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Abstract—Dynamically identifying of accidental victims on
roads are the crucial challenges faced internationally by Traffic
authorities, hospitals, and police personal. This paper proposes
an advanced system for automating the identification of
accident victims, utilizing fingerprint and iris biometrics to
retrieve personal data from official databases such as Aadhaar,
PAN, and voter ID. Rapid identification is critical in
emergencies that assist in notifying to family members that aids
to facilitate for immediate medical care, and at the same time
streamline administrative response from health insurance and
police officials. Traditional methods, however, are often slow
and unreliable, particularly when victims’ fingerprints or irises
are damaged. To address these limitations, this system
incorporates both fingerprint and iris recognition, along with a
secondary identification method that enables data retrieval even
when biometric data is compromised. In such cases, the system
accepts alternative unique identifiers, including Aadhaar
numbers, driver’s license, passport IDs, or PAN IDs, to access
the victim’s information. The system leverages the Scale-
Invariant Feature Transform (SIFT) algorithm to ensure high
accuracy of 97.3%, overcoming the challenges of degraded
fingerprints or other environmental impacts. By automating
data retrieval and generating detailed reports, the system allows
for the prompt notification of victims' families and reduces the
workload on government and healthcare agencies. This
approach not only improves the efficiency and accuracy of
victim identification, but also ensures a more compassionate
response, minimizing delays and distress for affected families.
Consequently, this solution contributes significantly in
enhancing the emergency response system by providing a
reliable, multi-modal method for identifying accident victims
under challenging circumstances.

Keywords— Accidental victims, Fingerprint Matching, Iris
biometric, PAN IDs, SIFT

I.  INTRODUCTION

In emergency situations, particularly those involving
accidents, rapid victim identification is crucial for
providing timely medical care, notifying families, and
ensuring effective coordination among emergency
response teams. However, current victim identification
methods are largely manual, which can be time-consuming
and prone to errors [1]. When victims are unable to identify
themselves and their documents are unavailable, delays in
identification not only exacerbate the emotional distress for

families but also increase the administrative burden on
government, medical, and law enforcement agencies [2].

Recent advancements in biometric recognition had a
great potential for improving the victim identification
process. Biometric identifiers are extensively used namely
fingerprints and iris patterns are unique to each individual
and remain relatively stable over a lifetime, making them
as reliable tools for identity verification purpose [3].
Fingerprints have long been a cornerstone of biometric
systems due to their stability and widespread use in
identification protocols [4] [25], while iris recognition is
gaining attention for its precision and resistance to aging
[S]. Nevertheless, single-modality biometric systems
reveal limitations in real-world accident scenarios, where
physical damage or environmental factors can compromise
the integrity of biometric data, particularly fingerprints [6].

To address these challenges, a novel multi-modal
identification system is proposed that combines fingerprint
and iris recognition to enhance both accuracy and
reliability. Multi-modal biometrics have proven to
outperform single-modality systems, particularly in high-
stakes applications like security and emergency response,
by compensating for data loss or degradation [7], [8].
Moreover, in situations where biometric identification is
not feasible, the system offers alternatives using unique
identifiers such as Aadhaar numbers, driver's licenses,
passport IDs, and PAN IDs [9]. By accessing authorized
databases to retrieve personal information, this system
ensures fast, accurate victim identification, filling critical
gaps in current emergency response protocols.

