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Abstract

Flood zones pose significant challenges for search and rescue
(SAR) operations due to poor visibility, noise, reflections, and
occlusions caused by adverse weather and low-light conditions.
These factors degrade object detection performance. To address
this, the proposed system integrates YOLOv11 with a Retinex-
based image enhancement method. The Retinex theory separates
illumination from reflectance, improving detail extraction in low-light
images. Two publicly available datasets, the Roadway Flooding
Image Dataset and the Human Detection in Floods Dataset covering
varied flood scenarios, lighting, and occlusions, are used. Results
show that Retinex enhancement significantly improves detection
accuracy: YOLOv11 reached 95.72%, outperforming baselines by
up to 9%-10% in recall and 5%—-6% in Fi1-score. Enhanced models
also showed 7%-10% robustness gains on occluded and reflection-
heavy images. This demonstrates that the Retinex-enhanced
YOLOv11 model provides reliable, real-time human detection in flood
environments, offering valuable tools for life-saving SAR efforts.

Keywords
Retinex-based image enhancement, YOLOv11, illumination-invariant
detection, flood surveillance, Low-Light Imaging

l. Introduction

Floods are one of the most destructive natural calam-
ities, making it very difficult and time-consuming to
find survivors at the time of emergencies. The floods
that occur annually in India cause massive numbers
of human casualties, displacement, and devastation

of infrastructure and agriculture, and therefore, are
more endangering to the affected communities [1]. The
investigators of the risks of urban floods, for exam-
ple, in the Poiser River Basin, in Mumbai, have noted
the transformational nature of artificial intelligence (Al)
and machine learning (ML) technologies in enhanc-
ing human detection and optimizing rescue efforts [2].
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Having incorporated deep learning (DL) models, and
specifically Convolutional Neural Networks (CNNs),
autonomous drones and cars can now detect human
survivors in flooded areas with high accuracy. The
combination of Al, geographic information systems
(GIS), and real-time data analytics has significantly
improved the efficiency and speed of the localization
of the victim, thus decreasing the time of the rescue
response, and increasing the survival rates [3,4].

The recent development of ML and Al has auto-
mated the human object detection capacities to dis-
aster response systems to detect objects faster and
more accurately in chaotic flood environments. CNNs
constitute the foundation of modern DL designs, and
they are good at handling the complicated visual
data in flood-impacted landscapes [5]. Adaptive
learning enabled through Al enables such models to
continuously refine their accuracy through time and
in response to dynamic inputs to the environment.
As an illustration, research proposing DL as a strat-
egy to generate effective human and machine-marked
ground-truth databases demonstrated a detection rate
of over 96%, highlighting the strength of the model in
flood-based human detection applications [6].

Such techniques as decision trees and CNNs have
proven to be very efficient ML and satellite-based
flood mapping techniques that can efficiently detect
the extent of floods in short periods of time [7,8].
A comparative analysis of the ML strategies, such
as support vector machines (SVM), multi-layer per-
ceptrons (MLP), and Deep Convolutional Neural
Networks (DCNN), showed that semi-supervised
domain adaptation (SSDA) is more effective as a
flood detector because it has high Area Under the
Curve (AUC) and F1 scores and minimal labeled data
are required [9]. These results suggest the increased
opportunities of hybrid ML methods to enhance the
detection strength in data-sparse and high-variability
environments that are characteristic of floods.

The development of the object detection mod-
els, that is, YOLOvV3 to YOLOVS8, has improved the
accuracy and effectiveness of flood detection and
human detection activities to a great extent [10,11,12].
Architectures built on YOLO have been shown to be
useful in detecting human beings, vehicles, and infra-
structure in flood images that are taken by vehicles
and aircraft, and achieve higher performance than
traditional architectures due to their faster process-
ing speed and higher accuracy. Practices like transfer
learning, semi-supervised training, attention-based
feature extraction, and others have also enabled
the model to be more adaptable to the variety of
flood settings [13,14]. More recent attempts using
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YOLOv8-seg models and analysis of object-based
search and rescue (SAR) images have enhanced
reliability of flood inundation mapping and change
detection, providing a more spatially coherent rep-
resentation of flood dynamics [15]. All these studies
point to the great necessity of sophisticated vision-
based Al systems to help with the fast and precise
management of flood disasters [16].

