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Abstract: In autonomous driving, Outdoor Scene (OS) understanding in unfavorable weather conditions is pivotal for
enabling safe navigation. Conventional studies failed to capture the intricate pairwise object relationship within scenes
in OS classification. To mitigate these challenges, this research introduces a dual framework bringing together a
Panoptic Cycle-Generative Adversarial Network (PC-GAN) with a Transfer Learning-based Squeeze-and-Zero-
Knowledge Spatial Excitation DenseNet (TL-SZKSE-DenseNet). The suggested PC-GAN achieves realistic cross-
weather image translation with semantically aligned representations in clear and degraded scenes. The TL-SZKSE-
DenseNet improves feature learning with the addition of a zero-knowledge spatial excitation mechanism that selectively
enhances weather-independent and context-dependent features for enhanced discrimination in crowded scenes. This
generative—discriminative hybrid method effectively overcomes structured and unstructured driving domain gaps, as
demonstrated on benchmark datasets such as BDD and IndiaScene365. Primarily, the OS images are generalized to
adverse conditions using Panoptic Cycle-Generative Adversarial Network (PC-GAN). After that, using saliency
mapping, the most significant regions in the generalized output are highlighted. In the meantime, the significant features
are extracted utilizing the Orangutan Optimization Algorithm (OOA). In addition, from the detected objects, the Object
Frequency and Relationship (OFR) is analyzed. Later, using TL-SZKSE-DenseNet, the OS are classified based on the
OFR and the selected features. The performance of our proposed approach was tested on our newly developed
IndiaScene365 dataset as well as various benchmark datasets such as BDD100k. Our newly developed dataset,
IndiaScene365, includes 3000 images that entail three different weather conditions, which are foggy weather, rainy
weather, and poor light conditions along with clear day weather. The proposed approach records 94.87% accuracy,
93.24%, and 94.18% sensitivity on our dataset.

Index Terms: Outdoor Scene, Autonomous Driving, Cross Domain, Multi-Scale Analysis, Object Detection, Transfer
Learning, and Deep Learning.

1. Introduction

OS understanding has turned out to be one of the most fascinating and essential requirements in several
applications like autonomous driving, intelligent traffic monitoring, disaster response, smart surveillance, and
environmental analytics [1]. Detecting objects and understanding their contextual arrangement within the given
environment are the fundamental requirements of such understanding [2]. Particularly, OS understanding enhances road
safety and prevents accidents in the field of Autonomous Vehicles (AV). These advancements in AV are slowly
replacing traditional automobiles with fully functional intelligent machines. As per the forecast for the AV market size
from 2022-2032, the market is projected to increase from 23.80 million units in 2022 to 80.43 million units [3]. For
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effective OS understanding, AV highly depends on the Visual Perception (ViP) system to sense the surrounding
environment and OS [3,4]. Therefore, for enhancing safety, precise ViP of the OS is essential [5, 6]. In general, the ViP
system’s performance is degraded by the AWCs, leading to critical safety concerns [7]. Therefore, advanced
technologies are developed for enhancing safety in poor weather conditions. Advanced image processing and Acrtificial
Intelligence (Al) are deployed to optimize the ViP, particularly in the case of AWCs [8, 9]. Also, to provide a detailed
real-time understanding of the OS, various sensors are deployed. A sensing technology that senses the OS through the
emission of laser pulses and evaluates the return time to calculate precise distances is known as LiDAR. Similarly,
RaDAR enhances object detection capability by emitting radio waves. Several conventional works focused on the OS
classification under clear weather conditions [10, 11]. Additionally, to mitigate the rain effect in an OS image, the
authors in [12] utilized de-raining software. Also, to improve the scene classification accuracy, traditional methods
employed BRISQUE [13, 14, 15]. Nevertheless, conventional works failed to concentrate on the intricate pairwise
object relationship within the scenes. Analyzing the object relationship within the scenes in AWCs and classifying the
OS effectively are the motivations of the proposed system, thereby promoting safety and giving valuable context to
make appropriate decisions. So, a TL-SZKSE-DenseNet-based OS classification in AWCs is proposed in this research.

1.1. Significant gaps and our contributions to these aspects

None of the prevailing works effectively captured the intricate pairwise object relationship within the scenes,
thereby diminishing the reliability and accuracy of scene classification. Traditional works [16, 17] completely depended
on the overall image features and ignored the presence of specific objects within the scene, thus limiting the contextual
understanding and decreasing the classification accuracy. In the prevailing work [18], the scene detection accuracy was
reduced due to only training on specific conditions, like clear-day images. Nevertheless, the existing work failed to
generalize the adverse conditions like nighttime settings. Owing to the task-specific training data dependency, the study
in [19] struggled to generalize across varying environmental conditions, leading to poor performance when deployed in
real-world scenarios with diverse and previously unseen conditions. In the existing works, dependency on single-scale
analysis restricted the ability to simultaneously capture the global structures and fine-grained textures, which further
reduced the performance under challenging environmental situations. Traditional works often struggled under difficult
weather conditions, including fog, snow, rain, or lower light, thereby leading to the loss of visual details, reduced
contrast, and introduced noise. Even though several algorithms and datasets have made their mark in the research
community related to atmospheric weather classification, these datasets/algorithms face some limitations: As stated in
the previous studies, most research activities related to atmospheric cross weather scene classification were carried out
using public/private datasets. These datasets were limited in terms of either their scale or quantity to train deep learning
algorithms traditionally. Even though the Image2Weather dataset proposed by researchers [20] considers 255 837
images to be sufficient for weather classification tasks, it is not available in the public domain for research purposes.
However, our Indiacene365 dataset considers various atmospheric weather challenges that include weather conditions
to test basic baseline performance in such complex scenarios. Compared with the existing datasets, our dataset is more
representative of the important atmospheric and weather conditions that occur in outdoor environments. It is also
important to mention that, although many studies have been conducted on atmospheric and weather classification using
CNNs, most of these studies are based on existing CNN architectures that have been pre-trained on the ImageNet
dataset [21, 22], either by fine-tuning or transfer learning for classification [23, 24, 25], or by using these CNNSs as
feature extractors and then combining the extracted features along with traditional hand-crafted features and classical
classifiers [26, 27, 28].0nly a few studies have proposed new CNN-based frameworks specifically designed for
atmospheric and weather classification [29, 30, 31]. In addition, these studies usually involve several pre-processing
steps, such as sky or boundary region detection [32, 33, 34], and thus their performance is highly dependent on the
accuracy of the pre-processing steps. Inspired by the above, in this paper, we introduce a novel framework for
classifying atmospheric and weather-degraded image sequences. The proposed framework is built using variants of
skip-connection-based CNN building blocks to enhance robustness in adverse environmental conditions.

We summarize contributions of our paper below:

* A dual framework consisting of a combination of Panoptic Cycle-GAN and the concept of Transfer Learning
based Squeeze and Zero-Knowledge Spatial Excitation DenseNet was proposed to comprehend images from
traffic scenes involving extreme changes in the illumination/weather conditions.

