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Abstract: Excessive lighting or sunlight can make it difficult to judge visually. The same goes for
cameras that function like the human eye. In the field of computer vision, object tasks have a
significant impact on performance depending on how much object information is provided. Light
presents difficulties in recognizing objects, and recognition is not easy in shadows or dark areas. In
this paper, we propose a contrast enhancement-based preprocessing process to obtain improved
results in object recognition tasks by solving problems that occur due to light or lighting conditions.
The proposed preprocessing process involves the steps of extracting optimal values, generating
optimal images, and evaluating quality and similarity, and it can be applied to the generation of
training and input data. As a result of an experiment in which the preprocessing process was applied
to an object task, the object task results for areas with shadows or low contrast were improved while
the existing performance was maintained for datasets that require contrast enhancement technology.

Keywords: computer vision; preprocessing process; data quality; CLAHE; improving object task
performance; optimize contrast improvements

1. Introduction

Light is one of the biggest factors that make it difficult to recognize the original shape
of an object by lowering the object recognition rate. If the lighting conditions are bright
or rough, the object may be blurred or overexposed, making it difficult to distinguish the
object’s features [1–3]. Additionally, shadows caused by increased contrast from light may
obscure important information about an object’s shape and size [4,5]. Figure 1 is an example
image showing problems caused by indoor and outdoor light. In the case of the chairs and
apples, there are shadows or low-light areas on the objects depending on the location of
sunlight or lighting, and in the case of the grapes, there are partially overexposed areas.
Such phenomena inevitably occur where there is a luminous object, and this can make it
difficult to guess or detect the exact size or number of objects, so methods or algorithms for
improvement are needed. Additionally, these phenomena degrade image data quality, with
the quality deteriorating more significantly outdoors than indoors. In particular, image
contrast can have a significant impact on the performance of object recognition algorithms
because it is determined by the amount of light [6].

One of the most important tasks in computer vision is object recognition, a task
that identifies and classifies objects within images (videos) [7]. Deep learning-based object
recognition algorithms, such as convolutional neural networks (CNNs), have achieved state-
of-the-art performance in object recognition tasks, and, more recently, models such as Vision
Transformer (ViT) are also achieving state-of-the-art (SOTA) performance [8,9]. These deep
learning-based object recognition algorithms are highly dependent on the environmental
factors which affect the quality of the training data, so model performance may deteriorate
due to insufficient training data, large amounts of noise, and the presence of unlearned
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environmental factors [10,11]. Therefore, it is important to make the environmental factors
and quality of training data and input data the same [12].
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In addition, it is difficult to completely solve problems caused by lighting conditions,
even with deep learning-based object recognition algorithms. Therefore, in object recogni-
tion tasks (classification, detection, segmentation), the preprocessing of training or input
image data is necessary to improve recognition results for problem areas that appear ac-
cording to the performance of the learning model and lighting conditions. In addition,
deep learning technology that uses a lot of computing resources has emerged due to the
development of big data and hardware devices such as CPUs, GPUs, and TPUs. However,
image data improvement technology that uses deep learning algorithms has the following
disadvantages: (1) overfitting problems due to lack of training data; (2) generalization
performance degradation problems due to biases in training data; and (3) speed reduction
problems due to high amounts of computation and memory usage [13,14]. In particular,
problems such as slowdown occur in unmanned vehicles, which require a small amount of
computing resources [15].

Therefore, in order to obtain improved results in the object recognition task by solv-
ing the problems caused by light or lighting conditions, this paper proposes a contrast
enhancement-based preprocessing process. The proposed preprocessing process involves a
method to improve images using statistical techniques which was devised to reduce the
computational process. The proposed process suggests a way in which a similar environ-
ment can be built by improving the learning data and the input data; greater similarity
between the learning data and the input data environment of the object recognition process
will enable more accurate results to be obtained.

2. Related Works

In the process of researching this thesis, problems caused by light or lighting were
confirmed, as was the progress achieved in previous and related studies, and the research
was conducted based on the contents of the contrast enhancement technique, which is a
basic technology that can be improved.