Nevertheless, the ability of the human eye to
sense under harsh visual circumstances, especially in
low light, hiding, and blurring due to rough water and
bad weather, is still an unsolved problem. Unstable
light conditions and water reflections in the real-life
flood rescue scenario tend to reduce the quality of
the image, leading to a false alarm or overlooked sur-
vivor [17,18]. Recent studies have shown that Retinex-
based illumination enhancement can enhance image
brightness and color uniformity considerably and that
noise in a dark setting can be reduced [19]. Together
with the modern DL detection models, such improve-
ments can significantly boost the reliability of detec-
tion in visually challenging flood situations [20].

The proposed system presents a comprehen-
sive framework that integrates Retinex-based illumi-
nation enhancement with the advanced YOLOv11
object detection architecture [21,22] to improve human
detection performance in flooded environments under
dynamic lighting conditions. The suggested solution
actively responds to changing lighting and visibility to
enhance real-time human detection to flood-prone
regions [23]. Being the most optimized in feature
extraction, polished attention, and advanced real-time
inference, YOLOv11 is deployed to guarantee strong
detection performance in unfavorable environmental
factors [24,25]. This framework overcomes the short-
comings of the earlier versions of YOLO when used
with low-light and low-quality photographs because
it uses a physics-based Retinex enhancement model
and adaptive attention feature aggregation [26,27].

The main goal of this project is to test and improve
the quality of detection of DL models in the unfa-
vorable cases, namely, blur, occlusion, and unsta-
ble light [28,29]. Precision, recall, confusion matrix,
mean average precision (MAP), and intersection over
union (loU) are evaluation metrics that are used to
assess comprehensively the performance improve-
ments [30,31]. This paper will provide a robust,
high-precision framework of real-time human detec-
tion and rescue support with flood situations, which
will make a significant contribution to the field of dis-
aster management and humanitarian technology by
integrating both illumination-adaptive preprocessing
and the advanced architecture of YOLOv11 [32,33].
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Il. Methodology

The proposed study aims at offering a unified frame-
work to improve human detection ability in flood
regions through the combination of dynamic, light-
ing-adaptive image enhancement schemes with
state-of-the-art YOLO-based object detectors.
While the proposed model emphasizes illumina-
tion correction and contrast enhancement through
Retinex-based preprocessing, it does not explicitly
implement occlusion-sensitive training strategies
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within the detection pipeline. The proposed method-
ology as shown in Figure 1 is categorized into five
primary phases such as dataset preparation, image
enhancement, model training, evaluation, and com-
parative analysis.

The popularity of the YOLO models in real-time
applications stems from their exceptional speed
and accuracy. This ability is essential for teams that
do disaster response and autonomous systems.
Figure 2 is an illustration of the architecture of the
YOLO model.
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Figure 1: Proposed system architecture of enhanced object detection with Retinex and
YOLOv11. SGD, stochastic gradient descent.
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Figure 2: Schematic structure of YOLO model used in the study.
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a. Dataset preparation

Two datasets were utilized to ensure diversity in light-
ing and environmental conditions:

a) Roadway flooding image dataset
(Kaggle)

This publicly available dataset contains images
depicting various flood scenarios on roadways,
captured under different illuminations and weather
conditions. This dataset consists of 441 annotated
roadway flood images in varying lightning condi-
tions. Examples of human detection under flooding
conditions can be seen in Figure 3, which reflect the
variety of situations comprising varying water levels,
different views, and various weather conditions.

b) Human Detection in Flood Dataset
(Roboflow)

This dataset is publicly available on Roboflow and
consists of annotated images focusing specifically on
humans in flood-affected areas, including challeng-
ing low-light and complex backgrounds. This data-
set contains annotated flood scenarios with stranded

humans, occluded cases, and varying illumination
conditions. The dataset contains a total 1105 images
further divided for training purposes. Splitting data:
Each dataset is divided into 70% training, 15% valida-
tion, and 15% testing subsets.

Figure 4 shows sample images from the Roboflow
database having diverse scenarios, including varying
water levels, different angles of view, and different
weather conditions.

