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5G technology strongly supports the development of various intelligent applications, such as intelligent video surveillance and
autonomous driving. And the human detection technology in intelligent video surveillance has also ushered in new challenges.
A number of video images will be compressed for efficient transmission; the resulting incomplete feature representation of
images will drop the human detection performance. Therefore, in this work, we propose a new human detection method
based on compressed denoising. We exploit the quality factor in the compressed image and incorporate the pixel_shuffle
inverse transform based on FFDNet to effectively improve the performance of image compression denoising, then HRNet
and HRFPN are used to extract and fuse high-resolution features of denoised images, respectively, to obtain high-quality
feature representation, and finally, a cascaded object detector is used for classification and bounding box regression to
further improve object detection performance. At last, the experimental results on PASCAL VOC show that the proposed
method effectively removes the compression noise and further detects human objects with multiple scales and different
postures. Compared with the state-of-the-art methods, our method achieved better detection performance and is, therefore,
more suited for human detection tasks.

1. Introduction

With the emergence and development of 5G technology [1],
it is widely used for data transmission, wireless communica-
tion, and other intelligent applications such as intelligent
video surveillance and industrial Internet of Things [2–4].
Therefore, some researchers attempt to exploit deep learning
technology to solve some problems in wireless communica-
tion [5] and industrial Internet of Things [6–8]. Besides,
there are still many serious challenges in terms of human
detection for intelligent video surveillance, a large number
of images are processed by the JPEG compression algorithm
for efficient transmission and storage, and the compression
noise generated by this process causes image distortion, fea-
ture loss, and decrease in human detection performance.
Although traditional denoising methods such as BM3D [9]

and BM4D [10] and deep neural network denoising
methods such as UDNet [11] and CBDNet [12] have
achieved effective denoising to a certain extent, the denois-
ing performance still needs to be improved. Besides, though
the method based on deep learning for human detection can
achieve more robust detection results than traditional
methods like HOG [13] +SVM [14], and DPM [15], it still
needs to further improve its detection accuracy for objects
with small objects and variable scales [16, 17]. To solve the
above problems, we propose a new human detection method
based on image compression denoising. What is more, our
method is evaluated and demonstrated on the PASCAL
VOC benchmark datasets. Compared with the state-of-the-
art methods, our method can achieve better detection per-
formance after denoising and is, therefore, more suited for
human detection tasks. The code will be released.
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2. Related Work

Recently, in the field of denoising, the traditional methods
based on manual design rules have limited capabilities; how-
ever, the deep learning technology based on the convolu-
tional neural network (CNN) has made significant progress
in the problem of image denoising [18]. For blind noise,
DnCNN [19] is inspired by the idea of learning the residual
of the mapping in the residual network instead of mapping
itself to generate a noise map instead of the image after
denoising, which can be widely applied to various noises.
And for nonblind noise, FFDNet [20] adopts the noise level
as a feature map and forwards it to the network together
with the noise image after pixel_shuffle [21] inverse trans-
formation, making full use of the noise level information.
What is more, some scholars attempt to employ the Gener-
ative Adversarial Networks (GANs) proposed by Goodfel-
low and Pouget-Abadie [22] for the remarkable results in
the field of image generation to denoise an image [23–26].
The core idea is to exploit MAE or MSE to retain the low-
frequency part of the image, and then, it exploits GAN to
restore the high frequency part of the image, but GAN is dif-
ficult to train and easily crashes during the training process.
Yu et al. [27] attempt to incorporate reinforcement learning,
resulting in a restoration algorithm RL-restore for a variety
of degradation situations of universal images. Lehtinen
et al. [28] investigated that for noise with expectation 0, it
is possible to train a denoising network containing only dirty
data noise to obtain clean images, using these images as an
example.