The goal of this approach is to reduce response times,
lighten the administrative load, and most importantly,
provide a compassionate and efficient solution for promptly
notifying victims' families. This paper explores the
development and implementation of an advanced, automated
identification framework that integrates multi-modal
biometrics and database-driven data retrieval, streamlining
emergency response and offering valuable support in critical
situations.
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The structure of this paper is as follows: Section II, 1
illustrates the traditional fingerprint biometric methods as
well as IRIS methods used to identify people. In Section III
[lustrates the methods adopted in this research work for
detection of accidental victims, while Section IV explores the
result analysis and testing of the proposed approach using
SIFT algorithm for Fingerprint and IRIS scan. In Section V,
we present the conclusion of our research achievements and

the performance metrics achieved. Finally, future
enhancements are presented in Section VI..
II. RELATED WORK

The literature survey reveals that significant

advancements have been made in the field of biometric
recognition, especially in fingerprint and iris technologies, to
enhance the accuracy and robustness of automated
identification systems. The key findings from the literature
survey are as follows:

Methods involving dactylogram analysis have shown
improved identification accuracy over manual identification.
However, these approaches remain limited to Aadhar-based
retrieval systems and require integration with Automated
Details Retrieval Systems (ADRS) for broader use [10].

Techniques such as Deeplris that utilize deep learning
models have demonstrated high accuracy and robustness to
noise, occlusions, and environmental conditions. However,
they face challenges due to high computational costs and the
need for extensive training data [11].

Automated Details Retrieval System (ADRS) systems
have proven efficient and precise for automated victim
identification [24]. The primary drawback is their sensitivity
to damaged fingerprints, which may limit their performance
[12].

The advent of touchless 2D fingerprint and
smartphone-based recognition systems has offered hygienic,
user-friendly, and non-contact solutions. However, these
systems are still sensitive to environmental factors, requiring
further robustness improvements [13].

The Scale Invariant Feature Transform (SIFT) method
provides strong matching accuracy and robustness against
image rotation, scaling, and noise. However, its high memory
consumption poses a limitation for real-time applications
[14]. Overall, the findings emphasize the importance of
developing robust, scalable, and multimodal biometric
systems that integrate fingerprint and iris technologies.

I1I1. PROPOSED WORK

In this paper, we employed a desktop application using
Python which takes input as fingerprint or Iris Scan Image
and matches with various databases like Aadhar, Passport,
Voter ID, PAN ID in order to generate the report of the
victim.

The flow of this system architecture (Fig.1) is shown
below:

Step 1: System receives fingerprint or iris scan data from the
user

Step 2: Biometric data is pre-processed using different
techniques.

nput Fingerprint

Pre-Process
N
11. Grayseale ! L Grayscale 1
2.CLAHE ! 12, Resize Image!
I > [ eof)
2. Gavssian Bl
4. Adaptive Thresholding 1
S opolgid____!

Data Stored

Feafure Extraction
(Using SIFT (Seale Invariant and
Feature Transform)) Submit

Yes {Match Found} Generate

Report Fill Details

Retrieve detals of
victim from FIDB

(Fingerprint
Iris Database)

No {Match Not Found] Yes {Match Found)

Using Unique [dentification
(Aadhar, Driving Licence,
PAN, Passport)

Check for ™ No {No data found|

Matching

¢ (Fingerprint
Figure 1.0 System Architecture Tris Database]
Fig. 1. System Architecture of Improvised ADRS using SIFT
method

Step 3: Using SIFT (Scale-Invariant Feature Transform) to
extract unique features from the processed biometric
data

Step 4: System checks for matching in FIDB
(Fingerprint/Iris Database). If match found go to step 5
else go to step 6.

Step 5: Retrieve details from FIDB and generate the report.

Step6: System takes input as unique IDs like Aadhaar,
Driving License, or PAN/Passport and match with
FIDB. If match found go to step 5 else go to step 7.

Step 7: System prompts whether to store data or not. If yes
fill the details of the victim and submit else go to step 8.

Step 8: Stop

The data of FIDB database was taken from Kaggle. The
FIDB contains Fingerprint Image, Iris Image, Name, Blood
Group, Phone number, Address, Aadhar number, Ration ID,
Voter ID and Passport Number.

Step I: The biometric image is first pre-processed using
different techniques.