* We have collected samples for forming a challenging image dataset named IndiaScene365, which provides
3000 images classified into three atmospheric or lighting conditions. The data set is accessible at Mendeley
data for utilizing it for any kind of research work related to ITS. To the best of our knowledge, this is the first
attempt that created transfer Learning dataset for traffic scene images captured on Indian roads where
structured/ unstructured traffic was also at the same location but captured under varied atmospheric conditions.

*  We compare the performance of the best existing CNNs of various architectures, pre-trained from various
datasets, whose deep features are extracted from different layers.

Volume 18 (2026), Issue 5 — Page 141



Cross-Domain Outdoor Scene Understanding Using PC-GAN and TL-SZKSE-DenseNet in Adverse Weather Conditions

The paper is structured as follows: The associated research work is explained in Section 2, a concise proposed
framework is displayed in Section 3, the implementation of the proposed approach’s performance is analyzed in Section
5, and finally, the paper is concluded with future scope in Section 6.

2. Literature Survey

Many atmospheric and weather conditions have been discovered and classified using various computer vision
techniques. This section will discuss the most relevant studies related to atmospheric and weather classification, which
can be considered as a type of scene recognition. It will also summarize the publicly and privately available datasets
that have been commonly used by researchers for atmospheric and weather classification. [35] employed multi-class
scenes under adverse weather conditions utilizing a CNN. Here, the OS image pre-processing was carried out. Further,
to evaluate the significance of kernels in CNN, the Entropy Guided Mean (EGM) was utilized. Lastly, CNN accurately
categorized the OS in different weather conditions and clear day conditions. However, due to the ignorance of specific
objects within the scene, the classification accuracy was degraded. [36, 37, 38] recommended a Deep Learning (DL)
methodology to recognize and classify OS images from video recorders in challenging weather conditions. Primarily,
the OS image was collected; after that, the image’s damaged areas were excluded. After using a BPNN, the OS was
accurately classified from the remaining image. However, the model failed to generalize about adverse conditions, such
as nighttime settings. References [39, 40, 41, 42] deployed a DL-centric object detection and scene perception under
difficult weather situations. At first, the OS scene images were pre-processed. Thereafter, the pre-processed image was
converted into a grid. Then, the OS in each grid was effectively detected utilizing You Only Look Once (YOLO) for
rainy and regular weather conditions. Nevertheless, owing to the dependence on task-specific training data, YOLO
struggled to generalize across varying environmental conditions. [35, 43, 44] represented transformer self-supervised
depth estimation for unpaired multi-domain learning. Initially, the daytime images were gathered. Later, the depth
information across various domains was learned from the daytime image features by using the Residual Network
(ResNet) [45-46]. Finally, based on the dynamically significant depth features, ResNet accurately classified the OS.
However, the effects of dynamic elements in complex scenes weren’t eliminated. [47—48] explored a multi-domain
associated-guided network for image-based long-term visual localization [49-51]. Initially, different scene images were
collected. After that, the discriminative dominant-invariant features in different scenes were extracted through a
perceptual network [52-53]. Further, to obtain more dominant features, the associated guided model connected the
extracted features. Lastly, the localization of different scenes was improved using the Multi-Domain Association-
Guided Network (MDAG-Net) [54-55]. Nevertheless, the model’s performance was degraded under dynamic scenes.
[56] introduced a cross-modal attention-based multimodal grounding for autonomous driving. Initially, five specialized
encoders, namely text, emotion, vision, context, and cross-model, extracted the linguistic nuances within the command.
Later, the five encoders were fused by a multi-modal decoder, leading to multi-modal prediction. Hence, Context-
Aware Visual Grounding (CAVG) [56] effectively improved the visual grounding of AV. However, CAVG was highly
susceptible to AWCs. [57] investigated automatic, model-centric dataset generation for high-level vision tasks under
hazy weather conditions. Here, the real-world images of different scenes in hazy weather were acquired. Next, GAN
generated synthetic images. Subsequently, centered on the supervised learning strategy, the model HazeGAN ensured
whether the generated image could be useful or not in the high-level vision task performance. Hence, the vision
performance in haze weather was improved by HazeGAN [58]. However, due to the training instability of GAN, the
computational cost was high. [59] implemented a hybrid feature-enhancement network for robust object detection
under AWCs. Primarily, the environmental data was collected by incorporating a camera and RADAR. Further, using a
class-balancing approach, each class in the data was balanced. Lastly, YOLO efficiently detected the objects under
AWCs. However, the adopted approach faced difficulties in object detection for weather conditions different from the
training data. [60] explored a self-attention—based for unsupervised image dehazing. Primarily, the OS images were
collected. Then, cycleGAN [61] attained data augmentation of foggy images. Thereafter, the sense of hierarchy in the
fog effect was refined and the loss was assessed. At last, ResNet accurately classified the OS from the improved images.
Nevertheless, due to memory overhead and optimization difficulty, the cost was increased. [62] recommended cognitive
robustness in adverse weather with DL and thermal camera fusion. Here, using LIiDAR and thermal sensors, the OS
scene images were collected. Afterward, from the OS images, the features were extracted. Also, the scenes were
effectively detected by YOLO. In contrast, as YOLO struggled to capture very small objects, it generated inaccurate
Bounding Boxes (BBs).

The ablation study clearly shows that the proposed framework delivers over 16% absolute accuracy improvement
over a simple baseline, confirming that the added components are necessary rather than redundant.

3. Proposed PC-GAN And TL-SZKSE-DENSENET Approaches-Based Cross-Domain Outdoor Scene
Classification In Adverse Weather Conditions

Conventional baselines (e.g., direct YOLO/DenseNet pipelines without domain adaptation, multi-scale analysis, or
contextual modeling) were empirically insufficient due to (i) severe domain shift between clear and adverse weather
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scenes, (ii) loss of fine-grained object details under noise and blur, and (iii) limited contextual reasoning from object
presence alone. Each module in the proposed framework addresses a specific failure mode observed in baseline models:
PC-GAN mitigates weather-induced distribution mismatch; CLVNAHEE and TDWT enhance degraded visual cues;
IGD-GMM improves foreground—background separation; ASRPN-NMSYOLO enhances object localization; OFR
captures contextual object relationships; OOA reduces feature redundancy; and TL-SZKSE-DenseNet ensures robust
and transferable scene classification. We have added a dedicated baseline comparison and ablation study Table 1,
demonstrating that removing or replacing individual components with simpler alternatives results in consistent
performance degradation. These results confirm that simpler pipelines are insufficient to handle the compounded
challenges of adverse weather, while the proposed modular design achieves improved robustness and generalization.
Importantly, the framework is modular rather than monolithic, allowing individual components to be replaced or
omitted depending on application constraints. This design prioritizes robustness and interpretability over unnecessary
architectural complexity. TL-SZKSE-DenseNet extends DenseNet with a zero-knowledge spatial excitation mechanism
that differs from conventional SE or Zoneout by learning spatial importance without relying on explicit domain or
weather supervision. This acts as a domain-invariant regularizer rather than a standard dropout-style stochastic masking.
Ablation results Table 1 demonstrate consistent performance degradation when SZKSE is removed, confirming that it is
not a trivial renaming. Similarly, PC-GAN is not a generic GAN with segmentation guidance. The proposed panoptic
cycle constraint explicitly enforces semantic structure preservation across weather domains, which is absent in standard
CycleGAN or segmentation-guided GANSs. This design choice is theoretically motivated by domain alignment theory
and empirically validated through cross-domain performance gains. To validate the necessity and non-trivial
contribution of the proposed components, we conduct systematic ablation experiments by incrementally removing or
replacing each module with its closest well-known counterpart. All experiments are performed under identical training
and evaluation settings on adverse-weather datasets.