In the object detection algorithm, the object detection
method based on deep learning can obtain more robust
detection results than traditional methods [29]. What is
more, it has gradually formed a two-stage detection
method based on the candidate region and a one-stage
detection method based on regression. The two-stage
object detection method based on the candidate region is
mainly represented by the R-CNN series of algorithms.
In R-CNN [30], selective search is first used to obtain
the proposal region on the original image, then the origi-
nal image is cropped according to the proposal region,
then it is scaled to a fixed size to forward it into the con-
volutional neural network for extracting features, and
finally, the support vector machine (SVM) is used for clas-
sification and bounding box prediction. Fast R-CNN [31]
convolves the entire image to obtain a feature map and
then performs other operations. Faster R-CNN [32] has
changed the selective search to the region proposal net-
work, which became an end-to-end training framework.
Cascade R-CNN [33] is aimed at the problem that Faster
RCNN only has single object detector, which leads to its
poor detection performance. Therefore, the object detector
is cascaded to improve the quality of prediction. On the
other hand, although the one-stage detection method
based on regression has lower accuracy than the two-
stage detection method, it has a significant increase in
speed. The one-stage detection method is represented by
the YOLO [34, 35] and SSD [36] algorithms. It exploits
only single CNN to directly predict the category and locate

different objects in an end-to-end manner. However, if the
object scale has changed, the detection results will have
poor robustness. Therefore, Lin et al. propose Feature Pyr-
amid Networks (FPN) [37], by fusing different levels of
the feature map, so that a low-level feature map has strong
semantic information and high-resolution characteristics
to achieve high-quality detection of small object and mul-
tiscale object. In addition, HRNet [38] and HRFPN [39]
improve on the common problem that an image’s feature
is first extracted and then restored to ensure feature
extraction always maintains a high-resolution feature map.

Furthermore, Carion et al. [40] regard object detection as
a direct set prediction problem and propose an end-to-end
detection framework based on the encoder-decoder of trans-
former; Shen et al. [41] exploit residual structure and spatial
sensitive entropy to reduce the negative impact of web
images with noisy labels to a certain extent; Dai et al. [42]
propose a dynamic detection head framework by unifying
attention and object detection head; Wang et al. [43] pro-
pose a prediction-aware one-to-one label assignment to
replace nonmaximum suppression postprocessing and
achieve performance comparable to NMS.

However, each of the existing techniques in the literature
has its limitations when used to include image denoising and
human detection in complex scenes. Our approach here is to
alleviate these difficulties. The contributions of our work are
twofold.

Firstly, we establish a new denoising framework, which
exploits the improved ResNet18 to extract the quality factor
in the compressed image and then combines the pixel_shuf-
fle inverse transform based on the FFDNet to effectively exe-
cute compression denoising.

Secondly, we introduce HRNet and HRFPN to extract
and fuse high-resolution features of the denoised image,
respectively, to obtain a high-quality feature representation
of the object. And then, we exploit the cascaded object detec-
tor to classification and bounding box regression to make
the inferred object box more accurate and further improve
the object detection performance.

3. Method

Based on the characteristics of compressed noise and the
existing problems of human detection, we deeply research
the human detection algorithm with compressed noise
images. In this paper, firstly, we obtain the denoised image
based on deep learning technology; we establish a joint opti-
mization solution for image noise removal and human
detection by combining the extraction and fusion of high-
quality features and gradually improving the human object
estimation. It not only improves the subjective feeling of
the image and the quantifiable performance index but also
improves the performance of human detection (including
the accuracy of classification and bounding box). A flow-
chart of the proposed framework is shown in Figure 1.

3.1. Human Image Compression Denoising. The image com-
pression denoising method based on the convolutional neu-
ral network mainly consists of three steps, that is, noisy
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images are generated by lossy compression, quality factor
estimation, and image denoising. Firstly, the JPEG compres-
sion algorithm is used to generate the training data with
noise, then the value of the quality factor is estimated from
the noisy image by the quality factor estimation network,
and finally, original image containing noise and estimated
quality factor values are used to form a set of feature maps
as input to get the final image after denoising. And a flow-
chart of human image compression denoising is shown in
Figure 2.

