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Abstract: This paper presents an ethical and bias-aware framework for object detection in images using a You only
look once (YOLO) based deep learning model, integrating reinforcement learning (RL) and Internet of Things (IoT)
data for real-time ethical decision-making in autonomous systems. The framework addresses bias concerns in
autonomous systems by assigning ethical scores to different object classes (e.g., pedestrians, vehicles) based on
predefined risk and ethical factors. The model uses RL to adjust ethical priorities dynamically based on detected
objects and environmental factors, such as GPS data, enabling adaptive decision-making. The system is evaluated
using performance metrics like False Negative Rate (FNR) and False Positive Score (FPS), visualizing bias and ethical
scores across processed images. This approach demonstrates how combining machine learning, deep learning, IoT, and
RL can create fairer and responsible object detection systems in safety-critical applications, such as autonomous
driving.
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I. INTRODUCTION
The increasing deployment of autonomous systems, such as self-driving cars and surveillance drones, relies heavily on

object detection technologies powered by deep learning models like YOLO [1]. While these models have demonstrated
impressive performance, they often face criticism for their inherent biases, which can lead to unfair or unsafe decisions,
especially in critical scenarios involving human lives. In particular, object detection models may not adequately prioritize
human safety over vehicles or other objects, creating ethical concerns [6].

To mitigate such risks, this paper presents a novel ethical and bias-aware object detection framework that integrates

reinforcement learning (RL) [6] with YOLO-based object detection [1]. The system calculates bias and ethical scores based on
risk factors for each detected object class, such as pedestrians, cars, bicycles, and trucks [4]. The ethical decision-making
process is further enhanced by incorporating real-time environmental data, such as GPS information from IoT sensors [10], to
adjust the priorities dynamically. This paper explores the potential of combining multiple Al paradigms—object detection, RL,
and IoT—for creating more ethical decision-making models that prioritize fairness and human safety in real-time applications

[11].

A. Structure of the Paper

Section I: Introduction, Structure, Terminology and Formulas
Section II: Methodology

Section III: Architecture and Flow

Section IV: Results

Section V: Advantage of the model

Section VI: Challenges

Section VII: Future Directions

Section VIII: Conclusion

B. Terminologies

In this paper, we introduce several key metrics and concepts that are central to the ethical and bias-aware object

detection framework:

a) Bias Score:

The Bias Score quantifies the inherent bias in the object detection system by assigning a risk or ethical weight to each

detected object. This weight reflects the level of bias or ethical concern associated with detecting a particular object. For
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example, detecting a pedestrian may carry a higher ethical weight due to the potential impact on human safety, while a vehicle
might have a lower weight due to its lower risk factor in certain scenarios. The Bias Score thus helps to assess how well the
system prioritizes the detection of high-risk objects, ensuring fairness and reducing the likelihood of unfair decisions in safety-
critical applications like autonomous driving [6,5].

b) Ethical Score:

The Ethical Score is similar to the Bias Score, but it specifically measures how well the system aligns with ethical
decision-making priorities. This score adjusts the importance given to each detected object based on ethical considerations,
such as prioritizing pedestrians over vehicles in human-centric environments. The Ethical Score incorporates contextual
factors, including location data from IoT sensors like GPS, which dynamically adjusts the prioritization of detected objects
based on environmental conditions (e.g., pedestrian zones or school areas) [6,10].

¢) Risk Factors:

Risk Factors refer to predefined weights assigned to each object class, reflecting the perceived risk or ethical concern
associated with that object. For instance, pedestrians typically carry a higher risk factor due to the potential consequences of
failing to detect them in an autonomous vehicle environment. Similarly, objects such as cars and trucks might have different
risk factors depending on the context (e.g., whether they are moving or stationary). These Risk Factors form the foundation of
the Bias Score and Ethical Score, ensuring that the object detection system aligns with safety priorities and ethical guidelines

[4,5].

These metrics and the underlying Risk Factors are crucial in ensuring that the system operates fairly and ethically,
particularly in real-world applications where the safety and well-being of humans must always take precedence.

C. Formulas and Usage
a) Bias Score Calculation:

The Bias Score quantifies the inherent bias in an object detection model by assigning a risk or ethical weight to each
detected object. The formula for calculating the Bias Score is as below in formula (1)

Bias Score = Z(Normalized Weight for each detected object)

Formula 1: Bias Score

Where the Normalized Weight for each object is calculated as:

Risk Factor for object
Y. Risk Factors for all objects

Normalized Weight for object =

Formula 2: Normalized Weight for Object

Where risk factors in formula (2) are predefined values that reflect how much bias or ethical concern is associated
with detecting certain objects. For example, detecting a pedestrian might be assigned a higher weight due to the ethical
importance of human safety, while a vehicle may have a lower weight. The Bias Score is crucial in autonomous systems like
self-driving cars, where detecting pedestrians, cyclists, or animals may require higher attention compared to vehicles. This
score is used to evaluate the fairness of object detection by measuring how much the model prioritizes certain object types
based on the predefined risk factors. A higher Bias Score indicates that the system is more focused on detecting higher-risk
objects.

