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Abstract: Object detection, one of the core research topics in computer vision, is
extensively used in various industrial activities. Although there have been many
studies of daytime images where objects can be easily detected, there is relatively
little research on nighttime images. In the case of nighttime, various types of
noises, such as darkness, haze, and light blur, deteriorate image quality. Thus,
an appropriate process for removing noise must precede to improve object detection performance. Although there are many studies on removing individual noise,
only a few studies handle multiple noises simultaneously. In this paper, we propose a convolutional denoising autoencoder (CDAE)-based architecture trained
on various types of noises. We also present various composing modules for each
noise to improve object detection performance for night images. Using the exclusively dark (ExDark) Image dataset, experimental results show that the Sequential
ﬁltering architecture showed superior mean average precision(mAP) compared to
other architectures.
Keywords: Object detection; computer vision; nighttime; multiple noises;
convolutional denoising autoencoder

1 Introduction
Object detection is a technology that solves the problem of ﬁnding the location of a speciﬁc object (e.g.,
person, car, and tree) in an image and classifying the class to which the object belongs. Various attempts have
been made in the ﬁeld of object detection, classiﬁed into “general object detection” [1,2] and “speciﬁc object
detection” [3,4] approaches. The former aims to increase the accuracy and speed of detecting general objects,
and the latter refer to approaches for detecting speciﬁc objects or general objects in a speciﬁc environment.
In other words, “speciﬁc object detection” detects a speciﬁc instance or improves the object detection
performance in a speciﬁc environment, where it is difﬁcult to identify an object. These approaches have been
widely used in the machinery industry [5] where a speciﬁc instance (e.g., a defect) must be detected, and in
the security ﬁeld, such as nighttime CCTV (Closed-circuit television) detection. In particular, night object
detection is a technology used in special environments such as border surveillance [6] and autonomous
driving at night [7]. It is a very challenging task in that it has to detect objects [8] in a noisy situation [9].
In the case of nighttime, various types of noises such as darkness, haze, and light blur cause deterioration
of image quality. Therefore, in order to improve the performance of object detection, various methods have
This work is licensed under a Creative Commons Attribution 4.0 International License, which
permits unrestricted use, distribution, and reproduction in any medium, provided the original
work is properly cited.
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been investigated to remove or adjust such noises. Research on removing darkness through a deep
convolutional neural network (DCNN), such as U-net [10], research on removing haze using Dark
channel prior [11] and removing light blur using Multi-scale CNN [12] are representative examples of
studies to improve image quality through noise removal. As such, many studies have aimed to remove
speciﬁc noises that occur at night; however, studies for removing multiple noises (not just one) have
received relatively little attention. Therefore, this study proposes a convolutional denoising autoencoder
(CDAE)-based architectures for ﬁltering multiple noises to improve object detection performance for
night images. Speciﬁcally, to remove various noises occurring at night, we introduce an integrated
architecture that performs ﬁltering on all noises at once, a top one ﬁltering architecture that selectively
applies an optimal ﬁlter for each image, and a sequential architecture that performs ﬁltering on each noise
sequentially. We also present the performance comparison results of these three architectures.
The rest of the paper is organized as follows. Brief reviews of previous works on noise removal in night
object detection are presented in Section 2. In Section 3, we introduce three architectures for multiple noise
removal. The experimental results of denoising through these three architectures are summarized in Section
4. Finally, Section 5 concludes this paper.
2 Related Work
2.1 Object Detection
In computer vision, there have been several attempts to solve the problem of recognizing and detecting
various objects, such as faces, people, and vehicles, for a long time. In traditional object detection
approaches, a feature engineering technique that detects an object using a predeﬁned object feature has
been widely used. Various methods, such as histogram of oriented gradient (HOG) [13], scale-invariant
feature transform (SIFT), local binary pattern (LBP) [14], and deformable part-based model (DPM) [15],
have been developed for feature extraction. However, useful features cannot be extracted without a
sufﬁcient understanding of the image data; these limitations are surmountable. Fortunately, with the
recent development of graphics processing unit (GPU) computing resources, it has become much easier
to collect large amounts of data [16]. In addition, due to the integration of continuous research efforts in
the ﬁeld of neural networks, it has become possible to utilize convolutional neural network (CNN)-based
learning for feature extraction. Since CNN can learn hierarchical feature representations, it improves
performance than traditional feature extraction methods. In particular, since feature extraction must be
accurate for object detection to be performed properly, CNN, which achieves state-of-the-art with
excellent performance, has been more actively used in the ﬁeld of object detection.
Most recent object detection models operate based on neural networks and generally consist of the
following three stages.
(i) Region proposal to ﬁnd out where a speciﬁc object exists in the image,
(ii) Feature extraction to extract features of each proposed region,
(iii) Classiﬁcation to identify the class to which objects belong by applying a classiﬁer to the extracted
features
Current object detection techniques can be divided into two categories such as 2-stage detector and
1-stage detector (Fig. 1). The detectors are categorized according to whether the region proposal and
classiﬁcation process are performed in a sequential or integrated manner. 2-stage detector sequentially
performs region proposal and classiﬁcation, and R-CNN series models, such as RCNN [17], Fast-RCNN
[18], and Faster-RCNN [19], are representative examples of the 2-stage detector. Although these 2-stage
detectors showed better performance in terms of object detection accuracy, the 2-stage detector showed a
limitation in that their speed (FPS) was rather slow. In order to improve the detection speed, 1-stage
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detector that integrates the region proposal and classiﬁcation steps have been proposed. The representative
technologies are YOLO [20], SSD [21], and Retina-Net [22], and they are widely used in real-time
applications such as a biomedical service [23] and assistive system for visually impaired people [24].