3.1.1. Image Lossy Compression. JPEG [44] (Joint Photo-
graphic Experts Group) compression algorithm is the most
commonly used image compression algorithm on the Inter-
net. It contains both lossy and lossless compression. What is
more, lossy compression can be roughly divided into three
processes: discrete cosine transform (DCT), quantization,
and entropy coding. Discrete cosine transform is a process
of transforming the image signal in the frequency domain
to separate high-frequency and low-frequency information.
The one-dimensional discrete cosine transform formula is
as follows:
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where f ðiÞ is the vector to be converted, N is the vector
length, and cðuÞ is the coefficient of change. And the discrete
cosine transform formula of a two-dimensional image is as

follows:

F u, vð Þ = c uð Þc vð Þ 〠
N−1

i=0
〠
N−1

j=0
s i, jð Þ cos i + 0:5ð Þπ

N
u

� �
cos j + 0:5ð Þπ

N
v

� �
,

ð2Þ

where f ði, jÞ is the pixel value of point ði, jÞ and cðuÞ and c
ðvÞ are transformation coefficients. To speed up calculation,
the restrictions are the same as formula (1). For the discrete
cosine transform in an image, N is usually set to 80. Simi-
larly, the calculation in formula (2) is usually completed in
the form of a matrix to speed up the calculation:

A i, jð Þ = c ið Þ cos j + 0:5ð Þπ
N

i
� �

, ð3Þ

where cðiÞ is the inverse discrete cosine transform coeffi-
cient, and iterative traversal operation is turned into a
parallel matrix operation through the calculated matrix Aði
, jÞ. The corresponding inverse transformation formula is
as follows:
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where cðuÞ and cðvÞ are the inverse discrete cosine transform
coefficients and Fðu, vÞ is the frequency value of point ðu, vÞ.
Since Aði, jÞ is orthogonal, the matrix operation of the
inverse discrete cosine transform is as follows:

f = A−1F AT� �−1 = ATFA, ð5Þ

where A is the transformation matrix. Because inverse dis-
crete cosine transform is lossless, therefore, it can restore

FFDNet

Estimated quality factor

ResNet18

Image denoising

Input Pixel_shuffle inverse transform
Human detection

Output Cascaded object detector High-resolution
feature fusion

High-resolution
feature extraction

Image after denoising

•••

Figure 1: Flowchart of the proposed framework.
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the representation of the frequency domain to the pixel
domain without loss.

Quantization is the only process that causes information
loss in the JPEG algorithm. Since JPEG compresses the high-
frequency part of image (i.e., image details) to reduce data,
the image data are quantized and rounded to approximate
values, which are different from the original image data,
resulting in a permanent loss of information. Discrete cosine
transform and quantization are both prepared for encoding.
After the encoding is completed, the image compression is
truly realized.

3.1.2. Quality Factor Estimation. In addition to standard R,
G, and B channels, FFDNet can also receive noise channel
N. Therefore, when the JPEG algorithm compresses an
image to provide data for the noise channel, we exploit
ResNet [45, 46] to learn the quality factor parameters; the
quality factor is a key parameter that determines the degree
of image distortion. However, estimating the quality factor
from the noisy image is the task of regression; it is impossi-
ble to employ ResNet for classification directly. Therefore,
we utilize the improved ResNet18 as the quality factor esti-
mation network. The comparison diagram of the ResNet18
structure before and after the improvement is shown in
Figure 3. The input is an image with compression noise,
and the output is the estimated quality factor of each image.
It contains a total of 17 convolutional layers and 1 fully con-
nected layer. It uses a 3 × 3 convolution kernel and a convo-
lution operation with a step size of 1. The number of
convolution kernels for the first time is 64, and then, the step
size becomes 3 at the 6, 10, and 14 layers; the number of con-
volution kernels is doubled. The last layer is a fully con-
nected layer, which changes the number of neurons to 1,
and there is an average pooling operation between the con-
volutional layer and the fully connected layer. The activation
function of all activation layers in the improved ResNet18 is
a ReLU function, and the improved function is shown in the

following formula:

ReLU =
x, x > 0,
0, x ≤ 0:

(
ð6Þ

(1) Loss Function. It is a regression problem to estimate the
quality factor of the compressed image with an unknown
quality factor during compression. Therefore, the most com-
mon square loss is used as the loss function. The square loss
function is expressed as follows:

L Y , f Xð Þð Þ = 〠
N

i=1
Y − f Xð Þð Þ2, ð7Þ

where X is the image with noise, f is the noise estimation
network, f ðXÞ is the noise estimation value, and Y is the true
value of the noise.

