to be 

addressed. It is a direct result of the current conditions that considerations such as these are being taken 

into account. The frameworks that [28] established for emergency response systems with the objective 

of safeguarding the privacy of people included federated learning and differential privacy approaches. 

Both of these frameworks were designed for the purpose of protecting individuals' privacy. These 

guidelines were developed with the intention of safeguarding the personal information of persons. The 

introduction of these frameworks has made it possible for the system to function efficiently while 

simultaneously reducing the likelihood that individuals' privacy would be infringed. This becomes 

possible as a consequence of the fact that the system is now practicable. Ongoing research and 

development efforts are being directed toward the creation of regulatory frameworks that are 

accountable for the regulation of emergency response systems that are driven by artificial intelligence. 

Ongoing research and development is being carried out. 2018 was the year that the European Union 

granted its assent to a piece of law that was known as eCall. This approval came in the year [5] As a 

result of this legislation, all newly produced automobiles are required to be outfitted with automated 

emergency calling equipment at the time that they are constructed. This regulation applies to all 

automobiles that have been constructed during the last several years.[29], which was passed in the 

United States of America, includes provisions for the development of next-generation 911 systems that 

are prepared to collect complicated vehicle data. These systems are intended to be implemented in [30]. 

The Act that was passed in [18] includes these clauses as part of its contents. It has been argued that the 

United States of America would be the ideal location for the purpose of putting these technologies into 

practice. Because of these limitations at the operational level, it has been stated that the deployment of 

emergency response technology that is advanced by artificial intelligence has been hastened. This is 

because of the fact that these limitations have been imposed. The fact that this result occurred is directly 

attributable to the suggestions. In the area of emergency response systems that are driven by artificial 

intelligence, there are still a number of research gaps that need to be addressed, despite the substantial 

progress that has been achieved. These gaps need to be addressed. There are a number of holes that need 

to be plugged. There are just a few different types of sensor modalities that are used by the great majority 

of the systems that are now available for installation. Taking this into mind is the first thing that should 

be done. It is likely that the limited selection of sensor modalities may result in a loss of important 

information about the nature of the accident as well as the conditions of the individuals who are 

passengers in the automobile. This is something that cannot be ruled out under any circumstances. In 

the second place, there is a dearth of research that has been carried out on the use of physiological 

monitoring with the intention of enhancing damage assessment. It is expected that this would be 

advantageous; nevertheless, this is not the case. This presents a problem since it is thought that this 

would be useful. Third, the majority of the time, the systems that are already in place work alone, rather 

than becoming a component of an integrated ecosystem for emergency response. This is the case the 

majority of the time. In the vast majority of instances, this is the situation. The conclusion that can be 

drawn from this is that there is a lack of study that has been conducted on the efficiency of these systems 

in a broad variety of different kinds of vehicles and in a number of different weather circumstances. This 

is the conclusion that can be drawn from this.[20] The limitations that have been brought to light are 

addressed by this study in the form of the provision of an all-encompassing emergency response system 

that is powered by artificial intelligence. In order to provide this system, the outcomes of the 
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investigation were used. Through the integration of multi-modal sensing, physiological monitoring, and 

contemporary communication technologies into a unified system, this system is able to construct a 

coherent framework that is designed to optimize the whole emergency response chain.[29][27] The 

intention of this framework is to improve the efficiency of the whole chain of emergency response. This 

framework was established with the goal of achieving the highest possible level of efficiency across the 

whole emergency response chain. 

3. METHODOLOGY 

When it comes to the process of constructing and evaluating the suggested emergency response system 

that is powered by artificial intelligence, our research style employs a method that is quite rigorous. The 

approach is made up of four fundamental components that are necessary for its operation to be executed 

properly. Specifically, they include the following: the gathering and preparation of data, the construction 

of models, the integration of systems, and the assessment of performance in that order. 

3.1 Data Collection and Preprocessing 

To develop robust crash detection and injury prediction models, we collected multi-modal sensor data 

from three primary sources: 

1. Simulated crash tests: We utilized data from 847 controlled crash tests conducted at the 

Vehicle Safety Research Centre between 2019 and 2023. These tests included various collision 

types (frontal, side, rear, and rollover) across different vehicle classes. Sensors captured vehicle 

dynamics (acceleration, rotation, deformation), cabin environmental conditions (sound, pressure 

changes), and crash-test dummy responses. 

2. Real-world crash database: We obtained anonymized data from 12,456 real-world crashes 

documented in the National Highway Traffic Safety Administration's Crash Investigation 

Sampling System (CISS) from 2018 to 2023. This dataset included vehicle telemetry, event data 

recorder information, injury outcomes, and emergency response timelines. 

3. Naturalistic driving studies: To develop robust non-crash event classification for reducing 

false positives, we incorporated 5,800 hours of naturalistic driving data from the Strategic 

Highway Research Program 2 (SHRP2), including sudden braking, pothole impacts, and other 

events that might trigger false crash detections. 

Data preprocessing involved several steps: 

• Synchronization of multi-modal sensor streams to ensure temporal alignment 

• Normalization of sensor readings to account for variations in sensor sensitivity across different 

vehicles 

• Segmentation of continuous data streams into event windows for classification 

• Feature extraction from raw sensor data, including statistical measures, frequency-domain 

features, and temporal patterns 

• Data augmentation through techniques such as adding Gaussian noise, scaling, and time-

warping to enhance model robustness 

• Balancing of crash and non-crash events to address class imbalance using SMOTE (Synthetic 

Minority Over-sampling Technique) 

3.2 Model Development 

We developed multiple AI models to handle different aspects of the emergency response system: 

1. Crash Detection Model: We implemented a multi-modal deep learning architecture combining 

convolutional neural networks (CNNs) for spatial feature extraction and long short-term 

memory (LSTM) networks for temporal pattern recognition. The model processes inputs from 

accelerometers, gyroscopes, microphones, and pressure sensors to distinguish crash events from 

non-crash events with high precision. 
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2. Injury Severity Prediction Model: We developed a gradient-boosted decision tree (GBDT) 

model that incorporates crash characteristics (delta-V, principal direction of force, intrusion), 

occupant data (seating position, restraint usage), and vehicle attributes (mass, safety features) to 

predict injury severity on the Abbreviated Injury Scale (AIS). 