A. Fingerprint Pre-Process Steps:
Step 1: Conversion of Color image to Grayscale

i. Separate the Color Channels: For each pixel, get the red
(R), green (G), and blue (B) values.
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C(Color Image) =
(255,0,0) (0,255,0) (0,0,255)
(128,128,0) (128,0,18) (0,128,128)
(255,255,255) (0,0,0) (50,100,150)
ii. Apply the NTSC Formula (National Television TABLE . CLAHE INTENSITY VALUES
Systems Committee) [15]: Compute the intensity I using the
Equ. 1: IntensityFrequ-| Probabil- C(x) New intensity
Level (x) ency | ity (p(x)) x’)
1=0.299-R+0.587-G+0.114-B 1) 0 1 [1/9=0.111 0.111 255X0.111=28
These weights are based on the ITU-R BT.601 standard. 29 1 [1/9=0.1110.111+0.111=0.222 255X0.222=56
For example: 61 1 [1/9=0.1110.222+0.111=0.333| 255X0.333=85
Apply NTSC formula to C; ;: 76 1 |1/9=0.1110.333+0.111=0.444| 255X0.444=113
G =0299 2554058704 0.114 -0 = 76.245 92 1 [1/9=0.1110.444+0.111=0.555| 255X0.555=141
v ~76 94 1 1/9=0.1110.555+0.111=0.666| 255X0.666=170
. . 114 1 1/9=0.11110.666+0.111=0.777|255X0.777=198
Similarly calculate the gray value for each pixel. 150 | 1 |1/9=0.111]0.777+0.111=0.888] 255X0.888-226
iii. Assign Intensity to Pixel: Replace the original RGB 255 1| 1/9=0.111 |0.888+0.111=1.000| 255X 1.000=255

values of the pixel with the calculated intensity 7, making it
a grayscale pixel [20].

76 150 29
G(Gray Image) = [1 14 61 94]
255 0 92

Step 2: Enhancing Contrast using Contrast Limited
Adaptive Histogram Equalization (CLAHE) derived values
are depicted in Table I [16].

i. Divide the Image: The image is split into non-
overlapping tiles of size MxN (e.g., 8x8).

ii. Apply Histogram Equalization in Each Tile: For each
tile, histogram equalization is performed to spread out pixel
intensities.

a. Calculate the probability p(x) of each intensity level x
in a tile.

b. Compute the cumulative distribution function (CDF)
C(x) for each intensity level using Equ. 2:

Cx) = Z p() o

c. Map the original intensity x to a new intensity x' using
Equ. 3:

x=(L=1)xC(x) 3)

where L is the total number of possible intensity levels
(e.g., 256 for an 8-bit image).

iii. Clip the Histogram: After computing the histogram
for each tile, it’s limited to the clipLimit. Any values
exceeding this limit are redistributed across all bins,
preventing contrast over-amplification [21].

113 226 56
E(Equalized Matrix) = [198 85 170]
255 28 141

Step 3: Apply Gaussian Blur To Reduce the noise [17].

i. Create the Gaussian Kernel: A kernel (a matrix of
weights) is generated based on the below Gaussian
function shown in Equ. 4:

1 _xZ +y2
e 202

210’ 4)

G(x,y) =

where x and y are the pixel coordinates relative to the
center of the kernel.

o is the standard deviation, controlling the spread (or
“width”) of the Gaussian curve.

ii. Convolve the Image with the Kernel: For each pixel
in the image, replace the pixel's intensity with the weighted
sum of the surrounding pixels within the kernel.

iii. Each neighboring pixel’s intensity is multiplied by
its corresponding weight in the Gaussian kernel, and these
values are summed to create the new intensity for the center
pixel.

iv. For pixel P in the image with coordinates (i,j), the
new value P'is calculated as (Equ. 5):

k

k
P’ = Z GO, y).I(i+xj+y) (5)

x=—k y=-k
where:
G(x,y) is the Gaussian kernel value at position (x,y)

