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Abstract

In recent years, small objects detection has received extensive attention from scholars for
its important value in application. Some effective methods for small objects detection have
been proposed. However, the data collected in real scenes are often foggy images, so the
models trained with these methods are difficult to extract discriminative object features from
such images. In addition, the existing small objects detection algorithms ignore the texture
information and high-level semantic information of tiny objects, which limits the improvement
of detection performance. Aiming at the above problems, this paper proposes a texture and
semantic integrated small objects detection in foggy scenes. The algorithm focuses on
extracting discriminative features unaffected by the environment, and obtaining texture
information and high-level semantic information of small objects. Specifically, considering
the adverse impact of foggy images on recognition performance, a knowledge guidance
module is designed, and the discriminative features extracted from clear images by the
model are used to guide the network to learn foggy images. Second, the features of high-
resolution images and low-resolution images are extracted, and the adversarial learning
method is adopted to train the model to give the network the ability to obtain the texture infor-
mation of tiny objects from low-resolution images. Finally, an attention mechanism is con-
structed between feature maps of the same scale and different scales to further enrich the
high-level semantic information of small objects. A large number of experiments have been
conducted on data sets such as “Cityscape to Foggy” and “CoCo”. The mean prediction
accuracy (mAP) has reached 46.2% on “Cityscape to Fogg”, and 33.3% on “CoCo”, which
fully proves the effectiveness and superiority of the proposed method.

Introduction

Object detection is one of the most important tasks in machine vision. It aims to find the
object in images by computer and determine its category and position. With the advent of big
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data technology and deep learning in recent years, great breakthroughs have been made in
object detection tasks [1-6]. However, the data collected in real scenes often contains small-
sized objects. This kind of object contains very little information which may be lost after
multi-layer convolution, so its discriminative features are difficult to extract, resulting in low
model detection performance.

The existing small objects detection algorithms can effectively address the above problems.
Such methods can be roughly divided into three categories: small objects detection methods
based on multi-scale feature extraction [7-11], high-resolution feature-assisted small objects
detection methods [12-16] and small objects detection methods guided by content informa-
tion [17-21]. These methods focus on how to effectively improve the representational capabil-
ity of the model to extract the discriminative features of small objects. Nevertheless, due to the
influence of weather conditions, the data collected in real world are often foggy images. The
quality of such images are often impared, which will cause the model’s characterization ability
to decline during small objects detection. This makes it difficult for the above methods to
extract the discriminative object features. In addition, the existing small objects detection algo-
rithms ignore the texture information and high-level semantic information of small objects,
which partly limits the detection performance. As shown in Fig 1 below, the street view images
collected in a foggy scene are low in sharpness and contrast, so the detection model trained
directly on such images does not have the ability to extract the discriminant features of the
object. It can also be seen from Fig 1 that it is difficult to obtain the texture information of the
road indication sign in the low-resolution foggy images. Moreover, the road signs account for
a small proportion in the image, which causes the model to lose the high-level semantic infor-
mation of small objects during the continuous convolution.

Based on the above discussion, It is difficult to extract discriminative object features from
the model trained by the existing methods. In addition, the existing small objects detection
algorithms ignore the texture information and high-level semantic information of small
objects, which limits the improvement of detection performance. So we proposed a knowl-
edge-guided and information-rich model for small objects detection in foggy scenes. The
model consists of three modules: knowledge guidance, texture information acquisition, and
semantic information enrichment. Among them, the knowledge guidance module focuses on
alleviating the adverse effects of foggy environment on detection performance; the texture
information acquisition module is responsible for enriching the texture information of small

Low-resolution image in a foggy scene

clear high-resolution image

Fig 1. Low-resolution image (left) in a foggy scene and clear high-resolution image (right).

https://doi.org/10.1371/journal.pone.0270356.g001
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objects in the feature map; the semantic information enrichment module obtains the high-
level semantic information of small objects by constructing the attention mechanism between
multi-scale feature maps.

To sum up, the contribution of this paper and the advantages of the proposed method are
as follows:

1. In view of the difficulties caused by foggy scenes to the detection task, a knowledge guid-
ance module is designed. It is used to extract the features of the clear image to assist the net-
work to learn the foggy image, so that this model can better extract the discriminative
object features.

2. Our designed a texture information acquisition module, which can enable the network to
acquire the texture information of small objects from low-resolution images, and improve
the model’s representational ability to a certain extent.

3. In order to further complete the information of small objects, a semantic information
enrichment module is proposed. In this module, a multi-scale feature attention mechanism
is constructed to obtain the rich high-level semantic information of small objects. The valid-
ity and superiority of the proposed method are fully verified by experiments on two public
data sets, “Cityscape to Foggy” and “CoCo”.

Related works

At present, CNN networks are generally used as feature extractors in object detection net-
works. In order to increase the receptive field, the CNN network will continuously shrink the
feature map, which makes the feature information extracted from small objects originally con-
taining very little information less or disappear. It is a huge challenge for detecting small
objects in images. To address this problem, some researchers have proposed small objects
detection based on multi-scale feature extraction, small objects detection assisted by high-reso-
lution features, and small objects detection guided by content information.

