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Abstract: - This study is aimed at exploring new development in nighttime image processing based on nighttime photography/night vision.
We use various learning methodologies based on neural networks to develop multisensor data processing techniques. The ability of
Convolutional Neural Networks (CNN) to enhance image quality and clarity under conditions of low light or at night is the focus of our
research. To do this A large database has been created, containing 3200 images both taken from the internet as well as our own. This data is
preprocessed, normalized and features expanded using some common methods of data augmentation in order to optimize model
performance. We compared our proposed CNN model with existing literature through a series of experiments. Performance was measured
using Peak Signal-to-Noise Ratio (PSNR), Structural Similarity Index (SSIM), and Feature Similarity Index (FSIM). The Results are now in.
They showed that our model can improve various metrics with higher scores. And they show the real-time monitoring capabilities in urban
streets for our model. This research brings multisensor image fusion based on night-adjacent techniques forward from night vision
technology and provides insight into practical and potential future directions for using deep learning techniques to improve safety and
security in many different environments.
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I. INTRODUCTION

Multi-modal image fusion is the key of night vision technology, the mixing of different sensors, to upgrade image
quality, clarity, and comprehensibility in low-light or nighttime conditions. Here we will give a comprehensive
review of published papers about multi-modal image fusion method focusing on both traditional techniques from
60 years ago till now, and some recent innovations due to deep learning. Because night vision technology tends to
have many applications both military and civilian Weighted averaging is the most elementary method: calculate a
weighted average pixel intensity together from sensor modalities. Although simple weighted averaging is easy to
carry out, it will not effectively capture complex relationships between image modalities, which tends to leave
room for much room for improvement [1]-[3]. Principal Component Analysis (PCA) is another widely used
technique, employing dimensionality reduction to combine pictures by retaining the most representative
orthogonal components. As PCA-based fusion methods may effectively capture the most relevant information
from multimodal images, there can be information loss and interpretation loss. Wavelet Transform decomposes
images into different frequency components and uses such rules as maximum, minimum and average to fuse them
together. Wavelet fusion approaches are somewhere in between — computational efficiency and visual outcome are
almost equally good [4]-[6].
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Multi-modal image fusion processes have been redesigned from ground up by deep learning, and with highly
developed tools experts barely have to do any of the hard work now. Convolutional Neural Networks (CNNs)
were the dominant architectural design for multi-dimensional image fusion owing precisely to the way they could
take figures and run them through many layers processing, each interpreting some aspect in might eventually
become this composite picture you see when everything processed together at once. CNN-based fusion methods
often train the neural network on matched multi-sensor data, then use loss functions tailored to a specific
objective, like increasing similarity or reduction in reconstruction error [7], [8]. Generative Adversarial Networks
(GANS) represent a new way of tackling this issue." If a generator network can learn how to make the joint
product of two inputs with different modalities -- then generate realistic pictures, discrinator networks are set up to
evaluate their output. GAN-based methods can lead to really beautiful results unless you need visual appeal; but
they have higher energy requirements and the hyperparameters need more thorough consideration [9], [10].

Featuring Siamese Networks and Autoencoders alongside CNNs and GANSs, we investigate a total of six
algorithms handled under deep learning architectures for multi-modal image fusion. Siamese Networks are a
learning machine that measures the similarity essays between images, and for multi-modal fusion applications can
also generate joint pairings of their different modalities. Autoencoders are used in unsupervised learning of
features and for image reconstruction. Therefore, with deep-learning-based methods it is easier to find
unsupervised features and create new composite images of high quality [11]-[13].

While multi-modal image fusion techniques have advanced significantly, there are several obstacles and
constraints that must be met. One of the big challenges is that deep learning models require large-scale annotated
datasets to train them well-performing. This is especially difficult in the area of night vision applications, where
data with labels may be scarce and costly. In addition, deep learning-based fusion methods are not very
interpretable. It is difficult to understand the influences performance or to recognize potential failure modes
because of low interpretability. Moreover, in real-time applications the computational complexity of deep learning
models may have practical limitations. Efficient model architectures and optimization techniques can also solve
this problem [14]-[16].