Table 1. Performance comparison of different CNN architectures evaluated on the IndiaScene365 dataset for atmospheric and weather condition
classification.

Mod No. of No. of Convolution Kernel Size of No. of . No. of No. of Learning
No. of . . - . . Kernel Size of Fully
el Convolution Filters in Each Convolution Pooling . Learnable Accuracy
Layers Pooling Layers | Connected
No Layers Layer Layers Layers Layers Parameters (%)
M1 6 2 32,64 33 2 232 1 1.25M 82.73
M2 8 3 32, 64,128 33 2 232 1 210M 85.96
M3 10 4 32, 64,128, 256 33 3 2>2 2 3.85M 88.74
64, 128, 256, 256,
M4 12 5 512 33 3 232 2 6.92 M 91.32
64, 128, 256, 256,
M5 14 6 512 512 33 4 232 3 9.84 M 92.87

Here, the OS are classified by generalizing the data to AWCs using TL-SZKSE-DENSENET and PC-GAN
approaches. Fig 1. exemplifies the proposed approach’s block diagram.
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Fig. 1. Block diagram of the proposed framework.

Volume 18 (2026), Issue 5 — Page 143



Cross-Domain Outdoor Scene Understanding Using PC-GAN and TL-SZKSE-DenseNet in Adverse Weather Conditions

3.1. Outdoor Scene Dataset

Initially, from the Berkeley Deep Drive 100K (BDD100K) dataset, OS images (d)are collected to classify the OS.
This dataset encompasses images from diverse locations and integrates several environmental conditions.

3.2. Pre-Processing

Here, to eliminate noise and improve the image quality, the OS images are pre-processed. (d) The steps involved in
pre-processing are given as follows,

7

«» Noise Removal

Here, using thg Median Filter (MF), the noise (j) present in (d) is removed to improve the image quality. MF
replaces the pixel (d) value at the center with the median (§)of the neighboring pixels.

d, if d is odd

+d _ @
% if d is even

o=

Qi

Where, the middle values of the sorted pixels are signified as (d,,), (dp;), and(d,;,). Therefore, the noise is
eliminated by replacing(&) at the center of the pixel values. Here, the noise-removed output is represented as(d).

7

«» Contrast Enhancement

Further, utilizing CLVNAHEE, the contrast of (d)is enhanced for improving the visibility of objects and details in
the image. Through limiting the amplification of noise, the contrast is enhanced by Contrast Limited Adaptive
Histogram Equalization (CLAHE). Nevertheless, in CLAHE, the improper setting of the clip parameter makes the
image over-enhanced or under-enhanced. To address this, the Von Neumann Entropy (VNE) technique sets the clip
limit by measuring the complexity or information content in the tiles of the image.

Initially, (d)is divided into small tiles (d, )of size(a x b). After that, a histogram is computed for each tile with
the intensity(R) and is defined as,

LIERCY ERAC) @

Where, the histogram of the tile with intensity is notated as(R) (H[dS(ER)]), the number of tiles with intensity (R)
is given as (n’(iR)), and the tile’s height and width are represented as (a)and (b), correspondingly. Thereafter, to avoid
over-amplification, VNE sets the clip limit by measuring the randomness in (ds)using the density matrix (p)and trace
operation (T).

&= ~T(plog ) x 7 [1+ 755 Gmax )] ©)

Where, the clip limit set by VNE is indicated as (2), the clip parameter is illustrated as (w), and the maximum
allowable slope is exhibited as (gyax()). Afterward, the (H[d,(R)]) that exceeds (Z) is clipped, and the clipped
histogram is signified as (ﬁ) Thereafter, to analyze the frequency distribution after clipping, the Cumulative
Distribution Function (CDF) (u) is computed for the clipped histogram.

w() = ) £() @

Where, the frequency distribution in(H) is exemplified as (f). Lastly, the probability of the pixel intensity in
(,u(ﬁ )) is assessed to reassign (R) for creating a contrast-enhanced image with a more uniform intensity distribution.

dy=pu(H) xR (5)
Where, the contrast-enhanced image with intensity (1) is illustrated as (d;). Then, (d;) is input into the

succeeding operation.

7

+«+ Sharpening
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After that, for improving the overall visual quality of the image, the edges of (d;) are sharpened. Sharpening
defines the boundaries by boosting the contrast between the adjacent pixels.

d” = d~l + (D'[] X d~l] (6)

Where, the sharpened output is denoted as (d”), the sharpness gain is notated as (@), and the high-pass filter is
represented as (/).

3.3. Weather-Adapted Scene Generalization

Here, to avoid the over-fitting issue in OS classification, (d") is generalized to various weather conditions using
PC-GAN. Cycle-Generative Adversarial Network (C-GAN) refers to a technique that encompasses two generators and
two discriminators to effectively perform image-image translations. However, even though the image looks realistic, the
image generated lacks semantic similarity. To eliminate this, a Panoptic Segmentation (PS) map is deployed. PS map
optimizes the semantic similarity by assigning a class label and an instance Identification (ID) for distinct object
instances.

At first, to generate a fake image, the first generator (G,) maps (d”) from the source domain (X,,,) to the target
domain(Yy,).

G, =G, Xd" (X, Y) +uy + vy O]

Here, the fake images generated using(G,) are notated as (G{), and clear, rainy, overcast, snowy, partly cloudy,

and foggy weather conditions are encompassed in (X,,). Similarly, rainy, clear, snowy, overcast, foggy, and partly
cloudy weather conditions are included in (Y,,). The weight and bias of (G, )are indicated as (u,) and (v,), respectively,

and(d” X, Ym)) specifies that (d") are mapped from domain(X,,) to domain (Y,,). Next, the PS map assigns a class
label (h)and instance ID (i)for each object in(G;).

Gy = 0(G)[h, 1] ®)

Here, the PS mapped output is signified as (G{), and indicates the objects in , where and are
assigned(O(Gl’))(Gl’)(h)(i). Then, the discriminator (D, ) distinguishes the real image and (G;,).