2.1. Problems Caused by Light

The problematic phenomena exhibited by light have a significant impact on object
recognition in computer vision systems. Different lighting conditions affect the way objects
appear and their visual characteristics, making recognition difficult. These include shadows,
fade, overexposure, missing information, reflections, occlusion, color temperature shifts,
and noise. To overcome these challenges, computer vision algorithms use techniques
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such as image normalization, light constancy, and shadow detection to improve object
recognition robustness under different lighting conditions. These strategies help improve
the accuracy and reliability of computer vision systems that recognize objects in different
lighting conditions. Accordingly, various studies are being conducted to improve problems
caused by light [16–18].

2.2. Contrast Enhancement Method

The contrast enhancement method refers to a method of improving image quality or
facilitating image recognition by clarifying the differences between the dark and bright
areas of an image. There are several types of contrast enhancement methods.

2.2.1. Color Space Conversion

In the case of color images, this method applies contrast adjustment only to the lumi-
nance channel by converting from the RGB color space to a color space with a luminance
component (e.g., HSV). This method can maintain the original color while enhancing the
contrast of color images [19].

2.2.2. Intensity Value Mapping

This method adjusts the contrast by mapping the contrast value of the input image
to a new value. With this method, the user can define the mapping function directly, and
functions such as imadjust, histeq, and adapthisteq can be used [20].

2.2.3. Local Contrast Enhancement

This is a method of dividing an image into small regions and applying histogram
equalization for each region. Although this method can improve detailed contrast more
than the global method, it has problems such as blocking or loss of harmony [21].

2.2.4. Histogram Equalization (HE)

This is a method to increase the contrast by making the histogram of the image uniform.
Although this method is simple and effective, it can cause color distortion or noise due to
changes in the average brightness of the image or excessive contrast increases [22].

2.2.5. Adaptive Histogram Equalization (AHE)

This is a method of dividing an image into smaller parts and applying histogram
equalization to each part. This method can improve local contrast, but it can amplify noise
or sharpen the boundaries between parts [23].

Among the various adaptive histogram equalization techniques, CLAHE (contrast
limited adaptive histogram equalization) is an image processing method that suppresses
noise while enhancing the contrast of an image [24]. The CLAHE technique achieves
equalization over the entire image by dividing the image into small blocks of uniform size
and performing histogram equalization on a block-by-block basis. When the histogram
equalization is completed for each block, the boundary between blocks is smoothed by
applying bilinear interpolation. The CLAHE method redistributes pixel values above a
certain height by limiting the histogram height before calculation. The transformed image
has characteristics similar to those of the actual image because it is converted in such a
way that it is robust to noise located in low-contrast areas. CLAHE is simple; processed
images can be reverted to their original form with the inverse operator, the properties of
the original histogram can be preserved, and it is a good way to adjust the local contrast of
an image. However, it increases noise when pixel intensities are clustered in very narrow
areas, and this can lead to the enhancement of the pixel intensity of missing parts (noise
amplification), and it is important to properly set parameters such as tileGridSize and
clipLimit [25].

Each of the above contrast enhancement techniques has advantages and disadvantages,
so the selection of an appropriate technique or the use of a combination of techniques is
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recommended. Recently, research and efforts to improve video images using deep learning
technology have been actively conducted [26,27].

2.3. Image Quality Assessment (IQA)

IQA is a field of computer vision research that focuses on evaluating image quality by
evaluating the degree of loss or degradation caused by various distortions such as blurring,
white noise, and compression. This task involves analyzing a given image and determining
whether it is of good or bad quality. The IQA algorithm quantifies the perceived visual
fidelity of an image by taking a random image as input and producing a quality score as
output [28,29]. There are three types of IQA: full-reference (FR), reduced-reference (RR), and
no-reference (NR) [30]. FR-IQA requires clean original images to evaluate image quality and
compares the distorted image to the original to provide a quality score. RR-IQA requires
some information from the original image and evaluates image quality based on features
extracted from both the distorted image and the reference image. NR-IQA does not require
any reference to the original image; it evaluates image quality using manually extracted
features from distorted images. NR-IQA methods require training, are label-dependent,
and are difficult to apply due to the subjective nature of image quality perception. As
a result, it may not be possible to generalize NR-IQA models trained on unstable labels
to diverse datasets. IQA methods include representative PSNR, SSIM, VIF, MAD, FSIM,
GSM, GMSD, and BRISQUE. In addition, algorithms which use machine learning or deep
learning, such as blind multiple reference images-based measure (BMPRI), DeepFL-IQA,
and DISTS, have been proposed due to the continuous development of artificial intelligence
technology [31–38].