Small objects detection based on multi-scale feature extraction

Most of the existing object detection approaches are for general objects detection. Due to the
loss of location information, the detection effect of this kind of method in small objects task
has poor performance. In order to obtain the semantic information and position information
of the object at the same time, small objects detection methods based on multi-scale feature
extraction are proposed. This kind of methods extract features of different-scale images and
fuses them to obtain rich object information. For example, Lin et al. [7] designed a top-down
feature pyramid network, and merged the high-level semantic information and low-level loca-
tion information obtained by the network, which significantly improves the performance of
small objects detection. Given that deep-level features are difficult to retain the spatial and
semantic information of small objects, Liu et al. [8] proposed an image pyramid guidance net-
work and embedded it in each stage of the backbone network, greatly alleviating the informa-
tion imbalance. In addition to the imbalance between semantic information and spatial
information, the imbalance in training process is also a major contributing factor to the low
performance of object detection. Thus, Pang et al. [9] proposed IoU sampling, balanced feature
pyramid, and balanced L1 loss methods to respectively solve the sample imbalance, feature
imbalance and objective function imbalance during the object detection and training.

Some researchers explored how to improve model efficiency while ensuring accuracy. For
example, Tan et al. [10] proposed EfficientDet for object detection task. They designed a
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weighted bi-directional feature pyramid network to integrate multi-scale features more effi-
ciently and quickly, and proposed a hybrid scaling method to uniformly scale the width, depth
and resolution of the network. Yet recently, it has been found that the feature pyramid net-
works can cause serious aliasing effects in the process of fusing feature maps. To solve this
problem, Luo et al. [11] proposed an object detection method with enhanced channel informa-
tion, which introduces a channel attention module to eliminate aliasing. In addition, they also
proposed a subpixel jump fusion method, which effectively reduces the information loss in the
process of channel reduction. This method only performs channel attention operations on
each feature layer separately, and cannot address the problem of high-level semantic informa-
tion loss of small objects. Considering that small objects have insufficient information in the
original image, some researchers applied super-resolution to input image processing, and pro-
posed a small objects detection method assisted by high-resolution features.

Small objects detection assisted by high-resolution features

High-resolution features often contain rich texture information, which can play a positive role
in improving the performance of small objects detection tasks. Therefore, some scholars put
forward small objects detection methods that extract high-resolution features, and learn low-
resolution images through its auxiliary model. Among them, the generative adversarial
method can effectively align the features of different levels [12, 13]. Specifically, Li et al. [12]
built a generator to map the feature of a small objects into a high-resolution feature. To ensure
the accuracy of the mapping, a discriminator was designed to distinguish between high-resolu-
tion and low-resolution features. In this way, the network has the ability to extract high-resolu-
tion features from low-resolution images. Considering the category scores and position
confidence involved in the object detection task, Bai et al. [13] introduced the idea of multi-
task discrimination to design a multi-task discriminator. This discriminator can determine the
categories and coordinates of the mapping features while distinguishing high and low resolu-
tions. To further improve the super-resolution quality of small objects, Noh et al. [14] used
high-resolution object features as a supervisory signal, and designed a generator to generate
fine-grained high-resolution features.

For remote sensing images, Ji et al. [15] proposed an end-to-end method to integrate the
generation and detection tasks to achieve vehicle detection. The generating networks are often
prone to model collapse. To overcome this problem, Shermeyer et al. [16] proposed to use
deep convolutional neural network (VDSR) or random forest super-resolution framework to
perform super resolution processing on images of different levels and then train the object
detection model. However, this approach is time-consuming as it needs to pre-train the super
resolution model. The above problems can be addressed by an end-to-end training method.
Such a method directly uses the high-resolution features as the supervision information and
gives the model the ability to extract high-resolution image features from low-resolution ones
by adversarial means.

Small objects detection guided by content information

Content information guidance is a very popular research topic in object detection tasks in
recent years. Excellent content information guided small objects detection algorithms have
been proposed one after another. For example, Chen et al. [17] proposed two kinds of infor-
mation at the image level and the relationship level between the objects, and designed a spatial
memory network to store this information, and used this information to assist the model for
detection in the iterative process. Early objects detection algorithms failed to consider the local
and global information of the image at the same time. In response to this problem, Zhu et al.
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[18] developed the global structure-local area network to extract the global features and local
features of the image simultaneously for detection. In this process, the local features are
obtained by the Rol pooling of position sensitivity. Once the model can learn the relationship
between the objects, the detection effect can be enhanced to a certain extent. Therefore, Hu
etal. [19] constructed an object relationship module which introduces the attention mecha-
nism to describe the relationship between different objects.

