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ARTICLEINFO ABSTRACT

Tracking and object detection in low-light conditions is one of the most complicated problems
Received: 06 /04/2026 of computer vision, as the conditions of poor light, low contrast, and the disappearance of
Rrevised form: 21 /04/2026 valuable structural image characteristics in photographed images make it difficult to detect
objects. These are some of the restrictions that reduce the output of detection and tracking
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algorithms, especially in the cases of surveillance and monitoring. To deal with this issue, it is
Available online: 30 /06/2026 proposed in this paper that an integrated framework can be created to improve the
enhancement of low-light images and object detection through a multi-level image fusion
strategy in conjunction with the YOLOv12 detector model. The suggested approach will
improve low-light frames by a multi-stage algorithm including enhancement of base
Object detection, YOLOV12, illumination, amplification of the details layer, and amplification of contrast with the help of
Contrast Limited Adaptive Contrast Limited Adaptive Histogram Equalization (CLAHE). Noise-sensitive mask is also
Histogram Equalization , Lowlight included in such a way that the strength of improvements in the dark area can be controlled
image enhancement, tracking in to avoid unnecessary increase in noise. The refined frames are then used by the YOLOv12
harsh environment model as input to detect and track objects. A dataset of 79 images in seven groups that depict
the scenes of different crowds was evaluated experimentally. Conditions of low light were
artificially produced to mimic difficult light conditions. The performance of the enhancement
was measured in Structural similarity index (SSIM) and peak signal to noise ratio (PSNR) and
the performance of the detection process was measured in confidence scores and the number
of detected objects. The findings of the experimental study show that the suggested
framework contributes to the increase of the visual quality and object detection throughput
during the low-light conditions, especially in dense crowd scenarios. The findings affirm the
fact that the combination of image enhancement, combined with detection models, can be an
effective means of enhancing tracking reliability and the visibility of the object in problematic

settings.
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1. Main text

Detecting and tracking objects have become critical in most of computer vision works such as intelligent
surveillance systems, autonomous driving, traffic monitoring and security systems[1-3]. The success of these
applications depends greatly on precise visual details to detect and trace the objects in a video series. As the sphere
of deep learning evolves swiftly, the current object detectors like YOLO have contributed to a substantial increase in
the quality of object detection and speed in the process in real-time[4].
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Despite these developments, object detection and tracking systems continue to face significant challenges in low-
light environments [5]. Videos taken in low light environments are usually characterized by low brightness, low
contrast, and lack of the structural details. The degradations make objects less visible and events that occur greatly
influence the output of detection and tracking algorithms. Under most real-world scenarios like the nighttime video
monitoring, monitoring underground or insufficiently lit abodes of the interior, the video information or data
obtained may fail to generate reliable visual data that one can use to track objects towards the desired sense of
surety [6, 7].

To deal with this issue, an image enhancement mechanism is in most cases used to enhance the visual quality of low-
light images prior to conducting any high-level vision functions [8, 9]. The detection and tracking models can
function on clearer images of what they see, which increases the precision and stability of the detection and tracking
models [10].

1.1. Motivation

Object detection and tracking algorithms mainly rely on the quality of input visual information. In the low-light
environments in which the video is being shot, the deteriorated image quality may result in the inappropriate
recognition of objects, unreliable tracking, and targeted loss. Conventionally used object tracking techniques usually
suppose that the input frames have adequate visual information that are not always available in the real world
setting [5, 6].

Despite the fact that a number of low-light image enhancement techniques have been suggested in the recent past,
most of these techniques are motivated by improving visual characteristics of an image despite the effects that they
will have on later computer vision algorithms like object detection and tracking [11]. Moreover, there are also
enhancement methods that can add noise amplification or unnatural brightness intensities that can harm the
tracking algorithm's performance [5].

Thus, it should be seen that there is a necessity of an integrated framework, which does not only contribute to better
images during low-light, but the stability of the object detection and tracking systems. Driven by this problem, this
paper presents a multi-level video enhancement framework, which can be used to enhance low-light video images
without compromising structural information and balancing noise, thus making object detection, and tracking more
dependable[12, 13].

1.2. Contributions

The principal contributions of this work may be described as follows:

1.A multi-level image enhancement system under low-light conditions is suggested to enhance brightness, contrast,
and structure details of low-light video frames.