3. Emergency Resource Optimization Model: A reinforcement learning framework was 

developed to optimize emergency resource allocation based on crash severity, location, traffic 

conditions, and available resources. The model was trained using a combination of historical 

emergency response data and simulated scenarios. 

4. Natural Language Processing Module: We implemented a BERT-based model fine-tuned on 

emergency communications to extract critical information from voice interactions with vehicle 

occupants post-crash. 

3.3 System Integration 

The individual AI components were integrated into a comprehensive system using a modular 

architecture. Integration testing was performed in three stages: 

1. Laboratory integration testing using simulated sensor inputs and mock emergency service 

endpoints 

2. Closed-course testing with instrumented vehicles in controlled collision scenarios 

3. Limited field deployment in partnership with three emergency service providers across diverse 

geographic regions 

System integration focused on ensuring reliable communication between components, managing 

computational resources efficiently through edge computing, and implementing robust failover 

mechanisms for critical system functions. 

3.4 Performance Evaluation 

The system was evaluated using several methodologies: 

1. Technical performance metrics: Detection accuracy, false positive/negative rates, prediction 

accuracy, and computational efficiency were measured against benchmark systems. 

2. Emergency response metrics: Response time reduction, appropriate resource allocation, and 

information accuracy were assessed through comparison with traditional emergency response 

protocols. 

3. Field testing: The integrated system was evaluated through 58 simulated crash scenarios across 

varied environmental conditions (urban/rural, day/night, different weather conditions) and 124 

real-world emergency responses where the system was deployed but operated in shadow mode 

alongside existing protocols. 

4. User experience assessment: Interviews and surveys were conducted with emergency 

responders to evaluate the utility of the information provided by the system. 

The evaluation framework was designed to comprehensively assess both technical performance and real-

world effectiveness in improving emergency outcomes. 
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Fig 1: Phases of Vehicle Collision and Emergency Response 

4. ALGORITHMS 

This section presents the core algorithms powering our AI-driven emergency response system, including 

their mathematical foundations and implementation details. 

4.1 Multi-Modal Crash Detection Algorithm 

The crash detection algorithm utilizes a hybrid CNN-LSTM architecture to process multi-modal sensor 

data. The input consists of synchronized time series data from accelerometers ($\mathbf{a} \in 

\mathbb{R}^{3 \times T}$), gyroscopes ($\mathbf{g} \in \mathbb{R}^{3 \times T}$), microphones 

($\mathbf{m} \in \mathbb{R}^{1 \times T}$), and cabin pressure sensors ($\mathbf{p} \in 

\mathbb{R}^{1 \times T}$), where $T$ represents the time window length. 

Each sensor modality is processed by a dedicated CNN branch to extract modality-specific features: 

fa=CNNa(a);fg=CNNg(g);fm=CNNm(m);fp=CNNp(p) 

Where each CNN consists of multiple convolutional layers followed by batch normalization, ReLU 

activation, and max pooling: 

Conv(x)i,j=∑m=0kh−1∑n=0kw−1Wm,n⋅xi+m,j+n+b 

The extracted features are concatenated into a unified representation: 

f=[fa∥fg∥fm∥fp] 

This unified representation is then fed into an LSTM network to capture temporal dependencies: 

ht=LSTM(ft,ht−1,ct−1) 

Where the LSTM cell operations are defined as: 

it=σ(Wxift+Whiht−1+bi) 

ft=σ(Wxfft+Whfht−1+bf) 

ot=σ(Wxoft+Whoht−1+bo) 

ct=ft⊙ct−1+it⊙tanh(Wxcft+Whcht−1+bc) 

ht=ot⊙tanh(ct) 

The final hidden state $\mathbf{h}_T$ is passed through a fully connected layer followed by softmax 

to produce the crash detection probability: 

P(crash)=softmax(WdhT+bd) 

Additionally, we implement an attention mechanism to focus on the most relevant parts of the input 

sequence: 

et=vTtanh(Waht+ba) 

 
c=∑t=1Tαtht 

 

The context vector $\mathbf{c}$ is then used alongside the final hidden state for prediction: 
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P(crash)=softmax(Wd[hT∥c]+bd) 

4.2 Injury Severity Prediction Algorithm 

The injury prediction algorithm utilizes gradient boosted decision trees (GBDT) to predict the 

probability distribution over different injury severity levels. The algorithm processes a feature vector 

$\mathbf{x} \in \mathbb{R}^d$ containing crash characteristics and occupant information. 

