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ABSTRACT- Recent advancements in artificial intelligence and computer vision have led to the automation of many
conventional surveillance techniques, especially in smart city applications. However, object detection systems often struggle in
poorly lit environments and may suffer from slow processing speeds. To address these restrictions, this paper proposes an adaptive
illumination correction technique using an enhanced Logarithmic Image Processing model. The method improves object visibility
in low-light video frames and enhances detection performance. Additionally, a customized deep convolutional neural network is
developed to accurately detect objects after applying the illumination correction. The combined framework is evaluated on standard
datasets and demonstrates superior robustness to varying illumination conditions compared to existing state-of-the-art methods. The
results show significant improvements in metrics such as accuracy, recall, precision, and F-measure, proving the effectiveness of
the proposed approach.
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1, INTRODUCTION

With the fast growth of smart cities, there is a growing mandate
for reliable and intelligent surveillance systems that can detect
and track objects effectively to ensure public safety. Intelligent
Video Surveillance (IVS) has emerged as a crucial component
in this domain, enabling automated monitoring, anomaly
detection, and alert generation in real-time scenarios [1]. IVS
systems typically consist of several stages: video acquisition
[2], target recognition [3], object tracking [4], anomaly
detection [5], and data analysis [6].

When deployed on embedded platforms, IVS solutions often
utilize fog and edge computing to enable low-latency decision-
making. These systems are particularly useful in public areas
where prompt identification of unusual behavior is essential.
Object detection and tracking, which form the core of IVS, have s
been extensively studied, with many algorithms developed to ()

improve accuracy, reduce false positives, and adapt to Figure 1. (a) Object detection red box represents ground truth; blue
environmental challenges [7-10]. and green boxes represent detection outputs (b) The impact of

illumination change is shown as object is wrongly identified
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To address this challenge, recent works have attempted to use
Discriminative Correlation Filters (DCF) along with Histogram
of Oriented Gradients (HOG) features for detection [11].
However, such methods still exhibit significant performance
degradation in low-light scenarios. Therefore, an effective pre-
processing technique that corrects illumination before detection
is crucial for improving robustness.

This paper introduces a two-part solution: (i) an adaptive
illumination correction algorithm based on an improved
Logarithmic Image Processing (LIP) model, and (ii) a deep
convolutional neural network tailored for object detection in
videos. The proposed framework enhances contrast in
underexposed frames while preserving high-intensity regions,
and leverages the corrected frames to achieve more accurate
detection and segmentation results.

2. ADAPTIVE ILLUMINATION
CORRECTION (AIC) MODEL FOR
VIDEO SEQUENCES

The Adaptive Illumination Correction (AIC) model is
developed to enhance image visibility in video frames affected
by poor and uneven lighting. These frames often suffer from
limited dynamic range, spatial inconsistencies, and increased
noise levels, which collectively degrade the performance of
object detection and tracking systems. The AIC process
involves a sequence of transformations to boost low and mid-
level intensities, while preserving or slightly reducing higher
ones to avoid saturation.

Images or video frames captured under low-light conditions
often exhibit a limited dynamic range, which may not align well
with the capabilities of the sensors or display devices. To
address this mismatch, it is advisable to normalize the pixel
intensity values at the initial stage. In many cases, a simple
linear normalization of the pixel values to the range [0 1] is
sufficient. This can be achieved using a transformation based on
the following eq. (1).

Li(k)—min (L;(k))
[max(L;(k))-min (L;i(k))]

Lo() = )

Where Lo is the output normalized intensity values of the input
L, intensities. To compress the higher intensity values, a
logarithmic transformation can be applied to the normalized
pixel values. This operation can be expressed using eq. (2).

max (Lo(1))
log (max(Lo(i))+1)

L,(i) = log (Lo(i) + 1) 2

This function is comparable to the alteration achieved by human
retina and this type of adjustment increases intensity values of
dark pixels while decreasing intensity of high values [12]. In
order to additional adjust the above equation a nonlinear
exponential mapping function to adjust the native contrast
values and reduce the brighter pixel values. An increasing
nonlinear function utilized for mapping is defined in eq. (3).