2.4. Feature Point Detection and Matching

Feature point detection is the process of finding parts that express important infor-
mation or patterns within an image. This process aims to determine the local variation or
structure of an image, helping the computer to identify specific points within the image.
A typical procedure for feature point detection consists of five steps: image preparation
and preprocessing, scale space setup, feature value calculation, keypoint selection, and
duplicate removal and alignment. There are various representative algorithms, such as
SIFT, SURF, and ORB [39–41]. Recently, algorithms which use deep learning, such as Super-
Point, D2-Net, LF-Net, and R2D2, have been used [42–45]. Feature point matching is the
process of finding a corresponding feature point pair between two images by comparing
feature points extracted from different images or videos. There are various representative
algorithms, such as nearest neighbor (NN), k-nearest neighbors (KNN), and fast library for
approximate nearest neighbors (FLANN) [46–48]. Recently, deep learning-based feature
point matching algorithms such as SuperGlue, DeepCompare, and GeoDesc have been
developed and studied [49–51].

3. Preprocessing Process

The preprocessing process proposed in this paper was created using Python, and
Figures 2 and 3 show the preprocessing process diagram and flow chart. When an original
image is input through Figures 2 and 3, you can see the process by which the resulting
image is created through the stages of ‘Finding optimal values’, ‘Optimal image data
generation’, and ‘Quality & Similarity assessment’.

The first and second gray block steps in the flow chart are steps for extracting the
optimal values of ‘Cliplimit’ and ‘α (Brightness Addition)’. These steps are responsible
for creating contrast-enhanced images and searching for the values needed to improve
shadows or low-light areas, respectively. The third gray block step is responsible for
creating the optimal image based on the extracted values. The final gray block step is
responsible for evaluating how different the generated image is from the original image.
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3.1. Finding Optimal Values

Since the illumination or shadow area of an object in image data varies depending on
location, time, and environmental factors, it is necessary to find the optimal value when
applying contrast enhancement techniques. In this paper, OpenCV’s CLAHE algorithm
was applied to the preprocessing process as a contrast enhancement technique.

In the optimal value extraction step, the optimal value for the ‘contrast limit warning
value’, called cliplimit, and the ‘additional brightness(α)’ to be applied to improve the
shadow area are obtained.

The ‘cliplimit’ optimal value is obtained when the absolute brightness difference
between the original image and the simple CLAHE-applied image is calculated. The
variance of the pixel values is then calculated in the difference image, and this process
is repeated for the cliplimit parameter range (0–255). The maximum variance value is
designated as the optimal value.

In the CLAHE algorithm, as the value of the ‘cliplimit’ parameter increases, more
aggressive contrast enhancement occurs, and noise and artifacts may be excessively am-
plified. On the other hand, lower values may not improve contrast enough. The absolute
difference in brightness between the two images indicates how much the pixel values have
changed after the contrast enhancement. The variance calculation process is a measure
of how spread out the pixel values are from the average value, with high variance values
indicating a significant range of pixel values and low variance values indicating that the
pixel values are close together. So, the value that produces the highest variance for cliplimit
represents the optimal value because it represents the best balance between avoiding noise
and overamplification.

The formula for obtaining the optimal cliplimit value is as follows:

Optimal Cliplimit = max
(
∑range

C=0 Var( | IL − CLAHE(I, C)L|)
)

(1)

‘C’ is the cliplimit, the ‘Var’ function is the variance, ‘L’ is the brightness, and ‘I’ is the
original image.

For the optimal value of ‘additional brightness (α)’, edge-detection is performed on
the contrast enhancement image to which the cliplimit optimal value is applied, and the
sharpness and variance in the sharpness are calculated. The maximum variance value
obtained when this is repeated for the pixel range 0–255 is designated as the optimal value
for ‘α’.

Edge-detection highlights areas of an image that have large changes or abrupt tran-
sitions in intensity between objects or areas. Because the variance in sharpness indicates
how widely the sharpness values are spread throughout the image, a higher variance in
sharpness is optimal, as it captures both strong and subtle edges with varying levels of
edge enhancement. The Laplacian function was used as the edge-detection technique.

The formula for obtaining the ‘α’ optimal value is as follows:

Optimalα = max

(
range

∑
α=0

Var
(

S
(

CLAHE(I, OC)L+α

)))
(2)

‘α’ is the additional brightness, function ‘S’ is sharpness, and ‘OC’ is the optimal
cliplimit.