3.1.3. Image Denoising Network. Image denoising is mainly
twofold: noise image preprocessing, and FFDNet denoising
and generating an image postprocessing.

(1) Noise Image Preprocessing. To improve the denoising
performance of the FFDNet, the noise image needs to be
preprocessed. Firstly, the pixel_shuffle inverse conversion
operation is executed, then the length and width of the orig-
inal image P (C, W, H) is halved, and the number of chan-
nels becomes four times the original, i.e., the original
image P is transformed into a tensor T1 with the shape
(4 ∗ C, W/2, H/2), where C is the number of original image
channels (the number of RGB color image channels is 3, and
the gray image is 1), W is the width of the image, and H is
the height of the image. Then, the quality factor estimated
by the improved ResNet18 is used as a channel, and the
shape of the tensor T2 forming the channel is (1, W/2, H/
2), and each value in it is a quality factor. Combining the
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Figure 2: Flowchart of human image compression denoising.
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image pixel_shuffle inverse transformation, the C ∗ 4 chan-
nel tensor and the tensor formed by the quality factor are
concated, and the final tensor is (C ∗ 4 + 1, W/2, H/2). The
schematic diagram of this process is shown in Figure 4.

(2) FFDNet Denoising and Image Postprocessing. The pre-
processed noisy image is sent to the FFDNet. FFDNet is a
fully convolutional network [47], which can generate clean
images through end-to-end training. Its structure is shown
in Figure 5. The network consists of N + 2 convolutional
layers: the first convolutional layer uses ReLU as the activa-
tion function; each of the middle N layers has a convolu-

tional layer, a BatchNormal layer, and a ReLU activation
function. The last layer has only one convolutional layer
without the BatchNormal layer and any activation function
and directly outputs the denoised tensor. The direct result
of the FFDNet output is a tensor of (4C, W/2, H/2), not
an image. In order to restore the tensor back to an image,
a pixel_shuffle transformation is needed to restore (C ∗ 4,
W/2, H/2) to (C,W, H), and this is the final denoised image.

(3) Loss Function. In the denoising stage of FFDNet, the
absolute value loss is used as the loss function. The reason
is that the square loss will blur the generated image for the
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task of image denoising. The absolute value loss function is
as follows:

L Y , f Xð Þð Þ = Y − f Xð Þj j, ð8Þ

where X is a tensor composed of a noisy RGB channel image
and noise channel N , f is the denoising network, f ðXÞ is the
image after denoising, and Y is the original image.

3.2. Human Detection. After image denoising, in order to
further improve the performance of human detection, a
human detection method based on high-resolution feature
fusion is proposed in this paper. Firstly, HRNet is performed
to extract high-resolution features, combined with HRFPN
fusion multiscale features to obtain high-quality feature rep-
resentation of the object, and then, the number of positive
and negative anchors is balanced, and interest pooling is car-
ried out in RPN to get the same size feature map. Finally, the
cascaded object detector is used to execute multiobject
detection. The technical route of this detection method is
shown in Figure 6.

3.2.1. High-Resolution Feature Extraction and Fusion. In this
paper, HRNet (High-Resolution Network) and HRFPN
(High-Resolution Feature Pyramid Networks) are utilized
to extract and fuse features in the image; these two opera-
tions yield a high-quality representation of features. Since
HRNet can maintain a high-resolution representation of fea-
tures during runtime, and the final feature maps contain
both high-level semantic information and low-level cosmetic
information about the object, so the final target features are
more robust and rich. Its structure is shown in Figure 7.
Firstly, it designs a path to obtain a high-resolution repre-
sentation of the object; in this path, the resolution of the
object feature map remains constant. And then, two parallel
low-resolution paths are introduced in turn; meanwhile, the
resolution of the feature map on the two parallel paths will
remain constant; high-resolution features flow into the
low-resolution layer after passing through several convolu-
tion layers, and finally, information is exchanged repeatedly
between different resolution layers. In this way, the HRNet
can extract richer information of the corresponding feature
maps of human objects.