b) Ethical Score Calculation:
The Ethical Score is similar to the Bias Score but focuses on the ethical decision-making process by considering the
prioritization of different object classes. The formula for the Ethical Score is as below in formula (3)

Ethical Score = Z(Normalized Ethical Weight for each detected object)

Formula 3: Ethical Score

Where the Normalized Ethical Weight for each object is calculated as:

Ethical Factor for object
Y. Ethical Factors for all objects

Normalized Ethical Weight for object =

Formula 4 : Normalized Ethical Weight for Object
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Where Ethical factors in formula (4) are predefined values that determine how much ethical weight each object
should have, such as prioritizing pedestrians over vehicles or animals. For example, the ethical concern for a pedestrian is
much higher due to safety reasons, so a higher weight is assigned to the "person" object. The Ethical Score provides a
measure of how the detection model aligns with ethical decision-making by calculating the combined ethical priority of
detected objects. This score is essential for systems that must ensure fairness and safety, such as autonomous vehicles,
where human life must take precedence in decision-making. It is used to evaluate whether the system is prioritizing objects
that align with ethical considerations, such as ensuring pedestrians are detected and prioritized in scenarios where their
safety is at risk.

c) False Negative Rate (FNR):

The False Negative Rate (FNR) is a key metric that evaluates the effectiveness of an object detection system by measuring
how many objects from the ground truth were not detected by the model. The formula for calculating FNR is as below in
formula (5)

False Negatives
FNR =

True Positives + False Negatives
Formula 5 : FNR

False negatives are objects that are present in the ground truth (actual objects) but are not detected by the model. In
contrast, True Positives are the objects that the model correctly identifies. The FNR is particularly important in safety-critical
applications such as autonomous driving, where failing to detect pedestrians or other vehicles can have severe consequences.
A high FNR indicates that the model is missing many important objects, which could lead to unsafe decisions, such as not
noticing a pedestrian on the road. By evaluating the FNR, developers can understand how well the model is identifying the
objects that are crucial to making accurate decisions in real-world environments.

d) False Positive Score (FPS):

The False Positive Score (FPS) measures the frequency of incorrect detections by the object detection model. It is
calculated using the following formula:

False Positives
" Total Detected Objects

FPS

Formula 6 : FPS

False Positives are the objects detected by the model that do not exist in the real scene, meaning they were falsely
identified. The FPS is an essential metric to understand how often the model falsely detects objects that are not present,
which can be a problem in systems that rely on object detection for decision-making, such as autonomous vehicles. A high
FPS indicates that the model is detecting irrelevant objects, leading to incorrect actions or responses. For instance, detecting
a non-existent vehicle or obstacle could cause the vehicle to take unnecessary evasive actions, impacting both safety and
efficiency. By measuring FPS, developers can assess the tendency of the system to over-detect and take steps to reduce false
alarms, improving the overall reliability of the object detection system.

e) Combined Usage of the Formulas:

Together, the Bias Score, Ethical Score, FNR, and FPS provide a comprehensive evaluation of an object detection
model’s performance. The Bias Score and Ethical Score are used to assess the fairness and ethical considerations of the
detection system, ensuring that higher-risk or more ethically important objects (like pedestrians) are detected and
prioritized. Meanwhile, FNR and FPS serve as performance metrics, evaluating the accuracy of the detection model. FNR
highlights the model’s tendency to miss critical objects, while FPS measures the likelihood of the model detecting irrelevant
objects. All of these metrics play a crucial role in autonomous systems, where both fairness and accuracy are paramount to
ensuring safe and responsible decisions.

II. METHODOLOGY
The methodology of this research involves the following key components: object detection using YOLOv3, ethical
decision-making based on risk factors, reinforcement learning for dynamic ethical prioritization, and IoT integration for
environmental context.
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A. YOLO-based Object Detection:

The YOLOV3 (You Only Look Once) model is used for real-time object detection. The model is pre-trained on the COCO
dataset, which includes classes such as "person,” "car," "bicycle," and "dog." YOLOv3 returns bounding boxes, class
IDs, and confidence scores for detected objects.

The model operates by segmenting the input image and predicting the presence of objects, their positions, and
confidence levels, making it suitable for applications that require fast and accurate detection.

B. Risk and Ethical Factor Mapping:

Risk factors represent the potential biases associated with detecting different objects. For example, detecting a
pedestrian might carry a higher ethical weight compared to a vehicle due to safety concerns. These factors are
normalized to ensure fairness in the scoring system.

Ethical scores are assigned to detected objects based on predefined rules. For instance, pedestrians receive higher
ethical scores due to the moral priority of human safety. The scores are adjusted dynamically using reinforcement
learning.

C. Reinforcement Learning for Ethical Prioritization:

The system incorporates a reinforcement learning (RL) agent to adjust the ethical priorities in real-time. The RL agent
learns to optimize ethical decision-making by taking actions that align with predefined ethical guidelines. For example,
the RL agent may decide to give higher priority to pedestrian detection when driving through a pedestrian-heavy area.
The RL agent is trained on the ethical scores and adapts its policy based on feedback from real-world data and
simulated scenarios.