The multi-modal image fusion techniques are essential in night vision technology because they improve our ability
to see and interpret visual information under low light or dark conditions. Conventional fusion methods provide a
firm footing for integrating information from different sensor modalities, while the latest methods of deep learning
give us powerful ways to learn complex relationships among image modality types and produce high-quality fused
images. Future lines of research in multi-modal image fusion might center on these challenges, including dataset
availability, interpretability, and computational efficiency to eventually strengthen the capabilities of night vision
in various practical applications [17], [18].

1. METHODOLOGY

In the field of surveillance, particularly in low-light or night-time conditions, it is necessary for security needs that
multiple images taken from various kinds of sensors such as infrared (IR) and visible light cameras are integrated.
However, the role of conventional surveillance systems is limited due to having low resolution. In the absence of
good images under such conditions, one's sight is compromised and so is the effect of the system in identifying
objects, individuals, activities, or movements within the monitored area. For security reasons, these limitations
mean serious consequences as threats and suspicious activities go unnoticed possibly due to the poor quality of
images.

The main driver for this research is the implementation of low-light surveillance systems to work around these
defects and upgrade their usefulness. Combining images from various sensor modalities including visible camera
and IR camera, the combined image is clearer and offers greater contrast and detail under severe are-conditions
than ever before. The operator is given the ability to pick out critical information in every conceivable aspect, so
judgments can be made on the spot only on self-evident. He also has greatly increased levels of situation
awareness because of this improved image quality. This intensification of environmental awareness and efficiency
in working with the environment greatly improves response.

The fusion of multi-modal images seems likely to have tremendous potential, but there are many significant
difficulties that must be dealt with. These include developing robust fusion techniques that can successfully
combine information from different sensor modes without losing any important characteristics. At the same time
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they must also be able to suppress artifacts. Moreover, one will need efficient and 'real-time' fusion algorithms that
can be included in a surveillance system whether used in a dynamic environment or not. Lastly, these methods
must be adaptable and scalable for diverse surveillance scenarios and hardware platforms. This is yet another
serious challenge.

On this foundation, the current study aims to create new multi-modal image fusion techniques that can
significantly improve on today's poor performance with deep learning. The goal is to create innovative fusion
methods that improve image quality and object detection and recognition by leveraging the power of deep learning
algorithms. Incidentally, while in the dark and watching systems are ideal, this research also investigates
systematic experiments and evaluations to produce not only publications but also practical designs. These have a
wide range of potential applications, including internal security, defence, and civil law enforcement.

The main purpose of this study is to devise and appraise deep learning-based multimodal image fusion techniques
that will enhance night vision technology. Specifically, it hopes to counter the drawbacks of taking detailed and
clear images in low light or night-time conditions by consolidating information from different sensor modalities
on a single platform, such as combining data obtained by both an infrared (IR) camera and visible light
photography.

Several major goals are being sought by the research: First, to develop fusion models based on deep learning
capable of uniting more imaginatively different types of information from irregular sensor data at the same time
preserving the essential information features on an image. Second, to conduct a wide variety of experiments to
evaluate the clarity, contrast changes, and detail preservation effect of this proposed fusion method.

Furthermore, it wants to explore in particular the operational efficiency and practicality of these developed fusion
techniques in a range of real-time applications and under different surveillance settings. Moreover, it aims also to
consider how the suggested techniques can help in the detection, recognition, and understanding of objects in such
an environment.

The dataset of this research includes 3200 images from the Internet. The sources are visible light cameras and
infrared sensor images. Using this dataset as a base, the deep-learning methodological judges can go ahead and
train multi-modal picture fusion technology. Several preprocessing steps were taken in this research, leading to a
collection of 3200 images from internet resources revealing light and infrared camera images.

I1l.  PREPROCESSING OF IMAGES

The first step in image data preprocessing would be data normalization. This entailed transforming pixel values
across the whole dataset into a common interval, usually from zero-to-one. Normalization was conducted to
reduce pixel intensity differences among images, making sure that the deep learning model gets is uniform input
data. By normalizing the pixel values, the model could fully bring to bear during training phase and extract
meaningful features across different sensor modalities. Furthermore, normalization helped the optimization
process remain stable in that it kept too large (or small) gradients from plaguing all layers optimizing again to
other local minima. This enhanced the overall robustness and convergence properties of the deep learning
framework.