In addition, in order to improve the detection accuracy
of a small object and variable object size, the HRFPN is per-
formed to further integrate features obtained by HRNet; at
last, we obtain a higher-quality feature representation of

the image. Different from the Feature Pyramid Network
(FPN) proposed specifically for multiscale object detection,
HRFPN fuses all features from the beginning, and then, it
scales layer by layer to fuse the information of each layer
effectively so that higher quality features can be obtained.
The comparison between FPN and HRFPN is shown in
Figure 8. HRFPN first upsamples the feature maps of each
layer with bilinear upsampling to a scale consistent with
the largest feature map, stitches them together to form a
new feature map, and then pools the feature maps in turn
into feature maps of different scales. Since the proposed
detection method is predicted at four scales, three pooling
layers are also needed to obtain feature maps at different
scales. And the pooling layer convolution kernel sizes are
[2, 4, 8] in order; the pooling layer step size corresponds to
the pooling layer convolution kernel size, which is also [2,
4, 8] in order.

3.2.2. RPN Extract ROIs. We are based on the Faster R-CNN
framework, and then, we combine HRFPN based on back-
bone network HRNet with two stages of Faster R-CNN,
and finally, multiscale RoIs and the multiscale object region
are obtained according to multiscale RPN and the multiscale
human object detector, respectively. The feature map
obtained by HRFPN is fed into the RPN network. In each
level, we employ the sliding to generate the region of inter-
est. According to the region score and regression position,
the multiscale region of interest (ROI) is obtained by clip-
ping. The loss function at this stage is shown in the following
formula:

L pif g, tif gð Þ = 1
Ncls

〠
i

Lcls1 pi, p∗ið Þ + λ
1

Nreg
〠
i

p∗i Lreg1 ti, t∗ið Þ,

ð9Þ

where i represents the serial number of anchors in a small
training batch, pi is the probability of predicting the i-th
anchor as the object, p∗i is used to distinguish between posi-
tive and negative anchor points, ti represents the bounding
box predicted in the RPN stage, t∗i represents the true
bounding box position of the object, Ncls is the size of a small
batch of training, Nreg is the number of anchors, and λ is the
balance parameter and is used to balance classification loss
and regression loss. The Ncls1 classification loss function
employs the exponential loss, and the Nreg1 regression loss
function exploits the smooth L1 loss, as shown in the
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following formula:

smoothL1 xð Þ = 0:5x2, if ∣x∣ < 1,
x∣ − 0:5, otherwise:

(
ð10Þ

In the formula, the parameter x is the difference between
the predicted result and the true value.

In the RPN network, we divide the anchor regions into
positive anchors and negative anchors according to the
Intersection over Union (IoU) of the anchor region and
the object ground truth. When the input image contains
small objects, the number of negative anchors is far more
than that of positive anchors; it will cause the problem of
extracting too much background semantic information and
ignoring the foreground object information; we adopt the
method of randomly removing some negative anchors so
that their number does not exceed three times that of posi-
tive anchors; the ratio of positive and negative anchors gen-

erated in the RPN stage is balanced, which can effectively
improve the performance of the object detection network.