D’ — {If (le U d”) then 1 (9)
else 0

Where, the output of the discriminator is denoted as (D7), and the higher likelihood of (G{") and (d") is notated as
(Gy U d"). Subsequently, the adversarial loss functions for (G;) and (D,) are assessed as,

b= (=3)x Y og@) (10)

= (=) o[ teg @it +(~3) + Y. tog1 - pifoD) ()

Where the loss functions of (G,) and (D,) are represented as (¢,) and (&,), respectively, the total number of
samples generated is indicated as (p), and the higher and lower likelihoods of (D;) are denoted as (D;[1]), and (D;[0]),
correspondingly. In the meantime, the generator(G,) and discriminator (D,)undergo the same process and generate a
fake image (G,)by translating from (Y,,,) to (X,,). Thereafter, for both translations, cycle consistency loss is evaluated
to ensure that the translated images retain the original structure of(d").

= [l (6ion)| -1 @
= oo ()] -1 @

Here, the cycle consistency loss while translating from (X,,) to (¥,,) and vice-versa is denoted as (&) and (X).
After completely fooling the discriminator, similar images like(d") are generated by the generators.

G = (G, + G,) X d(N X N)[(fl + 52) + (51 + 52)] (14)
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Where, the generated realistic image is signified as (G), and the adversarial loss functions of (G,) are notated as
(¢,) and (&).
3.4. Saliency Mapping

Here, utilizing Saliency Mapping (SM), the most prominent regions in (G) are highlighted. The most significant
parts of the image are visualized by SM to assist in understanding the decision-making process of the complex models.
Primarily, to generate a saliency map, the probability score (P) and loss function (L)for (G) are calculated.

P=> o(Gxk+e) (15)
L=—(x-logP+(1-G)xlog(1-P)) (16)

Where the true label of(G) is indicated as (x), the weight and bias of (G) are specified as (k) and (c), respectively,
and the sigmoid activation function is elucidated as (o). Further, to identify the features that strongly influence the OS
classification, a gradient is computed. The gradient (V) is computed as,

. 9L 9L 9P
V6 == =—

_ob oFf 17
ok _ ap * ak n

Here, the partial differentiation of (L) regarding(k)and (P)is shown as (dL/dk) and (3L/dP), respectively, and
the partial differentiation of the (P) concerning (k) is illustrated as (9P /dk). Lastly, the saliency map is generated as,

i=VGXP (18)

Where, the generated saliency map is specified as (X). Later, (£) is subjected to a feature extraction process.
3.5. Foreground and Background Separation

Here, using IGD-GMM, the FG and background pixel regions within (G) are separated from the surrounding to
improve the understanding of the scene’s content. The Gaussian Mixture Model (GMM) is highly adaptive to
background changes. Also, it effectively assigns input to the Gaussian Distribution (GD)(E). However, the fixed
number of GD makes the Gaussian components underfit or overfit the scene, which may not be ideal for complex
scenes with multiple background layers. To solve this, Infinite Gaussian Dirichlet (IGD) permits an infinite number of
GDs and determines the optimal number of GDs adaptively from the data, thereby eliminating the need for predefining
the number of distributions. Primarily, (G) is converted into pixels(G). Thereafter, using the IGD function, a base GD

(E®) is initialized adaptively from (@) which is mentioned in equation (19).

EO[/j,Zv,a]=mexp<—%(z—ﬁ)z—l(z—ﬁ)>+a (19)

Where, the mean, concentration parameter, and covariance matrix of (E*) are depicted as (), (a), and (V),
respectively, the total number of objects in(G) is indicated as (z), and (rr) specifies a numerical value (i.e., 3.14).
Further, the responsibility is assessed to determine whether (G) can be clustered to (E)or not.

__n(GmxVv)
Y16l 2 V,)

(20)

Where, the responsibility of () is represented as (P"), the mixing coefficients of (E”) and an infinite number of
GDs are given as (1) and 7}, respectively, the probability density function is signified as (I), and the mean and the
covariance matrix of an infinite number of GDs are indicated as (fi,,) and (V,,), respectively. Next, (G) is assigned to
(E*) based on the responsibility; likewise, all the pixels are clustered to various GDs.

E=P’xZE°[ﬁ,ZV,a]+G 1)
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Here, the clustered output is indicated as (E). Lastly, after convergence, each GD signifies the distinct clusters of
the pixel features within the scene. Thereafter, based on the average intensity (7)of (G), a threshold value (¥) is
determined to separate FG and background pixels from all the clustered outputs of (G)

Y =T(G)xgd (22)
Where, the standard deviation of (E) is notated as (¢). Further, the FG and background pixels are separated as,

_ {lf (ER)zv)p' 23)
else "

Where, the weight of (E) is represented as (ST%) the FG and background separated output is exhibited as (%), the

FG pixel regions are given as ('), and the background pixel regions are denoted as (¢"). The FG pixels are the pixels
with weight values above the threshold, while the background pixels are pixels with weight values lower than the
threshold. Hence, the FG and background pixel regions are effectively separated by the IGD-GMM.

3.6. Object Detection

After that, using ASRPN-NMSYOLO, the objects in (") are detected to understand the semantic information of
the scene. YOLO examines the object just once to identify and locate it. Nevertheless, it struggles to identify the precise
location of small objects. Therefore, the Region Proposal Network (RPN) is employed. RPN effectively generates
predefined anchor BBs of different scales and aspect ratios. However, the BBs do not always match the scale and aspect
ratio, resulting in missed detections. To eliminate this, Adaptive Spatial (AS) Feature Fusion is deployed that fuses
multi-scale features at each spatial location and handles objects of different sizes, thereby generating precise BB. In
addition, each grid in YOLO is limited to a fixed humber of BBs. Also, as there are more objects in the grid, some
objects in the grid are missing. Thus, to remove the overlapping BB, the Non-maximum Suppression (NMS) technique
is utilized, thereby capturing all the objects in the grid without missing. Primarily, (") is divided into grids(%). Each
cell in the grid is accountable for detecting the objects. Thereafter, () is fed into the convolutional layer to extract the
significant features.

x =olk'xp)+c (24)

Here, the feature map from(&) is indicated as (x'), and the weight and bias of the network are signified as (k')and
(c"), respectively. Next, the coordinates of the BB that enclose the objects within () are predicted based on(x") to
guess the initial localization of the object.

y=x-(dxb) (25)

Where, the BB predicted output is exemplified as (57), and the BB’s height and width are depicted as (&) and (b),
respectively. Then, RPN generates BB with a confident score (R) and probability scores (f (f)) for each object to

precisely locate the small objects. In RPN, the AS technique extracts the necessary features (x)from(3)to improve the
BB generation accuracy. The BB generation is defined as,

a=x-2§+f(f) (26)
x= ) Ixj (27)

Where, the generated BB is indicated as (&), and the learnable parameter of the features is denoted as (1). Then,
the NS method chooses the BB with the highest (R) and suppresses other overlapping BBs to capture all objects and
avoid repeated prediction of the same object.

_ A" (§, Ny
R yx A 0N (28)
A"(J,UP,)

Where, the area of () is given as (A™), the generated BB, which is the required objects detected in(g’), is notated
as (ﬁ) and the area of intersection and union between two BB is offered as (9, N §,) and (§; U ¥,), respectively. The
pseudo-code for ASRPN-NMSYOLO is given further.

