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The pedestrian detection model has a high requirement on the quality of the dataset. Concerning this problem, this paper uses
data cleaning technology to improve the quality of the dataset, so as to improve the performance of the pedestrian detection
model. The dataset used in this paper is obtained from subway stations in Beijing and Nanjing. The data images’ quality
is subject to motion blur, uneven illumination, and other noisy factors. Therefore, data cleaning is very important for this
paper. The data cleaning process in this paper is divided into two parts: detection and correction. First, the whole dataset
goes through blur detection, and the severely blurred images are filtered as the difficult samples. Then, the image is sent
to DeblurGAN for deblur processing. 2D gamma function adaptive illumination correction algorithm is used to correct the
subway pedestrian image. Then, the processed data is sent to the pedestrian detection model. Under different data cleaning
datasets, through the analysis of the detection results, it is proved that the data cleaning process significantly improves the
detection model’s performance.

1. Introduction

Researches regarding data cleaning are first appeared in the
United States, on the correction of social security number
errors. The early research on data cleaning mainly focused
on information data. The main research contents are as fol-
lows: (1) detection and elimination of abnormal data; (2)
detection and elimination of approximate duplicate data;
(3) data integration; (4) domain specific data cleaning.

Big data is the symbolic representation of this information-
driven world. It has four characteristics: volume, variety, value,
and velocity. It is gradually independent of software products
and even dominated the development of some software prod-
ucts, such as Hadoop, Oracle, Hive, and Spark. Today, people
can obtain massive amount of data from a variety of ways. After
obtaining data, we often need to process them differently
according to our specific purpose and extract valuable informa-
tion from them. In order to get valuable information to meet
people’s needs, the data obtained should be reliable and accurate
in reflecting the actual situation. However, the first-hand data

we are able to collect is often dirty. Dirty data refers to inconsis-
tent, inaccurate data resulting from human errors. Dirty data
itself has the characteristics of inconsistency and inaccuracy,
which directly affect its explicit and implicit value, that is,
directly affect its quality [1].

The steps of data cleaning can be divided into the follow-
ing steps:

(1) Demand analysis. The purpose of this stage is to
clarify the format of effective data by analyzing the
application field and application environment of
the data and then the goal of data cleaning [2]

(2) Preprocessing. Through data analysis technology, we
identify the quality problems existing in the dataset
and summarize information regarding data’s quality

(3) Determination of cleaning rules. This part analyzes the
root causes of noise to define data cleaning rules. Dif-
ferent datasets have different characteristics, so the
rules need to be selected to suit specific dataset [3]
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(4) Cleaning and correction. This part involves cleaning
the data according to the defined cleaning rules,
using related technologies to correct the dirty data,
and meeting the requirements of demand analysis.
There are two general divisions among common
data cleaning methods: repeated data detection and
outlier data detection [4]. Repeated data detection
includes field-based detection algorithm Levenshtein
distance algorithm [5] and cosine similarity function
algorithm. Levenshtein distance algorithm is easy to
implement. Cosine similarity algorithm is more used
to detect text similarity. The smaller the value of sim-
ilarity measure obtained by this algorithm, the more
similar the individuals are. Record-based detection
algorithms include N-grams algorithm, clustering
algorithm, SNM algorithm, and MPN algorithm
[6]. N-grams algorithm generates a hash table and
then judge the similarity between records according
to the hash table; clustering algorithm classifies sim-
ilar data into one class through calculation. The
implementation of SNM algorithm is relatively easy,
but it depends on keywords to a large extent and has
strong dependency. The advantage of MPN algo-
rithm is that it can collect the repeated data more
comprehensively, but it is more cumbersome to
use. Outlier detection is used to detect objects that
are significantly different from other data point-
s—outliers. Outlier detection algorithms mainly
include the algorithm based on aggregate model,
the algorithm based on proximity, the algorithm
based on density, and the algorithm based on clus-
tering [7]. The detection steps based on the statistical
model algorithm are as follows: first, the data model
is established, then the detection algorithm conducts
analysis according to the model to identify outliers.
Proximity-based algorithms define the proximity
between objects. The core of density-based algorithm
is to detect the local density of an object. When its
local density is lower than that of most objects in
the neighborhood, it is judged as an outlier.
Cluster-based algorithms are used to find groups of
objects that are locally strongly related, while outliers
are objects that are not strongly related to other
objects. After the test is completed, correct the wrong
data according to the test results to achieve the pur-
pose of cleaning