3.2.3. Cascaded Human Detector. In the human detection
stage, the FPN is also utilized to extract human object fea-
tures. We employ regions of interest from RPN, and we then
matched them to their respective levels of the Feature Pyra-
mid Network based on their size (length and width), and
finally, we get the features of the object. Because the FPN
stage has extracted enough deep feature maps, we only
exploit ROI pooling to extract fixed-size object feature maps,
and the final feature maps are fed into the Fast R-CNN
object detector. Before the object detector, two fully con-
nected layers are set up to get the confidence and region of
the object. The loss function at this stage is shown in the fol-
lowing formula:

L p, u, tu, vð Þ = Lcls p, uð Þ + δ u ≥ 1½ �Lloc tu, vð Þ, ð11Þ

where L is the total loss function of the second stage object
detection; p is the confidence of the predicted object; u is
the true object category; tu represents the predicted bound-
ing box corresponding to the u category; v represents the
true bounding box corresponding to the u category at the
location; Lcls is the classification loss, which is the log loss
corresponding to the real category u; δ is the balance param-
eter; and Lloc is the smooth L1 regression loss function,
which is the level indicator function. When u ≥ 1, the level
indicator function value is 1; otherwise, the value of the
function is 0, so that the bounding box loss can be calculated
only for the foreground object, and the regression loss of the
background cannot be calculated.

HRNet

HRFPN
Output

Input

Human detection

CropGenerate interest area
balance anchor points

RoI pooling
Cascaded detector

Re-enterPredicted
bounding box

Predicted
bounding box

Human detection results

∙∙∙

Figure 6: Technical flowchart of human detection method.
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Figure 7: HRNet structure diagram.
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For the feature map after RoI pooling, classification
and bounding box regression is performed on the cas-
caded object detector. Thus, the accuracy and robustness
of object detection can be improved, and the categories
of the predicted object and the positions of the corre-
sponding bounding box can be obtained. The cascade
operation is to exploit three object detectors with the same
structure but different parameters, and it exploits the
bounding box prediction results of the previous object
detector as the new RPN proposal region, which is per-
formed to crop the feature map. Finally, the cropped fea-
ture maps are fed into the next level of object detectors.
The cascaded operation accumulates the loss of each
object detector during training, where each object detector
is composed as shown in Figure 9.

4. Experiment

4.1. Experiment Environment. We implement our network
using the PyTorch framework. Furthermore, we utilize
Ubuntu 16.04 and python 3.6 in our experiments, and the
server CPU is Intel® Xeon® CPU E5-2678 V3 @ 2.50GHz
∗ 2. Training is performed on NVIDIA GeForce GTX
1080 Ti GPU, which has 12GB of memory. CUDA8.0 and
CUDN6.0 were used to improve GPU utilization. Mean-
while, since we exploit two GPUs for training, we employ

NCCL V2 to enable the GPU to communicate. At last, we
use OpenCV for image processing.

4.2. Implementation Details. Our experimental dataset is
the human body data from PASCAL VOC [48] with
more than 6,000 pieces, divided by the original training
and test sets of VOC; new human body images are
selected to be trained with the training set and then
tested with the test set in each round. In the human
image denoising stage, we use the ADAM optimizer,
and the training epoch is 10, the learning rate of the first
7 epochs is 1e-3, the learning rate of 8 and 9 is 1e-4, and
the last epoch is 1e-6; a mini batch size is 128. In the
stage of human target detection, we utilize stochastic gra-
dient descent optimization algorithm, a learning rate of

+1×1 conv

2× up

FPN

predict

predict

predict

HRFPN

Figure 8: FPN and HRFPN process comparison diagram.

Mixed interest pooling

Classification loss
Cls

Regression loss
Bbox

Conv

Classification loss
Cls

Regression loss
Bbox

Conv

Classification loss
Cls

Regression loss
Bbox

Conv

Figure 9: Cascaded human detector.

Table 1: Test results.

Iteration 50 100 150 200 250 300 350 400 450 … 1000

MSE 0.209 0.157 0.132 0.099 0.092 0.081 0.087 0.074 0.065 … 0.057

Table 2: Test results of the network model.

Quality
factor

PSNR (dB) SSIM
Before

denoising
After

denoising
Before

denoising
After

denoising

35 30.89 32.71 0.910 0.928

45 31.70 33.54 0.921 0.938

65 33.23 35.20 0.933 0.947

75 34.40 36.20 0.946 0.958
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0.02, the momentum is 0.9, the weight decay is 0.0001,
and the training epoch is 75. In the above two stages,
preprocessing operations are performed on the input
images in order to increase the amount of data as well
as to keep the training stable.