To make the deep learning models more intelligent, they would use data augmentation. This meant adding other
examples to the dataset so that while learning, we could learn more things about that it could perceive in different
contexts. Augmentation techniques included random rotations, translations, and changes in brightness and contrast
for the training of images. These changes, based on randomness, were performed uniquely for each image during
the training process; to thereby obtain many differences in appearance while preserving semantic content. Data
augmentation had several purposes: exposing the model to more types of visual variations would help to avoid
overfitting, and also saw a general improvement of performance, and supported the model in dealing with real-
world variations such as illumination and perspective. Furthermore, data augmentation additionally had a
regularizing effect on the model. This would result in more robust and general feature representations. The
preprocessing stage consists of normalizing the data and conducting data augmentation together. Any training data
was prepared as a way of ensuring that the dataset was already fitted for deep learning experiments on multimodal
image fusion.
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IV. MACHINE LEARNING MODEL

In our research, we used Convolutional Neural Networks (CNNSs) as the foundation for multi-modal image fusion
in night vision technology. This type of CNN tipping point was a U-Net with a modified architecture, which
combined well-known information from various sensor types. It consisted of an encoder-decoder network with
skip connections to preserve spatial detail and multi-scale features during the fusion process. The first half of this
neural network consisted of a number of convolutional layers, followed by max-pooling operations, which allowed
it to compensate for space compression while increasing the number of feature maps. This collection of
convolutional layers forms a hierarchy that can provide a network with hierarchical representations of both
infrared and visible light images. The decoder portion of the network has the same structure as the encoder and is
based on both upsampling operations to recover spatial dimensions bit by bit and generating fused output images.
Following each convolutional layer, ReLU (Rectified Linear Unit) activation functions were used to add
nonlinearity to the nonlinear transformation and complex feature representations that could be learned. The
network contained batch normalisation layers that helped to stabilise and speed up the training process. This
ensured that the network learned more accurate and common feature representations. The fused image was
produced using a linear activation in the network'’s final output layer. During training, the loss function was a
combination of mean squared error (MSE) loss and perceptual loss; differences in pixel values were penalised, but
the network aimed to encourage high similarity between the fused image and the ground truth.

The Adam optimizer was used to optimise with the default parameters. It utilised its adaptive learning rate, which
enables high-dimensional parameter space navigation to move quickly towards optimal solutions. A network of
3200 Internet images were trained end-to-end using an extensive dataset and an exponentially decaying learning
rate schedule. The batch size was 32. After numerous experiments and careful hyperparameter tuning, the CNN
architecture was shown to be quite adept at combining images from various sensors and styles to significantly
improve image quality and allow for better detection and identification under the same conditions as when it was
dark.

The architecture of a generative adversarial network (GAN):

In our study of nocturnal vision technology, the element Generative Adversarial Network (GAN), within the
presence of CNNs. Was held that GAN architecture in this mission style face model learned various sensor mode
images with high quality images of maps confluence. The GAN network consisted of two main parts: a generator
and a discriminator, which were trained using adversarial learning. Based on the principles of the CNN and U-Net
like architecture, the generator network is also designed with encoder and decoder blocks that can interconnect via
skip links. This design enables the generator in decoding the generator to comprehend the intricate relationships
between input feature maps from various domains.

The generator's network structure was made up of convolutional layers in each output block, followed by batch
normalisation and ReLU. This design helps to enhance aspects such as information extraction and isolation within
the context of specific pixels. Contrarywise, the decoder used Transpose Convolution layers for both higher level
and more details of article quality image. To combine low-and high-level features, skip connections were
employed from corresponding blocks on encoder and decoder networks respectively. Spatial detail is maximally
retained in these cases the generated images, and modeled to resemble them to a greater degree where necessary.

The discriminator network, on the other hand, used a patch-based structure to evaluate the realism of individual
patches rather than the entire image. The patch-wise method of discrimination enables the discriminator to provide
more informative feedback to the generator. As a result, it can produce high-quality fused outputs. The
discriminator network consisted of convolutional layers followed by batch normalisation and Leaky RelLU
activation functions, resulting in a binary classification output indicating the authenticity of the input image
patches.

During training, the generator and discriminator compete in a minimax game, with the generator attempting to
produce natural-looking, fused images that the discriminator cannot distinguish from the original images, and the
discriminator attempting to accurately distinguish between real and fake images. Through this adversarial training
process, the generator is encouraged to learn the complex relationship between the input image and visually
appealing, high-clarity images with rich detail. This will allow the model to produce more appealing, fused images
with higher levels of detail and contrast.