(5) Verification. Finally, the corresponding calibration
operation is used to verify whether the cleaned data
meets the requirements. If it does not meet the task
requirements, the cleaning rules needs to be modi-
fied, the data cleaning process should be repeated,
and the results can be verified and evaluated again.
R-CNN [8] (region-based convolutional neural net-
works) algorithm, which was proposed in 2013, is a
region-based CNN, which can be applied to the
industrial field. Later, the region-based CNN has
been further optimized, resulting in many better per-
formance region-based convolutional neural net-
works, for example, the current mainstream
detector: faster R-CNN [9]. The detector based on

deep learning learns the features of the target auton-
omously through the backbone network in the train-
ing process while the traditional algorithm needs
manually set features. The method based on deep
learning is more robust and is easier to generalize

With a large number of scholars dedicated to this field,
the algorithm is being improved continuously at present.
On the contrary, the performance of the model is limited
at the data level. Right now, the data quality of pedestrian
datasets KITTI [10], Caltech [11], and CityPersons [12] pub-
lished is relatively general, which means it is usually affected
by uneven illumination and motion blur, the two prominent
problems.

This paper designs the following steps through the data
cleaning of the collected mass subway pedestrian pictures.

(1) Demand analysis. In view of these two prominent
problems, this paper collects, cleans, and makes a
dataset of subway pedestrians from real life scenes.
Aiming at the image quality requirements of subway
pedestrian detection task, we produce a high-quality
subway pedestrian dataset

(2) Preprocessing. In the preprocessing step, the vari-
ance of the image is calculated according to the
Laplace operator, the degree of blur of the image is
identified, and the distribution of fuzzy image and
clear image in the collected image is statistically
analyzed

(3) Set cleaning rules. In this paper, a threshold is set
according to the preprocessing results. If the vari-
ance of the image is less than the threshold, it will
be regarded as a fuzzy image and its data will be
cleaned

(4) Cleaning and calibration. For blurred images, this
paper uses a DeBlurgan network for deblurring; for
images with uneven illumination distribution, the
illumination intensity is adjusted adaptively by using
two-dimensional gamma function

(5) Check. In this paper, the dataset obtained by using
different data cleaning rules will be sent into the clas-
sical YOLOV3 network to test the performance of
the model and analyze the effectiveness of the data
cleaning method used in this paper in the pedestrian
detection task

The structure of this paper is as follows: the second sec-
tion is the introduction and quality analysis of the dataset.
The third section is the method of data cleaning and verifi-
cation we used. The fourth section is the experimental
design and results, and the fifth section is the conclusion of
this paper.

2. Dataset

2.1. Subway Pedestrian Dataset. Due to the relatively dense
number of passengers in the subway station and the height
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and angle of the monitoring camera, when the crowd is
dense, pedestrian’s trunk is easy to block each other, and
the head-shoulder positions are generally relatively com-
plete. Therefore, the detection model based on the head-
shoulder positions is established for the detection of pedes-
trians. Subway pedestrian dataset was collected by monitor-
ing video of Beijing subway station. First, the video data was
read in frame by frame, and the generated pictures were
stored locally in JPG format. With reference to the format
of VOC2007 dataset, a total of 17774 original pictures of
multiple scenes were processed and annotated.

Our dataset is a pedestrian dataset obtained from subway
station, which contains a large number of occlusion scenes.
It can effectively evaluate the robustness of the detector to
occlusion problems. It contains a total of 9,000 images in
training set. These pictures are all from some subway sta-
tions in Beijing and Nanjing. The average number of pedes-
trians per picture is 13.36, more than Caltech and
CityPersons. As shown in Table 1, our dataset is more chal-
lenging than the Caltech and CityPersons benchmark
datasets.