2..An appropriate enhancement plan is provided and involves noise control mask where the intensity of the
improvement in faulty areas is controlled to avoid amplification of noise.

3.It comes up with a fusion-based decision-making framework that combines base illumination-enhancement,
detail-layer-enhancement as well as contrast-enhancement with adaptive fusion weights.

4.A processing pipeline will be constructed based on the detection and tracking of objects with the help of the
YOLOv12 model, as well as low-light processing.

5.The suggested framework enhances the stability and strength of tracking objects in the dark environment by
supplying the detection and tracking model with visually enhanced frames.

The proposed model constitutes the single system that increases the video in low-light conditions and includes an
object detection system and tracking on a video in one processing stream. The architecture takes a low-light video
stream which exits a camera apart into elementary components. frames. The next processing is done with a multi-
level enhancement algorithm which enhances the illumination and the contrast and maintains valuable structure
details of the image.

The enhancement process works using a number of visual elements of the picture such as bottom illumination layer,
the details layer, and the contrast data [8]. These elements are boosted individually, and then mixed with each other
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with a weights-based fusion mechanism governed by a noise-sensitive mask. It is a strategy that enables gradual
enhancements of brightness and still preserves a natural look and avoids too much noise enhancement [14].

The refined frames are given to the YOLOv12 model after the enhancement phase to detect and track objects. The
proposed framework enhances the tracking system by the capability of every succeeding frame to identify and track
objects accurately by detecting and tracking on enhanced frames as opposed to the original low-light frames.

Lastly, the reconstructed processed frames are then reconstituted back into a video sequence consisting not only of
improved visual quality but also of trustworthy tracking outputs. The suggested solution is thus quite useful in
enhancing the object detection and tracking performance in low-light environments[15].

Despite the numerous studies conducted to investigate the process of enhancing low-light images and detecting
objects, there are still a number of challenges to address. However, most existing methods focus on improving visual
quality without explicitly considering their impact on object detection and tracking performance in low-light
environments[2, 16]. Also, enhancement models of deep learning usually demand vast amounts of data and massive
computation. In addition, numerous detection-based methods alter the model of detection itself but do not deal with
the quality of the given picture.

To overcome these drawbacks, this work suggests a multi-level low-light improvement system with embedded
YOLO-based object tracking and detection, to assist the quality of visibility and the stability of tracking in the dark
video clip.

2. Related works

computer vision due to its importance in applications such as surveillance systems, autonomous vehicles, and
intelligent monitoring systems. However, images captured under poor illumination conditions often suffer from low
brightness, high noise levels, and reduced contrast, which negatively affect the performance of high-level vision
tasks such as object detection and tracking. Researchers have proposed various methods to address these
challenges, which can generally be categorized into traditional enhancement methods, deep learning-based
enhancement approaches, and integrated detection-enhancement frameworks.

Although these methods improve low-light image quality or detection performance, most of them do not provide an
integrated framework that jointly optimizes enhancement and object detection for improved robustness in low-light
environments.

Mohammed et al. introduced the well-known Contrast Limited Adaptive Histogram Equalization (CLAHE) technique,
which enhances local contrast in images while limiting noise amplification. CLAHE operates on small image regions
and redistributes pixel intensities locally, making it particularly useful for improving visibility in dark regions [17].

Jobson et al. proposed the Retinex theory-based enhancement method, which simulates human visual perception by
separating illumination from reflectance components. Retinex-based approaches have been widely used to improve
brightness and dynamic range in low-light images [18].

Wang et al. provided a comprehensive review of classical low-light enhancement methods, including histogram
equalization, gamma correction, and Retinex-based techniques. Their study highlighted that traditional methods are
computationally efficient but often suffer from problems such as over-enhancement and noise amplification [19].

Guo et al. proposed Zero-DCE, a deep curve estimation network for low-light image enhancement. The model learns
a set of pixel-wise adjustment curves to improve illumination without requiring paired training data. The method
demonstrated strong performance with low computational complexity[11].

He et al. introduced an attention-based network for low-light image enhancement, which utilizes spatial and channel
attention mechanisms to selectively enhance important visual features while suppressing noise in dark regions [20].