Compared with general detection tasks, face detection is more challenging. This is mainly
because of the small size, blurred quality and partial occlusion of the face in the image. To cap-
ture the contextual information in the image, Tang et al. [20] designed a new context anchor
to extract high-level context features, and used a low-level feature pyramid network to inte-
grate low-level information with them. To alleviate the mismatch between feature map resolu-
tion and receptive field size, Cao et al. [21] proposed a context information extraction module
and an attention guidance module. The former is responsible for exploring and acquiring a
large amount of contextual information, while the latter is to alleviate redundant context rela-
tionships and adaptively capture the dependencies between objects. Nevertheless, these meth-
ods are mostly designed for general object detection, and their detection performance on small
objects is unsatisfactory. In addition, images acquired in real world are often impacted by
weather conditions. For example, foggy images will result in poor image quality, thereby affect-
ing the representational ability of the model.

In order to solve the above problems, this paper proposes a texture and semantic integrated
small objects detection in foggy scenes. The model contains three modules: knowledge guid-
ance, texture information acquisition, and semantic information enrichment. The three mod-
ules equip the model for small objects detection in foggy scenes.

A texture and semantic integrated small objects detection model in
foggy scenes

Overview

The texture and semantic integrated small objects detection algorithm proposed in this paper
consists of three modules. They are knowledge guidance, texture information acquisition, and
semantic information enrichment, as shown in Fig 2. In the knowledge guidance module, the
discriminative features extracted by the network from the clear image are used to guide the
model to learn the foggy image. Different from low-resolution images, high-resolution ones
often contain texture information of small objects. If the network can also extract features con-
taining texture information from low-resolution images, it can improve the model’s represen-
tational ability to a certain extent. To this end, a texture information acquisition module is
designed. In this module, the features of high-resolution and low-resolution images are
extracted separately. Next, adversarial learning is conducted between the two to align the fea-
tures of low-resolution images with high-resolution features, so that the network can obtain
texture information of small objects from low-resolution images.

In order to make the model trained on a clear image have a good effect in detecting foggy
images, a knowledge guidance module is added to enable the feature extractor E to extract dis-
criminative object features. In order to enrich the small objects information on the feature
map, the texture information acquisition module is added, and the training feature extractor E
can extract the feature map with rich texture information; for the three different scales feature
map, because the small-scale and mesoscale features pass through more layers of convolution
network, resulting in the loss of small objects semantic information. So the semantic informa-
tion enrichment module is added to obtain the high-level semantic information of small
objects. In this way, although the shallow features are convoluted continuously, the rich
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Fig 2. The texture and semantic integrated small objects detection algorithm in foggy scenes.
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semantic information of small objects can still be retained. These three models will be intro-
duced in detail below.

Knowledge guidance module

In practice, many images are collected in foggy scenes. Such images have low contrast and
sharpness, so it is difficult for the network to extract discriminative features of the object. To
overcome this problem, a knowledge guidance module is proposed. In this module, the dis-
criminative features extracted by the network from the clear image are used to guide the
model to learn the foggy image. As shown in Fig 3, it is assumed that the low-resolution image
in a foggy scene is X = {x,}"_ and the clear low-resolution image is X, = {x°}"_, where Nis
the number of images. First, the feature extractor E is applied to extract the features F and F° of
foggy and clear low-resolution images. After that, F and F° are fed into the Yolo layer to gener-
ate features of three scales, respectively denoted by F,, F,, F; and F;, F;, F;. The dimensions of
each scale feature map are respectively C;H; W,, C;H; W, and C;H; W,. It should be pointed
out that Hy = Wi(k = 1, 2, 3). Subsequently, B candidate boxes are selected from each pixel of
the feature map. For low-resolution images in a foggy scene, objects in the candidate frame are
classified to ensure the discriminability of features. The category loss and category confidence
loss are as follows:

Lu( sz°b’ > pi(e)log(p,(c)) (1)

i=0 j=0 ceclass
s> B
L) = 33 G +zozormbf oy @
=0 = =0 j=

Here, S is the dimension of the feature map, i.e., H,H, and Hj. [ 7 is the indicator function,
which means that the object is in the candidate box j at the posmon i on the feature map. p;(c)
is the real category label, and p, (c) is the predicted result. ¢; and ¢, are the confidence of the

real and predicted categories, respectively.
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In addition to the above two losses, the detection task also needs to determine the coordi-
nates of the object in the picture. The corresponding loss is:

Lcoard(E) = ZZIfjj(Q —w; X hi)[(xi - 32;')2 + ()’i 7);1')2 + (hi - ﬁi)Q + (Wi - wi)Q] (3)

i=0 j=0

Where x;,y;,w; and h; respectively represent the center point position and scale in the real

box, x,, y,, w, and l;,. are the the center point position and scale in the prediction box.
Therefore, for foggy low-resolution images, the detection loss is:

Lf(E) = Z Lcls + Lconf + Lcoord (4)

Fy,Fy,F3

Similarly, to ensure the discriminability of clear image features, loss constraint is performed
on F;, F; and F;. There is:

Lc(E) = Z Lcls + Lconf +Lcoord (5)

c o c
FEFSFS
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The features extracted by the network from clear images tend to be more discriminative. In
order to give the model the ability to extract discriminative features from foggy images, a
knowledge guidance mechanism is designed. In this mechanism, the strategy of knowledge
distillation is adopted to promote the self-learning of the feature encoder E. There is:

L (E) = KL(F, F) (6)

Where KL is the KL divergence, which can be expressed as:
R
KL(F,F) = _[p(F,)logp(F,) — p(F, )logp(F;)] (7)
r=1

p(+) means to convert the feature map to a vector and use softmax function to process it,
and R is the number of pixels in the feature map.