Looking at the graphs in Figures 4 and 5, in the case of cliplimit, it can be seen that the
variance value converges in a certain range, and in the case of α (additional brightness), a
downward graph is shown. This means that significant computational overhead can occur
if an unnecessary iterative process is performed in the process of extracting the optimal
value [52].
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edge-detection.

Therefore, specifying the optimal value extraction range through the image dataset
analysis process in advance can improve processing speed and prevent computational
overhead. In this paper, the optimal value extraction range is specified as cliplimit: 0~40;
α: 0~10.

3.2. Optimal Image Data Generation

When the optimal value is obtained, the following image generation process is per-
formed: (1) when the original image is input, non-uniform pixel values are evenly adjusted
and Gaussian blur processing is performed to mitigate noise; (2) after applying the contrast
enhancement technique (CLAHE) to the L (luminosity) channel of the lab channel using
the optimal ‘cliplimit’ value, it is converted to the RGB channel again; (3) the brightness
is increased according to the optimal ‘α’ value for the contrast-enhanced image; (4) the
saturation arithmetic is applied to the contrast-enhanced image to maintain image quality
by preventing the brightness or color values of the image data from changing too much;
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(5) the image is overlaid with the saturation arithmetic by applying alpha blending to the
original image.

Alpha blending is a display method that mixes the background RGB value and the RGB
value above it by assigning a new value called ‘Alpha’ to the computer’s color expression
value ‘RGB’ for a light effect when another image is overlaid on top of the image. Alpha
blending is applied because in the case of an image to which a simple contrast enhancement
technique is applied, pixels are often damaged to improve contrast, resulting in noise areas
and degrading data quality.

In this paper, alpha blending was applied to the original image and the contrast-
enhanced image by specifying a ratio of 0.5, and through Figure 6 it can be seen with the
naked eye that the degree of image damage is reduced when alpha blending is applied.
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The core goal of the algorithm proposed in this paper is to improve problem areas
caused by light or lighting conditions and improve quality by preserving similarity to
the original image while minimizing pixel damage. This has the effect of overcoming the
disadvantages of existing image contrast enhancement technologies, which require the
setting of appropriate hyperparameters because the contrast of input image data varies
depending on the lighting environment.

Figure 7 shows the resulting image at each stage of optimal image creation. As the
creation stage progresses, the changes between the input and the results can be checked.
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3.3. Quality and Similarity Assessment

The generated optimal image may look improved to the naked eye, but it is not
completely free from noise and image quality loss, which are chronic problems of contrast
enhancement techniques. Therefore, it is necessary to evaluate quality and similarity
through a comparison with the original image. In this quality verification and similarity
evaluation step, PSNR and SSIM, which are representative IQA algorithms, and LoFTR, a
feature point matching algorithm, are applied.

PSNR (peak signal-to-noise ratio) is an indicator that measures quality by calculating
the mean square error between the original image and the compressed image. It is mainly
used when evaluating image quality loss information in image or video lossy compression
and is expressed in decibels (db) [53].

PSNR = 10log
S2

MSE
(3)

In Equation (3), MSE (mean square error) is a value obtained by taking an average
of the square errors, and S is the maximum value of a pixel. The higher the PSNR value,
the lower the loss compared with the original video. In this paper, only images over 25 db
were evaluated as optimal images [54].

SSIM (structural similarity index measure) is a method devised to evaluate the differ-
ence according to human visual quality rather than numerical error, and it compares the
similarity of two images using three elements: luminance, contrast, and structure [55].

SSIM(x, y) = l(x, y)α·c(x, y)β·s(x, y)γ=

(
2µxµy + C1

)(
2σxy + C2

)(
µ2

x + µ2
y + C1

)(
σ2

x + σ2
y + C2

) (4)
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The SSIM value is between 0 and 1, and the closer it is to 1, the higher the similarity.
In this paper, only images with SSIM values of 0.75 or higher were evaluated as optimal
images. In addition to PSNR and SSIM, there are many types of IQA algorithms, and since
the performance, strengths, and weaknesses of each are different, it is good to select an
algorithm suitable for the purpose.

LoFTR (detector-free local feature matching with transformers) was used as a feature
point matching algorithm. Existing local feature matching methods rely on detecting key
points in images, which can be a tricky and computationally expensive task, especially
when dealing with low-texture or repetitive regions. On the other hand, LoFTR is an
approach to local feature matching in computer vision which uses a transducer-based
architecture that does not rely on explicit key point detection, unlike conventional methods.