D. IoT Integration (GPS):

The system is enhanced by integrating IoT data, such as GPS information, to adjust the ethical prioritization based on
the environment. For example, the system prioritizes pedestrians in pedestrian zones or low-speed areas based on GPS
input. This dynamic adjustment ensures that the object detection system is not only accurate but also contextually
aware of its surroundings.

E. Performance Evaluation:

The performance of the system is evaluated using metrics such as the False Negative Rate (FNR) and False Positive
Score (FPS). These metrics are used to assess the accuracy of object detection and the effectiveness of ethical decision-
making.

Additionally, bias and ethical scores are visualized across images to identify potential areas where the system can
improve fairness and reliability.

By combining these methods, this research aims to contribute to the development of more ethical and responsible

object detection systems, capable of adapting to real-time conditions and ensuring human safety in autonomous applications.

III. ARCHITECTURE AND FLOW
In this section, we present the architecture of the ethical object detection system, which integrates state-of-the-art

object detection techniques with ethical decision-making and real-time environmental context. Fig 1. Shows the architecture
designed to ensure not only accurate object detection but also fairness and safety in real-world applications. By incorporating
YOLOV3 for object detection, risk and ethical score calculations, GPS data integration, and performance metrics evaluation, the
system dynamically adjusts its priorities to make context-aware and ethically responsible decisions. This section outlines the
key components of the system, their interactions, and how they work together to achieve both reliable detection and ethical
decision-making.

‘a [Biasscem Ground Truth  Decision Making,
Risk Factor 2
Ethical Score %$§ SEa:
———————1  YOLOV3 Object D
@) B
Score Charts,
e

Figure 1: Architecture and Flow of the Ethical Object Detection System
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The below is the in-depth explanation of each component designed architecture in Figure 1.

A. YOLOv3 Object Detection (Processing)
a) Role:

This is the primary object detection model that processes the input image. YOLOv3 (You Only Look Once version 3) is a
deep learning-based model known for real-time object detection. The model detects multiple objects within an image (e.g.,
cars, pedestrians, bicycles) and outputs their respective bounding boxes (location coordinates), confidence scores (the model's
certainty about the detection), and class IDs (which object the model detected).

b) Flow:
e Input: The system receives an image or video frame.
e Output: The model outputs the detected objects in the form of bounding boxes, confidence scores, and class labels.

¢) Output:
The result is passed to the next stages (Bias Score and Ethical Score calculation).

B. Bias Score (Processing)
a) Role:

The Bias Score is used to evaluate the potential bias in the object detection system. The Bias Score is calculated using
the detected objects and their associated risk factors. For instance, pedestrians may have a higher risk factor because of the
higher ethical concern regarding human safety.

b) Flow:
e The detected objects' class IDs are used to reference the risk factor.
e Fach object’s risk factor is normalized and summed up to calculate the Bias Score.
e This score is then passed to the decision-making block to be adjusted based on ethical considerations.

C. Ethical Score (Processing)
a) Role:

The Ethical Score is calculated to prioritize the detection of certain objects based on ethical concerns. For example,
pedestrians are given higher priority because their safety is paramount in real-world applications like autonomous driving.

b) Flow:
e Similar to Bias Score calculation, the detected objects’ class IDs are used to calculate the ethical score based on
predefined ethical factors (e.g., higher ethical weight for pedestrians).
o This score is passed to Decision Making to adjust ethical priorities for different object classes.

D. GPS Agent (Processing)
a) Role:

The GPS Agent integrates contextual information from the IoT (Internet of Things) and adjusts the ethical decision-
making process. This data typically includes the system's geographical location or environmental context (e.g., pedestrian
zones or highways).

b) Flow:
e The GPS data (e.g., coordinates, zone type) modifies the ethical score by prioritizing objects that are relevant in a given
environment (e.g., prioritizing pedestrians in pedestrian zones).
e The False Positive and False Negative errors are also analyzed based on the GPS data, helping the system refine
detection accuracy.

¢) Output:
Adjusted ethical decisions that influence the overall decision-making process.

E. False Positive and False Negative (Processing)
a) False Positive:

This refers to the detection of objects that are not actually present in the image. These can be false alarms, such as
detecting a car when there is none.

b) False Negative:
This refers to the failure to detect objects that are present in the image. For example, missing a pedestrian or vehicle
that is actually in the scene.



Spriha Deshpande / ESP IJACT, 3(1), 111-125, 2025

c¢) Flow:
e The False Positive and False Negative metrics are calculated by comparing the detected objects with the ground truth
(manually labeled objects).

e The errors are fed into the system to help evaluate the accuracy and reliability of the object detection system, ensuring
it improves over time.

F. Ground Truth (Input)
a) Role:

The Ground Truth is the actual set of objects that should be detected in the image. It is provided by a human annotator
who labels the objects in the image.

b) Flow:
e The system compares the detected objects against the ground truth to calculate False Negatives (missed objects) and
False Positives (incorrectly detected objects).
e This comparison helps evaluate the system’s performance, and the Bias and Ethical Scores are adjusted accordingly.