Jiang et al. proposed an unsupervised low-light image enhancement framework that decouples illumination
enhancement and noise suppression tasks. This architecture allows the network to independently learn these
components and achieve better enhancement performance [21].
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Peng et al. proposed NLE-YOLO, a low-light target detection network based on YOLOv5. Their model integrates
feature enhancement modules and adaptive learning strategies to improve object detection accuracy in low-light
environments [22].

Liu et al. introduced Dark-YOLO, a modified YOLO-based object detection algorithm designed for low-light scenes.
The model improves feature extraction and enhances detection accuracy by incorporating illumination-aware
modules[23].

Han et al. proposed 3L-YOLO, a lightweight object detection model optimized for low-light environments. The model
focuses on improving feature representation while maintaining computational efficiency for real-time applications
[24].

3. Material and methods

The section gives the theoretical concepts on which the proposed framework is based. Such topics are low-light
image degradation, image enhancement methods, contrast enhancement, and object detection approaches based on
deep learning models, e.g., YOLO.

3.1. Low-Light Image Degradation

Low-light photographs also tend to be affected by some of the degradation factors that include low brightness, low
contrast, and high noise. Such problems cause the lack of illumination in image sensors, which would lead to a low
signal-to-noise ratio (SNR)[25]. This makes crucial structural information and object outlines hard to be
differentiated with the background. Overall, the captured low-light image can be represented as the composition of
the illumination component and the reflectance component. The illumination-reflectance model would allow an
image, I(x), to be modeled as shown in equation 1.

[()=R(x)*L(x) (1)

where I(x) represents the observed image intensity, R(x) represents the reflectance component corresponding to
the intrinsic properties of objects, and L(x) denotes the illumination component. In low-light conditions, the
illumination component becomes very weak, which leads to dark images with reduced visibility.

The goal of low-light enhancement methods is to recover or improve the illumination component while preserving
the reflectance information that contains important structural details of the scene.

3.2. Image Enhancement Techniques

Image enhancement technologies are designed to execute the enhancement of visual quality of pictures, enhancing
the brightness and contrast of images, as well as their structural features [26]. Such techniques can broadly be
classified into spatial domain techniques and frequency domain techniques. The spatial domain techniques make
direct manipulations of pixel values to enhance the quality of an image. Popular methods are gamma correction,
histogram equalization, and methods based on the Retinex [27]. A gamma correction process controls or adjusts the
brightness of an image by applying nonlinear transformations to the pixel value of the image, whereas histogram
equalization rebalances pixel values of an image to increase contrast. The retinex-based methods are common in
low-light boosting since they replicate the human eye. The techniques seek to isolate the illumination and
reflectance components and boost the illumination component to add to the overall brightness without losing
details [8]. The conventional methods of enhancement might, however, add unwanted artifacts like over-
enhancement or noise amplification, especially in very dark areas. Hence, aggressive performance enhancement
plans are usually necessitated in sophisticated performance. Contrast enhancement is significant in enhancing the
visibility of objects in low-light images[28]. Contrast Limited Adaptive Histogram Equalization (CLAHE) is one of the
techniques widely used.

In comparison with global histogram equalization, CLAHE works on small regions of the image known as tiles.
Histograms of both areas are also equalized separately thereby enhancing the local contrast as well as bringing out
hidden features in dark regions [27]. A clipping threshold is used to store the amplitude to avoid a huge
amplification of noise. CLAHE boosts the quality of visibility of low-light images by boosting local contrast at the
expense of noise and facilitates the recognition of meaningful structures according to the later computer vision
algorithm.
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3.3. Object Detection in Computer Vision

Object detection is a core operation of computer vision to detect and localize objects in an image or in a video frame
[5]. It is aimed at identifying the type of the object as well as the spatial position of the object with the help of
bounding boxes [6]. Deep techniques of the contemporary object detection rely mainly on convolutional neural
networks (CNNs). These models are auto hierarchical feature learners that can find objects with great accuracy on
large collections of data [22].

Object detection algorithms have broadly been divided into two major groups:

1.Two-stage instruments, including R-CNN and Faster R-CNN, that initially create region recommendations and then
recognize them.