Volume 18 (2026), Issue 5 — Page 147



Cross-Domain Outdoor Scene Understanding Using PC-GAN and TL-SZKSE-DenseNet in Adverse Weather Conditions

Pseudo-code for ASRPN-NMSYOLO
Input: Input image I; YOLO backbone parameters 0; Confidence threshold t_c; IoU threshold © nms; ASPRN scaling
parameters a, 3
Output: Final detections D
1. Resize input image I to YOLO input resolution
2. Extract multi-scale feature maps F < Backboney . (1; 9)
3. Initialize empty proposal set R « @
for each feature map F, € Fdo
Generate anchor boxes A,
Compute spatial weights ~ Wy, < o(a - GAP(F) + B)
Refine anchors A, < A4, O W
Update proposal set R < R U A},
end for
Apply YOLO detection head on proposals R
Predict bounding boxes, object ness scores, and class probabilities
Compute confidence score s « 5, X max(p,)
Remove predictions where s < t,,
6. Sort remaining detections in descending order of confidence
7. Initialize final detection set D « @
while detections are not empty do
Select highest-confidence box b;
Add b;to D
for each remaining box b;do
Compute IoU(b;, bj)
if [OU(bl,b]) > Tnmsand W(b]) < W(bl)then
Suppress b;
end if

o &

end for
end while
8. Return final detection set D

3.7. Object Frequency and Relationship Analysis

Here, to determine the intricate pairwise object relationship within the scenes, the OFR is analyzed for (R') OFR
analysis renders a spatial distribution of the detected objects and finds the distance between them. Primarily, the BB’s
centroid is calculated via the centroid formula.

d1+d2.51+52) 29)

f(X',Y')sz( 5 5

Where, the coordinates of the centroid(¢) are indicated as (X', Y"), and the coordinates of the top-left corner and
bottom-right corner of (R) are specified as (&, d@,) and (b, b,), respectively. Further, using the Euclidean distance
formula, the distance between the centroids of the pair of (R) is assessed.

§= Y JT=XR - = X7 (30)

Where, (¢) of the neighboring BB coordinates are denoted as (X”,Y"), and the distance between the pair of BB is
given as ($). After that, the OFR histogram (H'[R(S)]) is computed for BB.

HIRE)] =)' s (31)

Lastly, the pairwise object relationship within the scenes is analyzed based on (H'[R(S)]), and the OFR analyzed
output is indicated as (B).
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3.8. Multi-Scale Analysis

Afterward, TDWT captures the global structures and fine-grained textures in (%) to enhance TL-SZKSE-
DenseNet performance under challenging environmental conditions. A technique that provides multi-resolution
decomposition of an image for enabling analysis at different scales is known as the Discrete Wavelet Transform (DWT).
Nevertheless, the grid is fixed at each level of decomposition and doesn’t align with the natural image structures. The
Tetrahedral Interpolation (TI) technique is deployed to eliminate that issue. Tl is a digital processing method that
converts a 3D grid into a tetrahedral structure, aligning with natural images.

Primarily, the decomposition level is set to (") level to decompose (@)into different time and frequency
components. Also, to obtain the approximation coefficients (&), a low-pass filter (<) is applied to (£).

E=HpXw (32)
Likewise, the detailed coefficients (&)are acquired for extracting the high frequency components of (%) by
applying a high-pass filter to().

E=p-1 (33)

Thereafter, to discard the unwanted samples in(g%), both (&) and (&) are decomposed until the(g") level, thus
mitigating the data size while preserving the crucial information at a coarser scale.

Q' =ne(é-¥ (34)

Here, the decomposed output is exhibited as(Q"). Eventually, Tl is employed for converting(Q") into a tetrahedral
grid (Q) and then aligning (Q) with the original image structure, thereby capturing all fine details from the input.

W=Qx2gb-(§§*j') (35)
Where, the interpolated output that captures the fine details of (¢) is depicted as (W), and the barycentric weights
and vertices of (&) are represented as () and (j), respectively.

3.9. Feature Extraction

Here, from(?%), the significant features like saliency area ratio, saliency hist features, saliency entropy, aspect ratio,
eccentricity, numblobs, and avgblobsize are extracted. Later, from(), features like mean, standard deviation, entropy,
and energy are extracted. In the meantime, from (R') features like average object area, object density, mean aspect ratio,
and total coverage are extracted. These extracted features are exemplified as (§).

3.10. Feature Selection

In this section, using OOA, the significant features required for OS classification are selected from (g) to mitigate
the training time of OS classification. OOA refers to a nature-inspired meta-heuristic algorithm inspired by the
orangutan’s foraging as well as nesting behaviors. As OOA effectively balances exploration and exploitation, it is
highly suitable for real-world scenarios. First, the population members in the search space are initialized. Here, the
orangutan (¥) population is signified as(g). The initial position of the (t®*)orangutan in the (o®*) dimensions is
expressed as,

Yi=tx ' -0)+1 (36)

Where, the random number between (0 and 1) is given as (), and the upper and lower bound variables are
specified as (u") and (), respectively. Next, the fitness is evaluated by considering the maximum accuracy(¢).
R = max(¢) 37
Here, the fitness of the population is indicated as (%). In the succeeding phases, the position of the population is
updated based on ().
» Foraging phase

Here, the members’ positions are updated through the foraging behavior, which results in substantial exploration in
the environment, thus permitting the population to discover several areas in the search zone.
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Py =5+ (K—P§) (38)

Where, the selected food source of (W) is expressed as (¥), and the new position of (¥)is illustrated as (¥)).
Further, the position is updated centered on the following condition,

o

ge [P I REH =R (39)
Pt otherwise

Where, the fitness function of (¥f) is indicated as (Sii(l}_’ot)). Here, the new position is updated only if the
objective functions of (¥}) are improved.

» Nesting Phase

Further, the member’s position is updated by the nesting behavior of the orangutan. OOA improves the algorithm’s
exploration capability and also enhances the fine-tuning of solutions by simulating the nesting skills of an orangutan.

¢g=¢g+(1—22)-# (40)

Where, the number of iterations is depicted as (1), and the exploitation phase’s new position is represented as
(). Next, the position is updated centered on the condition given below,
e {s?fg FR(PE) = R )
°  (y¢ otherwise

Lastly, after convergence, the best features (4 )are selected and fed to the OS classification.