Subway pedestrian dataset was made, and labelme soft-
ware was used to mark the pedestrian head-shoulder posi-
tions with a rectangular frame. The marking box should
contain as much pedestrian head and shoulder positions as
possible while containing as little background information
as possible. The obtained subway pedestrian dataset contains
the passenger flow situation at different times and places in
the subway station. When annotated, XML files are gener-
ated in the same folder; as shown in Figure 1, the labelme
software and the information are contained in the XML file.

2.2. Quality Analysis of Dataset. The collected subway pedes-
trian images are inevitably affected by various factors in the
process of acquisition, storage, and transmission. And then
produce different types of distortion and different degrees
of distortion, in which blur distortion is the most common.
Blur distortion leads to the degradation of image quality,
which affects the accuracy of pedestrian detection. So, we
use the method of blur detection to analyze the image quality
of the dataset.

This paper uses Laplacian function of OpenCV to
detect image blur. Because Laplacian operator is used to
measure the second derivative of the image, it can empha-
size the region with fast changing density in the image,
that is, the boundary region. In the general picture, the
boundary is clear, so the variance will be larger; however,
there is little boundary information in the blurred image,
so the variance will be small. Firstly, a channel of the
image is selected and convoluted with 3 ∗ 3 convolution
kernel to calculate the variance of the output. The formula
of convolution is shown as

ð‐∞
+∞

f tð Þy x − tð Þdt: ð1Þ

f ðtÞ represents the convolution kernel, and yðx − tÞ
represents a channel of the image.

If the variance is less than the set threshold, it is regarded
as a blurred image. We set the threshold value to 40. If the
function return value is less than 40, it is considered as a
blurred image. If the function value exceeds 40, it is a clear
image. At the same time, we divide the blurred image into
different grades. The range of 0-10 is regarded as level 1 blur;
10-20 is two-level blur; 20-30 is grade 3, and 30-40 is grade
4.

We analyze the image quality of all the datasets. The
images with variance greater than 40 are regarded as clear
images, and the images with variance less than 40 are proc-
essed for subsequent deblurring.

As shown in Figure 2, there are four levels of blur distri-
bution in the subway pedestrian dataset. It can be seen from
the observation that a large number of images are gathered
in the first and second levels of blur, so it is necessary to
deblur the dataset. More than 60% of the images in subway
pedestrian dataset are blurred. A large number of blur sam-
ples will affect the training effect of the network, so it is nec-
essary to deblur the images in the dataset.

3. Data Cleaning Algorithm

3.1. DeblurGAN. Motion blur image is generated by relative
movement of equipment and target during image acquisi-
tion process. In subway station, the monitoring camera is
generally on the high place with a certain inclination angle.
When making datasets by intercepting monitoring video
frames, the blurred picture will appear when passengers
move quickly, which not only affects the image quality, but
also makes it difficult to detect pedestrians.

DeblurGAN, an end-to-end learning method for gener-
ating network and content loss based on conditional antag-
onism, removes blurring of images due to pedestrian
movements. When the image to be detected is blurred, first,
blurring the image can improve the accuracy of pedestrian
detection.

The blurring of the image can be seen as the convolution
of the original image and the convolution kernel plus addi-
tive noise. It can be expressed as

IB = k ∗ IS +N: ð2Þ

IB and IS represent blurred image and clear image,
respectively; k is unknown blur kernel; N is additive noise.
Most algorithms rely on the classic Lucy Richardson algo-
rithm [13] and Wiener or Tikhonov filter to perform decon-
volution operation and obtain the estimation [14], which is
to restore the blurred image with known blur kernel. But
usually, the blur function is unknown, so it is uncertain to
find the blur function for each pixel. DeblurGAN processes
the blurred image IB as input without information about
the blur kernel to get a clear image IS. In DeblurGAN train-
ing phase, CNN is trained as generator network Gθ and dis-
criminator network Dθ by constructing Generative
Adversarial Network, with pairs of blur image and clear
image as input, and finally, clear image is reconstructed
through the means of adversarial. After the training, the
whole process of deblurring is completed by the trained
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network Gθ. In this case, only the input blurred image IB is
restored to get a clear image IS, so as to achieve the result
of motion blur removal.