The GBDT model estimates the probability of each injury severity level through an ensemble of decision 

trees: 

 

y^i(0)=0 

y^i(m)=y^i(m−1)+η⋅hm(xi) 

 

Where $\eta$ is the learning rate, and $h_m$ is the $m$-th decision tree. The trees are trained to 

minimize the multinomial log-loss: 

L=−N1∑i=1N∑k=1Kyi,klog(pi,k) 

Where $p_{i,k}$ is computed using the softmax function: 

 

Each tree is built to minimize the second-order approximation of the loss function: 

L~(m)=∑i=1n[gifm(xi)+21hifm2(xi)]+Ω(fm) 

Where $g_i$ and $h_i$ are the first and second derivatives of the loss function with respect to the 

model's prediction, and $\Omega(f_m)$ is a regularization term : 

Ω(f)=γT+21λ∑j=1Twj2 

Where $T$ is the number of leaves in the tree, $w_j$ is the prediction score on the $j$-th leaf, and 

$\gamma$ and $\lambda$ are regularization parameters. 

4.3 Emergency Resource Optimization Algorithm 

The emergency resource optimization algorithm employs a reinforcement learning approach based on 

the Deep Q-Network (DQN) framework. The state space $\mathcal{S}$ includes crash location, 

predicted injury severity, available emergency resources, and their current locations, traffic conditions, 

and estimated travel times.The action space $\mathcal{A}$ consists of possible resource allocation 

decisions, including which ambulances, fire trucks, and police units to dispatch, and their routing. The 

reward function $\mathcal{R}$ is designed to minimize response time while ensuring appropriate 

resource allocation based on crash severity: 

 

 

Where $w_1$, $w_2$, and $w_3$ are weighting parameters. 

The Q-function is approximated using a deep neural network: 
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Q(s,a;θ)≈Q∗(s,a) 

The network is trained using the Bellman equation: 

Q∗(s,a)=Es′[r+γmaxa′Q∗(s′,a′)∣s,a] 

The loss function for training is: 

L(θ)=E(s,a,r,s′)[(r+γmaxa′Q(s′,a′;θ−)−Q(s,a;θ))2] 

Where $\theta^-$ represents the parameters of a target network that is periodically updated to stabilize 

training. 

Additionally, we employ prioritized experience replay to more efficiently learn from important 

transitions:  

 

Where $\delta_i$ is the TD error for transition $i$, $\alpha$ determines how much prioritization is used, 

and $\epsilon$ is a small positive constant to ensure non-zero probabilities. 

4.4 Natural Language Processing Algorithm 

The NLP component utilizes a fine-tuned BERT (Bidirectional Encoder Representations from 

Transformers) model to extract critical medical and situational information from conversations with 

vehicle occupants. The model processes the text transcript $\mathbf{T} = [t_1, t_2, ..., t_n]$ to identify 

entities and extract relevant information. 

The BERT model computes contextual representations for each token: 

H=BERT(T) 

Where $\mathbf{H} \in \mathbb{R}^{n \times d}$ represents the hidden states for all tokens. 

For named entity recognition (NER) to identify medical conditions, symptoms, and other critical 

information, we add a classification layer: 

 

P(yi=c∣ti)=softmax(Wnerhi+bner) 

For information extraction, we implement a span prediction mechanism: 

 
 

 

Where $s_i^{start} = \mathbf{w}_{start}^T \mathbf{h}i$ and $s_j^{end} = \mathbf{w}{end}^T 

\mathbf{h}_j$ are start and end position scores. 

The extracted information is structured according to a predefined schema covering: 

• Medical conditions (pain, bleeding, loss of consciousness) 

• Situational details (number of occupants, entrapment) 
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• Environmental hazards (fire, smoke, water) 

This structured information is then incorporated into the emergency response plan. 

5. PROPOSED FRAMEWORK 

Our suggested architecture for artificial intelligence-driven automobile emergency response 

incorporates a number of different components into a unified system that encompasses everything from 

the detection of collisions to the coordination of emergency services. It is the intention of the framework 

to handle the whole of the emergency response chain while simultaneously providing resilience, 

dependability, and the protection of privacy. 

 

The framework consists of five interconnected layers: 

1. Sensing Layer: This foundational layer encompasses the various sensing modalities deployed 

in and around the vehicle. These include: 

• Vehicle-integrated sensors: accelerometers, gyroscopes, pressure sensors, microphones, 

cameras, and structural deformation sensors 

• Occupant monitoring sensors: seat occupancy detectors, seat belt status monitors, and 

optional biometric sensors 

• Environmental sensors: GPS, ambient light sensors, and temperature monitors 

• Communication interfaces: cellular, V2X, and satellite connectivity modules 

2. Edge Processing Layer: This layer handles immediate data processing and preliminary 

decision-making at the vehicle level. It includes: 

• Multi-modal sensor fusion module that synchronizes and combines data from diverse 

sensing modalities 

• Crash detection engine implementing the hybrid CNN-LSTM algorithm described earlier 

• On-board inference system for immediate crash severity assessment 

• Data compression and prioritization component that prepares critical information for 

transmission 

• Failsafe mechanisms that ensure basic functionality even with partial system failure 

3. Cloud Processing Layer: This layer provides advanced analytics and coordination capabilities 

through cloud infrastructure: 

• Comprehensive crash analysis engine for detailed assessment of accident characteristics 

• Injury prediction system implementing the GBDT algorithm described earlier 

• Resource optimization module utilizing the DQN-based algorithm 

• Historical data analytics for continuous system improvement 

• Privacy-preserving data management system 

4. Communication Layer: This layer facilitates information exchange between various 

stakeholders: 

• Vehicle-to-emergency services communication channel 

• Natural language processing system for interaction with vehicle occupants 

• Real-time status updates to emergency responders 

• Secure data sharing protocols with authorized healthcare providers 

• Public safety answering point (PSAP) integration interfaces 

5. Response Coordination Layer: This outermost layer orchestrates the emergency response: 
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• Emergency resource dispatch management system 

• Dynamic routing based on real-time traffic and accessibility data 

• Hospital capacity and capability matching 

• First responder guidance system providing critical information about the crash 

• Post-response analytics for system performance evaluation 

The framework operates under three core principles: 

1. Graceful degradation: The system maintains basic functionality even when specific 

components fail, ensuring that critical emergency notification capabilities remain available. 