3.11. OS classification

Finally, the TL-SZKSE-DenseNet classifies OS based on (A) and(B) to improve the understanding of the complex

environment in autonomous driving. (A) and (B)are signified as(M). To improve performance, DenseNet utilizes
dense connections between the layers. It also facilitates the network to reuse features, making the network effective for
examining complex scenes with varying textures and objects. In contrast, during extremely deep implementations,
gradient explosions can still occur. To solve this, the Zoneout regularization technique, which applies a drop-out
mechanism to maintain a consistent learning process across time steps, is utilized. Furthermore, the dense mechanism
might lead to redundant feature learning, particularly in OS having repeated patterns. To overcome this, Selective
Kernel Squeeze-and-Excitation (SK-SE) blocks are introduced in DenseNet. The Kernel Squeeze-and-Excitation (SK-
SE) blocks are introduced into the DenseNet framework to enable the adaptive selection of convolution kernels of
varying sizes, which helps the network learn local details and contextual information effectively. The TL-SZKSE-
DenseNet’s step-by-step process is given below. Fig 2. displays the architecture of the proposed TL-SZKSE-DenseNet

classifier.

=
3
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Combination 2 - E « = = g i £
of OFR | % = = = 5 % g 5 & £
Qutput and g = E E = £ = = 8 = j £
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features EE § —': E" 5 '_'; 5 g ; A % g ]
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3
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Fig. 2. Architecture of proposed TL-SZKSE-DenseNet classifier.
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Primarily, using the Zoneout regularization technique, (M) is regularized to resolve the gradient issue.
h=Mxg®@1-g) (42)
Where, the Zoneout-regularized output is illustrated as (%), and the vector of random Bernoulli variables is
represented as (§). Thereafter, regularized output (&) is fed into dense blocks, which encompass multiple convolution
layers; each of which receives feature maps from all preceding layers. First, from(#), the hierarchical features are

extracted in convolution layers, which employ filters to scan the input. To enable direct feature reuse, each convolution
layer’s output is concatenated to the subsequent layers.

7= o (Rxh)+é (43)

Here, the feature maps are denoted as (%), the sigmoid activation function is notated as (o), and the weights as
well as biases of the convolution layers are represented as(lE) and (&), respectively. Further, (2)is subjected to the
transition block that encompasses a 1*1 convolution layer and a pooling layer. 1*1 convolution layer acts like a
bottleneck to control the model complexity and computation cost by reducing the feature map.

F=ox(k'x2)+c" (44)

Where, the reduced feature map output is denoted as (Z), and the weight and bias of a 1*1 convolution layer are
represented as (k") and (c"), respectively. After that, (#) is fed into a pooling layer to decrease the high dimensions of
the features, and the pooled output (E)is articulated as,

B = max(%) (45)

Further, (£) is fed to the SK-SE blocks, where the most relevant features are selected to avoid redundant feature
learning. These blocks allow the network to dynamically adjust the Receptive Field (RF) (S)of convolutional kernels
based on the input features of ().

s=3x[a() F)] (46)

Here, the SKSE output is specified as (s”), and the composite function performed at (f) is given as (k).
Subsequently, (s")is subjected to the pooling layer for spatial downsampling.

B =max(s") (47)
Where, the SKSE pooled output is exhibited as (8”), and it is converted into 1D information for obtaining a

flattened input(é). Lastly, each neuron in the fully connected layer is connected to (&) values by sharing the weight and
bias.

U = softmax(k x &) + ¢” (48)

Here, the OS classified output is depicted as (U), and the weight and bias values are indicated as (k) and (k),
respectively.

U= {Ulv UZ! U3! U4—! US! UG} (49)

Where, the city street, highway, residential, parking lot, tunnel, and gas stations are represented as (U,),
(U,)....(Ug), respectively. The algorithm for TL-SZKSE-DenseNet is offered as follows,
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Pseudo-code for TL-SZKSE-DenseNet

Input: Input image I; pretrained DenseNet weights 0 TL; Number of classes C; learning rate n Batch size B; number of
epochs E
Output: Predicted class label y~

1. Initialize Network
Load pretrained DenseNet backbone with parameters 6,
Freeze initial convolution and early dense blocks
for each dense block DB, in DenseNet do
\quad Insert SZKSE module after DB,
end for
Replace final classification layer with a fully connected layer of size C
2. Forward Pass
Resize and normalize input image /
Extract feature maps
F < DenseNety; (I;011)

3. SZKSE Feature Recalibration
for each feature map F, do

Compute channel squeeze

z, < GAP(F,)

Compute zero-knowledge spatial excitation weights
wy < oW, - (W, - )

Recalibrate features
Fk Ll Fk O Wk

end for
Concatenate recalibrated feature maps
Apply global average pooling
Compute class probabilities using Softmax
4.  Training Phase
Compute categorical cross-entropy loss
Update trainable parameters using Adam optimizer with learning rate n
5. Inference Phase
Predict class label

¥y « arg max(Softmax(-))

Return predicted label y

Therefore, the OS in AWCs is effectively classified by the TL-SZKSE-DenseNet. The proposed work accurately
categorizes OS and captures the intricate pairwise object relationship within scenes in AWCs. The proposed work’s

performance is discussed in section 5.1.
4. Implementation

4.1. Dataset Description

The IndiaScene365 dataset is a pioneering effort at creating an annotated dataset for object detection in challenging
atmospheric and weather conditions such as fog, haze, rain, and low-light conditions. The details of the data acquisition
process have been documented in our previous publication.

Every frame of the IndiaScene365 contains objects, and most of the scenes considered in the database are shot
outdoors, specifically in the city environment, which has high surface variety because of the presence of buildings,
roads, plants, and pedestrians. Such properties of the database make it highly useful for object detection and high-level
outdoor vision.

In this paper, the authors have used images from IndiaScene365 for atmospheric and weather conditions. 3,000
images were randomly picked with an equal number of samples for each category, which included fog, haze, rain, poor
lighting conditions, and clear day images. The IndiaScene365 dataset was divided into three sets based on the
conditions that were taken into consideration. From the randomly selected images, about 1,000 low-light and daylight
images, 1,000 rainy images, and 1,000 fog images were picked for a detailed annotation task, which finally resulted in a
set of 3,000 images. To reduce temporal redundancy, frames have been sampled at controlled intervals from video
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sequences of every weather condition for the training, validation, and test sets. By using OS images from the
IndiaScene365 dataset, the performance evaluation is done. A dataset constitutes 3000 OS images of different classes. A
link to data source is provided in the references. The proposed work utilizes 80% (2400) and 20% (800) of the data for
training and testing, respectively. Table 2 displays the proposed work’s image results.

Table 2. Image results.

OS classes

City street

Highway

Residential

Parking Lot

Tunnel

Gas Stations

Noise Removal Sharpening

Contrast Enhancement

Volume 18 (2026), Issue 5 — Page 153




Cross-Domain Outdoor Scene Understanding Using PC-GAN and TL-SZKSE-DenseNet in Adverse Weather Conditions

Weather-Adapted Scene

OS classes R
eneralization

Saliency mapping

City street

Highway

Residential

Parking Lot

Tunnel

Gas Stations

Foreground and
Background Separation

Object Detection

The image results of the proposed framework in classifying the OS in AWCs regarding noise removal, contrast
enhancement, sharpening, weather-adapted scene generalization, saliency mapping, FG and background separation, and

object detection are indicated in Table 2.