G. Decision Making (Decision)
a) Role:

The Decision Making process takes the Bias Score, Ethical Score, and GPS data to prioritize the objects for final action.
This step determines the relative importance of different objects based on both ethical and bias concerns.

b) Flow:
o The system uses the Bias Score and Ethical Score to adjust the priority of detected objects. For example, a pedestrian in
a high-risk area like a crosswalk may be given higher priority over a vehicle.
e The system also considers the GPS data to adjust for contextual factors like pedestrian zones.

H. Output Visualization (Output)
a) Role:

The Output Visualization block is where the processed data is displayed. This typically includes the final object
detection results, including the detected object categories, their bounding boxes, confidence scores, and the Bias Score and
Ethical Score for each detected object.

b) Flow:
e Visual output shows the detected objects overlaid on the image, as well as relevant scores.
o This visualization helps users understand the system’s performance, including how ethical and bias considerations are
factored into the detection results.

I. Score Charts (Output)
a) Role:

The Score Charts display quantitative results related to the detection model’s performance, such as the Bias Score,
Ethical Score, False Positive, and False Negative metrics. These charts help visualize the system’s accuracy and fairness.

b) Flow:
e The chart is updated in real-time with results from object detection and error metrics.
e It can be used to track the system's improvement over time, allowing for better decision-making and system tuning.

IV. RESULTS
In this section, we present the performance and evaluation of the ethical object detection system based on the various
metrics and components outlined in the system architecture. We analyze the effectiveness of the system by examining the Bias
Score, Ethical Score, False Negative Rate (FNR), False Positive Score (FPS), and the overall decision-making process for
various. The results are derived from testing the system on a set of images and comparing the detected objects to the ground
truth.

A. Bias Score Evaluation

The Bias Score reflects how well the system prioritizes certain objects based on predefined risk factors. For each image
processed, the system computes the Bias Score by summing the normalized risk factors for detected objects. The score is then
compared to the ethical considerations, ensuring that the model does not disproportionately favor lower-risk objects over
higher-risk objects like pedestrians. We observed that the system consistently provided higher scores for objects such as
pedestrians and cyclists, ensuring fairness and minimizing the risk of overlooking critical objects in high-risk scenarios.
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B. Ethical Score Evaluation

The Ethical Score measures how effectively the system prioritizes ethically important objects. By adjusting for
contextual factors (such as pedestrian zones via GPS data), the system dynamically adjusted its priorities, ensuring that
pedestrians were prioritized when detected in pedestrian-heavy zones. The evaluation demonstrated that the system’s ethical
prioritization aligned well with real-world ethical concerns, with higher ethical scores for pedestrians and lower scores for
non-urgent objects like cars or bicycles.

C. False Negative Rate (FNR)

The False Negative Rate measures the proportion of objects from the ground truth that were not detected by the
system. In the test scenarios, the system showed a relatively low FNR, particularly for pedestrians and vehicles in urban
environments. The FNR was higher in situations where objects were partially obscured or in less visible areas of the image.
This result suggests that while the model is reliable, further optimization could reduce false negatives in more complex or
crowded environments.

D. False Positive Score (FPS)

The False Positive Score quantifies how often the system detects objects that do not actually exist in the image. The
model performed well in reducing false positives, with a low FPS overall. However, certain scenarios, such as detecting objects
in unclear backgrounds or detecting multiple similar objects, led to occasional false positives. The system’s ability to minimize
FPS while maintaining detection accuracy reflects its robustness, although occasional fine-tuning is needed for challenging
scenes.

E. Decision Making

The decision-making process, guided by the calculated Bias Score and Ethical Score, performed effectively in adjusting
the priorities based on the ethical considerations of the detected objects. In particular, the system’s ability to shift focus based
on GPS data (e.g., prioritizing pedestrians in a crosswalk or a school zone) demonstrated the value of contextual awareness in
real-time decision-making. The decision-making component showed adaptability and responsiveness to various
environmental conditions, making it suitable for real-world autonomous applications.

F. Output Visualization and Score Charts

The final results were visualized with object detection bounding boxes overlaid on the images, along with the
corresponding Bias Score, Ethical Score, and detection confidence. These visualizations clearly indicated the objects detected
and the ethical considerations applied. Additionally, Score Charts were generated to track the system’s performance over time.
These charts illustrated the correlation between the Bias Score, Ethical Score, and performance metrics such as FNR and FPS,
helping identify areas where the system could be further optimized.

G. Data Sets and Output
Below are the datasets analyzed with the designed framework and the observed results along with each data sets
specified.

a) Dataset I:

Figure 2: Dataset Input I - Image of Pedestrians on a Road

TABLE 1: RESULTS FOR DATASET INPUT I

Detected Objects | Bias Score | Ethical Score | Ground Truth | FNR | FPS | Location Agent

person:3, car:2 2.55 2.6 person:3,car:1 | 0.0 | 0.2 (43.46, 11.88)
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Ethical Score | Objects | Weight
2.6 Person 0.6
Car 0.4
Table I depicts the Bias Score and Ethical Score across detected objects provides valuable insights into the model’s
decision-making process and its prioritization of different object types based on predefined risk and ethical factors. In the
given scenario, the Bias Score is 2.55, which suggests that the model places significant focus on detecting high-risk objects,
primarily person and car, with the "person” object receiving more attention due to its higher risk factor. The Ethical Score, at
2.6, reflects the model’s alignment with ethical decision-making, where person detection is prioritized (as indicated by a
higher weight of 0.6 compared to the 0.4 for car). This prioritization is crucial in applications like autonomous driving, where
human safety (person detection) should take precedence over other objects like vehicles.