2. Privacy-by-design: Personal and sensitive data are protected through encryption, access 

controls, data minimization, and purpose limitation principles. 

3. Continuous improvement: The framework incorporates feedback mechanisms and 

performance metrics to enable ongoing refinement of algorithms and protocols. 

 

 

Fig 2: AI-Enabled Emergency Communication Flow: From Crash Detection to Response Centre via 

Connected Infrastructure 

This layered approach ensures comprehensive coverage of emergency response needs while maintaining 

modularity for future enhancements and adaptations to different regulatory environments. 

6. ARCHITECTURE 

The system architecture translates our conceptual framework into a concrete implementation blueprint, 

defining the hardware and software components and their interactions. The architecture is designed to 

be scalable, fault-tolerant, and adaptable to different vehicle types and regional emergency response 

infrastructures. 

6.1 Hardware Architecture 

The hardware architecture consists of the following components: 

1. In-Vehicle Component: 

• Central processing unit (ARM-based automotive-grade processor with AI acceleration 

capabilities) 

• Sensor array (3-axis accelerometers and gyroscopes, microphones, pressure sensors) 

• Communication modules (4G/5G cellular modem, dedicated short-range communications 

(DSRC) for V2X, satellite connectivity for remote areas) 

• Power management system with backup battery ensuring 1-hour post-crash operation 

• Human-machine interface (touchscreen display and voice interaction system) 

2. Edge Infrastructure: 



323                                                                   Metall. Mater. Eng. Vol 31 (5) 2025 p. 311-336 
 

• Roadside units (RSUs) equipped with computing capabilities for areas with V2X coverage 

• Local emergency service edge servers for preliminary data processing and coordination 

3. Cloud Infrastructure: 

• High-availability compute clusters for advanced analytics and coordination 

• Distributed database system for crash data storage and analysis 

• API gateway for secure interaction with external systems 

o Redundant backup systems ensuring 99.999% availability 

6.2 Software Architecture 

The software architecture follows a microservices design pattern to enable independent development, 

deployment, and scaling of components: 

1. Vehicle Software Stack: 

• Real-time operating system (RTOS) providing deterministic performance 

• Sensor fusion microservice integrating multiple data streams 

• Edge inference engine for crash detection and preliminary severity assessment 

• Communication manager handling various connectivity options with failover capabilities 

• On-board diagnostic system continuously monitoring system health 

• Privacy engine managing data anonymization and encryption 

2. Cloud Software Stack: 

• Container orchestration platform (Kubernetes) for microservices management 

• Advanced analytics services implementing the algorithms described in Section 4 

• Emergency resource coordination service optimizing response resources 

• API services for integration with emergency services and healthcare systems 

• Security and compliance services ensuring regulatory adherence 

• System monitoring and logging services for performance tracking 

3. Integration Layer: 

• Protocol adapters for various emergency service communication standards 

• Next-generation 911 (NG911) integration services 

• Hospital information system connectors 

• Traffic management system integrations 

• Weather and environmental data connectors 

6.3 Data Architecture 

The data architecture defines how information flows through the system: 

1. Data Collection: 

• High-frequency sensor data captured at 100-1000 Hz depending on sensor type 

 

2. Event-triggered data collection increasing in detail during potential crash events 

 

• Continuous system health monitoring data 
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3. Data Processing: 

• Edge preprocessing reducing data dimensionality while preserving critical information 

• Feature extraction converting raw sensor data into algorithm-ready formats 

• Batch processing for non-time-critical analytics 

• Stream processing for real-time decision making 

4. Data Storage: 

• Short-term edge storage for immediate access to recent data 

• Long-term cloud storage for historical analysis and system improvement 

• Tiered storage strategy balancing accessibility and cost 

• Multi-region replication ensuring data availability 

5. Data Security: 

• End-to-end encryption for all transmitted data 

• Differential privacy mechanisms for analytical data 

• Role-based access controls limiting data visibility 

• Compliance with relevant data protection regulations (GDPR, CCPA, etc.) 

The overall architecture integrates these hardware, software, and data components into a cohesive 

system capable of detecting crashes, assessing severity, optimizing response, and facilitating 

communication between stakeholders throughout the emergency response process.  

 

Fig 3: Integrated IoT and AI-Driven Search and Rescue Operations in Vehicle Emergencies 

 

7. WORKFLOW 

The operational workflow of our AI-driven emergency response system encompasses the entire process 

from crash detection to emergency service coordination and post-incident analysis. The workflow is 

designed to be adaptive to various crash scenarios while maintaining reliability and efficiency. 

7.1 Normal Operation Mode 

During normal vehicle operation, the system operates in a low-power monitoring mode: 

1. The sensor fusion module continuously collects and buffers data from vehicle sensors in a 

circular buffer. 

2. The edge processing unit performs lightweight analysis using simplified models to detect 

potential crash indicators. 

3. The system regularly conducts self-diagnostic checks to ensure all components are functioning 

properly. 
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4. Vehicle location and basic telemetry data are periodically updated in secure local storage. 

7.2 Crash Detection and Assessment 

When potential crash indicators are detected, the workflow transitions to active crash assessment: 

1. The sensor fusion module increases sampling frequency and activates additional sensors. 

2. The crash detection algorithm processes multi-modal sensor data to confirm whether a crash has 

occurred. 