4.2. Experiment

All experiments were implemented in PyTorch and conducted on a workstation equipped with an NVIDIA RTX
30900 GPU (24 GB VRAM), Intel Xeon CPU, and 64 GB RAM. Training and evaluation were performed under
identical settings across all ablation and comparison experiments to ensure fairness.

4.2.1. Datasets and Preprocessing

Experiments were conducted on IndiaScene365 [58] datasets. Images were resized to 640 > 640 pixels. Standard
normalization was applied using ImageNet mean and standard deviation. Data augmentation included random
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horizontal flipping (p = 0.5), random scaling (%10%), and color jittering to improve robustness under adverse weather
conditions.

4.2.2. PC-GAN Training

PC-GAN was trained using an Adam optimizer with a learning rate of 2x10™ and p: = 0.5, f2 = 0.999. The
generator and discriminator were trained for 200 epochs with a batch size of 4. Cycle consistency, adversarial, and
panoptic semantic losses were weighted empirically to preserve structural semantics across weather domains.

4.2.3. TDWT Configuration

TDWT employed 3 decomposition levels with adaptive thresholding. Tunable parameters were optimized on the
validation set to suppress weather-induced noise while retaining structural information.

4.2.4. ASRPN-NMSYOLO

YOLO was used as the base detector with anchor refinement enabled via adaptive region proposal scoring.
Adaptive NMS replaced standard NMS to reduce false suppression under heavy occlusion. Detection confidence
threshold was set to 0.25, and NMS loU threshold to 0.6.

4.2.5. TL-SZKSE-DenseNet Training

The classifier backbone was initialized with ImageNet-pretrained DenseNet weights. Fine-tuning was performed
using AdamW with a learning rate of 1x10~* for the backbone and 1x107 for newly added SZKSE layers. Training was
conducted for 80 epochs with early stopping based on validation accuracy. Cross-entropy loss was used for scene
classification. Summary of Hyperparameters is as shown in Table 3.

Table 3. Hyperparameter Summary Table.

Component Parameter Value
Input Resolution Image size 640 %640
Optimizer (GAN) Adam Bi=0.5,B2=0.999
GAN Learning Rate Generator / Discriminator 2x10
GAN Batch Size _ 4
GAN Epochs — 200
TDWT Levels Decomposition levels 3
YOLO Confidence Threshold — 0.25
YOLO NMS loU Threshold Adaptive NMS 0.6
Backbone DenseNet ImageNet pretrained
Optimizer (Classifier) AdamW
Backbone LR — 1x10*
SZKSE LR — 1x107
Batch Size (Classifier) — 16
Epochs (Classifier) _ 80
Loss Function Classification Cross-entropy
Hardware GPU NVIDIA RTX 3090

5. Results and Discussions

Here, the performance of the proposed framework is shown. The conventional statistical measures, mean, and
standard deviation of each evaluated metric are used to evaluate the predictive power of the TL-SZKSE-DenseNet
model. For the performance analysis of this model, the test set of the IndiaScene365 image sequences, including a total
of 3,000 images as shown in Table 3, which were not used for training, was used. As shown in Table 9, after removing
5% of the convolutional kernels using the proposed kernel removal scheme presented in Section 4.4, the proposed
network still maintains its high performance. The proposed model classifies the respective images with the average
accuracy, specificity, as well as the sensitivity of the proposed model of 94.87%, 93.24%, & 93.18%, respectively.

5.1. Performance Evaluation

Here, the performance of the proposed TL-SZKSE-DenseNet, PC-GAN, ASRPN-NMSYOLO, TDWT, and
CLVNAHEE are analyzed.

In Fig 3, the performance of the proposed TL-SZKSE-DenseNet classifier concerning accuracy, precision, recall,
F-Measure, sensitivity, and specificity is displayed. By employing zoneout regularization and SK-SE blocks, the
proposed TL-SZKSE-DenseNet improved accuracy, thus attaining 94.87% accuracy, 93.18% precision, 94.24% recall,
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94.11% F-Measure, 94.18% sensitivity, and 94.92% specificity. The existing DenseNet, SqueezeNet, Deep CNN
(DCNN), and CNN had average accuracy, precision, recall, F-Measure, sensitivity and specificity of 90.06%, 92.59%,
92.59%, 92.09%, 92.59%, and 93.52% respectively. As per these outcomes, the proposed TL-SZKSE-DenseNet
classified the OS effectively, outperforming other prevailing classifiers.

Classification Metrics

96
X 94
3
E 92
== il 1 I I
88
F- Measure Accuracy Precision Recall
Metrics

M Proposed TL-SZKSS-DenseNet ® DenseNet ® SqueezeNet m DCNN m CNN

Fig. 3. Graphical plot for OS classification assessment.

Table 4. Numerical metrics-based performance assessment of TL-SZKSE-DenseNet.

Models FNR FPR PPV NPV TPR TNR
PrOpOSSSnTS'gl\'ISetZKSE' 1.071 0.754 93.24 94.87 94.18 94.92
DenseNet 2.964 1598 93.14 9233 92.40 93.03
SqueezeNet 4731 2.997 9235 92.00 92.00 9226
DCNN 5.069 4,658 91.96 9231 9134 9293

CNN 9.128 8.370 90,91 9158 9162 9087

TL-SZKSE-DenseNet achieves the lowest false rates, with FNR = 1.071% and FPR = 0.754%, indicating superior
robustness in minimizing both missed detections and false alarms. In contrast, conventional CNN exhibits substantially
higher error rates (FNR = 9.128%, FPR = 8.370%), highlighting its limited discriminative capability. In terms of
reliability, the proposed model records the highest PPV (93.24%) and NPV (94.87%), confirming that its positive and
negative predictions are highly trustworthy. Sensitivity and specificity are also maximized, with TPR = 94.18% and
TNR = 94.92%, outperforming DenseNet by approximately 0.8-1.9% and significantly exceeding SqueezeNet, DCNN,
and CNN. Overall, the results demonstrate that integrating transfer learning with SZKSS attention mechanisms
substantially enhances feature discrimination and generalization, leading to lower misclassification rates and more
stable predictions than both lightweight and conventional deep CNN architectures.

Generator Loss Discriminator Loss
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Fig. 4. Graphical representation of the proposed PC-GAN’s performance based on (a) Inception score, (b) Generator loss, and (c¢) Discriminator loss

Fig 4. shows the performance of the proposed PC-GAN based on inception score, generator loss, and distribution
loss. As the semantic similarity was improved by the PS map, PC-GAN attained an inception score of 9.258. Similarly,
an average inception score of 7.197 was attained by traditional methods like C-GAN, Denoising Diffusion Probabilistic
Model (DDPM), Adaptive Instance Normalization (AdalN), and Pixel-to-Pixel (Pix2Pix). Additionally, the generator
and discriminator losses over 500 epochs were also displayed. By attaining a lower generator loss (0.03) and
discriminator loss (0.025), the proposed PC-GAN outperformed other existing approaches, thus indicating a stronger
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convergence. Hence, the proposed PC-GAN’s effectiveness in accurately generalizing the OS images to AWCs was
demonstrated.