Figure 1: 2-stage detector and 1-stage detector
Night object detection is a technique that detects objects in a difﬁcult environment with various noises
such as darkness, fog, and light blur. Night object detection is used in various ﬁelds such as border
surveillance, night CCTV detection, and autonomous driving during nighttime. In particular, since it is
very difﬁcult to identify an object in a night image, studies are being conducted to facilitate object
identiﬁcation by converting an image or removing a speciﬁc noise. Representative examples of these
studies include a study that improved object detection performance by converting a night image into a
day image using variational autoencoder (VAE) and generative adversarial networks (GAN) [25]. A study
performed object detection by solving the low-illumination [26] problem with RFB-net [27].
2.2 Image Denoising
Noise refers to unintentional distortion in data. For example, noise in image data may be caused by
various environmental conditions, such as camera performance, light intensity, and weather. Noise
degrades data quality, negatively affecting the performance and accuracy of algorithms. A series of noise
removal processes would remove the negative effect; we call this process denoising.
Image denoising aims to remove as much noise as possible while maintaining as much original
information as possible. In other words, image denoising aims to effectively remove noise while
maintaining information on corners, curves, and textures, which are essential elements of an image.
Image denoising is a basic and essential task in various image processing ﬁelds, such as image
restoration, segmentation, and classiﬁcation.
The recently proposed deep learning-based image denoising techniques show much better performance
than the classical methods such as spatial domain ﬁltering, total variation (TV)-based regularization, and
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sparse representation [28]. Many studies suggesting image denoising based on deep convolutional neural
network (DCNN) [29], and studies suggesting ways to improve image quality using a convolutional
autoencoder and skip connection [30]. In addition, there have been studies that individually deﬁne noise
elements such as fog and darkness, and suggest ways to remove each noise by using various neural
network models [31].
2.3 Convolutional Denoising Autoencoder
Convolutional denoising autoencoder (CDAE) is a neural network-based denoising technique consisting
of an encoder and decoder. The encoder extracts important features of the input data in a compressed form,
and the decoder restores them. In CDAE, CNN was applied to the encoder and decoder to precisely extract
the features of the image, thus, improving the ability to reconstruct the image.
CDAE accepts noise image, which is an image with noise added to the original image, as input.
Representative examples of the added noise include gaussian, impulse, and uniform noises. The encoder
of CDAE compresses the noisy image, and the decoder generates a reconstructed image by restoring the
compressed information. CDAE repeatedly performs learning to minimize the difference between the
reconstructed and original images, thus removing noise (Fig. 2).