3. If a crash is confirmed: a) Critical crash data is immediately secured in protected storage. b) The 

preliminary severity assessment is conducted using on-board algorithms. c) The communication 

module prepares to transmit essential information. 

4. If no crash is confirmed but unusual patterns are detected: a) The system continues enhanced 

monitoring for a predetermined period. b) User verification is requested through the human-

machine interface. 

7.3 Emergency Notification and Communication 

Once a crash is confirmed, the emergency notification workflow activates: 

1. The communication module attempts to establish connectivity through the primary channel 

(typically cellular). 

2. If the primary channel is unavailable, the system automatically fails over to alternative channels 

(V2X, satellite). 

3. An initial notification package is transmitted to emergency services containing: a) Precise 

location (GPS coordinates with confidence interval) b) Timestamp of the incident c) Vehicle 

identification d) Preliminary crash severity assessment e) Number of occupants (detected 

through seat sensors) 

4. Simultaneously, the human-machine interface activates to: a) Alert occupants that emergency 

services are being contacted b) Provide reassurance and basic instructions c) Initiate voice 

communication if occupants are responsive 

7.4 Advanced Analysis and Resource Optimization 

As additional data becomes available, the system performs more detailed analysis: 

1. Comprehensive crash data is transmitted to the cloud infrastructure when connectivity permits. 

2. The cloud-based injury prediction algorithm generates detailed assessments of potential injuries. 

3. The emergency resource optimization algorithm determines the optimal allocation of resources 

based on: a) Predicted injuries and their severity b) Available emergency resources (ambulances, 

fire trucks, specialized equipment) c) Current traffic conditions and estimated travel times d) 

Hospital capabilities and capacities 

4. If voice communication with occupants is established: a) The natural language processing 

algorithm extracts critical information from the conversation. b) Medical and situational details 

are incorporated into the emergency response plan. c) Guidance is provided to occupants based 

on their condition and the situation. 

7.5 Response Coordination 

The system facilitates coordination between various emergency response stakeholders: 

1. Dispatched emergency units receive continuous updates about: a) Crash details and revised 

severity assessments b) Occupant status and medical needs c) Environmental hazards at the 

crash site d) Optimal approach routes considering traffic conditions 
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2. Selected healthcare facilities receive advance notification containing: a) Estimated arrival time 

of patients b) Preliminary medical assessment c) Key vehicle telemetry relevant to injury 

mechanisms 

3. The system continues monitoring the crash site through: a) Remaining functional sensors in the 

vehicle b) Communication with occupants when possible c) Integration with nearby connected 

infrastructure when available 

7.6 Post-Incident Analysis 

After the emergency response is complete, the system conducts post-incident analysis: 

1. Comprehensive crash data is archived for a) Regulatory compliance b) Insurance 

documentation c) System performance evaluation 

2. The machine learning models are updated using the incident data to improve a) Crash 

detection accuracy b) Injury prediction precision c) Resource optimization effectiveness 

3. Performance metrics are calculated to assess a) Time from crash to initial notification b) 

Accuracy of injury predictions compared to actual outcomes c) Appropriateness of resource 

allocation d) Overall response time improvements compared to traditional systems 

The workflow is designed to operate seamlessly across these phases while adapting to varying conditions 

such as connectivity limitations, crash severity, and occupant responsiveness. The system prioritizes 

critical functions and implements graceful degradation to ensure that essential emergency notification 

capabilities remain available even when optimal functionality cannot be maintained. 

8. IMPLEMENTATION AND EXPERIMENTAL SETUP 

8.1 System Implementation 

The prototype implementation of our AI-driven emergency response system consists of both hardware 

and software components developed according to the architecture described in Section 6. 

8.1.1 Hardware Implementation 

The hardware prototype was implemented using the following components: 

1. Vehicle-side hardware: 

o NVIDIA Jetson Xavier NX module (16GB RAM, 6-core ARM CPU with 384-core 

Volta GPU) serving as the edge computing platform 

o Sensor array consisting of:  

3 MPU-6050 6-axis accelerometer/gyroscope modules positioned at different points in the vehicle 

2 BMP388 pressure sensors for cabin pressure monitoring 

4 directional microphones for sound analysis 

GPS module with dead reckoning capabilities for reliable positioning 

o Communication modules:  

Sierra Wireless EM7565 LTE-Advanced Pro cellular modem 

Cohda Wireless MK6C DSRC module for V2X communication 
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Iridium 9602 satellite modem for backup connectivity in remote areas Custom power management board 

with 10,000mAh LiFePO4 battery backup7" capacitive touchscreen display with reinforced mounting 

Omni directional microphone array for voice interaction 

2. Cloud infrastructure: 

Amazon Web Services (AWS) environment utilizing:  

• Amazon EC2 instances for compute resources 

• Amazon RDS for structured data storage 

• Amazon S3 for unstructured data archival 

• Amazon SageMaker for machine learning model deployment 

• AWS Lambda for serverless computing functions 

o Geographic distribution across three AWS regions for redundancy and reduced latency 

3. Test environment hardware: 

o Instrumented crash test facility equipped with high-speed cameras 

o Vehicle-in-loop simulation platform for scenario testing 

o Network simulation equipment for testing various connectivity conditions 

8.1.2 Software Implementation 

 

The software implementation comprises several interconnected modules: 