LoFTR encodes pairs of image patches into feature vectors and predicts the cor-
respondence between them. Unlike density methods, which use cost volumes to find
correspondences, LoFTR uses self- and cross-attention layers in the transformer, which
conditionally depend on the two images, to obtain a feature descriptor. The global receptive
field provided by the transformer allows feature detectors to produce density matches
in low-texture regions where it is usually difficult to create repeatable points of interest.
The method is trained end-to-end on large datasets and has achieved high performance in
experiments on indoor and outdoor datasets. LoFTR is a local feature matching solution
that is particularly useful for matching images with low texture or repetitive regions, and it
can reduce computational costs and improve the accuracy of the matching process.

Matching Accuracy = 100× Count(Correct Matching Points)
Count(All Matching Points)

(5)

Figure 8 is the feature point matching image obtained using LoFTR. When feature
point matching was performed on multiple objects, including the same object, using LoFTR,
acciracy was measured using Equation (5) and showed high performance, as shown in the
results in Figure 8. The accuracy of feature point matching can be determined by dividing
the correctly matched feature points by the number of all matched feature points. In this
paper, the optimal image was evaluated based on a matching rate accuracy of 95%.
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4. Training Datasets and Object Recognition Task Performance
4.1. Training Datasets

Before applying to the task, let us take a look at the datasets to be applied to the
experiment. X-rays, fruit tree data (apples, grapes), and marine deposited waste were
selected as datasets to be applied in the experiment.

4.1.1. X-ray Dataset

X-ray data were selected because contrast enhancement technology is actively be-
ing applied to increase diagnostic accuracy in the medical field, and in this paper, the
performance of the classification task was used for measurement [56]. The X-ray dataset
consisted of a total of 159,770 images, 512 × 512 in size, and these were divided into
3 classes (COVID-19, pneumonia, normal). The original dataset and preprocessed images
were applied.

4.1.2. Fruit Tree Dataset

Fruit receives sunlight, and the pulp (the soft inner part of fruit) grows to become a
commercial fruit. However, fruit trees sometimes cover their fruits to prevent sunlight from
reaching them. In addition, since data may be obtained from fruit trees in many different
outdoor environments, object information appears differently by light depending on the
position of the sun, and there may be a number of shaded areas, such as shadows. This
presents difficulties for object detection and segmentation tasks. The fruit tree dataset is
divided into two data types (apples and grapes) and consists of images of a single class
of apples and a single class of grapes [57,58]. The apple tree dataset consists of a total of
778 images each of the original dataset and the images with preprocessing applied, and
the images are 1280 × 960 in size. The grape tree dataset consists of images to which the
original dataset and the preprocessing process were applied. Object detection: 2099 sheets,
1280 × 720 in size.

4.1.3. Marine Deposited Waste Dataset

The special and very irregular view in parts of the ocean where light does not enter
is often narrow and blurry due to various environmental factors (wind, region, seabed
composition, tide, season, ecological environment) [59]. In addition, since most of the
long-deposited waste is assimilated by nature, it is difficult to find and predict the size in
many cases. This presents difficulties for object detection and segmentation tasks. As one
goes deeper, the incoming light decreases and the pressure becomes stronger, so unmanned
vehicles such as underwater drones play a role in areas where people cannot go due to
increased risk. Since it is very important to measure the exact size of waste in the process of
pre-exploration for waste collection, the marine deposited waste dataset was designated as
a learning dataset [60]. There are various types of marine deposited waste, but waste fishing
gear such as tires, fish traps, rope, and fish nets, which causes great damage to the fishery
industry, was selected as a class. The dataset is as follows: object detection: 8781 pieces of
the original dataset; instance segmentation: 2689 pieces of the original dataset. The images
to which the preprocessing process was applied were 1920 × 1080 in size.

4.2. Classification Task Performance

A convolutional neural network (CNN) was used as a learning model to classify
diseases in the X-ray dataset, and the architecture was constructed as shown in Figure 9 [61].

Training was conducted with three epochs (10, 30, 50), a batch size of 256, and a
learning rate of 1 × 10−4.