DeblurGAN’s loss function consists of two parts: antiloss
LGAN and content loss Lx. It can be expressed as

L = LGAN + αLx: ð3Þ

α is 100 in this deblurring experiment, which means the
weight of content loss. WGAN-GP is used as the antiloss
function, which is robust to the training of the generated

network. It can be expressed as

LGAN = 〠
N

n=1
−Dθ Gθ IBð Þð Þ: ð4Þ

Content loss uses the perceptual loss function, which is a
simple L2 loss. The difference of each layer’s feature map
between the generated image CNN and the target image
CNN is calculated, and the final cumulative error is the per-
ceptual loss. The calculation in Equation (5) shows that ϕi,j is
the feature map obtained by the i activated convolution layer
before the j largest pooling layer of vgg19 network trained
on ImageNet dataset; Wi,jHi,j represents the dimension of
the feature map.

Lx =
1

Wi,jHi,j
〠
W

x=1
〠
H

y=1
ϕi,j ISð Þx,y − ϕi,j Gθ IBð Þð Þx,y

� �2
: ð5Þ

3.2. 2D Gamma Function. In subway stations, pedestrians
block each other, and different areas have different light irra-
diation intensity, which often leads to uneven illumination
around pedestrians. This is mainly reflected in the insuffi-
cient illumination in some areas of the image, and the exces-
sive illumination in some areas of the image. Some image
details cannot be extracted in the test, which seriously affects
the pedestrian detection results. Therefore, it is necessary to
correct the uneven illumination of subway pedestrian image
to eliminate the influence caused by uneven illumination as
far as possible.

Generally speaking, the digital image can be regarded as
a 2D function f ðx, yÞ, which is obtained by multiplying the
incident light component iðx, yÞ and the object surface
reflection component rðx, yÞ,

f x, yð Þ = i x, yð Þ ∗ r x, yð Þ: ð6Þ

The spatial relationship is shown in Figure 3. For
images with uneven illumination, it is the uneven distribu-
tion of incident illumination component that causes the
image brightness value to be too large in areas with strong
illumination, while the image brightness value in areas
with weak illumination is too small. It is very important
to extract the incident light component from the illumina-
tion correction of the image with uneven illumination. The
illumination component is extracted by multiscale Gauss-
ian function and the Gaussian function formula as shown

Table 1: Our dataset compare with public benchmark datasets.

Caltech KITTI CityPersons COCOPersons Our datasets

Images 42,782 3,172 2,975 64,115 9,000

Persons 13,674 2,322 19,238 257,252 120,325

Person/image 0.32 0.63 6.47 4.01 13.36

Figure 1: labelme software.
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in Equation (7).

G x, yð Þ = λ exp −
x2 + y2

c2

� �
, ð7Þ

where c is the scale factor and λ is the normalization con-
stant, and the Gaussian function is required to meet the
normalization condition ∬Gðx, yÞdxdy = 1. The Gaussian
function is convolved with the input image Fðx, yÞ to
obtain the estimated value of the illumination component
Iðx, yÞ = Fðx, yÞGðx, yÞ. The multiscale Gaussian function
method is adopted to extract the illumination component
by using the Gaussian function of different scales, and
then, the illumination component is weighted. Finally,
the estimated value of the illumination component is
obtained. The formula is shown in Equation (8), which
ωi represents the weight coefficient of the illumination
component corresponding to the Gaussian function of
the i scale.