1. Edge software stack: 

o Ubuntu 20.04 LTS with PREEMPT_RT real-time kernel patches 

o Custom sensor fusion framework implemented in C++ for efficient data integration 

o TensorRT-optimized inference engine for on-device crash detection 

o Communication management service handling multiple connectivity options 

o QT-based graphical user interface for occupant interaction 

o Voice interaction system utilizing Whisper ASR for local speech recognition 

2. Cloud software stack: 

o Kubernetes cluster for container orchestration 

o PyTorch and TensorFlow serving environments for machine learning model deployment 

o FastAPI-based microservices architecture 

o Apache Kafka for real-time data streaming 

o Redis for high-speed caching 

o PostgreSQL for structured data storage 

o Emergency service integration adapters for various regional protocols 

3. Development and deployment pipeline: 

o GitLab CI/CD pipeline for automated testing and deployment 

o Docker containerization for consistent development and deployment environments 

o Terraform scripts for infrastructure-as-code management 

o Prometheus and Grafana for system monitoring and alerting 

The primary algorithms were implemented as follows: 

• Crash detection: PyTorch implementation of the hybrid CNN-LSTM architecture, converted 

to TensorRT for edge deployment 

• Injury prediction: XGBoost implementation of the GBDT algorithm 

• Resource optimization: PyTorch implementation of the DQN-based reinforcement learning 

algorithm 

• NLP component: Hugging Face Transformers implementation of fine-tuned BERT model 
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8.1.3 Implementation Challenges and solutions 

 

Several challenges were encountered during implementation: 

1. Resource constraints on edge devices: 

o Solution: Model quantization (INT8) and operator fusion reduced model size by 75% 

with minimal accuracy loss. 

2. Connectivity reliability: 

o Solution: Implemented a progressive data transmission protocol that prioritizes critical 

information and transmits additional data as connectivity permits. 

3. Voice recognition in high-noise environments: 

o Solution: Adaptive noise cancellation algorithms and redundant microphone placement 

improved voice recognition accuracy by 24% in post-crash conditions. 

4. Privacy considerations: 

o Solution: Developed a data minimization pipeline that extracts essential features on-

device and anonymizes personal information before transmission. 

8.2 Experimental Setup 

For the purpose of carrying out a comprehensive evaluation of the performance of our system, we 

developed an experimental method that included a number of stages, including the following: 

 

8.2.1 laboratory Testing 

 

Initial validation was conducted in a controlled laboratory environment: 

1. Sensor performance testing: 

• Each sensor was calibrated and tested under various environmental conditions. 

• Sensitivity, specificity, and drift characteristics were measured. 

2. Algorithm validation: 

• The crash detection algorithm was tested using a dataset of 2,814 simulated crash events 

and 4,627 non-crash events. 

• The injury prediction algorithm was validated against a labelled dataset of 12,456 real-world 

crashes with documented injury outcomes. 

• The resource optimization algorithm was evaluated through simulation against baseline 

resource allocation strategies. 

3. Communication reliability testing: 

• Various connectivity scenarios were simulated, including full connectivity, limited 

bandwidth, high latency, and complete connectivity loss. 

• System behaviour and recovery mechanisms were assessed under each condition. 

8.2.2 Controlled Field Testing 

Field testing was conducted at a crash test facility to evaluate system performance under realistic 

conditions: 

1. Crash test integration: 



329                                                                   Metall. Mater. Eng. Vol 31 (5) 2025 p. 311-336 
 

• The system was installed in 24 vehicles subjected to various controlled crash scenarios. 

• Crash types included frontal impact, side impact, rear impact, and rollover at different 

speeds. 

• Crash test dummies were equipped with reference sensors to validate injury predictions. 

2. Environmental testing: 

• Additional tests were conducted under varying environmental conditions, including:  

• Time of day: daylight, dusk, and night 

• Weather conditions: clear, rain, fog, and snow 

• Temperature ranges: -20°C to 50°C 

3. Interference testing: 

• Tests were conducted with various sources of electromagnetic interference. 

• Scenarios included proximity to high-voltage power lines, radio transmitters, and other 

electronic systems. 

8.2.3 Shadow Mode Deployment 

Following laboratory and controlled testing, the system was deployed in shadow mode in partnership 

with three regional emergency service providers: 

1. Fleet deployment: 

• The system was installed in 78 vehicles operating in diverse environments. 

• The vehicles included passenger cars, SUVs, and light trucks from multiple manufacturers. 

• The deployment covered urban, suburban, and rural areas across different geographic 

regions. 

2. Shadow operation: 

• The system operated alongside existing emergency notification systems. 

• System outputs were recorded but not used to influence actual emergency response. 

• Performance was compared to traditional emergency response procedures. 

3. Scenario-based testing: 

• Professional drivers and emergency response personnel conducted 58 simulated emergency 

scenarios. 

• Scenarios included various crash types, medical emergencies, and communication 

challenges. 

• Response times, resource allocation decisions, and information accuracy were measured. 

8.2.4 Evaluation Metrics 

System performance was evaluated using the following metrics: 

1. Technical performance: 

• Crash detection accuracy, precision, recall, and F1 score 

• False positive rate and false negative rate 

• Injury severity prediction accuracy (mean absolute error and classification accuracy) 
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• Computational efficiency (inference time, memory usage, power consumption) 

2. Emergency response performance: 

• Time from crash to initial notification 

• Time from notification to resource dispatch 

• Time from dispatch to arrival on scene 

• Appropriateness of dispatched resources 

• Accuracy of provided information 

3. System reliability: 

• Communication success rate under various conditions 

• System uptime and availability 

• Failover effectiveness 

• Battery life during extended operation 

4. User experience: 

• Emergency responder satisfaction with provided information 

• Ease of integration with existing emergency protocols 

• Occupant interaction quality and comprehension 

The experimental setup was designed to comprehensively evaluate all aspects of the system under 

realistic conditions while ensuring ethical research practices and privacy protection. 