232



J. Electrical Systems 20-3s (2024): 229-237

V. EXPERIMENTAL SETUP

Through the use of a deep learning framework, our multi-modal image fusion in night-vision technology
experiments were conducted. This setup employed both robust hardware and software. It allowed us to efficiently
train and evaluate models. The hardware setup included a high-performance workstation equipped with NVIDIA
GPUs for deep learning computations. Specifically, we used NVIDIA Tesla V100 GPUs. They boast superior
parallel processing capabilities and large memory bandwidth, which means our deep neural networks are trained
quickly. The workstation was configured to have enough RAM and storage capacity for containing all of the large
datasets our experiments required. On the software side, we used popular deep learning frameworks such as
TensorFlow and PyTorch, which fully support the construction, training, and deployment of deep neural networks.
These were not only easy and modular to use, but also this rich ecosystem of pre-built modules and utilities
smoothed the development process and enabled experimenting with different network architectures and
optimization strategies. Meanwhile, we made use of CUDA and cuDNN libraries to fully utilize the GPU's
computational power so that our deep learning models would train faster. To sum it up, the hardware and software
setup we employed in these experiments provided the necessary infrastructure for rigorous evaluations of multi-
modal image fusion technology. Such results have never before been obtained with night vision equipment.

VI. RESULT AND DISCUSSION

We closely adhered to the standard 70/30 practice when dividing our experimental data. Of this, seventy percent
was set aside for training the model, and the other thirty for validation and testing. Our method of dividing data for
training, validation, and testing guaranteed that the data was evenly distributed. From most of the dataset, we
made our deep learning models so they encountered a varied sample and could learn to represent the underlying
data distribution in a very general and resilient way. The remaining part of the data was functioned as an
independent validation set; using it to test the performance of our models--unseen on most of the dataset. Thus, we
could gauge their performance with indeed valuable information.

Model performance was evaluated using a range of metrics. Different models, however, show different levels of
effectiveness in performing multi-modal nighttime image fusion with night vision hardware. The result of the
performance score are shown in Table 1. Also figure 1 shows the comparison of the performance score.

Table 1. Result of the performance score

Model PSNR (dB) SSIM Entropy FSIM MSE

CNN (A) 285 0.85 4.2 0.92 0.0032

GAN (B) 27.8 0.82 4.5 0.89 0.0038
Weighted Averaging (C) 24.6 0.75 51 0.78 0.0055
PCA (A) 25.9 0.78 4.8 0.82 0.0046
Wavelet Transform (D) 26.2 0.80 4.7 0.84 0.0043
Siamese Networks (E) 28.2 0.84 4.3 0.91 0.0035
Autoencoders (A) 27.1 0.81 4.6 0.88 0.0041
CycleGAN (F) 26.8 0.79 4.9 0.86 0.0044

The CNN model scored beloved 28.5dB PSNR, suggesting that the fusion images differed not at all in their basic
detail from original images. This conclusion was consistent with an SSIM (structural similarity index) score of
0.85. The low level of MSE (mean squared error) of 0.0032 further strengthens the conclusion that the fused
images are not much distorted overall. Image quality and fidelity taken together, CNN model performance was
most excellent of them all.

With respect to the GAN model, which had a slightly lower PSNR of 27.8dB compared with the CNN model,
despite being slightly lower scoring, it still effectively expressed unity. The SSIM score of 0.82, and the MSE
value of 0.0038 indicates a fair preservation of structure and low distortion. While the image quality didn't match
the CNN model conventional versions don't have set-stop advantage, they are good in another way: GAN can
produce pictures deliberately prettier all over.

On the other hand, classic methods--Weighted Averaging, PCA, and Wavelet Transform--provide worse scores on
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all metrics. These basic image fusion techniques, however easy they may be to use in practical terms, fail to
properly keep fine details or the composition of the fused pictures intact. For traditional image fusion techniques
like these, the relatively low PSNR and SSIM as well as the larger MSE value all of that points to greater
distortion and less fidelity compared to deep learning-based models such as CNN and GAN. Despite their simple
and effective computational machinery, these traditional methods do not possess all the depth and adaptability
needed to capture complex patterns and features in multimodal images.