2. Single-stage detectors e.g. YOLO (You Only Look Once) and SSD, which do the detection and classification in a
single forward pass.

Due to the speed and the high computational efficiency, single-stage detectors find many applications in real-time.
One of the most popular object detection frameworks in real-time is YOLO (You Only Look Once). YOLO is an object
detector that solves a regression problem directly on the input image and predicts bounding boxes and probabilities
of different classes: it is a single-pass network that performs object detection.[5]

The YOLO model divides the input image into a series of grid cells and perceives a series of bounding boxes on each
of these grid cells. Each predicted bounding box contains the object localization, likelihood rating, and probability of
class. This single-stage method of detection helps the YOLO models to attain a high rate of detection and, at the same
time, be competitive in terms of accuracy [4].

Recent extensions of YOLO have come up with several improvements in feature extraction, multi-scale detection,
and training. The improvements enable the YOLO-based models to work well in demanding settings, including those
with low light.

Object tracking is designed to trace the path of the identified objects in succession through a video sequence.
Tracking algorithms infer the location of the previously identified objects in the later frames through motion
information and appearance measures after saving data in the first frame.

Tracking of objects properly depends on the quality of the input frame a lot[29]. When the light is low, tracking
algorithms may cause tracking errors such as missing the target and poor contrast leading to inaccuracy in the
tracking result. Hence, making the video frames have a better visual appearance prior to object detection and
tracking may be of great help in increasing the tracking stability and reliability significantly.

3.4. Proposed model

The suggested model will present a combined system that fuses both low-light video enhancement and object
tracking in low-light conditions. This framework is primarily aimed at enhancing the visual quality of the video
frame in low-light conditions prior to the tracking set. The tracking algorithm can be used with the cleaner visual
data produced by the process of increasing the brightness and contrast of the frames, leading to an increase in the
reliability and stability of the object tracking.

In most live situations, videos taken in the dark suffer poor brightness, contrast and structural details. The effects of
these limitations are much on the way the object tracking algorithms perform since at this point, the targets will be
hard to be differentiated between the background. The proposed model is expected to overcome this limitation by
combining an image enhancement step with a tracking step in a single processing pipeline.

The processing structure starts with an input of a low-light video stream, which is captured by a camera. The video
input is initially broken down into a series of different frames. The proposed enhancement method is then applied
to each frame individually with the purpose of enhancing the real brightness, increasing the contrast, and saving the
valuable structural data. This increase action seeks to create frames whose visual features have more articulateness
and minimize the adverse impacts of lack of light.
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Object detection and tracking are also done by feeding the improved frames to the YOLOv12 model after the
enhancement stage has been successfully completed. With the tracking process applied on the enhanced frames
instead of the initial low-light frames, the proposed performance framework can be used to ensure the tracking
model detects the targets better, and the tracking performance is also stable between adjacent frames.

In the suggested solution, the enhancement of a low-light picture is achieved by applying several levels of enhanced
illumination. Rather than using one global operation to process the image, multiple steps are used with each level
processing a certain visual quality, like illumination, contrast, or the detail of the structure.

The principal proposed model can be found in Figure 1
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Fig 1: proposed model

Step 1: Video Acquisition

[t starts with taking a low-light video stream of a camera. In bad lighting conditions, the video being taken is likely to
have dark spots, low contrast and less visibility of the object. This unedited video is the input of the suggested
framework.

Step 2: Frame Extraction
The input video is separated into a series of single frames. Each frame is an extract static image out of the video at a
particular time interval. The step enables the process of enhancement to be extended separately to each frame.

Step 3: Low-Light Frame Enhancement
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In this step, every frame is pulled out is enhanced by the suggested low-light enhancement technique. Improvement
of light, enhancement of contrast, and retention of structural details of the objects in the frame are the benefits of
the process of enhancement. The step produces better and visual frames that are better placed to detect and track
objects.

Base layer
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+»  Enhancement B —
B' = aB" + flog(1 +B) Noise Control Mask
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lout = Newp B + wigD" + w.C) + (1 = Ny )!
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Fig 2: Proposed low light image enhancement

This is a multi-level approach that has the ability to enhance the brightness of the image step by step without the unnaturally high brightness but
without the problematic amplification of noises.