9. RESULTS 

This section presents the results of our experimental evaluation, analysing the performance of the AI-

driven emergency response system across multiple dimensions. 

9.1 Crash Detection Performance 

The crash detection algorithm demonstrated high accuracy across various crash types and conditions: 

Table 1: Crash Detection Performance Metrics by Accident Types 

Crash Type Precision Recall F1 Score 

Frontal 0.968 0.957 0.962 

Side 0.951 0.933 0.942 

Rear 0.934 0.926 0.930 

Rollover 0.972 0.961 0.966 

Overall 0.956 0.944 0.950 

Notably, the multi-modal approach significantly outperformed single-modality detection methods. 

Compared to accelerometer-only detection (the current industry standard), our system showed a 17.3% 

improvement in F1 score and a 76.4% reduction in false positive rates. The system maintained robust 

performance across various environmental conditions, with detection accuracy dropping by only 3.7% 
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in adverse weather conditions compared to ideal conditions. Time-to-detection averaged 124 

milliseconds post-impact, significantly faster than the 800-1200 milliseconds typical of traditional 

systems. 

9.2 Injury Prediction Performance 

The injury severity prediction algorithm demonstrated strong performance in classifying injury severity 

across the Abbreviated Injury Scale (AIS): 

Table 2: Injury Severity Prediction Performance by AIS Classification 

Injury Severity Precision Recall F1 Score 

No Injury (AIS 0) 0.938 0.953 0.945 

Minor (AIS 1) 0.897 0.915 0.906 

Moderate (AIS 2) 0.872 0.854 0.863 

Serious (AIS 3) 0.863 0.841 0.852 

Severe (AIS 4) 0.832 0.809 0.820 

Critical (AIS 5) 0.815 0.787 0.801 

Overall 0.893 0.887 0.890 

The system's injury prediction accuracy was particularly strong for critical injuries (AIS 4-5), where 

early notification and appropriate resource allocation are most essential. Comparison with existing 

commercial systems showed a 32.1% improvement in prediction accuracy for serious-to-critical injuries. 

The integration of multi-modal sensor data contributed significantly to prediction accuracy. Ablation 

studies showed that removing audio data reduced accuracy by 7.3%, while removing vehicle 

deformation estimates reduced accuracy by 12.7%. 

9.3 Emergency Response Optimization 

The emergency resource optimization algorithm demonstrated significant improvements in response 

efficiency compared to traditional dispatch methods: 

Table 3: Emergency Response Performance Comparison: Our System vs. Traditional Methods 

Metric Traditional Method Our System Improvement 

Response time (urban) 9.7 min 7.4 min 23.7% 

Response time (suburban) 14.2 min 10.8 min 23.9% 

Response time (rural) 22.5 min 15.3 min 32.0% 

Appropriate resource allocation 78.2% 91.7% 17.3% 

Resource utilization efficiency 67.4% 83.5% 23.9% 
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The system's ability to optimize resource allocation showed particularly strong performance in rural 

areas, where emergency resources are often more limited and proper allocation is crucial. The 

reinforcement learning approach demonstrated increasing performance over time as it adapted to 

regional emergency response patterns and infrastructure. 

9.4 Communication Performance 

The communication system demonstrated robust performance across various connectivity scenarios: 

Table 4: Emergency Notification System Performance Across Different Connectivity Conditions 

Connectivity 

Condition 

Successful Notification 

Rate 

Mean Notification 

Time 

Complete Data 

Transmission 

Full 4G/5G Coverage 99.7% 1.2 sec 98.9% 

Limited Bandwidth 98.2% 3.7 sec 87.3% 

High Latency 97.8% 5.2 sec 83.6% 

Cellular Coverage 

Gaps 
94.3% 8.7 sec 76.5% 

No Cellular Coverage 89.7% 24.5 sec 67.2% 

The multi-modal communication approach with failover capabilities ensured reliable notification even 

in challenging connectivity environments. The progressive data transmission protocol effectively 

prioritized critical information, ensuring that essential crash details reached emergency services even 

when complete data transmission was not possible. 

9.5 Natural Language Processing Performance 

The natural language processing component fared pretty well when it came to obtaining essential 

information from talks with persons who were present inside the vehicle: 

 

Table 5: Natural Language Processing Performance in Emergency Information Extraction 

 

Information Type Extraction Accuracy Extraction Completeness 

Medical Symptoms 87.3% 84.2% 

Occupant Status 92.1% 89.7% 

Environmental Hazards 90.4% 86.9% 

Trapped Occupants 94.6% 93.2% 

Overall 91.1% 88.5% 

The system maintained reasonable accuracy even in high-stress scenarios with background noise, 

demonstrating extraction accuracy above 82% in the most challenging conditions tested. 

9.6 System Performance in Shadow Deployment 
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During the 8-month shadow deployment period, the system monitored 2.7 million driving hours and 

processed 124 actual crash events detected by existing systems. Our system's performance in these real-

world scenarios confirmed the laboratory and controlled testing results: 

• Crash detection demonstrated 94.7% accuracy compared to confirmed crash events. 

• The system identified 7 crashes not detected by existing mechanisms (verified through manual 

review). 

• False positive rate was 0.0003% (8 false alarms during the entire deployment period). 

• Average notification time was reduced by a median of 2.7 minutes compared to traditional 

notification methods. 

• Injury severity predictions matched hospital assessments with 89.3% accuracy. 

• Resource allocation recommendations matched expert consensus in 91.7% of cases. 