T(x) =1—exp (—x) 3)
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An earlier LIP model was created using calculation of the
amount of light travelling though filter. The classical LIP model
proposed by Lim has numerous limitations like upper range
overspill due to mathematical properties that deals the model.
Several researchers [13], [14], [15] have proposed parametric
extensions of this model, offered enhanced flexibility and
enabled a wide range of applications. Several LIP-based models
have been developed to combine features from multiple images.
However, in this study, the mathematical framework of the LIP
model is specifically utilized. The proposed work focuses to
retain the acceptable quality images from various images and
video sequences that were acquired under varying illumination.
The algorithm aims to enhance the low and middle dark
intensity values while not altering the higher intensity values.

Let the original pixel intensities of the input image be denoted
by ‘x’. These values are first processed using equations (1) and
(2), and the resulting transformed image is then represented as
follows.

max(X)
log(max(X)+1)

I = *log(X + 1) 4)
Alternatively, the same input values can be adjusted using an
exponential function, which helps maintain local contrast while
reducing the influence of higher intensity values.

I; = (1 — exp(=X)) )

In this study, the two transformed images, I; and I,, are
combined using an appropriate LIP-based model. Specifically,
image addition is employed, resulting in the final transformed
image as defined in eq. (6).

11415
A+(I1*l5)

(6)
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Figure 2. Flow chart of the Adaptive Illumination Correction (AIC)
model
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Once the final image I3 is generated, it undergoes an additional
enhancement step. In this work, the parameter A is adaptively
determined using BDQM estimation, as outlined in [16].
Although I3  exhibits an overall increase in brightness due to
additive processing, it still lacks sufficient high-intensity
regions. Therefore, further enhancement is necessary to achieve
a visually balanced appearance. To address this, an improved
cumulative distribution function (CDF) based on the hyperbolic
secant distribution [17] is applied. This method, characterized
by an S-shaped curve, effectively adjusts the brightness and
contrast levels, thereby enhancing the image’s overall
illumination. As a result, the image, derived using eq. (7), is
further transformed as follows.

I, = erf( 1 = atan(exp(l3)) — 0.5%13) (7)

In the given equation, the parameter ‘A’ represents the
optimized value obtained through an iterative procedure, and 14
denotes the corresponding enhanced image using this value.
This adjustment contributes to improved processing efficiency
of the enhancement function, particularly in terms of
illumination correction. The inclusion of the error function
enhances the curvature of the hyperbolic secant distribution,
which proves effective in brightening the darker regions of the
image. Furthermore, the constant /2 is substituted with the
adaptive parameter ‘A’ to regulate the intensity of enhancement.
Finally, a normalization step is applied to produce the final
enhanced image, denoted as Is.

I4—min (I4)

15 - max(I4)—-min (I4) (8)

2.1. Pseudo code of the AIC

Input: Low-light image or video frame

Output: Enhanced image

Step 1: Normalize the pixel values of the input image to a
standard range.

Step 2: Apply a logarithmic transformation to enhance darker
regions.

Step 3: Apply an exponential mapping to improve contrast in
mid-tone intensities.

Step 4. Combine the outputs of the logarithmic and exponential
enhancements using image addition.

Step 5: Estimate the optimal enhancement parameter (lambda)
using a blind image quality metric.

Step 6: Apply global contrast correction using a CDF based on
the hyperbolic secant.

Step 7: Further refine brightness using an error function-based
transformation.

Step 8: Normalize the final image to ensure output intensity
values are in a valid display range.

3. DEEP NETWORKS FOR OBJECT
DETECTION

Deep Neural Networks (DNN) for object detection has recently
acquired popularity due to their capacity to learn. These
networks achieve high accuracy by learning parameters by
themselves. DNN’s have produced outstanding results in
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numerous computer vision applications like object
identification, segmentation and classification. [18]-[22].
However, due to illumination changes, blur and video defocus
other occlusions straightaway associating these images level
models to object recognition in videos is problematic. It is very
natural to accept video objectors to be more powerful than still
pictures detectors since videos comprises more detail evidence
about the same object occurrence than image. Regardless of
these difficulties it is necessary to develop a model that properly
uses temporal information of the videos.

DNNs based on Convolutional Neural Networks have
successfully illustrated promising outcomes in Background
Separation  challenges under difficult environmental
circumstances. The authors in [23] have presented CNN to
perform segmentation task for video sequences. This approach
has the benefit of separating foreground items regardless of
their temporal features. Here due to the independence of
incoming samples, segmentation using CNN may be
accomplished using only spatial attributes. CNN is employed to
comprehend the distinctive aspects, which are consequently
sent to a classifier to segment stirring objects. Finally, the
segmented section is extracted using fully connected
framework. Similarly, the authors of [24] described a threesome
CNN based solution for multi-stage background feature
implanting, utilizing encoder and decoder architecture. In this
analysis the encoder part of pre-trained network such as VGG16
is altered within a triplet framework to divide the picture into
different scales and extract the features when just a very small
number of samples are required.