Both datasets are accompanied by annota-
tion in YOLO format for the proposed models. The
annotations comprise exact positions of bounding
boxes and class probabilities, which make the task
of object detection fast. The labels are configured
to be equivalent to “person,” which is the focus
of the mission of the dataset, whose visual rec-
ognition is of individuals during floods. By means
of training set, the detection algorithms will learn
how to detect and mark people in flood environ-
ments, regardless of the light predominant in the
environment. After the training the test set is used
as a standard for the models to compare perfor-
mance. This test determines the limit to which the
models can use what they have learned, to apply
it to unseen circumstances and the ability to iden-
tify different individual images in various flood

Figure 3: Sample images from roadway-flooding-image-dataset (Kaggel) [34] showing diverse
scenarios, including varying water levels, different angles of view, and different weather
conditions.
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Figure 4: Sample images from human detection in flood dataset (Roboflow) [35].

circumstances. Furthermore, the parameters were
optimized, and training performance of the models
was also tested using the validation set as a ref-
erence. Using this constantly improving method
boosts the model’s robustness and reliability,
enhancing the model’s capacity to identify people
in affected flood regions.

b. Image preprocessing

The proposed image preprocessing framework
supports visibility of an image, removes noise,
and enhances consistency of illumination prior to
the model training. It combines various adaptive
approaches, each dealing with a different factor of
degradation into a single enhancement pipeline. It is
illustrated in the following manner:

a) Image Resizing and Normalization:

All the images were downsized to a standard size of
640 x 640 pixels with the aspect ratio kept appropriate
to the YOLO input format. The values of pixel intensities
were scaled between [0, 1] to stabilize gradient changes
and enhance convergence in training. This step makes

sure that the model gets data of consistent scale, irre-
spective of the source differences in image size or
resolution. Besides individual training, a mixed dataset
(combining both sources) was also developed to test
the model generalization in varying conditions of floods.

b) Adaptive median filtering (AMF) noise
reduction:

Images captured in uncontrolled outdoor atmos-
pheres often contain impulse noise or salt-and-
pepper artifacts due to sensor errors, transmission
interference, or water reflections. Such noise can
severely distort object boundaries and can affect
feature extraction by the detection model. To over-
come this, AMF is applied on RGB channels indi-
vidually. AMF also possesses dynamic window
size as compared with a standard median filter,
which possesses a fixed window size. This capa-
bility of adaptiveness guarantees high levels of
noise reduction in corrupted regions and maintains
edges and finer textures in uncorrupted regions.
Mathematical equation for AMF is shown in Eq. (1)
as follows:



Enhancing deep learning-based human detection: Nehete et al.

Zp=min(W,,),Z, ;= median(W,, ), Z,,, = max(W,, )

Y med T
(1)
If Zin < Zinea < Zinaw the median is a valid intensity;
otherwise, S is incremented until the condition holds
or a maximum limit S,__ is reached. The output pixel

max

is then as shown in Eq. (2):

L(xy)={l (X y)if Zyo <1 (XY) < Zray Zineas

otherwise @)

Where [, (x,y) is the pixel value at position (x,y)
in color channel ¢  {R,G,B}.

For a neighborhood window of size W, (S) of size
S xS, compute the minimum, median, and maximum
intensity values of the pixels within the window for
further processing.

c) Retinex-Based Image Enhancement:

Flooded environments often present significant visual
challenges, such as uneven illumination, low contrast,
and reflections, from water surfaces that obscure key
features of human figures. Object detection systems
have significant challenges both when low-light situa-
tions prevail during floods and neighboring challenging
conditions of Global Positioning System (GPS) receiv-
ers. Such problems are reduced visibility, enhanced
noise, and changed accuracy of color, consequently
greatly reducing detection accuracy. The negative
implications of such issues decrease the precision with
which bounding boxes are made and classifications
decided and hence cause the precision, recall, and
F1 score to decline. To reduce such issues, the pro-
posed preprocessing integrates a Retinex-based light-
ing-adaptive enhancement technique that dynamically
adjusts brightness and contrast. This ensures uniform
illumination across image regions, making humans in
shadowed or dark areas more visible for the detector
and to enhance performance in low illumination set-
tings. These techniques significantly enhanced the
clarity of low-light images and helped the proposed
model to perform object detection more effectively.
The idea behind the retinex model is to enhance image
quality by separating the reflectance and illumination
components. By substantially increasing the clarity of
dark images, these techniques enabled the proposed
model to reliably detect objects.