4.3. Evaluation Index. In our experimental, Peak Signal-to-
Noise Ratio (PSNR) [49] and Structural Similarity (SSIM)
[50] are used as judging metrics in the image compression

denoising phase. PSNR is usually defined by mean square
error (MSE). Firstly, given a pair of clean image I and
noisy image K with the same size m ∗ n, MSE is defined
as follows:

MSE I, Kð Þ = 1
mn

〠
m

i=1
〠
n

j=1
Ii,j − Ki,j
� �2

: ð12Þ
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Figure 10: PSNR and SSIM value change curve before and after denoising.
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Then, PSNR is calculated as follows:

PSNR I, Kð Þ = 10 ⋅ log10
MAX2

I

MSE I, Kð Þ
� �

, ð13Þ

where MAXI is the maximum pixel value of the image in
the color space. Since MAXK comes from the same color
space, the maximum value of the two is equal, that is,
MAXI =MAXK .

l x, yð Þ = 2μxμy + c1
μ2x + μ2y + c1

,

c x, yð Þ = 2σxσy + c2
σ2x + σ2y + c2

,

s x, yð Þ = σxy + c3
σxσy + c3

,

ð14Þ

where μx and μy are the mean values of x and y, respec-
tively. The σx and σx are the variances of x and y, respec-
tively. σx is the covariance of x and y.

The AP value is mainly used in the object detection
phase to evaluate the detection algorithm proposed in this
paper and also to measure the strengths and weaknesses of
the algorithm by comparing it with other detection
algorithms.

4.4. Results and Analysis

4.4.1. Denoising Results. To verify whether the improved
ResNet18 can accurately estimate the value of the quality
factor in the compressed image, Table 1 shows the mean
square error between the value of the quality factor esti-
mated using our method and its corresponding true value
at different iterations; it can be seen that the mean square
error between the estimated and true values of the compres-
sion quality factor is 0.099 at the number of iterations of 200,
which is less than 0.1, then the improved ResNet18 network
can be considered to be able to estimate the compression
quality factor accurately.

In the training process based on FFDNet denoising, the
L1 loss function (also known as the Mean Absolute Error)
is used for training, and its formula is shown in 15 where
x denotes a set of input values, y denotes the corresponding
object value, n denotes the number of input values, xi
denotes the input value of the ith sample, yi denotes the
object value of the ith sample, and f ðxiÞ denotes the estimate
of the target value of the ith sample.

MAE x, yð Þ = 1
n
〠
n

i=1
yi − f xið Þj j: ð15Þ

Table 2 shows the results obtained by using the final
trained network to test the image with compressed noise. It
can be seen that for different quality factors between 35
and 75, the peak signal-to-noise is improved by about 2 dB

after denoising, while the structural similarity is improved
by about 0.15.

The before and after denoising results for images with
compressed noise are shown Figure 10, where the dashed
lines denote the PSNR and SSIM values of the images con-
taining compression noise, the solid lines denote the PSNR
and SSIM values after denoising, and the first to fifth rows
of the figure show the PSNR and SSIM values before and
after denoising obtained by the compression algorithm with
quality factors of 35, 45, 55, 65, and 75, and it can be seen in
the figure that both have improved with the increase in the
number of training sessions, and it can be assumed that
the performance of the network in removing the compressed
noise is also increasing.

In Figure 11, the left column is the images with com-
pressed noise, and then, the middle column represents the
denoised images; at last, the right column represents the dif-
ference before and after image denoising. We observe the
images of the left and right columns, it can be clearly seen
that the distribution of noise is related to the content of
the input, and its distribution is square with locality. Its
change is obvious when the compression noise in the high
frequency region of the image is removed. This is consistent
with the JPEG compression process; it shows that the
designed denoising network can indeed identify and remove
JPEG compression noise.

Figure 11: Image comparison result display.

Table 3: Detection accuracy of human.