I x, yð Þ = 〠
N

i=1
ωi F x, yð ÞGi x, yð Þ½ �: ð8Þ

After the illumination component is extracted, an
adaptive brightness correction method based on the 2D
gamma function is constructed. According to the distribu-
tion characteristics of the illumination component, the
parameters of the 2D gamma function are adjusted adap-
tively, and the image with uneven illumination is cor-
rected, so as to reduce the brightness value of the area
with too strong illumination and increase the brightness
value of the area with too low illumination, so as to
achieve the effect of processing the image with uneven
illumination. This allows the model to learn more details
about the dark parts of the image. For the input image
Fðx, yÞ, assuming that the extracted illumination compo-
nent is Iðx, yÞ, the improved 2D gamma function expres-
sion is shown in Equation (9), which Oðx, yÞ represents
the brightness value of the corrected image, γ represents
the index value of brightness enhancement, and m repre-
sents the mean brightness value of the illumination com-
ponent.

O x, yð Þ = 255 F x, yð Þ
255

� �γ

, γ = 1
2

� � m−I x,yð Þð Þ/m
: ð9Þ

3.3. Pedestrian Detection Based on YOLOV3. Object detec-
tion algorithms based on deep learning mainly include two
types, one based on anchor frame and divided into two
stages and one stage. Two-stage detection methods, such
as RCNN series et al. [15, 16], first generate a group of
candidate bounding boxes that may contain targets by
using the region proposal module and then classify and
regression these borders by using deep convolutional neu-
ral network [17, 18]. One-stage detection methods, such as
YOLO series [19, 20] and SSD [21], unify all modules of
target detection into a single convolutional network,
enabling it to simultaneously predict the probability of
multiple bounding boxes and categories. The other is
anchor-free detection method, such as CornerNet [22]
and ExtremeNet [23]. As a one-stage object detection
method, YOLOV3 can locate the object in the input image
and predict its category at the same time, thus transform-
ing the object detection problem into a regression prob-
lem. The overall detection process of its network is
shown in Figure 4.

We use the PyTorch framework, and the resolution of
the input image is 416 ∗ 416. After passing through multiple
convolution layers, the data of three scales will be output. If
we use the COCO dataset, there are 80 categories, namely,
(N,255,13,13), (N,255,26,26), and (N,255,52,52). Since there
is only one type of target to be detected in subway pedestrian
detection process (marked with head-shoulder), the number
of output categories of YOLOV3 network is 1 by modifying
the length of network prediction tensor is 18, and the three
scales are (N,18,13,13), (N,18,26,26), and (N,18,52,52),
respectively. Each figure is divided into 3 priori box posi-
tions on the grid of 13, 13, 26, 26, 52, and 52.

4. Experimental Results and Analysis

4.1. DeBlurGAN Removes Blur. The entire structure of the
DeBlurGAN training network for motion blur removal is
shown in Figure 5, where the generator network takes the
blur image as input and produces the reconstructed image.
During training, the discriminant network takes the recon-
structed image and the original clear image as input and esti-
mates the distance between them. The generator network
structure, shown in Figure 6, consists of two step convolu-
tion blocks with one half of the stride size, nine residual
blocks (ResBlocks), and two transpose convolution blocks.
Each ResBlock consists of a convolution layer, an instance
normalization layer, and a ReLU activation layer. Add a
missing regularization with a probability of half after the first
convolution layer in each ResBlock. In addition, there is a
global skip connection called ResOut. The DeBlurGAN dis-
criminator network architecture still uses Patch⁃GaN from
Pix2Pix. In this paper, through the use of GoPro dataset
(part), a total of 1146 pairs of 720 ∗ 720 blur-clear image
pairs were taken from different scenes, 200 iteration training
was carried out in the TensorFlow framework of Linux sys-
tem, and the training result model was saved every 20 times
by modifying the network settings. For the blur image of
subway pedestrians, there is no image processing and no
corresponding clear image, so the supervised method cannot

i (x, y)

r (x, y)

f (x, y)

Figure 3: Spatial relation of object illumination.
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be used to conduct deblurring training on this dataset. How-
ever, the dataset is derived from the actual subway scene that
needs to be deblurred and has practical application signifi-
cance, so it can be used as a test dataset. By calling the train-
ing model of subway pedestrian to deal with the blur dataset,
to the whole process of blur network of training alone,
because the original network output picture image resolu-
tion is relatively low, the changes to the network are not
reducing image characteristics to the original size to save
to the pedestrian subway after blur images.