The False Negative Rate (FNR) of 0.0 means that the model successfully detected all objects present in the ground
truth, ensuring no critical object (such as a pedestrian) was missed. This is a desirable outcome in safety-critical applications,
where missing a detection could have severe consequences. On the other hand, the False Positive Score (FPS) of 0.2 indicates
that 20% of the detected objects were false positives, meaning the model incorrectly identified 1 "car" that wasn’t in the
ground truth. While this FPS is relatively low, it highlights a slight over-detection of non-relevant objects, which may lead to
unnecessary actions or misinterpretations in real-world scenarios.

Together, these scores indicate that the model is fairly accurate in detecting critical objects like people and cars, aligns
with ethical priorities by emphasizing human safety, and performs well in minimizing false negatives. However, the false
positives suggest an area for improvement to reduce unnecessary detections, ensuring that the model can make more efficient
and accurate decisions, especially in safety-sensitive applications.

b) Dataset II:

Figure 3: Dataset Input II - Image of Pedestrian and Animal

TABLE 2: RESULTS FOR DATASET INPUT I1

Detected Objects | Bias Score | Ethical Score | Ground Truth | FNR | FPS | Location Agent

person:1, dog: 1 1 1 person:1,dog: 1 | 0.0 | 0.0 | (37.43,-121.98)

Ethical Score | Objects | Weight
1 Person | 0.66
dog 0.33

Table II depicts the Bias Score and Ethical Score for the detected objects provides a comprehensive view of the model's
decision-making process and the prioritization of object types based on predefined risk and ethical factors. In this scenario, the
Bias Score is 1.0, which suggests that the model gives a balanced focus to the detection of person and dog. Since both objects
are detected equally (1 instance each) and the person has a higher risk factor, the Bias Score reflects that both objects are
treated with similar importance. This score indicates that the model is not overly biased toward detecting any single object but
is relatively neutral, focusing on both detected objects according to their associated risk factors.

The Ethical Score, also 1.0, indicates a balanced ethical prioritization between the detected objects. Given that person
has a higher ethical weight (1.2), it contributes more to the Ethical Score, while dog (with a weight of 0.6) adds less. However,
both objects contribute to the score, demonstrating that the model is aligning with ethical decision-making by detecting both
with equal attention, but slightly favoring the person due to its higher ethical concern. This balance in ethical score shows that
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the model is ensuring fairness in its detection while still prioritizing human life (person detection) slightly more in situations
requiring ethical decision-making.

The False Negative Rate (FNR) of 0.0 reveals that the model has successfully detected all objects in the ground truth,
with no missed detections. This is a highly desirable outcome, particularly in safety-critical systems, where missing important
objects such as pedestrians or animals could result in severe consequences. A 0.0 FNR assures that the model is highly reliable
in identifying critical objects present in the environment.

On the other hand, the False Positive Score (FPS) of 0.0 indicates that the model did not produce any false positives.
This means that every detected object was either correctly identified or absent from the detection. In real-world scenarios, a
0.0 FPS is ideal because it implies that the model is not generating irrelevant detections, preventing unnecessary actions that
could lead to misinterpretations or ineffective responses in autonomous systems.

Together, these scores suggest that the model is functioning with high accuracy, detecting objects as intended while
aligning with ethical considerations by prioritizing person detection. The low FNR and FPS values indicate that the model is
performing well in terms of both object identification and minimizing errors. These results are ideal for applications in
autonomous systems, where both accuracy and ethical decision-making are paramount.

c¢) Dataset III:

Figure 4: Dataset Input III - Image Cars in a Parking Lot Covered with Snow

TABLE 3: RESULTS FOR DATASET INPUT II1

Detected Objects | Bias Score | Ethical Score Ground Truth FNR | FPS | Location Agent

car: 9, truck: 1 3.03 3.37 car:8, truck: 3, person:1 | 0.25 | 0.0 | (39.09, -120.03)

Ethical Score | Objects | Weight
1 Car 0.29

Truck 0.25

Person 0.44

Table III depicts the Bias Score of 3.0379 indicates that the model is somewhat focused on detecting higher-risk
objects, with person receiving the highest normalized weight. While the Bias Score is skewed towards objects like person
(which has the highest risk factor), the model’s overall score suggests it is also identifying other objects like car and truck
based on their associated risk. This balanced distribution is indicative of a relatively fair detection model.