Deep learning multi-modal image fusion of night vision technology practical implications of the research results
obtained from our research are evident for surveillance and security applications, especially monitoring street
scenes in real time. The system proposed by us for real-life street surveillance has great potential. Events such as
car accidents, fires, and thefts are less likely to occur even under the cover of darkness.

Performance Metrics for Different Models

30

Value

(A B} (C) (D) (E} (F) (5) (H}
Model

Figure 1. Comparison of performance score of each model

Take for example figure 2 in our research report, which reveals how the proposed model can achieve high objects
accuracy in dim light, this showcases the capabilities of the proposed model in identifying objects under low-light
conditions. By multi-modal image fusion, our model combines infrared and visible-light camera information
effectively to produce composite images with clearer outlines, sharper contrasts and more detailed features. This
system means that not only can our system accurately identify objects or individuals in the street, but also record
activities-which is, provided through a visible-process.

Figure 2. CNN model identified object in images

234



J. Electrical Systems 20-3s (2024): 229-237

For example, our system can identify pedestrians, vehicles, or potential security threats reliably and in real time,
allowing security personnel or automated systems to respond to dangers promptly and effectively. In urban areas
in general, though, surveillance cameras are everywhere to watch public spaces and prevent crime. So (or Because
of this). This capability is absolutely essential for increasing public safety and security in urban environments.

Also, the realistic performance of our model identifies objects in real-time street surveillance situations has
implications beyond security. Our system not only performs security-related functions such as detecting suspicious
objects or persons, but also works in a variety of application areas including traffic management, urban planning,
and disaster response. In these situations, accurate and timely environmental information is of vital importance for
making decisions and allocating resources.

According to table 2, our research findings in multi-modal image fusion techniques were compared with the
literature. Common metrics reported in the table include Peak Signal-to-Noise Ratio (PSNR) and Structural
Similarity Index (SSIM), entropy, Feature similarity index (FSIM) as well as Mean Squared Error (MSE). The
score for our multi-modal image fusion CNN (PSNR: 28.5 dB; SSIM: 0.85; Entropy: 4.2; FSIM: 0.92; MSE:
0.0032) is outstanding by law of averages. On the other hand, the literature also introduces FushionNet and
Generative Adversarial Network (GAN) models. These models, however, are considered a little less powerful. For
example, while The FusionNet model achieves a PSNR OF 27.3 dB, and an SSIM of 0.83; the GAN model attains
PSNR and SSIM values OF only 26.8 dB and 0.82, respectively. Although our research and existing literature
have similar model architectures and performance metrics, we may attribute differences in performance scores to
variations in specific model configurations, dataset compositions and experimental setups. Such a comparison
underscores the importance of contextual interpretation and careful consideration when evaluating and comparing
findings across different studies pertaining to these new modern-day multi-mode image. Figure 3 shows the
comparison of the training and the loss curve of the proposed two models.

Loss vs Epoch
08P v - —~ ¥ —
. —O—CNN

Epoch
Accuracy vs Epoch

~—©—CNN
- GAN

e

Accuracy

o P
C

Epoch

Fig. 3. Accuracy and loss curve of models

Table 2. Comparison of result with the existing research

Research Model PSNR (dB) SSIM  Entropy FSIM  MSE
Our CNN 28.5 0.85 4.2 0.92 0.0032
Research
Existing FusionNet 27.3 0.83 4.5 0.91 0.0035
Literature GAN 26.8 0.82 4.3 0.89  0.0037
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VIlI.  CONCLUSION

Overall, our study of night vision technology's deep learning based multi-modal image fusion techniques has
shown that the procedure can significantly enhance the quality and clearness of images. Our experimentally
verified classification results have demonstrated a superior performance of our proposed CNN model, compared to
the benchmark methods and literature currently available-- as inferred from higher Peak Signal/Noise Ratios
(PSNR) and Structural Similarity Indexes (SSIM), as well as Feature Similarity Index scores. In the event of a
successful deployment of models in actual street surveillance scenarios, its practical significance and possible
impact toward enhancing situational awareness to develop more effective security measures are underscored.
Comparison with the available literature also illustrate the progress and significance made by our research as far as
multi-modal image fusion go. From here our conclusions set the stage for further development, optimization, and
exploration deeper learning-based methods in night vision technology. Ultimately, we want a more secure world,
for all realms.
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