DeblurGAN was used to process the subway pedestrian
dataset to obtain the deblurted image (as shown in
Figure 7). It can be seen that compared with the original
Figure 7(a), the deblurted image in Figure 7(b) is clearer,
the detailed texture in the image is more prominent, and
the pedestrian contour on the left of the image is more obvi-
ous. It is convenient to detect the head-shoulder of pedes-
trians in the image. In Figure 8, the model obtained from
image training before and after deblurring is detected
through the pedestrian detection network. As shown in
Figure 8(a), the two pedestrians at the bottom of the image
are not detected. As shown in Figure 8(b), the texture details

are more visible in the deblurred image, so they are success-
fully detected.

4.2. Adaptive Luminance Correction Algorithm for Two-
Dimensional Gamma Function. Using multiscale Gaussian
function to extract the subway dataset nonuniform illumina-
tion image of light weight, structure based on 2D adaptive
brightness adjustment function of the Gamma function,
and using the distribution characteristics of light weight
adaptively adjust the 2D gamma function parameter and
adaptive correction in nonuniform illumination image pro-
cessing. On the premise of effectively retaining the effective
information of the original image, the purpose of correcting
the image with uneven illumination can not only effectively
improve the visual effect of the pedestrian detection image
but also find more details of the dark place in the image.
The RGB color space of the input pedestrian detection image
is transferred to the HSV space, and the V (brightness) com-
ponent of the HSV space is operated without affecting the
color information of the image. The multiscale Gaussian fil-
ter of Retinex is used to obtain the incident light component,
and then, the 2D gamma function is used. The image
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Figure 4: Detection process of YOLOv3.
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brightness is corrected by changing the brightness, and then,
the image is synthesized with T(tonal) and S(saturation)
components, and then, the image is returned to the RGB
color space to output the corrected image of uniform illumi-
nation. In this paper, the illumination correction program
was written by MATLAB under Windows to deal with the
image dataset of subway pedestrians with uneven illumina-
tion in batches. In order not to affect the subsequent entry
into the object detection network, the illumination correc-
tion pictures were saved in full size. The algorithm flow chart
is shown in Figure 9.

The illumination component is extracted from
Figure 10(a) of subway pedestrians with uneven illumination
to obtain the Figure 10(b) of the corresponding light compo-
nent. As shown in Figure 10(a), the brightness of the middle

part of the original image is larger due to the illumination of
subway lights, while the brightness is darker if there is no
direct illumination around. The middle part of the
Figure 10(b) after the illumination component is also larger.
Figure 10(c) of illumination correction processing was
obtained by self-adaptive correction processing. Compared
with the original image, the brightness of the middle part
decreased, and the brightness of the four corners increased
significantly.

After testing the model obtained from the training of the
image dataset before and after the illumination correction
treatment, the comparison of the detection images before
and after the illumination correction treatment is shown in
Figure 11. Figures 11(a) and 11(c)are the preillumination
models to detect the images before illumination processing,

(a) Before deblurring (b) After deblurring

Figure 7: Comparison between the images before and after deblurring.

(a) Detect before deblurring (b) Detect after deblurring

Figure 8: Comparison between the detection images before and after deblurring.

Input
image

Color space
conversion
RGB->HSV

Output
image

Brightness

The Gaussian function
extracts the illumination

component

Illumination
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Parameter adjustment
of 2D Gamma

function

Tonal
saturation

New brightness

Color space
conversion
HSV->RGB

New image

Figure 9: Flow chart of nonuniform illumination correction algorithm.
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(a) Before illumination correction (b) Illumination component

(c) After illumination correction

Figure 10: Comparison between the images before and after illumination correction.

(a) Detect before illumination correction (b) Detect before illumination correction

(c) Detect after illumination correction (d) Detect after illumination correction

Figure 11: Comparison between the detection images before and after illumination correction.
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and it is found that there are false detection and redundant
detection frames, etc. After illumination correction, the
brightness of pedestrians in the dark environment around
the picture will increase. Figures 11(b) and 11(d) accurately
detect pedestrians without false detection and redundant
detection frames.