Figure 10 shows graph images of the X-ray dataset loss by epoch. Through the graphs,
we can see that as the epoch increased, the loss steadily decreased. This means that the
model’s performance on the training data gradually improved, overfitting or underfitting
problems did not occur, and the training data were sufficient and diverse, enabling the
model to express the training data appropriately. This shows that the appropriate learning
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rate was set. Table 1 shows the accuracy with which the model diagnosed 30,000 test images,
which is 20% of the dataset, based on the learned result weights. During the test process,
both the original and contrast-enhanced datasets achieved the best performance, and as
the epoch increased, the accuracy of the contrast-enhanced dataset improved. Although
we achieved over 99% accuracy with 10 epochs, we attempted to secure reliability in
accuracy through follow-up training, and the accuracy improved, albeit slightly. Above
all, this suggests that when the preprocessing process proposed in this paper is applied to
object tasks, performance does not decrease, and the existing performance can at least be
maintained and improved.
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Table 1. CNN model training accuracy for original and contrast-enhanced X-ray dataset.

Original Dataset Contrast-Enhanced

Epoch 10 99.48% 99.47%
Epoch 30 99.9% 99.92%
Epoch 50 99.92% 99.94%

The maximum epoch limit was set to 50 because it was based on the application
of the same epoch value in the same hardware environment of the deep learning model
used in each task. In addition, the performance of the deep learning models increased as
the number of epochs increased, but since the size of the learning result weight was also
proportional, it consumed a lot of hardware resources (to obtain improved learning results
with fewer epochs).

4.3. Object Detection Task Performance

The deep learning model used for the fruit tree (apple, grape) and marine deposited
waste datasets was a YOLOv5 model, which are widely used in object detection; specifically,
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the ‘m’ model was used [62]. The epochs were set to 10, 30, and 50, the batch size was 64,
and the image size was set to 640 for training. In the validation and testing process after
training, objects were detected based on a confidence threshold of 0.7.

Figure 11 shows that in the case of the grape and marine deposited waste data, the
mAP improvement value decreased as the epochs increased. Unlike the apple data, which
had a standard round shape, these had an atypical shape, and there were many objects
with various shapes, so the mAP improvement tended to be low. As the epochs increased,
all three dataset graphs showed mAP values increasing stably, and there was no significant
difference in mAP performance between the original and contrast-enhanced dataset.
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However, as Figures 12 and 13 show, improved results can be obtained in areas with
shadows or low contrast, or in environments with blurred vision. The apple and grape
object detection results in Figure 12 show that when detecting based on a confidence thresh-
old of 0.7, one can see improved results, i.e., the detection of apples hidden in the shadow
area and grapes located relatively behind. The marine deposited waste object detection
results in Figure 13 with improved contrast show that objects can be identified more clearly
even with the naked eye, and the object detection predicted value also improved by about
0.7 on average.
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4.4. Instance Segmentation Task Performance

In the segmentation task, You Only Look At CoefficienTs (YOLACT), a real-time
instance segmentation model, was used [63]. During the model training process, the epochs
was set to 10, 30, and 50, and the batch size was set to 8. In the validation process, top_k
(limiting the number of objects in the prediction result) was set to 15 and the confidence
threshold was set to 0.7.

Tables 2–4 are mask mAP tables according to IoU for each epoch of the apple, rope,
and fish net objects after training. When comparing the original and contrast-enhanced
datasets, it can be seen that the overall difference in mask mAP for each object is not large,
and the performance of the contrast-enhanced dataset is relatively high.

Table 2. Mask mAP table according to IoU for each apple object epoch.

Object:
Apple

IoU→
Epoch↓ All 50 55 60 65 70 75 80 85 90 95

10 11.49 26.1 24.42 21.63 17.32 12.85 8.29 3.3 0.93 0.02 0
Original 30 11.05 25.33 23.4 20.61 16.71 12.19 8.1 3.33 0.84 0.02 0

50 15.2 26.53 25.54 24.38 22.75 20.5 17.53 10.89 3.75 0.17 0

Contrast-
Enhanced

10 11.11 25.54 23.95 20.94 17.1 12.15 7.42 3.23 0.79 0.02 0
30 16.09 27.29 26.58 25.52 24.02 21.61 17.79 12.41 5.33 0.31 0
50 15.67 25.85 25.48 24.76 23.33 21.76 17.87 12.27 5.06 0.28 0

Table 3. Mask mAP table according to IoU for each rope object epoch.