Several authors have presented various approaches for object
recognition including RCNN (Region based CNN) its variation
that relay on region and these approaches are precise but time
overriding [25]-[26]. The second kind is YOLO (You only look
once) and its derivatives which are noted for their speed and
effectiveness [27] - [28]. The third type however combines the
advantages of first two alternatives and is based on SSD (Single
shot multi box detector) [29]-[30]. However, these networks
have significant shortcomings when it comes to detecting
moving objects. These comprise of processing of high-
resolution frames and the removal of immovable object from
the video sequence.

Most conventional models (RCNNs, YOLO variants, SSDs) are
optimized either for precision (RCNN family) or speed
(YOLO), but often fail to handle the temporal continuity and
lighting inconsistency in real-world video streams. Our network
addresses this by;

« Utilizing only labeled data to avoid overfitting on unlabeled
frames.

* Integrating AIC preprocessing, ensuring object visibility is
maximized regardless of lighting.

* Employing a Directed Acyclic Graph (DAG) structure for
non-linear and parallel feature extraction, allowing richer
representations compared to strictly sequential CNNSs.

The DAG framework is chosen over traditional sequential
CNNs because it supports multi-path feature flow, enabling
complex operations like skip connections, multi-scale fusion,
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and fine-grained segmentation without excessive depth or
computation.

“ 4, PROPOSED FRAME WORK

The complete procedure flow of the proposed methodology is
depicted in figure 3. The input video frames may or may not be
occluded; nonetheless, the input video is processed for frame
separation. and if the frame is poorly illuminated then the frame
is processed for automatic illumination correction (AIC), if the
contrast values of video frame is ideal then it focused for object
recognition using DNN as shown is figure 4.

Yes
If the frame has
poor illumination

Nol

Perform DNN
Object Detection

Input Video

—>| Frame Separation |—3
Sequence

Perform AIC

Figure 3. Generalized block diagram of the proposed approach
(AICOD)

The collected frames are resized to resolution of 320x240 which
corresponds to the full D; video standard in true color RGB
presentation [31]. The sequence of video frames and its labelled
images are supplied parallel to train the DNN. At the beginning,
the input images are divided into 16x16 chunks. These blocks
in parallel with labelled blocks are forwarded to DAG network
which is of 31 layers. For training the deep network huge
number of samples are required, which is created during the
data augmentation process. During this process the samples are
rotated and scaled; so that thousands of samples representing
the object region and back ground region can be generated
under multiple scenarios. Along with the training samples the
respective labeled images are provided to the network making
it to differentiate between the background and foreground
region.
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“Test Image
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blocks for images .
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images (16x16)

Figure 4. Object detection framework proposed with customizable
DNN

The network architecture is represented in figure 5; the
encoder depth is 2 and consists of many layers where the input
frame is fed to the input image layer followed with 2D
convolutional layer, Batch normalization, rectified linear unit
and max-pooling. The layers input dimension is 16x16x3 and
it is transmitted to 2D Convolutional Layer with a filter size of
3x3. The Max-pooling layer is used to do down sampling of
components by separating batch elements into rectangular
sections that consider utmost of each batch.

Input Image Labelled Data

Rescale
320X240

\

| =3

==

Max Pooling
fax UnPooling|
Baich Nom

Batch Norm

Input image 16X16X3
Soft Max and Classification

Figure 5. Network design of the constructed DNN

Labelled images are given to the network for training with
intensity values of “255” for the foreground region and “0” for
the background region. The stochastic gradient descent with
momentum kind of solver is used with 50 epochs each of 100
iterations and utilizing a total of 31 layers and 2 encoder depth,
the network is trained. The loss function of “cross-entropy” is
employed at the soft max layer to categorize the pixels. The
table I shows the detailed layer information of the DNN which
is designed for object detection.