Figure 2: Architecture of convolutional denoising autoencoder (CDAE)
Recently, studies on improving performance by adding skip connections to the encoder and decoder of
CDAE [32] have been actively conducted. These studies aim to minimize information loss by directly
delivering through the encoding process to the decoder with a skip connection. Representative examples
of these studies include a study applied to image restoration and super-resolution by adding skip
connections to the convolutional and deconvolutional layers and a study to propose an image denoising
model adding skip connections to all layers of CDAE.
3 Proposed Architecture
The overall architecture of the proposed scheme is shown in Fig. 3. First, we construct a dirty image set
for each major noise at night, and extract the features of each noise from each data set (phase 1, subsection
3.1). Next, we prepare a noise data set for each noise by inserting each noise feature into additional image
dataset (phase 2, subsection 3.2). Next, an individual ﬁlter for each noise factor is built through CDAE
(phase 3, subsection 3.3). Finally, we perform denoising by selecting one optimal ﬁlter among several
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individual ﬁlters (Top-one architecture) or applying several individual ﬁlters sequentially (Sequential
architecture). Another architecture dealt with in this study, Integrated architecture, creates only one ﬁlter
without creating individual ﬁlters for each noise in phase 3 of Fig. 3. The three denoising architectures
are introduced in detail in each subsection of this section.

Figure 3: Overall process of the proposed scheme
3.1 Creating Noisy Images
This subsection introduces the process corresponding to phases 1 and 2 of Fig. 3, extracting each noise
feature and creating a noisy image by inserting these noise features into new images. Phase 1 requires images
containing various noises, called dirty images. We extracted common features of each noise in dirty images
using CNN. In the case of CNN, we extracted the feature value of each noise from the last convolutional
layer, considering the characteristic that the deeper the layer, the more unique features of the image are
identiﬁed. Fig. 4a shows an example of extracting and visualizing features of haze noise from the dirty image.
Next, phase 2 creates a noisy dataset by inserting each noise feature acquired in phase 1 into additional
images. We perform this process to construct the training and veriﬁcation datasets for performance
evaluation. First, a clean image and a noise feature are expressed as matrices of the same size to generate
a noise image. Then, a noise image is generated by performing an additional operation between the two
matrices. Fig. 4b shows an example of artiﬁcially creating a noisy image by inserting the noise feature
extracted from Fig. 4a into a clean image.
3.2 Construction and Application of Filtering Architectures
This subsection introduces the processes corresponding to phase 3 and phase 4 of Fig. 3. First, phase 3
utilizes convolutional denoising autoencoder (CDAE) to create a ﬁlter for a given noise. Speciﬁcally, CDAE
creates ﬁlters by learning to restore original data from noisy data in Fig. 3. CDAE consists of an encoder and
a decoder that are symmetrical. This study applied ﬁve skip connections to the basic CDAE to minimize
interlayer information loss.
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Figure 4: Generation of noisy images. (a) feature extraction of noise, (b) add extracted noise
CDAE receives noise image as input and ﬁrst learns important features of the input image from the
encoder, a convolutional part. The decoder, a deconvolutional part, learns to reconstruct the original
image from the feature values obtained through the encoder. After this learning, CDAE becomes a ﬁlter
that receives noisy images as input and performs denoising to generate a clean image. Learning can be
performed individually for each noise or performed for multiple noises at once (Fig. 5). Targeted learning
(Fig. 6a) performs denoising on images with the same type of noise; thus, creating a ﬁlter for the noise.
Meanwhile, Fig. 6b shows integrated learning in which images with different noises are integrated into
one dataset, and learning is performed on them at once.

Figure 5: Structure of CDAE with skip connections
This study implements denoising using the above two approaches and compares their performance
through experiments. In particular, we implement the target learning approach in two ways, depending on
how we apply individual ﬁlters to denoising. Consequently, we propose three ﬁltering architectures:
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top-one ﬁltering and sequential ﬁltering based on the target learning approach and integrated ﬁltering based
on the integrated learning approach.