In order to make feature extractor E extracts deep features have stronger position represen-
tation; we designed a semantic position information fusion attention module, as shown in Fig
3. In this module, the third layer feature F; extracted by the feature extractor is convoluted by
3 * 3 to generate the feature F;, which is consistent with the size of the ninth layer feature.
Because the third layer features pass through few convolution layers and have rich location
information, the spatial attention operation is carried out on F, to generate image feature F; ,,
so that the network can pay attention to the interest region in the third layer image feature.
Because the ninth layer features undergo multi-layer convolution, the semantic information of
the feature map is very rich. Channel attention operation is performed on Fy, to generate the
feature map Fp4, so that the network can pay attention to the interest semantic information.
In order to enrich the position representation of Fy,, F;, and Fp4 are spliced and fused, and
then through 1 * 1 convolution, Fy;4 obtains the position information in F;,. The Eq (8) is as
follows:

F, = CONV(Cat(F, ® F,,,F,; ® Fy,)) (8)

Where, ® represents element level multiplication, Cat represents splicing in channel dimen-
sion, CONV represents 1 * 1 convolution. Through this model processing, the feature extractor
E can extract deep features with rich location information from the foggy image.

Texture information acquisition module

As discussed earlier, high-resolution images often contain the texture information of the
object. If the network can also obtain such information in low-resolution images, the model’s
characterization ability can be further improved. To achieve this goal, a texture information
acquisition module is designed. This module contains two feature extractors E and Ej, and one
discriminator D, as shown in Fig 4. Among them, the function of E is consistent with that in
the knowledge guidance module, and it is used to extract the features of low-resolution foggy
images; Ej, is used to extract the features of high-resolution images in foggy scenes; the dis-
criminator judges whether the extracted features are from high-resolution images or low-reso-
lution images. For example, given a high-resolution image X, = {x"}} , the feature extractor
Ej, is applied to extract the feature map F", and then adversarial learning is adopted to
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constrain the feature extractor E and the discriminator D.

L(ED)=E, ,  [ogD(F") +E,,  _[log(l~ D(E(x))) (©)

Xh~Pdata (xy,

L(ED)=E,, llogl— D) +E,,, [log(D(Ew) (10)

Here,E(x) is the feature extracted by feature extractor E from image x.
After the above operations, the feature extractor now has the ability to extract high-resolu-
tion features, enriching the texture information of the small objects.

Semantic information enrichment module

Feature maps of different scales contain different types of object information, and continuous
convolution operations will cause the loss of high-level semantic information of small objects.
To overcome this problem, this paper designs a semantic information enrichment module to
obtain the high-level semantic information of small objects. As shown in Fig 5, the feature
extractor E extracts the features Fy, F, and F; of low-resolution foggy images. In order to retain
the key information of the object in the feature map, a self-attention mechanism is constructed
on the feature map of each scale. Specifically, the feature maps of each scale are processed by
resizing to change their dimensions to C,*(H; W;),C*(H, W) and C5*(H; W3) Subsequently,
the feature maps are processed by transposition, multiplication, and normalization to get the
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Fig 5. Semantic information rich module.
https://doi.org/10.1371/journal.pone.0270356.9g005
attention matrices:
A, = softmax(F/F)) (11)
A, = softmax(FIF,,) (12)

Next, by transposing and multiplying the feature map of each scale with the corresponding

attention matrix, we get:

F,=F,A" (13)

F,=F,AT (14)

F|,F, and F; are the feature maps after self-attention operation, and such feature maps con-
tain the key information of the object on feature maps of each scale.

Unlike F,, the scales of F, and F; are small owing to continuous convolution operations, so
the high-level semantic information of small objects is often lost. To retain this information, a
feature fusion mechanism is constructed on feature maps of different scales. To ensure that F,
contains the information of small objects in F,, the features of the two scales are fused to get:

A,=F &F (15)

Where A, is the feature after fusion of F; and F), and its dimension is C,*H;* W;. This
operation introduces the key object information in F; to F,. On this basis, the fused features
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are subjected to up-sampling and convolution to get:

F), = Conv(Upsample(4,,)) (16)

Where the up-sampling multiple is 2, and conv is 1*1 convolution. By this way, the small
objects information of feature map F, is introduced into F,,. It should be pointed out that F,
and F, have the same dimension of C,*H," W,. Similarly, to make F; contain the information
in F,,, the above operations are performed on F,,. The first is to calculate the self-attention
map of F., and then to obtain the channel attention matrix A,, = F,, © F,. Subsequently, the
fused feature A,; are subjected to up-sampling and convolution to get
F,, = Conv(Upsample(A,,)). This feature map has the same dimension of F;.