The enhancement is based on the Retinex the-
ory, which models an image as a combination of
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illumination and reflectance components, expressed
in Eq. (3) as:

I(x,y)=R(x,y)xL(x,y) 3

Where:

R(x, y) is reflectance (enhanced image);

I(x, y) is original image intensity;

L (x, y) is illumination component.

The illumination component is modeled using a
Gaussian kernel G(x, y) as shown in Eq. (4):

L y)=Gx y) xIx ) ()

Here, G(x,y) smooths the image to estimate
illumination.

d) Multi-scale retinex with color
restoration (MSRCR):

To ensure semantic uniformity and improve visual
separability, a proposed approach integrates the
MSRCR algorithm and the application of Gaussian
surround functions to calculate spatial illumination.
The point is that the efficiency of Retinex model is its
capacity to distinguish and separate out reflectance
and illumination, thus improving the quality of images.
Mathematically, the relationship between the original
image and the enhanced image is shown by using
Eq. (5) as follows:

RMSR(x,y) = iWn[/ogl(x,y)—/OQ(GH(X,Y)

n=1

+1(x.y))] (5)

Where G, (x,y) denotes Gaussian kernels of var-
ying standard deviations, and w,, are the correspond-
ing scale weights. This formulation enhances both
fine and global features, improving visibility in dark
and bright regions simultaneously.

Finally, a dynamic adjustment is applied to adapt
brightness and contrast based on average luminance
using Eq. (6):

L (X,¥) = a-RMSR(x,y)+ B 6)

Where a and g are adaptively tuned parameters
controling contrast and brightness, respectively. The
resulting image maintains natural colors, improved edge
sharpness, and balanced brightness across the scene.

The peak signal-to-noise ratio (PSNR) is widely
used to evaluate the quality of image enhancement
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techniques. It measures the ratio between the max-
imum possible power of a signal (image) and the
power of noise that affects its representation. In sim-
ple terms, it indicates how much the enhanced image
differs from the original one.

PSNR is evaluated using the mathematical equa-
tion as shown in Eq. (7):

(")

2
PSNR =10 xlog10 MAX,
MSE

Where:

<

—1N-1

1 - o
MSE:W, Z[/(l,j)—K(l,j)].

i=0 j=

Il
o

I(i,j): pixel intensity of the original image;

K (i,J): pixel intensity of the enhanced (processed)
image;

M and N: dimensions (height and width) of the
image;

MAX,: maximum possible pixel value of the image
(e.g., 255 for 8-bit images);

MSE: mean squared error between the original
and enhanced image.

As shown in Figure 5 the PSNR value between the
original and enhanced image is 10.21 dB, indicating
significant improvement in brightness and visibility.
This PSNR value suggests that the Retinex adap-
tive filtering technique significantly modifies image
characteristics (contrast, color tone, illumination) to
improve visibility in flood scenarios, even if it diverges
in pixel intensity from the original.

Retinex reduces this noise by focusing on enhanc-
ing the reflectance (the true details of the scene) while
smoothing out the illumination (lighting variations),
where color correction balances the image’s color
distribution, restoring natural tones and improving the
distinctness of objects. It corrects colors by minimiz-
ing the impact of uneven lighting (illumination) while
preserving the natural colors and textures (reflec-
tance) of the objects.

c. Object detection with the proposed
YOLOv11 model

The object detection models used in this study,
YOLOv11, are well known for their exceptional
speed and accuracy, making them highly effective
for real-time applications, particularly in disaster
response scenarios. In the proposed framework,
a transfer learning-based approach is employed to
accurately identify human objects in flood-affected
environments. The YOLOv11 models are trained on
annotated flood imagery on the chosen datasets
before being fine-tuned to address domain-specific
issues like poor visibility, partial occlusions, and
changing lighting situations that are prevalent dur-
ing floods.