4.3. Pedestrian Detection Based on YOLOv3. In this paper,
Yolov3 network is used to train and detect the subway
pedestrian dataset. Three anchor frames are set at each scale.
Before training, K-means clustering is performed on the
label frame of the subway pedestrian dataset in this paper
to calculate the initial value of the anchor frame in the train-
ing set, making the size of the anchor frame more consistent
with the size of the pedestrian head and shoulder. The size of
the default Anchor box before and after clustering is shown
in Table 2.

The original dataset of subway pedestrians is named
dataset I.

Dataset II was obtained from dataset I after DeblurGAN
deblurring.

Dataset III was obtained from dataset I after illumination
correction.

Dataset IV was obtained from dataset I after DeblurGAN
deblurring and illumination correction.

Dataset V was obtained from dataset I after illumination
correction and DeblurGAN deblur processing.

As shown in Table 3, the deep convolutional neural net-
work YOLOV3 was used for multiple rounds of training
under the framework of PyTorch. The detection models
obtained from the corresponding training of five datasets
were named as model I, model II, model III, model IV,
and model V, respectively.

The same YOLOV3 detection network under the
PyTorch framework was used to test the models I, II,
III, IV, and V obtained by training, respectively. The
model file sizes of the five models were almost the same.
When the speed was tested, 10 of the targets in the video
had speeds of around 17-19 fps below them, and 10 of
the targets had speeds of around 13-16 fps above them.
The number of test pictures is 3555, including 30,717
subway pedestrian head-shoulder targets. The model
detection results are shown in Table 4. It can be seen
that image DeblurGAN deblurring, uneven illumination
adaptive correction, first DeblurGAN deblurring followed
by uneven illumination adaptive correction, first Deblur-
GAN deblurring followed by uneven illumination adap-
tive correction, and then DeblurGAN deblurring will all
improve the mean detection accuracy (mAP) of the
model. Among them, model IV and model V are higher
than model II and model III in mAP, indicating that

Table 2: The default anchor box size before and after K-means clustering.

Feature maps of different sizes 13 × 13 26 × 26 52 × 52

Anchor before clustering

(116, 90) (30, 61) (10, 13)

(156, 198) (62, 45) (16, 30)

(373, 326) (59, 119) (33, 23)

Anchor after clustering

(135, 120) (99, 92) (48, 48)

(159, 166) (105, 113) (63, 71)

(202, 230) (119, 146) (80, 83)

Table 3: Datasets and models corresponding to different image processing.

Pedestrian image processing Dataset Model

The original image Dataset I Model I

Deblurring Dataset II Model II

Illumination correction Dataset III Model III

Deblurring+ illumination correction Dataset IV Model IV

Illumination correction + deblurring Dataset V Model V

Table 4: Comparison of test results of corresponding models in each dataset.

Model Number of test-set images Number of pedestrian instances Recall Precision mAP

Model I 3555 30717 0.83 0.68 0.78

Model II 3555 30717 0.85 0.69 0.79

Model III 3555 30717 0.85 0.83 0.83

Model IV 3555 30717 0.87 0.81 0.84

Model V 3555 30717 0.88 0.78 0.85
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the combined operation effect of two treatment methods
of DeblurGAN deblurring and illumination uneven adap-
tive correction is better than that of one treatment with-
out any sequence.

5. Conclusion

In this paper, it is considered that the metro pedestrian data-
set with large data volume and low data quality is the main
reason for the poor performance of pedestrian detection
model. Therefore, the data cleaning technology is introduced
into the subway pedestrian detection system. We first use
Laplace operator to carry out blur detection on subway
pedestrian images and divide the images in the dataset into
clear pictures and blur pictures. We also used the Deblur-
GAN network to deblur the blurred image and further used
the 2D gamma function to equalize the light in the image.
Through the use of different combination of data cleaning
methods and the verification of YOLOV3 algorithm, the
rationality of our hypothesis is verified, and the performance
of pedestrian detection algorithm is significantly improved
by data cleaning.

Data Availability

The data used to support the findings of this study are
included within the article.
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