After the above operations, the deep feature maps F,, and F}, can contain the small objects
information in the feature map F;. Then category loss, confidence loss and coordinate position
loss are performed on the obtained feature maps F|, F;, and F, to get:

Ls (E) = Z Lcls + Lconf + Lcoord (17)
Fy P
Total loss
In summary, the total loss of the small objects detection algorithm proposed in this paper is:
Ltotal (E7 Ec’ Eh’ D) = Lf(E) + LE(EC) + leg(E7 Ec) + 7\’2Lw(Eﬂ D) + Lwe(E7 D) (18)

Where A, and A, are hyper-parameters, which are used to weigh the proportions of the loss
items L(E, E) and L,,(E, D) in the total loss.

Algorithm 1 the proposed algorithm.
Definition: two feature encoders E; and E; one discriminator D
Input:
Labeled high-resolution clear image Xh::{ﬁ}i“ labeled low-resolution
clear image X, ={x}), label P={p‘})°,, and unlabeled low-resolution
foggy image X = {x,},.,
Output:
optimal model E*
Image preprocessing:
Scale the input image of any size to 608%608*3
Optimize:
for each k € [1, n] do:
(a) Input image X, = {x'}, into E, feature F' and input images X = {x,}.,
and X, = {x¥}), into E to get features F; and F;
(b) Input features H1and F; into discriminator D and then train E, and
D with formulas (9) and (10);
(c) Input features F; and F; into KL loss and train E with formula (7);
(d) Input feature F; into Yolo layer and train E with formula (4);
end for

Experiments
Data set and evaluation indicators

In order to verify the effectiveness and superiority of the proposed algorithm, a large number
of experiments were carried out on two available large-scale data sets, i.e. “Cityscape to Foggy”
[22] and “CoCo” [23], and they were compared with some of the most advanced methods.
“Cityscape to Foggy” is mainly used for semantic segmentation tasks. Cityscape dataset had
3457 images, including 2965 images in the training set and 492 in the test set; FoggyCityscape
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dataset had 3457 images, of which 2965 were in the training set and 492 in the test set. There-
fore, eight categories of data-“Bus”, “Bicycle”, “Car”, “Motorcycle”, “Person”, “Rider”, “Train”
and “Truck” were singled out from the “Cityscape to Foggy” dataset, and their labels were con-
verted into formats suitable for object detection tasks. By contrast, the “CoCo” data set had
123287 fog-free images, of which 118287 in the training set and 5000 were in the test set. To
verify that the algorithm proposed in this paper can effectively detect small objects in foggy
scenes, the foggy algorithm [24] was applied to fog the COCO data set, and 123287 foggy
images (118287 in the training set and 5000 in the test set) were obtained. All experiments in
this paper used average prediction accuracy (mAP) as the evaluation index, and the formula is

shown in Eq (19).

mAP = ézzmaxp(ll)m(k) (19)

¢ k=1 k2K

Where C is the total number of categories, N the sample size in one category, max,;ZkP(lz) is
the accuracy of the maximum confidence greater than the confidence threshold, Ar(k) is the
change in the recall rate when the sample size changes from k — 1 to k. On the coco data set,
the following evaluation indicators are derived based on mAP: mAPs, represents the average
prediction accuracy of 0.5 for the intersection ratio of the target’s prediction frame and its real
frame; mAP;s represents the average prediction accuracy of 0.75 for the intersection ratio of
the target’s prediction frame and its real frame; mAPs means the average prediction accuracy
of the target area less than 32*32 pixels; mAP;; means the average prediction accuracy of the
target area greater than 3232 but less than 9696 pixels; mAP; means the average prediction
accuracy of the target area larger than 96*96 pixels.

Experimental details

The experiment was performed on a GTX 3090T1i graphics card. The feature encoders in this
paper all used the Darknet-53 network as the feature extractors. E,E. and E;, did not share
parameters with each other. The discriminator D consists of three convolution-pooling-nor-
malization blocks and one fully connected layer. During the experiment, the images were pre-
processed by random flip, random fill, and random crop, and the size of the image was
uniformly scaled to 608608. The model was trained for 100 generations, the batch size was 2,
and the initial learning rate was 0.007. The learning rate adjustment algorithm adopted the
cosine annealing algorithm.

In the test, only the feature encoder E was used to extract the features of low-resolution
images in foggy scenes for prediction.

Method comparison

In this section, the proposed algorithm is compared with some of the most advanced meth-
ods [25-32] on “Cityscape to Foggy” and “CoCo” data sets to show its advantages. On “City-

» «

scape to Foggy” the detection performance of eight categories of “Bus”, “Bicycle”, “Car”,
“Motorcycle®, “Person”, “Rider”, “Train” and “Truck” are compared. The results are listed in
Table 1.