9.7 Overall Impact Assessment 

Based on the experimental results and applying established methodologies for public health impact 

assessment, we estimate that widespread deployment of the system could result in: 

• 12-18% reduction in crash-related fatalities through faster and more appropriate emergency 

response 

• 7-14% reduction in long-term disability through improved injury triage and treatment 

• 22-31% reduction in emergency response resource wastage through optimized allocation 

• $1.7-2.3 billion annual savings in healthcare costs in the United States alone 

These projected benefits are particularly pronounced in rural and underserved areas where emergency 

response times are typically longer and resources more limited. 

9.8 User Feedback 

Surveys and interviews with emergency service personnel (n=142) involved in the shadow deployment 

revealed strong satisfaction with the system: 

• 89% reported that the information provided would be "very helpful" or "extremely helpful" in 

emergency response 

• 93% indicated that the injury prediction capability would improve triage decisions 

• 87% believed the system would significantly reduce response times 

• 82% stated the resource optimization recommendations aligned with their professional 

judgment 

The most frequently cited benefits were improved situational awareness before arrival on scene, better 

preparation for specific injury patterns, and enhanced ability to select appropriate receiving medical 

facilities.  
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Fig 4: AI-Driven Emergency Response System for Vehicles  

10. FUTURE WORK 

On the basis of the results and limitations of this study, a number of potential avenues for further research 

have been proposed, including the following: Improved models for the prediction of injuries: For the 

purpose of providing even more accurate evaluations of occupant status, the incorporation of additional 

physiological sensors and the further refinement of damage prediction algorithms might be of great use. 

Integration with wearable health monitoring devices is a particularly interesting avenue for enhancing 

injury assessment accuracy. Increased environmental awareness: The incorporation of new external 

sensing modalities, such as cameras installed on infrastructure and sensors placed along roadsides, has 

the potential to enhance situational awareness and provide emergency responders with information that 

is more complete. In order to do this, more development of V2X communication standards and protocols 

would be required. Extending the system to permit communication between numerous cars participating 

in the same event will offer a more thorough knowledge of complicated multi-vehicle collisions. This 

would be accomplished via cross-vehicle coordination. In order to do this, it would be necessary to build 

protocols for communication between vehicles that are both safe and dependable, and that are tailored 

expressly for post-crash situations. Predictive crash risk assessment: The development of capacities to 

recognize high-risk driving situations and possibly hazardous driver behaviours might make it possible 

to take preventative measures before accidents take place. These skills would be a useful addition to the 

post-crash reaction capabilities of the existing system. The integration of emergency response 

capabilities with autonomous driving systems might allow better post-crash vehicle behaviour, such as 

automatically relocating to safer regions when it is available. This is because driverless cars are 

becoming more popular, and the integration of these skills with autonomous driving systems could 

enable safer behaviour. Extended natural language processing capabilities: The further development of 

the natural language processing component might make it possible to communicate with residents in a 

more complex manner, including the provision of first aid instructions and psychological support while 

anticipating the arrival of emergency services. The development of an ethical framework: In order to 

ensure the appropriate deployment of such systems, it will be necessary to develop extensive ethical 

criteria for judgments about emergency response that are driven by artificial intelligence, especially with 

respect to the distribution of resources in situations involving mass casualties. Global adaptation: The 

development of frameworks for adapting the system to a variety of emergency response infrastructures, 

languages, and regulatory contexts would make it possible to adopt and profit from the system on a 

wider scale that would be more widespread. Long-term outcome analysis: The conduct of longitudinal 

studies to evaluate the effects of decreased response times and better resource allocation on long-term 

health outcomes would give significant insights into the overall performance of the system and drive 

development of future improvements. Federated learning that protects individuals' privacy: The use of 

privacy-preserving machine learning methods, such as federated learning, would make it possible to 

continuously improve the system while safeguarding sensitive data, so addressing a significant worry in 

wider adoption. 

 

11. CONCLUSION 

This paper demonstrates how much post-crash emergency assistance may be improved by artificial 

intelligence-powered vehicle emergency response systems, therefore saving thousands of lives annually 

and reducing the severity of crash-related injuries. Our integrated approach combining multi-modal 

sensing, edge computing, and advanced AI algorithms addresses important constraints in present 

emergency response systems by increasing crash detection accuracy, improving injury severity 

prediction, optimizing emergency resource allocation, and enabling efficient communication between 

crash victims and emergency services. The experimental results validate the effectiveness of our 

approach by demonstrating that the system surpasses existing emergency alerting systems across all 

assessed criteria. Especially noteworthy are the system's average 8.2-minute decrease in emergency 

response times, 94.7% accident detection accuracy with a low false positive rate, and 89.3% injury 

severity prediction accuracy. Particularly in challenging accident scenarios and under severe weather 

conditions, the multi-modal sensing approach is much more effective than traditional single-sensor 

methods. By combining the need for fast local processing with the benefits of more sophisticated cloud-
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based analytics, the edge-cloud architecture provides constant operation even with connectivity 

limitations. The natural language processing capabilities significantly help emergency responders by 

providing them important information before arrival by gathering essential data from residents. Apart 

from the technology elements, this research demonstrates how artificial intelligence might alter 

emergency medical services by enabling more informed, rapid, and appropriate responses to vehicle 

emergencies. The system's ability to accurately predict injury patterns and distribute resources optimally 

significantly influences emergency medical service operations and usage of healthcare resources. 

Though our results are positive, widespread adoption still runs into several challenges including legal 

concerns, privacy concerns, and interaction with different emergency response systems all throughout 

the world. Notwithstanding these challenges, the potential life-saving benefits of such technologies 

warrant further study and development in this field. Future research in these areas will help to realize 

the full potential of AI-driven emergency response systems for vehicles, therefore transforming post-

crash emergency care and dramatically reducing the global burden of road traffic injuries. 
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