Figure 6: Two approaches of ﬁlter creations
3.2.1 Integrated Filtering
This subsection introduces the integrated ﬁltering architecture based on the integrated learning approach.
Integrated ﬁltering builds an integrated dataset by integrating the entire noisy image into one dataset
without considering the type of noise in each noisy image. Next, we perform training for denoising this
integrated dataset to create an integrated ﬁlter. Fig. 7 shows the process of performing inference using the
integrated ﬁlter.

Figure 7: Integrated ﬁltering architecture

2674

CSSE, 2023, vol.44, no.3

As shown in Fig. 7, the integrated ﬁltering architecture performs denoising by applying only one ﬁlter,
the integrated ﬁlter, to all noisy data. In other words, all images for inference are integrated into one dataset,
integrated noise data, without considering the type of noise in each image. Next, denoise by applying an
integrated ﬁlter to obtain cleansed data from integrated noise data. The integrated ﬁltering architecture is
the simplest denoising structure that does not use any feature of each noise. This study is uses this
architecture as a baseline for performance comparison with other architectures.
3.2.2 Top One Filtering
This part introduces the top-one ﬁltering architecture of target learning approaches. The target learning
approach uses several individual ﬁlters created through denoising learning for each noise type. The top-one
ﬁltering architecture denoises by selecting a ﬁlter to perform optimal denoising for a given image among
these individual ﬁlters. Fig. 8 shows the process of performing inference in the top-one ﬁltering architecture.

Figure 8: Top one ﬁltering architecture
As shown in Fig. 8, the process of building integrated noise data is the same as in Fig. 7. However, unlike
the integrated ﬁltering architecture, the top-one ﬁltering architecture applies three individual ﬁlters to each
noisy image. Through this, we can obtain three cleansed images for each noisy image. This architecture
selects only the cleanest image among the three cleansed images by utilizing a peak signal-to-noise ratio
(PSNR), and this process is named as optimal ﬁlter selection for each individual data in Fig. 8. The same
process is repeatedly applied to all noisy images. Then, only the images selected as the cleanest image
among the resulting cleansed images are collected to construct the cleansed data by optimal ﬁlter dataset.
3.2.3 Sequential Filtering
This subsection introduces the sequential ﬁltering architecture of target learning approaches. Sequential
ﬁltering architecture performs denoising by sequentially applying individual ﬁlters generated by target
learning to a given noisy image. Fig. 9 shows the process of performing inference in sequential ﬁltering
architecture.
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Figure 9: Sequential ﬁltering architecture
As shown in Fig. 9, the process of building integrated noise data is the same as in Fig. 8. However, unlike
the top-one ﬁltering architecture, the sequential ﬁltering architecture applies all three individual ﬁlters
sequentially to each noisy image. There are six combinations of sequentially combining the three ﬁlters.
The denoising performance differs depending on the order of combining the ﬁlters. This study found the
optimal ﬁlter combination sequence through a pilot experiment. According to the result, we sequentially
applied the ﬁlter for Noise 3 (dark), ﬁlter for Noise 2 (haze), and ﬁlter for Noise 1 (light blur) to perform
denoising.
4 Experiment
4.1 Construction and Application of Filtering Architectures
This section presents the experimental process and results for veriﬁcation of the proposed architectures,
as presented in Section 3. In the subsection, we describe the data and experimental environment used in the
experiment (Tab. 1). In this experiment, we constructed the original data of Fig. 3 using the exclusively dark
(ExDark) image dataset, which is data for object detection in a low-light environment. Data for target
learning consists of 4,800 cases for training, 1,200 cases for veriﬁcation, and 1,190 cases for the test.
Meanwhile, data for integrated learning consists of 14,400 cases for training, 3,600 cases for veriﬁcation,
and 1,190 cases for the test. Since the target learning learns three individual ﬁlters, the data used for
training and validation of the target learning and integrated learning is the same as 18,000 cases. Each
image has a size of 256 × 256 and has a total of 12 object classes, such as bicycles (9%), buses (7%),
cars (9%), people (8%), etc. Each image has a size of 256 × 256 and 12 classes. We built an experiment
environment using Python 3.7 on Tensorﬂow and Pytorch deep learning frameworks and performed
experiments using hardware resources, such as CPU 8 Core and Tesla V100 GPU.
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Table 1: Experimental data and environments
Experimental data
Domain