The procedure starts with the dissection of an input image into differing fundamental elements. Mathematical transformations are then applied
to each of the components and finally weighted fusion is used to recombine all the enhanced components.

The above fusion model can be used to describe the overall enhancement process.:

I = Npp(WpB' + wyD' +w,C) + (1 — NI (2)

Where:

I, denotes the final enhanced output image. N, represents the noise control mask that regulates the enhancement strength in noisy regions.

wy,, Wy , W, are fusion weights satisfying w,, denotes the fusion weight of the enhanced base illumination layer. w,; denotes the fusion weight of
the enhanced detail layer. w, denotes the fusion weight of the contrast-enhanced image. The w;, + w; + w, = 1 B’ represents the enhanced base
illumination component. D’ represents the amplified detail component. C denotes the contrast-enhanced image. I represents the original input
image. Nm is in charge of the effect of the enhancement process. To minimize the strengths of enhancement in the higher noise levels, Nm
reduces whereas, to enhance the strengths of enhancement by the processed layers, Nm is given extra significance in order to avoid excessive
amplification of noise in extremely dark areas. A noise control mask is added to curb the excessive amplification of noise at extremely dark areas.
This mask balances the intensity of the enhancement to the local noise present in an image. The noise mask is defined as shown in equation 3:

Nm = f(o_localll) (3)

where:
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N,,, denotes the noise control mask.

015ca FEPresents the local standard deviation of pixel intensities computed within a small neighborhood window. It is used as an estimate of local
noise or texture strength.

[ denotes the original input image.
f(+) is a mapping function that generates a weighting value between 0 and 1.

The value of N,,, determines the contribution of the enhanced layers in the final fusion stage. Regions with high local variance (which may
indicate noise in low-light conditions) receive smaller mask values, reducing enhancement strength. Conversely, regions with stat { tensity
variations receive higher mask values, allowing stronger enhancement.

The o,,., calculated in equation 2x

1
— |= . i 1) — 2
O-local (x' y) - \/N Z(l,])eﬂ (I(l']) lu'ﬂ) 2X
where Q represents a local neighborhood around pixel (x, y), N is the number of pixels within that region, and y, is the mean intensity in the

neighborhood. This measure can be used to estimate the presence of texture or noise in different regions of the image.

In many enhancement frameworks, multiple enhanced components are combined to produce the final image. A general image fusion model can
be expressed as

Level 1: Base Illumination Enhancement

A nonlinear transformation of base layer is added to improve the latter based on the combination of power-law correction and logarithmic
adjustment. A nonlinear illumination function is used to add on to the base layer.:

B' = aBY + Blog(1 + B)
Where:
a = brightness scaling factor
y = illumination correction factor
B = logarithmic enhancement factor
Level 2: Detail Layer Amplification
The detail layer preserves edges and fine structures:
D=I-B
It is amplified using a detail factor:
D’=kD
Where:
k= detail gain factor
Layer 3: Contrast Enhancement Layer

At this stage, another contrast-enhanced image is created in attempt to make the image more visible in dark areas, and enhance the local
intensity values. In this work, contrast layer is realized with the help of Contrast Limited Adaptive Histogram Equalization (CLAHE) which is
applied to the input image..

The contrast-enhanced image is defined as

C=CLAHE(I)



Laith Hakem Malak, Journal of Al-Qadisiyah for Computer Science and Mathematics Vol.18.(2) 2026,pp.Comp 99-113 107

where:

C denotes the contrast-enhanced image.

I represents the original input image.

CLAHE is an adaptive histogram equalization method that improves local contrast while limiting noise amplification through a clipping threshold.

Through small image regions (tiles), in comparison to global histogram equalization, CLAHE redistributes the intensity values there confined
regions. This gives the ability to boost dark areas and maintain natural brightness and not to over saturate bright areas.

This contrast layer is used to add further structure details which are providing later in the final step of enhancement which is fused with the
illumination and detail layer.

Step 4: Object Detection and Tracking

Once the process of enhancing frames is done, the enhanced ones are fed to the YOLOv12 model. Object detection and tracking are done in the
model, and this involves determining the target in every frame and tracking its location in subsequent frames. Given the fact that the frames
already are improved, the tracking model is able to identify objects more distinctly and preserve a high level of tracking accuracy.