Object:
Rope

IoU→
Epoch↓ All 50 55 60 65 70 75 80 85 90 95

10 2.34 8.72 5.33 3.61 2.28 1.84 1 0.42 0.18 0.02 0
Original 30 6.35 19.19 14.62 10.62 6.84 5.1 3.68 2.17 1.25 0.01 0

50 6.9 23.26 17.52 12.28 7.68 4.41 2.51 1.03 0.28 0.06 0.01

Contrast-
Enhanced

10 2.78 9.44 6.68 5.08 3.09 1.95 1.37 0.15 0.02 0.01 0
30 6.58 19.46 15.81 11.08 8.09 5.04 3.75 2.07 0.45 0.09 0
50 6.96 21.36 16.79 11.71 7.44 4.95 3.29 1.85 1.19 0.99 0

Table 4. Mask mAP table according to IoU for each fish net object epoch.

Object:
Fish
Net

IoU→
Epoch↓ All 50 55 60 65 70 75 80 85 90 95

10 9.94 22.55 22.04 21.03 15.74 9.11 5.93 2.89 0.08 0.08 0
Original 30 14.33 26.55 25.8 24.6 19.03 18.06 16.63 8.84 3.05 0.64 0.07

50 14.25 28.69 21.89 21.89 19.74 18.94 15.25 9.03 4.57 2.18 0.27

Contrast-
Enhanced

10 10.55 26.44 23.22 19.83 13.76 8.05 7.88 4.56 1.66 0.07 0
30 14.24 28.75 24.38 21.49 19.09 18.78 12.9 11.99 4.53 0.41 0.08
50 16.58 30.14 28.29 27.54 25.21 19.49 18.23 11.75 4.5 0.54 0.12

Figures 14–16 show images of the instance segmentation results for each object. In
Figure 14, you can see that in the case of the apples, while maintaining the existing segmen-
tation performance, the apples in the shadow area, or those that are hidden, are captured,
and the mask recognition performance is also increased to enable more accurate size pre-
diction. For the rope and fish nets, which have atypical shapes, object size prediction
performance improvements were confirmed in in environments with little light and poor
viewing conditions through segmentation for each epoch.
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5. Conclusions

In this paper, we proposed a contrast enhancement-based preprocessing process which
uses the CLAHE algorithm to obtain improved results in object tasks by improving problem
areas caused by light or lighting conditions. The preprocessing process extracts the optimal
‘cliplimit’ and ‘additional brightness (α)’ values, generates optimal image data based on
these, and then proceeds with the quality and similarity measurement process.

The optimal values refer to the absolute brightness difference between the two images
(original and contrast-enhanced) and the maximum value of the variance for sharpness, re-
spectively. The generated image has optimal contrast enhancement and brightness control,
making it more suitable and easier to use for object recognition than the original image,
and it has a pixel environment more similar to that of the original image than those of the
images generated through most contrast enhancement algorithms. Deep learning models
used in object recognition tasks rely heavily on learning data, and environmental simi-
larities between learning data and input data can also affect performance. Therefore, the
proposed preprocessing process can be used not only for generating learning data, but also
as a preprocessing process for input data in the object task process, and experiments were
conducted by applying the preprocessing process to learning and input data. Object tasks
include classification, detection, and segmentation, and CNN, YOLOv5, and YOLACT mod-
els were used for these, respectively. The X-ray, apple, grape, and marine deposited waste
datasets were selected as training datasets based on the need for technology to improve
contrast. As a result of the experiment, the performance of the original datasets was high in
three tasks. However, when comparing the object task performance of the original dataset
with that of the contrast-enhanced datasets to which this paper’s preprocessing process was
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applied, improvements were observed in areas such as shadows or contrast phenomena
while the existing performance was maintained or improved. In the classification task,
the average accuracy was slightly improved, and in the object detection task, additional
objects were detected in shadows or low-light areas and the detection rate was improved.
In the segmentation task, the size of the object was segmented more accurately than in the
original dataset. Through this, it will be possible to improve results not only for the dataset
used in this paper, but also for datasets that require contrast enhancement. The proposed
preprocessing process builds a similar environment through improved learning data and
input data in the object recognition task process, and it suggests that more accurate results
can be obtained.

In future research, we plan to study preprocessing process optimization and applica-
tion methods that can be applied to hardware that requires low resources, such as robots
and unmanned vehicles.
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