This process of fine-tuning allows the models to
be more generalized to the different environmen-
tal conditions and therefore provides stable perfor-
mance in detection even in complex scenes. These
improvements not only increase the efficiency of the
proposed system in terms of detection accuracy but

Enhanced Image using Retinex

(PSNR = 10.21 dB)

Figure 5: Original and enhanced flood image using Retinex adaptive filtering.
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also make it more practical to implement in real-time,
which is key to the emergency response applications
and flood monitoring. The resilience of these mod-
els in varying light conditions and the unfavorable
weather also enhances their capability as an effec-
tive instrument of human detection in disaster-prone
areas.

Moreover, the proposed approach will incorpo-
rate the state-of the art image preprocessing with
the help of a Retinex-based dynamic lighting-adap-
tive image enhancement (DLAIE) algorithm. It is a
boost in the quality of images in low-light conditions,
or when there is uneven light, allowing YOLOv11 to
be more attentive to stand-alone, concealed, or half-
seen humans. The fusion of both Retinex-based
image refinement and fine-tuned YOLO architec-
ture achieves a high level of detection accuracy and
robustness of the system.

The parameters and performance measures of
the proposed human detection models are optimized
as shown in Table 1, with the efficiency and flexibility

of YOLOv11 to address the flood conditions in real-
world scenarios.

Composite loss function to optimize object detec-
tion consisting of localization loss (L, ), confidence loss
(L and classification loss (L ) as shown in Eq. (8):

Conf)’ cl

Ltota\ ://1100L100 + //J'conchonf + A’clchls (8)

Where 4., 4,
the loss terms.

Eqg. (9) shows the localization loss, which is cal-
culated using complete intersection over union
(CloU), as

and 4., are weights for balancing

onf?

L, =1-CloU ©)

where CloU is defined in Eq. (10) as,

2 b, bgt
CloU =loU —M - (10)

C2

Table 1: Model parameter settings and training configuration

Parameter Value
Input image size 640 x 640
Batch size 16
Learning rate 0.01
(with cosine annealing)
Optimizer SGD with momentum = 0.937
Anchor boxes Custom anchors for human
detection
Epochs 50
loU threshold 0.5
Loss function Combined CloU loss,

objectness loss, and class loss

Data augmentation Random flipping, rotation,
scaling, brightness, and
contrast variations

Preprocessing Retinex-based DLAIE
enhancement

Model variant used YOLOv11

Description
Standardized input resolution ensuring efficient processing
and retention of visual detail.

Optimized for GPU memory utilization and stable gradient
updates during training.

Enables smooth convergence with adaptive reduction
across epochs.

Ensures stable learning and faster convergence by
maintaining directional consistency.

Tailored anchor dimensions optimized for human object
scales in flood environments.

Sufficient training iterations to achieve robust convergence
and model generalization.

Intersection-over-Union threshold for accurate bounding
box matching and evaluation.

Balances spatial accuracy, confidence prediction, and
class differentiation.

Increases robustness by simulating diverse lighting and
environmental conditions typical of flood scenes.

Improves image illumination and visibility for enhanced
human detection performance.

Advanced real-time architectures fine-tuned for detecting
humans under variable lighting and occlusion conditions.

CloU, complete intersection over union; DLAIE, dynamic lighting-adaptive image enhancement; GPU, graphics
processing unit; loU, intersection over union; SGD, stochastic gradient descent.
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Where:

b,b?% is predicted and ground-truth bounding
boxes;

P s squared Euclidean distance between the
centers of bounding boxes;

c is the diagonal length of the smallest enclosing
box;

v is aspect ratio consistency.

The dataset includes YOLO annotations for
YOLOV8, YOLOV9, and YOLOv11 as well as supports
a Faster Region-based Convolutional Neural Network
(R-CNN)-compatible annotation format. With these
annotations the dataset provides elaborate bounding
box locations and probabilities of each class, mini-
mizing the effort required for an object to be detected
easily. The annotations center around finding “per-
son” as the category reflective of the central purpose
of the dataset identifying persons in flood environ-
ments. The use of training set for algorithm develop-
ment enables accurate detection and localization of
persons on flooded landscapes, irrespective of the
poor visibility. After the models are trained, it happens
to be that the performance of the models is evaluated
by using the test sets. When this process occurs,
the performance of the models is evaluated on their
ability to generalize learned information on unfamil-
iar situations to and successfully detect people in
different flood situations. Besides, a validation set is
also important to fine-tune each model's parame-
ters and to determine how well each model performs
at each training stage. Following this approach, the
models become more robust and credible for practi-
cal usage, which improves individual detection in the
flood zones.