I(i+x,j+y) is the intensity of the neighboring pixel at
(i+x,j+y)
k is half the kernel size.
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1
3% —=7062527 101
1 T=]0 0 0
226x§1= 2825228 1 1 1
CLAHE Kemel for 3 x 3 S6x-=3524 Step 5: Morphological Operations are applied to
Equalized Matrix Gavssian filter 16 . : . : :
198 X L= 5 = enhance the ridges in the fingerprint image, which
e, e 13 improves the clarity of ridge structures and fills in gaps
=2 ' ‘ Bxg=225=1 between them [19].
198 s [ 170 = |18 [1a|vs | — Lo — i . o
Mxg=1125=11 Dilation: The dilation step expands the white pixels
gl g e 5 X = 1598 216 _— in the bipary image by placing the struf:turing element over
d *"‘;“ﬂ,"el"r each white region. This process fills in small black holes
- ~ CEntre pIxel .
Bxg=35=4 p and connects nearby ridges.
1
Wlx-=801=9 Erosion: After dilation, the erosion step reduces the
— white regions back to their original size, but with the gaps
135 filled and narrow connections retained. Erosion cleans up
So similarly by applying Gaussian filter to each pixel we get the following output: the expanded regions, maintaining the general shape of the
87 111 69 ridges.
P'={122 135 94 . .
97 9 65 For an image 7 and a structuring element K,

hological closing is defined as sh in Equ. 7:
Step 4: Adaptive Thresholding is applied to ensure that fofpfiofogical Closing 1s detined as showh i 244

fingerprint patterns are distinctly separated [18]. TOK=(TBK)OK 7

i. Define Local Neighborhood: For each pixel, a square where, T @ K represents dilation of 7 by K.
neighborhood (or block) of size 11 x 11 is defined around

it. The size is chosen based on the complexity of the image, T © K represents erosion of 7' by K.

with larger sizes giving smoother results. © indicates the closing operation.
For example: Consider 3 x 3 neighborhood for the 1 0 1
. 1 1
below matrix: T=]0 0 O ;Kz[1 0
87 111 69 L1
122 94 Dilation: Place the structuring element on every pixel
97 90 65 of T such that if the origin matches with the pixel then

replace that part of image with the structuring element as

1. Calculate Local Threshold: Within each
shown below:

neighborhood, calculate the mean pixel intensity. Then,
subtract the constant to get the threshold for that specific Since Ty ; = Ky ; soreplace T3 4, T 5, T, ; and T, , with K
pixel using Equ. 6.

1 0] 1
Threshold=Mean of Block-C 6) T=]0_0] 0] ;K= I@T
M(Mean of Block) ',1 11
87 + 111+ 69 + 122+ 135+ 94 + 97 + 90 + 65 [ o
= 9 T=]1 0 1
870 97 1 1 1
T 9 T Similarly performing for each pixel to obtain dilation
where C is the constant to be subtracted. matrix:
Let C=3 1 1 1 1
Threshold = 97 — 3 =94
T o TOK= 1 1 1 1
iii. Apply Threshold: If the pixel’s intensity is greater
than or equal to this threshold, it is set to 0 (black); if it is
o . 1 1 1 1
less, it is set to 1 (white).
Since 135 > 94 so replace 135 by 0. 1 1 1 0
87 111 69
122 m 94 Find closing by applying erosion on dilation matrix,
97 90 65 this can be done finding structure matrix in dilation matrix
o ) ) ) as shown below and replacing the first element in each box
Similarly apply this to each pixel we get the following with origin of structure element and replacing the other
result: with zero.
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x=[} o

TOHK =
1 1 i1
1 1 b o
0o 0 o0 o
o 0 0 o
(TOHOK)QK =
o o [ o
0o 0 o0 o
0 0 o0 o0
o o o0 o
TOK =

Colour Image Gray Image CLAHE and Gaussian Blur  Adaptive threshold  Morphological Operation

Fig.2. Fingerprint Pre-Process

B. Iris Pre-process Steps:

Step 1: Separate the Colour Channels: For each pixel,
get the red (R), green (G), and blue (B) values.