The Ethical Score of 3.3707 highlights that the model is prioritizing person detection due to the higher ethical weight
assigned to it, as expected in safety-critical systems. The model ensures that person detection takes precedence over vehicles
like car and truck (which have lower ethical weights). The relatively high score shows that the model aligns well with ethical
decision-making, prioritizing safety (person detection) while still accounting for vehicles.

The False Negative Rate (FNR) of 0.25 indicates that 25% of the important objects in the ground truth were not
detected by the model. In particular, the model failed to detect some truck and person objects, which could be critical in real-
world scenarios, especially in safety applications like autonomous vehicles, where missing an important object can have
severe consequences.

On the other hand, the False Positive Score (FPS) of 0.0 means that the model did not generate any false positives.
This is an ideal outcome, as no irrelevant objects were falsely identified, ensuring that the system did not waste resources on
non-existent objects. The model's high reliability in minimizing false positives is a key feature, particularly in scenarios
where unnecessary detections could lead to incorrect actions or safety hazards.
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Given that the image appears to be covered in snow, extreme weather conditions can significantly impact object
detection systems. Snow, fog, or heavy rain can obscure objects or cause unreliable readings from sensors, such as cameras
or Light Detection and Ranging (LiDAR). For example, snow-covered cars or trucks might not be detected as easily by the
model, leading to potential false negatives (e.g., missing snow-covered vehicles) or difficulties in detecting pedestrians in
snowy environments. Such environmental conditions must be accounted for in model design, and detection algorithms may
need to be adjusted to handle these challenges better, possibly by incorporating additional sensor data (e.g., infrared) or
enhancing the model's robustness to visual obstructions caused by weather.

d) Dataset IV:

Figure 5: Dataset Input IV - Image of Person on a Bicycle During Nighttime

TABLE 4: RESULTS FOR DATASET INPUT IV

Detected Objects | Bias Score | Ethical Score Ground Truth FNR | FPS | Location Agent
bicycle:1, person: 2 1.62 1.63 bicycle:1, person: 2 | 0.0 | 0.0 | (37.41, -121.87)

Ethical Score | Objects | Weight
1 Person 0.63
Bicycle 0.36
Table IV, the Bias Score of 1.625 indicates that the model places a slightly greater focus on detecting person objects, as
person has a higher risk factor. The model seems to allocate an appropriate amount of attention to both the bicycle and
person, given their respective weights.

The Ethical Score of 1.6316 shows that the model is prioritizing person detection due to its higher ethical weight. This
aligns with real-world ethical considerations, where detecting people is generally more critical, especially in autonomous
systems, to ensure human safety.

The FNR of 0.0 signifies that no objects in the ground truth were missed by the model, which is excellent for safety-
critical applications. Similarly, the FPS of 0.0 indicates that no irrelevant or non-existent objects were falsely detected, which is
ideal in scenarios where avoiding unnecessary actions or misinterpretations is important.

This model shows high accuracy, ethical alignment, and reliability in detecting pedestrians and bicycles, with no false
negatives or false positives. These results would be highly desirable in applications like autonomous vehicles, where detecting
pedestrians and cyclists accurately is crucial for ensuring safety.

H. Bias and Ethical Score Considerations

Bias Scores for Ojects
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Figure 6: Bias Scores for Objects

The Bias Scores chart displayed above in fig 6 the level of attention and priority given to each object based on its
associated risk factor. As seen in the chart, the person object has the highest bias score (0.25), indicating that it is considered
the most important or high-risk object. Other objects like bicycle and motorbike follow closely behind, suggesting a relatively
high level of focus on these items as well. On the other hand, cat and dog have the lowest bias scores, reflecting their lower
risk and consequently reduced importance in the model. The line graph format provides a clear visual representation of how
the bias score varies across different objects, making it easy to identify which objects are prioritized more heavily in the
detection process.

Ethical Scores for Objects

0.14

0.12 L

0.10

Ethical Score (Unit)

008 008

persan bicycle matorbike car truck bus dog cat
Objects

Figure 7: Ethical Scores for Objects

The Ethical Scores displayed in fig 7 illustrates the ethical prioritization assigned to different objects in the dataset. The
person object again receives the highest ethical score of 0.15, signaling a higher ethical concern when detecting humans as
opposed to other objects. Other objects like bicycle and motorbike have slightly lower ethical scores, but they are still
prioritized in the model's ethical decision-making. The dog and cat objects have the lowest ethical scores, indicating that the
ethical considerations for detecting animals are secondary to detecting humans and vehicles. This chart helps in
understanding the ethical framework the model uses to weigh the importance of detecting objects with a focus on human
safety.
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Figure 8: Combined Importance Based on Bias and Ethical Scores

The Combined Importance in fig 8 merges both the Bias and Ethical Scores, offering a comprehensive view of how
each object is prioritized by the model. The person object, which already ranked highest in both bias and ethical scores,
maintains its position as the most prioritized object with a combined score of 0.40. Bicycle and motorbike also retain relatively
high combined scores, indicating that these objects receive significant attention. In contrast, objects like dog and cat have the
lowest combined scores, reinforcing their minimal role in the detection model. This chart provides a holistic understanding of
how the model balances both risk (bias) and ethical considerations in its decision-making process.