lll. Validation

This proposed work evaluates an approach to human
detection in both normal light and varying light or
low light conditions in flood situations. The objective
of this work is to determine how well the model can
accurately detect human objects in flood environ-
ments under normal illumination conditions as com-
pared with low light. The evaluation centers around
the comparison of certain measures that include pre-
cision, recall, and F1 score. Using a dataset contain-
ing flood scenarios that disrupted typical conditions,
3 measurements, precision, recall, and F1, score
were analyzed closely in regard to how they contrib-
ute to the determination of effectiveness of object
detection models in the complex environments being

studied. In flooded contexts, an in-depth analysis of
object detection abilities is necessary. In such con-
ditions, the capability to see humans accurately and
successfully can significantly improve SAR impacts,
lower response times, and maybe even save lives.
The performance evaluation metrics used for the
proposed work are calculated as shown in Egs 11 to 14:

Precision(P) - True Positives (TP)
" True Positives (TP)+False Positives (FP)
(1)
Recall(R) - True Positives (TP)
~ True Positives (TP) + False Negatives (FN)
(12)
F1Score(F1) :2x§i2 (13)
(TP)+(TN)
Accuracy = (14)
(TP) + (TN) + (FP) + (FN)

Using a confusion matrix, we managed to allocate
predictions into true positives (TP), false positives
(FP), false negatives (FN), or true negatives (TN) and
obtain these values. Frames per second (FPS) is the
metric for speed of computation providing insight into
the system’s real-time ability. The calculator for FPS is
shown in Eqg. (15) as

_ Total Frames Processed (15)
Total Time Taken (in seconds)

The model generalization is examined via the
experiments with stratified test data that properly
represents real variation in (from flood, lighting, and
occlusion). Likewise, the model was good in its per-
formance being stable in different cross-validation
runs and had the potential to use learned features in
unseen flood settings.

As shown in Figure 6A, the initial low-light image
had poor contrast and color distortion and thus
the human subject was hard to identify. Figure 6B
(Retinex-corrected output), on the contrary, has sig-
nificantly better illumination, lower noise, and restored
color balance. The proposed individuals are easily
enclosed within the bounding boxes, which proves
the increased effectiveness of the YOLOv11 model in
identifying and following individuals in the poor-quality
lighting conditions.
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(A)

(B)

Figure 6: Human detection after low light image enhancement. (A) Original image. (B) Detected

output.

In general, the results confirm the assumption
that Retinex-based enhancement combined with
YOLO detectors results in increased confidence and
accuracy in human detection, which will be useful in
decreasing the misclassification due to background
clutter, water reflections, or debris. This validates the
possibility of the suggested Retinex-modified detec-
tion pipeline to be used in real-time flood rescue and
monitoring.

Table 2 represents the performance of the
proposed model under daylight versus low light
scenarios.

Table 2 and Figure 7 illustrate that the proposed
Retinex-optimized YOLOv11 model can ensure
high detectability in either regular or diverse light.
Although there was a minor decrease in accuracy
(95.72-94.83) and F1 score (96.39-92.28) in low
light scenes, the precision and recall levels were at
a steady high level. The proposed system focused
on improving detection under dynamic lighting varia-
tions in Red Green Blue (RGB) imagery. While effec-
tive under low-contrast and uneven illumination con-
ditions, RGB-based enhancement remains limited in
total darkness or sensor-invisible conditions.

The strength of the suggested object detection
strategy in various light conditions is emphasized
by this validation. This kind of reliability may be of
great benefit to rescue teams during actual rescue
missions, say in areas hit by floods, where there are
frequent changes in light and low visibility, which are
usually a hindrance to the normal procedures.