Table 1. Layer information of the Proposed DNN

Layer No.| Layer Type Kernel Size / Stride | Input Size Output Size | Details
1 Input Layer - 16x16x3 16x16x3 RGB image patch
2 Convolution 2D 3x3 / stride 1 16x16%3 16x16%32 Feature extraction
3 Batch Normalization - 16x16x32 16x16x32 Normalize feature maps
4 ReLU Activation - 16x16x32 16x16x32 Non-linearity
5 Max Pooling 2x2 / stride 2 16x16x32 8x8x32 Down sample
6-20 Convolution + BN + ReLU (x5) 3x3 / stride 1 8x8x32 — 8x8x64 Deeper feature maps
8x8x64
21 Up sampling 2x2 8x8x64 16x16x64 Start of decoder
22-28 | Convolution + ReLU (x3) 3x3 16x16x64 16x16x64 Refinement
29 Fully Connected (FC) - 16x16x64 256 Flatten and feed to
classifier
30 Softmax Layer - 256 2 (bg/fg) Binary classification (pixel-
wise)
31 Output Segmentation Map - 16x16 16x16 Foreground mask
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Unlike YOLO and SSD, which process images individually,
our model leverages illumination-corrected frames and frame-
wise continuity to maintain segmentation quality even under
poor visibility. While not explicitly temporal like RNNs, the
architecture’s design accommodates temporal coherence by
processing illumination-corrected video sequences in batches.

able 2. Comparison with Standard Models

Model Speed | Accuracy | Illumination | Temporal
(F1) Robustness [Awareness
RCNN [25] Low High Poor No
YOLOV3[27] | High Moderate | Moderate No
SSD [29] Moderate | Moderate | Low No
Proposed Moderate | High High Partial
(frame-
seq)

i/

'*‘(34) (b4)
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Table 2 shows the comparison between the proposed method
and existing models in terms of speed, accuracy, and
robustness to illumination.

5, RESULT ANALYSIS

With the change detection benchmark dataset available at [32]
the proposed network is assessed, this dataset includes six
videos with various effects like object motion blur, shadow and
camera jitter. However, in this study static baseline videos with
320X240 true color resolutions are used for analysis. The
influence of low illumination and AIC algorithm is shown
below in figure 6.

(c4) (d4)

Figure 6. columns (al) — (a4) represents original frames, (b1)- (b4) poor illuminated frames (c1) -(c4) object detection with AIC and DNN (d1) -
(d4) segmented frames without AIC
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The impact of AIC algorithm for object segmentation is
depicted in figure 6 where the original images when subjected
for poor illumination may lead to improper segmentation which
are shown in (b1-b4) of figure 6 and the segmented output with
AIC algorithm is shown in figure 6 (cl-c4) and without
correction algorithm may attain very poor results as illustrated
in figure 6 (d1-d4). The proposed network hereafter is termed
as AICOD network.

5.1. Performance Assessment Metrics

In order to improve the outcomes, a segmentation algorithms
performance must be evaluated in order to both assess how
precise the segmentation approach is and to modify its
parameters. As a result, it is possible to assess the performance
measures and the methodology used to produce them. In this
work, we evaluated performance metrics like Recall (Re),
Precision (Pr), Percentage of wrong classification (PWC), False
Negative rate (FNR), False positive rate (FPR), F-measure and
Specificity (Sp),[32][33]. The collection contains the true
images also includes the ground truth images.

The quality assessment metrics are calculated using procedure
outline below. Let call automatic output ‘A’ and ground truth
or manual segment output ‘M’. The true positive (TP) is the
pixels that are prevalent both the segmented output. The number
of pixels that are existing in ‘A’ absent in ‘M’ is defined as false
positive (FP). False-negative (FN) pixels are those that are
present in ‘M’ absent in ‘A’ and the number of pixels that are
missing from both segmented output is known as true negative
(TN).

Image 1 Image2

Images

Segmented
Output

Image 3
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i Table 3. Manual Segmentation and Automatic
segmentation Contingency table

Manual Segmentation/ Ground Truth

Negative Positive
Automatic | Negative True Negative False
Negative
Positive False Positive True Positive

Table 4. Metrical calculation based on TP, FP, FN, TN

Metric Formula
Percentage wrong 100*(FN+FP)/(TP+FP+FN+TN)
classification

Recall TP/(TP+FN)
F-measure TP/(TP+FP)
Precision TP/(TP+FP)
Specificity TN/(TN+FP)
False Negative Rate FN/(TP+FN)
False Positive Rate FP/(FP+TN)

The proposed approach effectiveness is compared against
VGG16 and ResNetS0 networks for multiple frames are shown
below.