Step 2: Apply the NTSC Formula (National Television
Systems Committee) [15]: Compute the intensity I using
the Equ. (1).

Step 3: Assign Intensity to Pixel: Replace the original
RGB values of the pixel with the calculated intensity I,
making it a grayscale pixel.

Step 4: Resize the image to 240x320 pixels.

Fig.3. Iris Pre-Process

Step I1: Now the features are extracted from pre-processed
biometric image using Scale Invariant Feature Transform
(SIFT) Algorithm [20],

Step 1: The first step involves constructing a scale-
space to detect keypoints at different scales, making SIFT
scale-invariant. This is done by repeatedly blurring the
image with a Gaussian function and then subtracting

consecutive blurred images to find distinctive features. The
Difference of Gaussians (DoG) is used for this.

Scale

Scale = 15 Scale = 31 Scale = 63

Fig.4. Gaussian Blur Images

i. Gaussian Blur (Equ. 8):
L(x,y,0) = G(x,y,0) *I(x,. ®)
where,
L(x,y,0) is the Gaussian Blurred image.
G(x,y,0)is the Gaussian Function.
I(x,y,0) is the original image.

ii. DoG: The difference between images at adjacent
scales is computed (Equ. 9):

D(x,y,0) = L(x,y,0) —L(x,y,} C)

where £ is the constant scale factor.

—_— e ==
sae . = =
octave) g g

Scale
(first
octave)

Difference of
Gaussian (DOG)

Gaussian

Fig.5. Difference of Gaussian
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For example, the intensity of grayscale image is shown
below:

76 150 29
I(x,y) = [1 14 61 94]
255 0 92

Consider the coordinates of each intensity present in /
as shown below:

(-1,1) (1,0) (1,1)
(-1,0) (0,0) (1,0)
(-1,-1) (=100 (1,-1)

Now compute Gaussian for 0 = 3 and (x,y) = (—1,1)
by substituting in Gaussian Function G(x,y,0) =

x2+y2?
2no? e 2
_CDEr)?
G(—-1,13) == e 2(3) =0.016

©2m(3)?

Similarly, by computing Gaussian for each intensity the
following result is

0.016 0.017 0.016
G(x,y,3)=10.017 0.018 0.017
0.016 0.017 0.016

Similarly compute Gaussian for o = 5:

0.0061 0.0062 0.0061
G(x,y,5) =(0.0062 0.0063 0.0062
0.0061 0.0062 0.0061

L(x,y,3) =G(x,y,3) xI(x,¥,3)
Substitute G (x, y, 3) and I(x, y) in the above equation:

0.016 0.017 0.016
L(x,y,3)=10.017 0.018 0.017
0.016 0.017 _0.016

76 150

29

X 1114 61 94]

255 0 92

[7.23 3.44 3.53]

L(x,v,3) =(7.68 3.65 3.75

17.23 3.45 3.53]
Similarly compute L(x,y, 5):

[2.73 1.21 1.32]
L(x,y,5) =277 131 134
12.73 1.21 1.32]

Compute Difference of Gaussian:

D(x,y,4) = L(x,y,3) — L(x,y,5)
45 2.23 2.21]

=1491 234 241
45 224 221

Similarly calculate for D(x,y, 8)

D(x,y,8) = L(x,y,7) — L(x,y,9)
0.58 0.27 0.24
=I0.58 0.27 0.24
0.58 0.27 0.24

Maxima and minima of the difference of Gaussian
images are detected by comparing a pixel (marked with X)

to its 26 neighbours in 3x3 regions at the current and
adjacent scales (marked with circles). So, these maxima
and minima points are considered as potential keypoints.
These potential keypoints (s,) are not exact extremum
points (As).