It can be seen from Table 1 that compared with other object detection algorithms, the algo-
rithm proposed in this paper performs the best under foggy conditions. The proposed algo-
rithm is also compared with the state-of-the-art methods on the foggy “CoCo” data set, as

shown in Table 2. It can be seen that the algorithm proposed has the best performance.
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Table 1. Experimental results of different methods on “Cityscape to Foggy” data set.

Methods mAP

CPM-R-CNN [25] 25.8
Libra R-CNN [26] 31.9
PPA [27] 34.0
Vinet [28] 31.2
Paa [29] 26.5
Gfl [30] 30.7
Sabl [31] 23.8
CST-DA [32] 32.1
Ours 46.2

https://doi.org/10.1371/journal.pone.0270356.t001

Table 2. Experimental results of different methods on the foggy “CoCo” data set.

Methods mAP mAPs, mAP;5 mAPg mAP,, mAP;

Libra R-CNN [26] 30.5 38.6 32.0 14.0 35.7 42.1
PPA [27] 32.7 41.9 36.2 14.0 35.8 48.2
Vnet [28] 32.9 483 35.2 143 36.0 48.0
Paa [29] 32.6 48.1 34.7 11.9 354 51.1
Gfl [30] 28.3 43.3 299 10.6 30.4 44.1
Sabl [31] 29.8 45.7 31.4 10.5 32.6 46.3
Ours 33.3 49.9 35.9 14.4 38.2 47.7

https://doi.org/10.1371/journal.pone.0270356.t002

Ablation experiment

In order to prove the effectiveness of each module in the proposed algorithm, a series of abla-
tion experiments were carried out. In this process, the model with all three modules removed
was used as the benchmark, that is, only the detection loss constraint model for low-resolution
images in foggy scenes was used. As shown in Table 3, the model using only benchmark train-
ing achieved an average prediction accuracy of 39.4% on “Cityscape to Foggy”.

Knowledge guidance module: It can be seen from Table 3 that when the knowledge guid-
ance module is added, the performance is greatly improved compared with the benchmark, by
a mean predication accuracy of 4.7% on “Cityscape to Foggy”. It indicates that the proposed

Table 3. Ablation experimental results of the model on the “Cityscape to Foggy” dataset.

- Cityscape to

Foggy
Methods mAP
Benchmark 39.4
Benchmark + knowledge guidance 44.1
Benchmark + semantic information enrichment 39.6
Benchmark + texture information acquisition 40.9
Benchmark + semantic information enrichment + texture information acquisition 42.8
Benchmark + knowledge guidance + texture information acquisition 44.7
Benchmark + knowledge guidance + semantic information enrichment 44.3
Benchmark + knowledge guidance + texture information acquisition + semantic information 46.2
enrichment(ours)

https://doi.org/10.1371/journal.pone.0270356.t003
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knowledge guidance module can effectively alleviate the adverse effects of foggy environment
on recognition performance.

Texture information acquisition module: When the texture information acquisition module
is added to the model, the detection performance is further improved. The mean prediction
accuracy on the “Cityscape to Foggy” dataset increases from 39.4% to 40.9%. This is mainly
because the proposed texture information acquisition module enriches the texture information
in the features and improves the representation ability of the model.

Semantic information enrichment module: The loss of high-level semantic information is
partly to blame for the limited detection performance. Thus, when the semantic information
enrichment module is added to the model, the detection performance is improved. The mean
prediction accuracy on “Cityscape to Foggy” dataset increases from 39.4% to 39.6%. It is there-
fore can be concluded that the proposed semantic information enrichment module plays a
positive role in enhancing detection performance.

It can be seen from Table 3 that after considering the three modules Knowledge guidance
module, Texture information acquisition module and Semantic information enrichment mod-
ule at the same time, the model achieves a better performance. The mean prediction accuracy
on the “Cityscape to Foggy” dataset reached 46.2%.

Parameter analysis

In the algorithm proposed in this paper, A; and A, are hyper-parameters, which are used to
weigh the proportions of loss terms Ly(E, E.) and L,,(E, D) in the total loss respectively. To
demonstrate that the parameter value is the optimal, the parameter analysis experiment was
carried out, and the experimental results are shown in Fig 6 below. It should be noted that
when one parameter is analyzed, the other parameter is fixed.

The impact of A; on model performance: Parameter A, is used to control the relative weight
of the loss term Ly(E, E,) in the total loss. As shown in Fig 6(a), when A, ranges within [0.6,1.0],
mAP is on the rise; it reaches the maximum when A; = 1.0 and starts to decline thereafter. This
indicates that the optimal value of A, is 1.0.