I. FNR and FPS Score Considerations

The graph below in figure 8 compares the False Negative Rate (FNR) and False Positive Score (FPS) for six different
object classes: Person, Car, Bicycle, Motorbike, Bus, and Truck. The red line represents the False Negative Rate (FNR), which
indicates the proportion of ground truth objects that were not detected by the model. For example, the Motorbike class has the
highest FNR at 0.15, suggesting that the model missed many motorbike detections compared to other classes. On the other
hand, the blue line represents the False Positive Score (FPS), which measures the rate at which the model falsely detects



Spriha Deshpande / ESP IJACT, 3(1), 111-125, 2025

objects that are not present. The Person class has the lowest FPS at 0.03, indicating that the model performs relatively well in
detecting people without generating many false positives.

False Negative Rate (FNR) and False Positive Scare (FPS) by Object Class
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Figure 8: FNR and FPS Scores on Dataset

This chart in figure 8 highlights the performance of the object detection system in terms of accuracy and its ability to
prioritize certain object classes effectively. It provides insights into areas where the model needs improvement, especially in
detecting objects like Motorbikes with lower accuracy (higher FNR) and balancing false detections in complex environments.
The legend clearly distinguishes the two metrics, allowing for easy comparison across object classes.

J. Summary of Key Findings:
o The system effectively prioritizes objects based on ethical considerations and context, with good performance in terms
of both Bias Score and Ethical Score.
e The False Negative Rate (FNR) was low, although it can be improved in more challenging detection scenarios.
e The False Positive Score (FPS) was minimized, ensuring that unnecessary detections were kept to a minimum.
e The decision-making process, enhanced by real-time GPS data, adapted well to various contexts, improving ethical
decision-making.

Overall, the system demonstrated strong performance in ethical and bias-aware object detection, with room for
improvement in specific edge cases where object visibility is compromised.

V. ADVANTAGE OF THE MODEL
This context-aware model offers several advantages over traditional object detection systems, especially in the context
of autonomous vehicles and safety-critical applications. Here are some key points that highlight how this approach is better:

A. Ethical and Bias-Aware Decision Making:

Unlike traditional models that only focus on accuracy, this context-aware framework integrates ethical decision-
making and bias mitigation. By assigning ethical and risk scores to detected objects (e.g., pedestrians, vehicles), the system
ensures that high-priority objects, such as pedestrians, are detected and prioritized based on predefined ethical rules. This
focus on fairness can prevent unsafe decisions that might otherwise be made by a standard object detection system.

B. Dynamic Ethical Prioritization via Reinforcement Learning:

This model incorporates reinforcement learning (RL) to dynamically adjust ethical priorities based on real-time data
(e.g., GPS inputs). This ability to adapt based on environmental context ensures that the system prioritizes objects in a manner
that aligns with real-world ethical concerns, like prioritizing pedestrians in crosswalks or school zones. This flexibility makes it
more context-aware and responsive than traditional models that use static rules.

C. Context-Aware Integration of IoT Data:

By incorporating IoT data (such as GPS information), this system adjusts its ethical decision-making according to its
environment, improving safety in various contexts (e.g., pedestrian zones or low-speed areas). This environmental awareness
ensures that the model doesn’t just detect objects, but makes ethical decisions based on where it is in the world, something
that conventional models often lack.

D. Low False Negative and False Positive Rates:

The performance metrics for this model, such as False Negative Rate (FNR) and False Positive Score (FPS), indicate
that it not only accurately detects critical objects like pedestrians and vehicles but also minimizes false alarms and missed
detections. This makes the system safer, as fewer objects go undetected (critical for autonomous driving) and fewer irrelevant
objects are falsely identified.
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E. Adaptability to Complex Scenarios:

This system demonstrates adaptability in complex environments, such as urban areas with pedestrians or in extreme
weather conditions like snow or fog. The integration of additional sensor data (e.g., infrared, LIDAR) could further enhance its
robustness under challenging conditions, something traditional visual-based detection systems may struggle with.

F. Continuous Improvement:

The integration of reinforcement learning for dynamic ethical prioritization allows the system to continuously improve
its decision-making based on real-world feedback. This makes it more resilient to evolving environments and provides better
long-term adaptability compared to fixed-rule models.

In essence, this model goes beyond just object detection by prioritizing safety, fairness, and adaptability in decision-
making, ensuring that autonomous systems operate ethically and responsibly, particularly in safety-critical contexts like
autonomous driving. This makes the model a significant improvement over conventional approaches in both accuracy and
ethical reliability.

VI. CHALLENGES
Despite the promising results of the ethical and bias-aware object detection framework, several challenges remain:

A. Bias Mitigation Complexity:

One of the core challenges lies in defining and mitigating biases. Object detection systems, especially those based on
deep learning like YOLO, may inherit biases from the training datasets. The predefined risk and ethical factors used in the Bias
Score and Ethical Score calculations may not always be comprehensive enough to address subtle, context-specific biases.
Moreover, creating a universally accepted set of ethical weights that adequately prioritizes object detection across diverse
geographical regions and cultural norms is complex.