The comparison of true labels (a) and the pre-
dicted result (b) obtained using the proposed
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Retinex-enhanced YOLOv11 model is depicted in
Figure 8. The system is also capable of accurate
identification of various human cases in the flooded
scenes despite poor light, reflections, and occlusions.
The fact that the ground truth and predicted box and
high confidence scores (0.7-0.9) were close indicates
the robustness, accuracy, and flexibility of the model.
The Retinex-based enhancement enhances image
visibility, which will assist the image to detect human
beings accurately in real-time that will be needed in
flood rescue missions.

IV. Results and Discussion

To ensure robustness and reliability, the proposed
methodology was proved using an approach involv-
ing multi-data and multi-model analysis under differ-
ent levels of floods as a way of testing its robustness
and reliability. Two datasets were used: the Roadway
Flooding Image Dataset (Kaggle) and the Human
Detection in Floods Dataset, which had images of
varying illumination, occlusion, and reflection, as are
found in the real flood situation.

The performance analysis of the proposed
YOLOv11 in comparison with YOLOV9, as presented
in Table 3, was conducted under four major evalua-
tion scenarios:

e Without enhancement (Baseline): Both models
were evaluated directly on raw flood images to
establish baseline detection performance.

e With Retinex enhancement: The models were
tested on images preprocessed using the Retinex-
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Table 2: Comparative analysis of proposed object detection model in varying lighting

conditions

Approach Lighting condition Precision Recall F1 score Accuracy
Proposed methodology (YOLOv11  Normal light 95.68 97.15 96.39 95.72
with Retinex enhancement) Varying/low-light 92.83 9556  92.28 94.83

Performance Metrics under Different Lighting Conditions

100

98
97.15

Percentage (%)

Precision

Recall

B Normal Light
B Varying / Low Light

F1 Score Accuracy

Figure 7: Performance analysis of proposed Retinex + YOLOv11 under normal light and varying

light conditions.

based illumination correction and contrast normal-
ization technique.

e Cross-dataset validation: The models were trained
on one dataset and evaluated on a different data-
set to assess their cross-domain generalization
capability.

The measure was Precision, Recall, F1 Score,
Accuracy, and FPS as the performance measures.
The results validated the fact that the image enhance-
ment by Retinex-based image enhancement sig-
nificantly improved detection accuracy, particularly
under low-light and reflective conditions.

Table 3 and Figure 9 draw conclusions about
the effects of image enhancement with Retinex on
the object detection performance of the proposed
YOLOv11 in comparison with YOLOv9. The findings
are a clear indication that the detection efficiency
based on all the main evaluation measurements

was greatly enhanced when illumination correction
and contrast normalization was done utilizing the
Retinex algorithm. In the case of YOLOv11, precision
and recall have improved significantly (to 95.68 and
9715, respectively), F1-score has improved (96.39%),
and the overall accuracy has improved (to 95.72%).
Although the performance improvements were also
observed in YOLOV9, post-enhancement measures
of YOLOv11 were always greater in all measures. The
significant increase in recall of both models implies
that the number of missed detections has been
greatly reduced, especially during difficult flood con-
ditions in terms of glare, shadow, and partial submer-
sion. It is worth noting that YOLOv11 was the best in
terms of overall post-enhancement performance, so
it is possible to conclude that it has a high detection
performance when it is combined with the Retinex-
based illumination correction. These results con-
firm the usefulness of illumination normalization in

11
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(B)

Figure 8: True labeling and predicted output with proposed system. (A)True labels. (B) Predicted

output.

Table 3: Object detection performance improvement analysis with before and after

low light image enhancement

Before image

Model Metrics enhancement (%)
YOLOV9 Precision 89.50

Recall 86.30

F1 Score 87.60

Accuracy 88.90
YOLOv11 Precision 90.87

Recall 87.26

F1 Score 88.90

Accuracy 89.85

boosting detection confidence, completeness, and
strength in the object detection of complex flood sce-
narios in real-life.

These improvements underline the power of the
proposed system in low-visibility or flood-like situa-
tions, when abnormalities in the lighting usually com-
promise the model performance. On a mid-range
NVIDIA RTX 3060 graphics card, YOLOv11 was
capable of real-time detections at 28 FPS, which is
realistic in deploying to the edge, such as a drone
or a mobile rescue unit during a disaster in the real

12

After enhancement

o,
(Retinex-based) Improvement (%)

93.87 +4.37
96.23 +9.93
94.41 +6.81
94.83 +5.93
95.68 +4.81
97.15 +9.89
96.39 +7.49
95.72 +5.87

world. Table 4 presents the comparative performance
analysis of the proposed YOLOv11 model against
state-of-the-art detectors, including Faster R-CNN,
YOLOVS8, and YOLOV9.