A D(k%0)

Scale = aoo D(ka)

—

L =T
e D(o)
e e e

Fig.6. Detecting potential Keypoints

Step 2: Once potential keypoints are identified in the
DoG images, they are refined by filtering out low-contrast
points.

a. Taylor Expansion of scale space function (Equ. 10):

aD
D(sy+ As) = D(sy) + (—) As
0s /s,

(10)
1 <62D>
+=-As|—=—=] As
2
So

0s?

where s, = (x0,¥, 0p) and As = (8, 8, 8,)

b. The location of extremum, As (Equ. 11) is
determined by taking the derivative of this function with
respect to s and setting it to zero.

s=-(2,) @,

c. Next, reject low contrast points if D(As) (Equ. 12)
[20].

100 150 200 250 300

Fig.8. Keypoints in Iris
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‘;_D ZZTS 0 0 = /(3.75— 7.68)% + (3.44 — 3.45)%2 = 3.93
X
ap _|ap| 8%D _ 32D _ _1LGy+1)-L(x,y-1)
E - dy > 9s2 - ayz 0 e(x’ y) tan (L(x+1,y)—L(x—1,y)) (14)
aD a2p .
rys [ 0 0 = Substitute (x,y) = (0,0):
_ —1 (L(o, 1)—L(0,—1)) _ -1 (3.44—3.45) _ °
TABLE II. CENTRE OF DIFFERENTIAL FORMULAE 6(0,0) = tan (L(1,0)—L(—1,o) =@\ el 89
Formulae (xy) = (=1,0); Orientation Histogram: An orientation histogram is
0=0,=40,=8 created around each keypoint with 36 bins (covering 360°),
9D _Dx+1y0)-Dx~-1y,0) 1.17 weighted by the gradient magnitude and a Gaussian
0x 2 window. The peak in the histogram determines the main
D DGy +1,0)-Dloy—10) 0 orientation of the keypoint.
ay 2 Create histogram of gradient directions, within a region
D DGy.0) = DGy, 1 around the keypoint, at selected scale:
do 0, — 0y
0°D x4 1 D —7.48
ﬁ_ (x+ Jyra)_ (x:y'U)
+D(x—1,y,0)
a°D -0.82
W=D(x,y+1,a)—2D(x,y,a) o 1% 2m
+D(x,y—1,0) Fig.9. Histogram of Gradient Directions
6_D_D(x,y,01)—D(x,y,(rz) —-0.27
do (0, — 01)* — Select the peak of histogram as direction of keypoint.
As = — (32_17) (B_D) (12) Introduce additional key points at same location if another
as? Os peak is within 80% of max peak of histogram with different
oo YY) o2p [T748 0 0 direction.
Substitute —=| 0 |;=—==| O —0.82 0
ds ds
1.1 0 -0.27

into the above equation:

—748 0 o 1 117
As=—| 0 -082 0 x| 0
0 0 -0.27 1.1

0.16l

4.07

Each keypoint is assigned orientation based on the local
gradient directions, making SIFT rotation-invariant. The
various differential formulae values are shown in Table. II.
The Compute Gradients, is calculated for each pixel around
a keypoint, for gradient magnitude and orientation using ‘ o
Equ. 13 and Equ. 14: Fig.10. Features in Iris

As =

Example: Keypoint is at (0,0):

7.23 3.44 3.53
L(x,y) = I7.68 3.65 3.75]
7.23 3.45 3.53

m(x,y) =
\/(L(x +1,9) —Lx—1,)) + L@y +1) — L(xy — 1))?

(13)

Substitute (x,y) = (0,0)
m(x,y)
- J(L(l,O) — L(=1,0))" + (L(0, 1) — L(0, —1))?

2
= \/(L(LO) - L(—l,O)) + (L(O' 1) - L(O: - 1))2 Fig.11. Features in Fingerprint
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Step III: Matching Descriptors using BFMatcher and L2
Norm :

A. BFMatcher: Brute-Force Matcher goes through every
descriptor in the first set and matches it with every descriptor
in the second set, finding the best match based on the
smallest distance [21].