Step 5: Frame Reconstruction

At the end of the tracking process, the processed frames are reassembled as per their original time sequence. This step reassembles the video
sequence at the same time keeping results of tracking on the improved frames.

Step 6: Output Video Generation

The final product of the strategy is the creation of a recreated video whereby the augmented visual precision and the tracking results are
simultaneously symbolized. By combining the lighting intensity support and the tracking of the objects in a unified system, the developed model
enhances the effectiveness of the tracking algorithm, which allows it to work effectively in the dark environment.

4. Experimental Results and Evaluation
4.1. Dataset Preparation

As the performance of the suggested framework was to be assessed, a series of video frames with crowds pictures and people assemblies were
utilized. Rather than relating to the complete video sequences, frames were extracted and subsequently used as single images to be experimented
on in a controlled world. Each frame is a scene with one or more people situated in a congested setting.

The chosen frames consist of different levels of density of the crowd, such as small groups of people up to a very high density of the crowd. These
pictures were employed to model the real life surveillance situation where object detectors and trackers are commonly implemented.

To test how robust the proposed model will be in the illumination conditions that are considered adverse, artificial low-light conditions of the
original images were enforced. The contrast and brightness of the frames were deliberately lowered in order to replicate poor lighting conditions
in surveillance at night and poorly lit indoors. The approach enabled the test of the proposed method of enhancements to be controlled; however,
the original structure of the scene was retained.

The proposed framework was fed with the artificially degraded images. All the pictures were pre-enhanced using the proposed low-light
improvement algorithm to enhance illuminance and contrast without distorting significant structural features of the subjects in the image.
Following the transformation of the enhancement stage, the provided enhanced frames were sent to the object detection and tracking model to
estimate how effective focus on the enhancement phase to the detection performance is.

The experiment setting can be used to assess the capability of the proposed model in improving the quality of visual information and increasing
the robustness of object detection using frames of a crowd scene with artificially generated low-light conditions.
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It is also critical to demonstrate the examples of the images that were used in the experiments before introducing the experimental results. The
data applied in this paper is comprised of 79 photos followed into seven categories with each category representing varied scenes of the crowd
with varied numbers of individuals. This was done using these pictures in the form of separate frames to test how well the proposed model
would perform in low-light situations. As Figure 3 indicates, one of the crowd scenes of the dataset used in the experiments is presented in a
sample image.

Group Number Synthetic low-light image

Group 1

Group 2

Group 3

Group 4

Group 5

Group 6

Group 7

4.2. Image enhancement

In quantitative assessment of the effectiveness of the proposed low-light enhancement model, two commonly used image quality measures were
used, namely Structural Similarity Index (SSIM) and Peak Signal-to-Noise Ratio (PSNR). SSIM is used to quantify the structural similarity of the
enhanced image and the reference image and represents the extent to which structural details are maintained. Conversely, PSNR measures the
quality of reconstruction of the improved image compared to noise reduction and signal fidelity.

Table 1 shows the mean values of SSIM and PSNR of the seven groups of datasets used in the experiments.

The findings demonstrate that the enhanced model is capable of having different degrees of performance in various groups of images under
varying complexity of scenes and intensity of crowds. Group6 was the most popular group among the ones described, with an SSIM value of 0.92
in addition to a PSNR value of 0.39, which is to show that the proposed approach is successful in its task of preserving a lot of structural data, as
well as ensuring a high quality of reconstruction in this group. This finding implies that the enhancement system is especially effective in the
scenes where there is a strong tendency of structural elements that can be easily noticed even when there is a low level of illumination.

Similarly, Group4 and Group5 also demonstrated strong performance, achieving SSIM values of 0.80 and 0.79, respectively, with PSNR values of
0.38 and 0.35. These results indicate that the proposed enhancement method is capable of significantly improving visual quality in moderately
complex crowd scenes while preserving important structural details.

On the other hand, Group2 recorded the fewest SSIM (0.52) and comparatively smaller PSNR of 0.28. It could be easy to explain this poorer
performance by the complexity of the scene that was raised or the noise that was added by the low-light conditions that had been simulated.
Under these conditions, differentiating structural features is not as straightforward, which will have a slight influence on the process of
improvement.