Image 4

Figure 7. Shows the segmented output using the proposed AICOD Network

i Table 5. Outcomes found with proposed AICOD network

Images Recall Specificity FPR FNR PWC Precision F-measure
Imagel 0.988 0.983 0.016 0.011 1.59 0.85 0.918
Image2 0.987 0.986 0.013 0.012 1.31 0.9 0.943
Image3 0.935 0.99 0.0004 0.065 0.08 0.93 0.93
Image4 0.979 0.99 0.00073 0.02 0.08 0.911 0.944
ImageS 0.975 0.99 0.000748 0.02 0.09 0.913 0.943
Avg 0.972 0.987 0.006 0.02 0.63 0.901 0.935
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Image 5

Image2 Image 3 Image 4

Images

Segmente
d Output

Figure 8. Shows the segmented output using pre-trained VGG16 [34] Network

able 6. Results obtained with pre-trained VGG16 [34] network

Images Recall Specificity FPR FNR PWC Precision F-measure
Imagel 0.86 0.99 0.003 0.13 1.98 0.97 0.914
Image2 0.78 0.99 0.0014 0.23 32 0.98 0.86
Image3 0.87 0.99 0.0011 0.125 0.19 0.84 0.85
Image4 0.914 0.99 0.0011 0.08 0.17 0.88 0.89
ImageS 0.916 0.99 0.000 0.08 0.14 0.9 0.91
Avg 0.868 0.99 0.001 0.12 1.13 0.914 0.885

Image 1 Image 4 Image 5

i

Image 3

Images

Segmented
Output

Figure 9. Shows the segmented output using pre-trained ResNet 50 [35] Network

“ Table 7. Results obtained with pre-trained ResNet 50 [35] network

Images Recall Specificity FPR FNR PWC Precision F-measure
Imagel 0.72 0.99 0.00026 0.3 4.61 0.99 0.81
Image2 0.706 0.99 0.00076 0.29 4.45 0.98 0.82
Image3 0.65 0.99 0.000105 0.34 0.38 0.98 0.78
Image4 0.63 1 0 0.36 0.5 1 0.77
Image5S 0.617 1 0 0.38 0.51 1 0.76
Avg 0.66 0.994 0.0025 0.33 2.09 0.99 0.78
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The figures 7, 8 and 9 shows the pictorial output of the proposed
AICOD, VGG16 and ResNet50 Respectively. The performance
of the Proposed AICOD, VGG16 and ResNet50 are presented
in tables 5,6 and 7 which indicate the average values achieved
for state-of-the-art approaches and presented methods in terms
of various matrices. In this paper, only few frames’ outputs were
presented which are compared against each other. Figure 10 and
11 depicts the proposed methods performance evaluation and
its superiority over VGG16 and Resnet50. The proposed
technique may be seen to produce higher f-measure, specificity
and recall values while upholding very little fault rate in terms
of PWC and FNR. The relative study shown in figures 10, 11
demonstrates that the method can retain and improve values of
0.1~0.2 for F-measure, 0.2~0.3 for Recall, which is a significant
achievement.

1
0.8
0.6
0.4
0.2
AICOD VGG16 RESNET50
ORecall BF-measure

Figure 10. Performance analysis of proposed AICOD and state-of-
the-art methods

3
2
. B
0
AICOD VGG16 RESNET50
BFNR OPWC

Figure 11. Performance analysis of proposed AICOD and state-of-
the-art methods in terms of FNR and PWC

From the experimental result analysis, it can be stated that the
proposed AICOD technique could able to precisely identify the
existence of objects even in the low illuminated input video
frames which is one of the contributions of the work. Secondly,
the accuracy of detection is superior to the state of art methods
however; this method has a slightly longer processing time
which must be leveraged with code optimization, optimal
resolution selection.

# 6. CONCLUSIONS

This paper presents an adaptive illumination correction with
object detection mechanism for surveillance videos. The
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method mainly aims to adaptively correct the input low
illuminated frames by verifying the quality of the input frame
blindly. The corrective process is an iterative mechanism that
aims to adjust the contrast values until the quality of the frame
is improved. By doing so, even the objects in the low
illuminated frames can be effectively detected. The method is
integrated with customized DAG deep neural network that
mainly focuses to identify and segment the objects in the
frames. The tryouts were carried out with both single object and
more than one object in the frames. Based on the observations,
it is possible to conclude that even when multi-objects are
identified, segmentation spots overlay with near objects. This
problem has to be rectified with effective training options and
mechanisms. This may not, however represent for severe level
in object identification and tracking. Individual objects, on the
other hand, are flawlessly detected, demonstrating an
unbelievable development in performance examination when
compared to state-of-the-art networks.
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