A collection of low-light images from night to dawn
Train

Target learning
Integrated learning
Total number of classes
Image size

Validation

4,800
14,400

1,200
3,600
12 classes
256  256

Test
1,190
1,190

Software environment
Hardware

Language
Deep learning framework

CPU
GPU
Memory
Python
Tensorﬂow
Pytorch

8 core
Tesla V100 * 2ea
60GB
3.7
2.3.0
1.7.1+cu101

4.2 Construction and Application of Filtering Architectures
This subsection presents the results of generating noisy data by inserting noise features extracted in
Phase 1 of the proposed architectures into the original data. We conducted an experiment using the three
main noises at night: darkness, fog, and light blur. After extracting the unique features of these noises
using CNN, we generated noise data by adding the extracted features to each image in the original data.
Fig. 10 shows some examples of the noisy data generated in this way.
Fig. 10 shows an example of noisy images generated by inserting three noise features of (a) dark, (b)
haze, and (c) light blur for four original images. Three types of ﬁltering architectures perform denoising
on noisy data, a set of noisy images generated in this way.
4.3 Performance Comparison of Three Filtering Architectures
This subsection analyzes the performance of the three ﬁltering architectures proposed in Section 3:
integrated ﬁltering, top-one ﬁltering, and sequential ﬁltering. We evaluated performance by comparing the
image quality’s improvement through each ﬁltering architecture. We indirectly evaluated image quality by
measuring object detection accuracy for the image. In this experiment, we used two evaluation indicators
for performance evaluation: PSNR (an image quality evaluation indicator) and the mean average
precision (mAP) (an object detection performance evaluation indicator).
PSNR is one of the representative indicators for evaluating image quality. It is used to determine the
quality of the reconstructed image compared to the original image. The PSNR value is calculated
using Eq. (1).


MAX2
(1)
PSNRðx; ^
xÞ¼ 10 log10
MSE
In Eq. (1), x represents the original image and ^x represents the reconstructed image. MAX represents the
maximum value of the image pixel values, and MSE represents the mean square error of the original image x
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and the reconstructed image x^. According to Eq. (1), the PSNR value increases as the MSE value, which
represents the difference between the original image and the reconstructed image, becomes smaller. In
this experiment, the average PSNR of the Cleansed Images generated through three ﬁltering architectures
is compared based on the original image. Through this, we can verify which ﬁltering architectures
generate the cleansed images that are most similar to the originals by denoising.

Figure 10: Noisy images generated by noise feature insertion
Tab. 2 summarizes the PSNR values of noisy and cleansed data generated by three ﬁltering architectures.
As presented in Tab. 2, all three versions of the cleansed data had higher PSNR values than the noisy data
without applying any noise removal scheme. Additionally, among the three ﬁltering architectures, the PSNR
value was high in the order of integrated ﬁltering, top-one ﬁltering, and sequential ﬁltering.
Table 2: PNSR of noisy images and cleansed images
Noisy data
Cleansed data

Integrated ﬁltering
Top One ﬁltering
Sequential ﬁltering

10.05
24.01
16.96
12.53
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This experiment used PSNR to perform denoising by applying top-one ﬁltering architecture. It means
that in the case of top-one ﬁltering, one of the ﬁlters for each of the three noises must be selected. At this
time, the PSNR value of the image generated by each ﬁlter is used. However, only noisy images are
given in a real situation, and original images are not given. Therefore, an issue arises regarding which
reference image we should compare with the cleansed image to calculate the PSNR value. To solve this
problem, we conducted additional experiments to analyze the relationship between the PSNR of the
cleansed image to the noisy image and the PSNR of the cleansed image to the original image. The results
are presented in Fig. 11.