The impact of A, on model performance: Parameter X, is used to control the relative weight
of L,,(E, D). It can be observed from Fig 6(b) that as A, rises from 0.6 to 0.8, the detection

43 43
42.5 425
42 4
%41.5 5 41.5
41 T4l
40.5 40.5

40— 40 — — — — — -

06 08 10 12 14 16 0.6 08 1.0 12 14 16

Parameter of g-loss Parameter of kl-loss
@ )

Fig 6. Parameter analysis: (a) shows L, in the total loss, the influence of different weights on the total loss, and the
weight is recorded as A;; (b) shows L,, in the total loss, the influence of different weights on the total loss, and the
weight is recorded as A,.

https://doi.org/10.1371/journal.pone.0270356.g006
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performance shows a negative growth, and varies greatly when A, ranges from 0.6 to 1.6. At
A = 1.4, mAP reaches its maximum. So the optimal value of A, is 1.4.

Visual analysis

In order to better prove the effectiveness of this method, this paper uses yolov5 method and
this method to carry out visual display on the cityscape to foggy dataset, as shown in Fig 7.

As can be seen from Fig 7, this method can not only well detect targets in foggy scenes, but
also detect small targets in foggy scenes. It can be proved that this method not only solves the

rider 0.5

bicycle 0.6

(a) Yolov5 method

fricec
la !Pé"i
. Bmotorcycle 0.4

(b) Our method

Fig 7. Visualization results on the Cityscape to Foggy dataset.
https://doi.org/10.1371/journal.pone.0270356.9007
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problem of domain migration between different data sets, but also can effectively extract the
information of small targets in shallow features and improve the ability of model to detect
small targets.

Conclusions

In this paper, we study the small objects detection task in foggy scene. It is difficult to extract
discriminative object features from the model trained by the existing methods. In addition, the
existing small objects detection algorithms ignore the texture information and high-level
semantic information of small objects, which limits the improvement of detection perfor-
mance. Aiming at the above problems, this paper proposes a Texture and semantic integrated
small objects detection algorithm in foggy scenes. Specifically, the discriminant features
extracted by the model from clear images are used to guide the model to learn, which alleviates
the negative impact of foggy images on the detection performance. Given that the existing
algorithms are difficult to obtain the texture information and high-level semantic information
of small objects, the adversarial learning strategy is adopted to give the network the ability to
obtain the texture information of small objects from low-resolution images. At the same time,
a multi-scale feature map attention mechanism is constructed to further enrich the high-level
semantic information of small objects. The effectiveness and superiority of the method pro-
posed in this paper have been fully verified by a series of experiments.

Supporting information

S1 Dataset.
(DOCX)

Author Contributions

Methodology: Zhengyun Fang, Hongbin Wang.
Project administration: Shilin Li.

Software: Yi Hu, Xingbo Han.

Writing - original draft: Hongbin Wang, Yi Hu.
Writing - review & editing: Hongbin Wang.

References

1. Chenchen Zhu, Yihui He, Marios Savvides. Feature Selective Anchor-Free Module for Single-Shot
Object Detection. In: IEEE Conference on Computer Vision and Pattern Recognition (CVPR), Long
Beach, USA, 2019. p.840-849.

2. Redmon. J, Divvala. S, Girshick. R and Farhadi. A. You Only Look Once: Unified, Real-Time Object
Detection. In: IEEE Conference on Computer Vision and Pattern Recognition (CVPR), Las Vegas,
USA, 2016. p.779-788.

3. Liu. W, Anguelov. D, Erhan. D, Szegedy. C, Reed S, Fu. C, et al. SSD: Single Shot MultiBox Detector.
In: European Conference On Computer Vision (ECCV), Amsterdam, The Netherlands, 2016: 21-37.

4. Ren S, HeK, Girshick R and Sun J. Faster R-CNN: Towards Real-Time Object Detection with Region
Proposal Networks. IEEE Transactions on Pattern Analysis and Machine Intelligence, 2017, 39(6).
p.1137—-1149. hitps://doi.org/10.1109/TPAMI.2016.2577031 PMID: 27295650

5. He. K, Gkioxari. G, Dollar. P and Girshick. R. Mask R-CNN.? In: IEEE International Conference on
Computer Vision (ICCV), Venice, Italy, 2017. p.2980-2988.

6. Redmon. J and Farhadi. A. YOLO9000: Better, Faster, Stronger. In: IEEE Conference on Computer
Vision and Pattern Recognition (CVPR), Honolulu, USA, 2017. p.6517-6525.

PLOS ONE | https://doi.org/10.1371/journal.pone.0270356  August 18, 2022 16/18


http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0270356.s001
https://doi.org/10.1109/TPAMI.2016.2577031
http://www.ncbi.nlm.nih.gov/pubmed/27295650
https://doi.org/10.1371/journal.pone.0270356

PLOS ONE

Texture and semantic integrated small objects detection in foggy scenes

10.

11.

12

13.

14.

15.

16.

17.

18.

19.

20.

21.

22,

23.

24,

25.

26.

27.

28.