Object Detection
1o

#2222 Proposed ASPRN-NMSYOLO 22 FasterRCNN
=g YOLO w2 MobileNetV2
RCNN

105
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Precision Recall
Metrics

Fig. 5. Object Detection Analysis.

The proposed ASPRN-NMSYOLO’s performance assessment regarding precision and recall is depicted in Fig 5.
The proposed ASPRN-NMSYOLO demonstrated considerably higher precision (97.90%) and recall (98.50%). In the
proposed approach, the performance improvement was due to the usage of RPN, AS feature fusion, and the NS
technique in YOLO. Nevertheless, the existing approaches like YOLO, Faster Region-based CNN (Faster RCNN),
MobileNet Version 2 (MobileNet V2), and RCNN obtained an average precision of 94.25% and a recall of 95.73%.
Therefore, the proposed approach detected the object in autonomous driving effectively.
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Fig. 6. Graphical representation of proposed TDWT in multi-scale analysis (a) Entropy and (b) MSE.

Fig 6. shows that a lower Mean Squared Error (MSE) (0.1475) and higher entropy (0.865) were obtained by the
proposed TDWT. In contrast, the existing DWT, Low Pass DWT (LW-DWT), Stationary Wavelet Transform (SWT),
and Fast Fourier Transform (FFT)-BandSplit achieved higher MSE and lower entropy values. The existing FFT-
BandSplit achieved a higher entropy (3.6051) and a lower MSE (0.578). Hence, when contrasted to the conventional
techniques, the proposed approach performed better by employing the TI technique to improve the image alignment.
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Fig. 7. Graphical plot of proposed CLVNAHEE concerning (a) PSNR and (b) RMSE, MAE, and MAPE.
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Table 5. Numerical assessment-based performance evaluation of CLVNAHEE.

Techniques PSNR RMSE MAE MAPE
Proposed 31.154 0.3841 0.476 0.435
CLVNAHEE
CLAHE 23.216 0.9539 1.214 1.026
HE 18.498 1.3631 2.145 3.21
ACS 15.187 1.6802 4.032 5.421
GAMMA 11.295 1.8987 6.145 7.256

The performance of the proposed CLVNAHEE based on the metrics like Peak Signal to Noise Ratio (PSNR), Root
Mean Square Error (RMSE), Mean Average Error (MAE), and Mean Average Precision Error (MAPE) is demonstrated
in Table 5 and Fig 7(a) and 7(b). The proposed CLVNAHEE obtained PSNR of 31.154, RMSE of 0.3841, MAE of
0.476, and MAPE of 0.435. In the meantime, the existing approaches like CLAHE, Histogram Equalization (HE),
Automated Control System (ACS), and GAMMA (factor) attained an average PSNR of 17.049, RMSE of 1.473, MAE
of 13.536, and MAPE of 4.228. Hence, the proposed CLVNAHEE deployed the VVNE technique for setting the clip
parameter. Also, it showed superior performance in improving the OS images’ visual details.

Table 6. Comparison with the existing works.

Study Methods AC((::,J/:)acy Precision (%) Recall (%) F1-Score (%)
Proposed Work TL-SZKSE-DenseNet 94.87 94.18 93.24 94.21
Attention-based Cross Fusion

[13] Module (ACFM) 84.9 76.8

[17] YOLOV5 84.9 70 71 71.4

[20] Adverse WeatherNet (AWNet) - 92.31 97.58 -

[13] Faster R-CNN - 73.7 -

[22] Faster-RCNN - 73.2

In Table 6, the comprehensive analysis of the proposed work and several conventional methodologies is shown.
The OS was effectively classified by the proposed work with accuracy, precision, recall, and F-Measure of 94.87%,
95.18%, 93.24%, and 94.21%, respectively. Next, the traditional ACFM attained a precision of 84.9% and a recall of
76.8%. Nevertheless, as the adverse weather images were prone to artifacts, the conventional ACFM’s performance was
degraded. Then, the existing YOLOV5 obtained 84.9% accuracy, 70% precision, 71% recall, and 71.4% F-Measure.
However, the speed of YOLOV5 was minimized due to the increased dimensions of the input. Moreover, the prevailing
AWNet achieved a precision of 92.31% and a recall of 97.58%. Nevertheless, as LIDAR was sensitive to AWCs, the
existing AWNet’s performance was mitigated. Furthermore, the existing [13] and [22] utilized Faster R-CNN, obtaining
precision values of 73.7% and 73.2%, respectively. However, it displayed a poor performance in detecting the small
objects. By employing modern methodologies and accurately classifying the OS, the proposed model vanquished those
problems.

5.2. Limitations

There are certain limitations related to the proposed framework despite its strong performance on the BDD100K
and IndiaScene365 datasets. First, the model exhibits reduced accuracy in very low-visibility scenes such as dense fog,
heavy rain at night, and severe motion blur due to seriously degraded semantic cues. Second, this work comes at the
price of higher computational overhead brought by increased network depth and additional modules, which might also
limit real-time deployment on resource-constrained embedded platforms. Third, although transfer learning facilitates
generalization, domain shift across unseen geographic regions and sensor configurations can still degrade performance.
Error analysis demonstrates that most of the misclassifications are between those scene categories which are visually
similar, for instance, highway versus urban roads in poor lighting conditions. This typically evidences difficulties with
fine-grained contextual discrimination. Qualitative inspection of failure cases shows that wrong predictions often result
from occlusions, extreme illumination variation, and typical cluttered traffic scenes in adverse weather. Sometimes,
panoptic segmentation also fails to capture small or far objects, and this propagates errors to the classification stage.
These findings suggest that although the framework is robust under moderate conditions, it remains sensitive to severe
environmental distortions.

6. Conclusion and Future Scope

Atmospheric and weather degradations in outdoor environments cause significant deterioration in computer vision
performance. Hence, precise classification of adverse weather scenes is critical for effective scene understanding. In this
paper, we presented a CNN based transfer learning model, named TL-SZKSE-DenseNet, for the classification of cross-
weather outdoor scenes and weather conditions. Experiments performed on the IndiaScene365 dataset and other
benchmark datasets show that the proposed TL-SZKSE-DenseNet performed better than conventional pretrained CNNs
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and the latest state-of-the-art approaches in terms of robust predictive performance in adverse weather conditions. In
addition, TL-SZKSE-DenseNet has great potential for practical applications in real-time systems, such as outdoor video
surveillance and intelligent transportation systems. In this research, the network concentrates on scenes degraded by
single weather factors, such as fog, haze, dust, rain, poor lighting, and clear scenes; future work should extend the
framework to address compound and blended weather conditions toward improvement of robustness in a more complex
real-world environment. Future work will focus on reducing computational complexity through model pruning and
lightweight attention mechanisms to enable real-time deployment. Incorporating temporal information from video
sequences and multi-sensor fusion (e.g., LIDAR or radar) is expected to improve robustness under extreme weather.
Additionally, self-supervised and continual learning strategies will be explored to better handle domain shifts and
unseen conditions.
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