Figure 11: Relation of PSNR to noisy image and PSNR to original image
As shown in Fig. 11, as PSNR to noise image increases, PSNR to original image gradually increases and
then decreases. This result can be interpreted as the larger the PSNR to noise image value, the more noise
remains. Additionally, when the PSNR to noise image value is too small, noise and essential
characteristics of the original image are lost. In this experiment, the value of PSNR to the original image
was highest when PSNR to noise image was near 0.2. Therefore, to select the optimal ﬁlter in the top-one
ﬁltering, we selected the ﬁlter that generated the image showing the PSNR to noise image value closest
to 0.2 as the optimal ﬁlter.
Fig. 12 shows the results of denoising through three ﬁltering architectures with the original and noisy
images. In the case of sequential ﬁltering, the three ﬁlters can be combined in various orders. However, in
this experiment, the sequential ﬁlters in the order of ﬁlter for dark, ﬁlter for haze, and ﬁlter for light blur
were applied.
In the sample images shown in Fig. 12, the PSNR of the image cleansed through the integrated ﬁlter
was the highest, which is consistent with the results in Tab. 2. However, since high PSNR values and
object detection accuracy are separate issues, object detection performance should be evaluated.
Therefore, we performed object detection by applying the YOLO v5 model, which currently recognized
as a state-of-the-art (SOTA), to the cleansed data generated through the three ﬁltering architectures and
measured the performance using the mAP index. The mAP index is widely used to evaluate the
performance of an object detection algorithm. It is an average of APs, which are the detection accuracy of
each class (Eq. 2).
mAP ¼

k¼n
1X
APk
n k¼1

(2)
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Figure 12: Example of cleansed images and their PSNR
Fig. 13 summarizes the object detection accuracy for noise, original, and cleansed data generated
through the three ﬁltering architectures. In Fig. 13, sequential, integrated, and top-one ﬁltering
architectures showed high mAP in the order, and all three architectures showed signiﬁcantly higher mAP
than noise images. This implies that the object detection accuracy has improved through denoising.

Figure 13: Performance evaluation for object detection
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The reason for different object detection performances in the three architectures can be found in the
different types and amounts of noise that each architecture handles. First, the integrated ﬁltering
architecture learns denoising by integrating three types of noisy images into one. Thus, this architecture
can denoise all three types of noise contained in a newly given image. Next, since the sequential ﬁltering
architecture also applies all three ﬁlters, it is possible to remove all three types of noise included in the
newly given image. In particular, since this architecture performed learning and inference by focusing on
one type of noise at a time, it showed better object detection performance than the integrated ﬁltering
architecture, which performed learning and inference on three types of noise at once. Finally, top one
ﬁltering architecture showed the lowest object detection accuracy among the three architectures. This can
be interpreted as the reason that this architecture performs denoising only one type of noise for each
image and does not attempt to improve other types of noise in the given image.
5 Conclusion
In the ﬁeld of object detection, various studies are being actively conducted on daytime images, which
are easy to detect objects. Unfortunately, object detection studies on night images have not been sufﬁciently
conducted. Since various noises, such as lighting and weather, degrade the image quality in images taken at
night, it is necessary to remove these noises through appropriate processing in order to improve the
performance of object detection. Therefore, in order to improve the object detection performance of night
images, we proposed three denoising architectures in this paper to remove major noises that occur at night.
In this paper, we proposed denoising architectures of various structures and presented their performance
evaluation results. Experimental results revealed that the sequential ﬁltering architecture showed better mAP
than other denoising architectures. Academically, we proposed a method of creating individual ﬁlters for
each noise and combining them, and it is expected that follow-up studies to effectively construct these
individual ﬁlters will be actively performed in the future. Practically, the various denoising architectures
proposed in this study can be used to improve the performance of image segmentation and classiﬁcation
as well as object detection. Additionally, our proposed denoising architectures are expected to improve
the performance of applications in situations where various night noises exist, such as border surveillance
and night autonomous driving.
The limitations of this study and future research directions are as follows. In our experiments, we
analyzed noisy images by artiﬁcially inserting some noises into normal images. However, we need to
perform more intensive experiments using actual noisy images because there may be various noises other
than dark, haze, and light blur in real-world images. In this study, the quality of denoising was also
indirectly evaluated using mAP, which measures object detection accuracy. Future studies should conduct
intensive experiments with various methods to evaluate the denoising quality directly.
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