Other groups (Groupl, Group3, and Group7) obtained moderate performance with the values of SSIM between 0.66 and 0.75 as well as PSNR
between 0.26 and 0.33. These findings show that the developed algorithm is reliable to enhance the quality of images in various scene setups and
at the same time retain decent structural similarity.

Altogether, the quantitative findings indicate that the developed multi-level improvement model is useful in enhancing the image quality under
low-light conditions. The observed relatively high SSIM values in most conditions imply that the structural information of the original scenes is
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not deteriorated, whereas the outcome of the process of PSNR measurement knows that the process of enhancement preserves the acceptable
signal fidelity without bringing a lot of noise.

All these findings indicate that the proposed strategy to enhance the visual quality in low-light crowd scenes is appropriate and generates
dependable input to be used in the tasks of object detection and tracking afterwards.

Figure X provides examples of the dataset used in the experiments that are qualitative in nature. The figure demonstrates sample pictures of the
seven groups that were incorporated in the dataset. Each group will be presented with three variants of the same image: the initial normal image,
the changed image.

synthetic low-light image, and the enhanced image of the proposed method.

The synthesis of the low light images used in the synthetic low light images was done through the artificially diminishing of the brightness and
contrast of original images to replicate the poor illumination conditions as in the figure. Such low-quality images are a depiction of tricky
situations that are normally experienced in surveillance platforms where one might be working at night or in poorly lit areas.

The third column demonstrates the improved findings with the help of the suggested low-light enhancement framework. As it could be seen, the
suggested process is really effective to enhance the total light and revive significant visual details that could not be distinctly seen in the low-light
pictures. Specifically, the increased brightness, contrast and clarity of structural information of the scene has been exhibited in the enriched
images, particularly in the places where there are high numbers of people.

Additionally, the process of enhancement does not destroy the natural look of the images and does not solely increase the noise overload. Such an
increase in image quality gives better input information in the next steps of object detection and tracking of the proposed structure.

Comprehensively, the qualitative findings introduced by Figure X provide the evidence of the feasibility of the proposed model to be successfully
applied in improving low-light images in various case scenarios and intricacies of the scene.

Table 1: Evolution of proposed image enhancement model

group SSIM PSNR
Group1l 0.75 0.33
Group?2 0.52 0.28
Group3 0.66 0.26
Group4 0.80 0.38
Group5 0.79 0.35
Group6 0.92 0.39
Group7 0.72 0.32

4.3. Object detection

Comparison has been done between the results of detection prior to enhancement and the results obtained after the application of the proposed
low-light enhancement model. The analysis uses two critical metrics to detect the confidence of detection and the count of objects found on each
of the seven dataset groups.

As can be seen in Table X, there is an observable positive response to the proposed enhancement framework as far as detection performance is
concerned. Generally, several objects have been detected in a larger number of groups which is an indicator that the improved images present
better visual data to the detection model.

As an example, Groupl has been provided where the individuals who have been detected have risen to 17, whereas the confidence score has
risen to 0.92 as compared to 11, 0.65 respectively. This shows that there occurred the improvement of detection accuracy and the object visibility
by the enhanced process.

In the same way, Group2 demonstrates a great improvement, in terms of which the confidence score rose by 0.320.96, and the number of
identified objects rose by 1220. This proves that the suggested improvement technique is especially efficient in the scenes that had a very low
score of illumination, and the initial detection level was constrained.
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In Group3, an even greater increase may be noted as the objects identified rose to 85 and the confidence rate rose by 0.08, IBM. This outcome
brings out the potential of the proposed approach in high-crowd scenarios where the visibility of objects is critical in detection accuracy.

Group4 Group4 showed improvement in the number of objects detected in the post-enhancement images as compared to 10 items used in
Group4, and most of the objects not detected in the original low-light images were detected during the post-enhancement images.

The Group5 results also indicate a major enhancement as the number of objects detected also went up by 16 (19 to 29) with the confidence also
showing a moderate growth by 0.68 (0.79).

In case of Group6, despite a slight reduction in the score of confidence, 0.85 to 0.56, the occurrence of objects detected in the scene increased
exponentially, which was 39 to 125 indicating that the enhancement method revealed a large number of the objects present in the scene that
remained hidden previously. This fact demonstrates that the suggested approach enhances the visibility of objects when a crowd is especially
large.