B. L2 Norm: The L2 norm, also known as the Euclidean
distance [21], is used to measure the distance between two
feature descriptors. Mathematically, for two descriptors d,
and d, , the L2 norm (Euclidean distance) is given by (Equ.
15):

(15)

> (@i = dz)?
i=1

Step IV: Final Result:

Filter out the matches from step III based on the distance
which are less than 50 [20].

If the number of good matches exceeds half of the total
matches, return match otherwise, return not match.

Feature Matching

Fig.12. Iris Feature Matching

Feature Matching

Fig.13. Fingerprint Feature Matching

IV. RESULTS AND DISCUSSIONS

In Python, the implementation results using the SIFT
Algorithm is performed. The report is generated as shown
in Fig.14.

DETAILS

Name: John Doe

Elood Group: O+

Phone Number: 7993291880

Date of Birth: 1985-12-05

Gender: Male

Aadhar Number: 652218603540
Ratlon ID: KLM345678

Driving License: ABC123456780
Passport: A12345678

Address: 123 Main St Anytown USA

Family Information:
Father Name: Daniel Anderson

Family Member 1: John Doe
Fig. 14. Results retrieved by SIFT algorithm

The proposed system achieved an overall accuracy of
97.3% using the SIFT algorithm for fingerprint and iris
recognition. This performance was compared with existing
methods such as ORB (Oriented Fast and Rotated Brief),
which achieved 65%, ORB with histogram equalization (HE)
at 91.6%, and a simple CNN model that recorded 96.39%
accuracy [12]. The results clearly indicate that the SIFT-
based approach outperforms these existing methods,
highlighting its effectiveness in extracting robust features for
identification. Combining fingerprint and iris biometrics
further enhanced accuracy, reducing false matches and
improving the overall reliability of the system, especially in
handling real-world data where fingerprints or iris scans may
be partial or noisy.

The key findings demonstrate the significant improvement
achieved by the proposed system. The integration of
fingerprint and iris recognition not only enhances accuracy
but also provides greater robustness compared to using
individual modalities. While the ORB algorithm struggles
with low-quality biometric inputs, and ORB with HE shows
limited improvement, the SIFT algorithm's advanced feature
extraction capabilities contribute to superior results.
Additionally, the proposed system outperforms the simple
CNN model by achieving higher accuracy, demonstrating
the advantage of combining biometrics for accidental victim
identification.

V. CONCLUSION AND FUTURE SCOPE

By integrating fingerprint and iris recognition
technologies, the system addresses key challenges associated
with conventional identification methods, particularly in
cases where fingerprints are damaged or difficult to capture.
Fingerprint-based identification methods often struggle in
scenarios where the friction ridges are compromised due to
injuries, burns, or wear. By incorporating iris recognition
technology, which is less affected by physical damage, the
proposed system ensures a more robust and reliable
identification process. This dual-modality approach not only
enhances the accuracy of identification but also provides a
higher level of resilience against single-mode failures.
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The use of the Scale-Invariant Feature Transform (SIFT)
algorithm further reinforces the system's ability to handle
varying conditions, including changes in illumination,
orientation, and scale, while maintaining high accuracy. By
retrieving data from multiple authoritative databases, the
system improves its reliability, ensuring that accurate and up-
to-date information is available for victim identification. This
capability is particularly valuable in emergency situations
where timely identification can expedite medical treatment
and legal processes.

Overall, the integration of fingerprint and iris recognition
technologies expedites the identification process, alleviates
the distress of families by providing quick and reliable
information, and reduces the operational burden on
government and medical agencies tasked with managing
accident victims. in large-scale scenarios.

The current system provides a solid foundation for
accurate and efficient identification; however, future
enhancements could focus on supporting real-time data
updates, integrating cloud-based storage for improved
accessibility, and incorporating machine learning
algorithms to further optimize accuracy and processing
speed. Additionally, developing a mobile application could
enable on-the-spot identification for first responders in field
operations. These enhancements would make the system
more scalable, efficient, and adaptable to real-world
scenarios.
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