B. Real-time Adaptation:

While the integration of reinforcement learning (RL) allows for dynamic adjustment of ethical priorities based on
environmental data, real-time adaptation remains a significant challenge. This is especially true in fast-changing
environments, such as urban areas with dynamic pedestrian traffic. The system's ability to adapt quickly and accurately to
changes in real-time scenarios without compromising decision-making speed is critical but difficult to achieve.

C. Data Quality and Availability:

The reliance on IoT sensors (e.g., GPS data) for contextual awareness introduces challenges related to the accuracy and
reliability of sensor data. Incomplete or inaccurate data can lead to improper ethical decision-making. In particular, the
integration of GPS data in urban environments with dense buildings or obstructed signals can impact the system's ability to
accurately identify priority zones like pedestrian crossings or school zones.

D. Complex Environments and Object Visibility:

Adverse weather conditions, such as fog, snow, or heavy rain, can severely impact the performance of object detection
systems. These factors can obstruct the visibility of objects, particularly when using visual sensors such as cameras.
Furthermore, the ethical prioritization may need to be adjusted based on visibility conditions, complicating the decision-
making process.

E. Evaluation and Benchmarking:

The proposed system relies on several performance metrics such as False Negative Rate (FNR) and False Positive
Score (FPS). However, evaluating the effectiveness of ethical decision-making based on these traditional metrics can be
limiting. More comprehensive and context-specific evaluation criteria need to be developed to assess how well the system
addresses ethical concerns in various real-world scenarios.

VII. FUTURE DIRECTIONS
While this research provides a solid foundation for ethical and bias-aware object detection, several promising
directions for future work exist:

A. Enhanced Multi-Modal Sensor Integration:

Future work could explore the integration of additional sensors, such as LIDAR or radar, alongside visual data to
enhance object detection robustness in poor visibility conditions. These sensors could complement the existing system and
allow for more accurate object detection in adverse weather or night-time scenarios, ensuring more reliable ethical decision-
making.
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B. Continuous Ethical Learning:

An interesting direction would be to explore continuous learning for ethical decision-making, where the system evolves
and adjusts its ethical framework over time. By leveraging reinforcement learning in an ongoing manner, the system could
refine its ethical decision-making policies as it encounters new objects or unforeseen circumstances, ensuring long-term
adaptability.

C. Contextual Bias Adjustment:

Expanding the context-aware capabilities of the system to consider not only geographical and environmental data but
also socio-cultural factors could be valuable. The system could learn from different regions or cultures to adapt its ethical
decision-making framework to better align with local norms and expectations.

D. Model Explainability and Transparency:

Improving the transparency and explainability of the system’s ethical decision-making process is essential for gaining
public trust, especially in safety-critical applications like autonomous driving. Developing tools that allow stakeholders to
understand how ethical priorities are determined and adjusted could make the system more accountable and reliable in real-
world use.

E. Robust Evaluation Framework:

A more robust evaluation framework, considering not only the technical performance (FNR, FPS) but also ethical
trade-offs, could be developed. This could involve creating new metrics that specifically assess the fairness and ethical
soundness of the decision-making process in diverse scenarios, improving the accountability of the system in practice.

F. Scalability and Deployment:

Finally, the scalability of the framework should be addressed. Real-world deployment across various autonomous
systems requires that the framework is both computationally efficient and capable of handling large-scale, real-time data
processing. Optimizing the framework for deployment in diverse, resource-constrained environments (e.g., on embedded
systems in autonomous vehicles) will be crucial for broader adoption.

VIII. CONCLUSION
In conclusion, the proposed ethical and bias-aware object detection framework demonstrates significant advancements
in creating more fair and contextually responsible systems for autonomous applications. By integrating YOLO-based deep
learning, reinforcement learning (RL), and Internet of Things (IoT) data, the system adapts its decision-making based on real-
time environmental inputs, such as GPS data. The framework efficiently calculates bias and ethical scores for detected objects,
ensuring that safety-critical objects, like pedestrians, are prioritized based on predefined ethical concerns and risk factors.

The performance evaluation, including the False Negative Rate (FNR) and False Positive Score (FPS), confirms that the
system minimizes critical detection errors and reduces false positives, ensuring both reliable and ethical decision-making. The
incorporation of RL for dynamic adjustment of ethical priorities provides further flexibility, allowing the system to adapt based
on different environmental contexts, such as pedestrian zones or urban areas.

However, while the system showed strong performance overall, improvements are still necessary, particularly in
complex and challenging environments where visibility is compromised. The low FNR and FPS, coupled with the ability to
visualize bias and ethical scores, provide valuable insights into system behavior and highlight areas for future improvement.
Future work will focus on enhancing multi-modal sensor integration, continuous learning for ethical decision-making, and
expanding the context-aware framework to address more nuanced ethical considerations.

This work contributes to the growing field of ethical Al by introducing a framework that not only addresses the
technical challenges of object detection but also integrates ethical prioritization to ensure that autonomous systems make
decisions that are both accurate and aligned with real-world ethical standards, ultimately enhancing the safety and fairness of
autonomous driving systems and other critical applications.
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