Last but not least, the Group?7 also demonstrates better performance in which the detection count has risen to 56, and the confidence score has
risen to 0.89 instead of 23 and 0.80 respectively.

The general findings of the experiment indicate that the presented low-light enhancement framework can substantially enhance the work of
object detectors by removing either increasing the number of detected objects or by enhancing the detection confidence of the object detectors in
the vast majority of scenarios. Such results validate the fact that the algorithm of augmentation of low-light images, prior to object detector
application, can significantly increase the accuracy of detection structures, especially when the objects of interest are very close together.

Table 2: Compere of effects of proposed model on YOLO 12

Before After
group Confidence count Confidence count
Groupl 0.65 11 0.92 17
Group2 0.32 12 0.96 20
Group3 0.92 29 0.98 85
Group4 0.73 10 82 36
Group5 0.68 9 0.79 29
Group6 0.85 39 0.56 125
Group7 0.80 23 0.89 56

The visual comparison of results of object detection prior to implementation of the proposed low-light enhancement framework, and subsequent
to the implementation, is displayed in Figure X. The figure shows a number of congested images in which the detection model locates the
individuals in terms of bounding boxes and confidence scores.

The results of the detection before enhancement in the images displayed in the first row show that the model can detect only a few persons
because of inappropriate illumination and lower visibility of objects. Certain individuals are either missed or identified with fairly low scores in
confidence. This is largely limited by the fact that the quality of the images captured in low light is poor and thus it may be hard to clearly
differentiate the features of objects as required by the detection model.

The performance of the identification is much better after the enhancement technique using the proposed method as it can be seen in the lower
pictures. Images being enhanced display increased structural information and clear outlines of objects allowing the detection model to determine
more individuals in the crowded scenes. Consequently, additional scenes of bounding boxes can be seen in the boosted images, which means that
the number of detected objects increases.
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Also, the increase in illumination and contrast assists the detection model to come up with more dependable predictions, which leads to the
increased detection counts in the quantitative findings. These qualitative results prove that the suggested enhancement system is effective to
enhance the visibility of items in the low-light space and facilitate more precise object detection when operating in the conditions of crowded
crowds.
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Fig 4:result of object tracking
Conclusion

In this paper, a combination of object detection and tracking enhancement in low-light conditions has been
introduced in a comprehensive manner. The offered solution is a hybrid of a multi-level low-light image-enhancing
procedure and a YOLOv12-based detection and tracking framework. The primary goal of the framework is to
improve the visual quality of video frames that are taken in an unfavorable light environment, and then the object
detection and tracking algorithms are applied.

The enhancement method works on various processing steps, such as base illumination enhancement, detail layer
amplification process, and contrast enhancement with the help of CLAHE. Furthermore, it also features a noise-
conscious mask that enables the control of the strength of the enhancement and eliminates noise upsurge in the
very dark areas. The method combines these components in a weighted fusion mechanism, which allows brightness
and contrast enhancement at the expense of valuable structure of the scene.

The experiment was evaluated with the help of the dataset, which contained 79 pictures, which were grouped into
seven categories that reflected various crowd situations. Simulation of challenging illumination conditions was
undertaken by the use of artificial low-light conditions. The experimental results of the quantitative assessment of
the proposed method of enhancement based on the SSIM and PSNR measures proved that the new method is
effective in enhancing the quality of the image and preserving the structural similarity. Additionally, the detection
performance indicated that there was a vast enhancement in objects to be detected and the confidence of detection
on the proposed improvement framework.

The qualitative findings also affirms that the improved images are clearer to give out visual information, making the
model of detection to identify people with more accuracy in crowded scenes. In general, the experimental findings
show that low-light image enhancement and object detection/tracking can significantly enhance the reliability of
detection and functioning of the system in a low-light setting.

Further research on the presented framework can be termed as adding deep learning-based enhancement models
and experimenting with the system on larger real-world video datasets in the future. As well, additional innovations
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can be made that will optimize the improvement parameters and incorporate more advanced tracking algorithms to
increase the performance in dynamically changing scenes.
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