Detection method AP

Baseline model 0.829

Baseline model+HRNet 0.849

Ours 0.861

Note: the results in the table are AP values, and the AP used is calculated
according to the PASCAL VOC object detection standard.
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4.4.2. Object Detection Results. To verify the object detection
method proposed in this paper, Faster R-CNN+ResNet is
used as the baseline model. Based on the baseline model,
the backbone network is first replaced with HRNet, then
the cascaded object detector is introduced, and the two are
finally combined. Table 3 shows the accuracy results of
human detection. The experiment first chooses Faster R-
CNN+ResNet as the baseline model to determine a baseline
for human detection, and its AP value is 0.829. Then, replac-
ing the backbone network of the baseline model with
HRNet, the AP value is 0.849, and the AP accuracy value
is improved by 2% compared to the baseline model, indicat-
ing that HRNet can indeed extract high-resolution features
to bring accuracy improvements. After that, when the back-
bone network uses ResNet, the single object detector is
replaced with a cascaded object detector, and the AP value
is 0.861. The accuracy of AP has been increased by about
1.2%, which is an increase of 3.2% compared to that of the
baseline model. Therefore, it can be shown that the detection
performance can be gradually improved by cascading object
detectors and complement each other with HRNet to
achieve high-performance human detection. Figure 12
shows part of the detection results of human objects. It can
be seen that the detection method in this paper has better
detection performance for human objects of different scales
and poses in different complex scenarios.

To further illustrate that the performance of the human
detection algorithm proposed in this paper is better than
the current mainstream object detection algorithm, we
exploit SSD, YOLO, Fast R-CNN, and other current main-
stream object detection algorithms to conduct an experi-
mental comparison with the algorithm in this paper.
Various performance evaluation indicators are shown in
Table 4. Comparative experiment results show that the AP
value of the algorithm in this paper is significantly higher

than that of other mainstream object detection algorithms,
which also confirms the practicability of the algorithm in
this paper.

4.4.3. Detection Results before and after Denoising. The above
experiments are only carried out on the original PASCAL
VOC test set. In order to show that the denoising algorithm
can improve the performance of human detection, the qual-
ity factor of the JPEG compression algorithm is set to 40 and
then applied to the test set, that is, the compression noise is
implanted to imitate the distortion caused by the actual
JPEG, thereby verifying the correctness of the algorithm.
The experimental results are shown in Table 5. It can be seen

Figure 12: Qualitative human detection results on PASCAL VOC.

Table 4: Comparison of the results of mainstream object detection
algorithms on the PASCAL VOC dataset.

Detection method AP

SSD 0.635

YOLO 0.794

Fast RCNN 0.825

Faster RCNN 0.829

Mask RCNN 0.833

Cascade RCNN 0.843

Ours 0.861

Table 5: Comparison of detection results before and after
denoising.

Detection method Before denoising After denoising

Baseline model 0.780 0.801

Baseline model+HRNET 0.795 0.807

Ours 0.803 0.832
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from the table that the accuracy of human detection is about
2-3 percentage points higher than that before denoising,
which shows that the information loss caused by the JPEG
compression process not only produces visual artifacts but
also interferes with the determination of target detection,
and the feature distribution of the image after denoising is
closer to that of the original image, thus improving the
detection accuracy. The visualization results are shown in
Figure 13.

5. Conclusion

In this paper, we present a human detection method based
on image compression denoising. We exploit the improved
ResNet to accurately estimate the quality factor in the image
with compression noise and then combine the pixel_shuffle
inverse transform based on FFDNet to effectively denoise;
after that, we utilize cascaded object detectors for classifica-
tion and bounding box regression based on high-quality fea-
ture representations obtained by HRNet and HRFPN.
Finally, compared with the state-of-the-art methods, our
method can achieve better detection performance after

denoising and is, therefore, more suited for human object
detection of intelligent video surveillance in 5G-enabled
intelligent applications. In the future, we hope that the
method proposed in this paper can make some contribution
to the rapid development of 5G-enabled intelligent
applications.
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