Table 4 conclusively proves that the statistical and
practical usefulness of the suggested YOLOv11-based
framework is more useful than the Faster R-CNN,
YOLOV8, and YOLOVS. YOLOv11 has highest precision
(95.68%), recall (97.15%), F1-score (96.39%), and accu-
racy (95.72%) and it has been determined to outper-
form all the models of its category in all the evaluation
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Performance Measures Before and After Retinex-Based Image Enhancement

100.0

97.5 4

92.5 4

Performance (%)

87.5 4

85.0 4

82.5 4

80.0 - =
Precision Recall

B YOLOVO Before
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BN YOLOv11 After
95.72%

F1 Score Accuracy

Figure 9: Performance measures before and after low light image enhancement techniques.

Table 4: Comparative performance analysis of the proposed method with state-of-

the-art models

Approach Faster R-CNN
Precision (%) 85.43
Recall (%) 82.86
F1 score (%) 84.13
Accuracy (%) 85.55

metrics. The increased sensitivity in making a detec-
tion when the objects are in poor flood conditions,
thereby minimizing the rate of FN, can be highlighted
by its remarkably high recall. At the same time, the
higher F1-score implies a well-optimized precision-re-
call trade-off, which means that the system detection
behavior is stable and reliable. These steady perfor-
mance improvements not only indicate that it is statis-
tically, but also practically, robust, making YOLOv11 an
effective solution to the problem of object detection in
real-time, high-risk flood scenarios.

V. Conclusion

The overall results demonstrate the object detection
model performances in various illuminated circum-
stances with particular emphasis on human detection
within the floods, and in these conditions, visibility

YOLOv8 YOLOV9 YOLOv11
92.54 93.87 96.68
95.26 96.23 97.15
93.88 94.41 96.39
93.97 94.83 96.72

is usually grossly impaired. The models were per-
forming well in normal lighting conditions, but per-
formed poorly during low-light conditions because
of poor visibility, more noise, and color distortions
before improvement. To deal with these concerns,
a Retinex-based image enhancement algorithm was
put in place to enhance the consistency of bright-
ness, reduce noise, and recover fidelity to color. The
improvement brought significant results to all models
with YOLOv11 being the most successful and sug-
gested detection structure. YOLOv11 demonstrated
better results than state-of-the-art detectors, includ-
ing Faster R-CNN, YOLOv8, and YOLOV9.

Moreover, YOLOv11 also maintained real-time
detection rates (28 FPS) with a mid-range NVIDIA RTX
3060, demonstrating its relevance to edge-based sys-
tems like an autonomous drone or a mobile rescue plat-
form operating in dynamic conditions. The fact that the

13
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proposed Retinex + YOLOv11 model was successful
can be explained by the fact that the light enhancement
algorithm is able to subtract illumination and reflec-
tance images, boosting contrast and brightness without
deforming the structural characteristics in an image.

Conversely, conventional enhancement meth-
ods like Histogram Equalization or Contrast Limited
Adaptive Histogram Equalization (CLAHE) tend to
over enhance noise and distort image details, thus
producing unreliable detections. The proposed light-
ing-adaptive enhancement system aims to improve
visual clarity prior to detection rather than explicitly
modeling occlusion severity. While partial occlusions
may occur in real-world flood scenarios, detailed occlu-
sion-level analysis is considered beyond the scope
of this study and is identified as a direction for future
research. Additionally, in the future work, the atten-
tion-based optimization mechanisms and multi-sensor
combination (e.g., RGB-thermal fusion) are going to be
considered to improve performance and resilience in
harsh environmental conditions. Thermal imaging can
provide complementary temperature-based object
signatures independent of visible light conditions. This
multimodal fusion strategy is expected to significantly
enhance detection robustness in extreme environ-
ments, particularly in nighttime flood rescue operations
and low-visibility disaster scenarios.
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