Lin. T, Dollar. P, Girshick. R, He. K, Hariharan. B and Belongie. S. Feature Pyramid Networks for Object
Detection. In: IEEE Conference on Computer Vision and Pattern Recognition (CVPR), Honolulu, USA,
2017. p.936-944.

Liu. Z, Gao. G, Sun. L and Fang. L. IPG-Net: Image Pyramid Guidance Network for Small Object Detec-
tion.? In: IEEE Conference on Computer Vision and Pattern Recognition Workshops (CVPRW), Seattle,
USA, 2020. p.4422-4430.

Pang. J, Chen. K, Shi. J, Feng. H, Ouyang. W and Lin. D. IPG-Net: Image Pyramid Guidance Network
for Small Object Detection. In: IEEE Conference on Computer Vision and Pattern Recognition Work-
shops (CVPRW), Seattle, USA, 2020. p.4422—-4430.

Tan. M, Pang. R and Le. Q. EfficientDet: Scalable and Efficient Object Detection. In: IEEE Conference
on Computer Vision and Pattern Recognition (CVPR), Seattle, USA, 2020. p.10778-10787.

Luo. Y, Cao. X, Zhang. J, Cao. X, Guo. J, Shen. H, et al. CE-FPN: Enhancing Channel Information for
Object Detection. arXiv preprint arXiv:2103.10643,2021.

Li. J, Liang. X, Wei. Y, Xu. T, Feng. J and Yan. S. Perceptual Generative Adversarial Networks for
Small Object Detection. In: IEEE Conference on Computer Vision and Pattern Recognition (CVPR),
Honolulu, USA, 2017. p.1951-1959.

Bai. Y, Zhang. Y, Ding. M and Ghanem. B. SOD-MTGAN: Small Object Detection via Multi-Task Gener-
ative Adversarial Network. In: European Conference on Computer Vision (ECCV), Munich, Germany,
2018. p.210-226.

Noh. J, Bae. W, Lee. Seo. J and Kim. G. Better to Follow, Follow to Be Better: Towards Precise Supervi-
sion of Feature Super-Resolution for Small Object Detection. In: IEEE International Conference on
Computer Vision (ICCV), Seoul, Korea, 2019. p.9724-9733.

JiH, Gao Z, Mei T and Ramesh B. Vehicle Detection in Remote Sensing Images Leveraging on Simul-
taneous Super-Resolution. IEEE Geoscience and Remote Sensing Letters, 2020, 17(4):676-680.
https://doi.org/10.1109/LGRS.2019.2930308

Shermeyer. J and Etten. A. The Effects of Super-Resolution on Object Detection Performance in Satel-
lite Imagery. In: IEEE Conference on Computer Vision and Pattern Recognition Workshops (CVPRW),
Long Beach, USA, 2019. p.1432—1441.

Chen. X and Gupta. A. Spatial Memory for Context Reasoning in Object Detection. In: IEEE Interna-
tional Conference on Computer Vision (ICCV), Venice, Italy, 2017. p.4106—4116.

Zhu.Y, Zhao. C, Wang. J, Zhao. X, Wu. Y and Lu. H. CoupleNet: Coupling Global Structure with Local
Parts for Object Detection. In: IEEE International Conference on Computer Vision (ICCV), Venice, ltaly,
2017.p.4146-4154.

Hu. H, Gu. J, Zhang. Z, Dai. J and Wei. Y. Relation Networks for Object Detection. In: IEEE Conference
on Computer Vision and Pattern Recognition (CVPR), Salt Lake City, USA, 2018. p.3588-3597.

Tang. X, Du. D, He. Z and Liu. J. PyramidBox: A Context-assisted Single Shot Face Detector. In: Euro-
pean Conference on Computer Vision (ECCV), Munich, Germany, 2018. p.797-813.

Cao. J, Chen. Q, Guo. J and Shi. R. Attention-guided Context Feature Pyramid Network for Object
Detection. arXiv preprint arXiv:2005.11475, 2020.

Hahner. M, Dai. D, Sakaridis. C, Zaech. J and Gool. L. V. Semantic Understanding of Foggy Scenes
with Purely Synthetic Data. IEEE Intelligent Transportation Systems Conference (ITSC), Auckland,
New Zealand, 2019. p.3675-3681.

Lin. T, Maire. M, Belongie. S, Hays. J, Perona. P, Ramanan. D, et al. Microsoft COCO: Common
Objects in Context. In: European Conference on Computer Vision (ECCV), Zurich, Switzerland, 2014.
p.740-755.

He K, Sun J and Tang X. Single Image Haze Removal Using Dark Channel Prior. IEEE Transactions on
Pattern Analysis and Machine Intelligence, 2011, 33(12):2341-2353. https://doi.org/10.1109/TPAMI.
2010.168 PMID: 20820075

Bin Zhu, Qing Song, Lu Yang, Zhihui Wang, Chun Liu and Mengjie Hu. R-CNN: Calibrating Point-
Guided Misalignment in Object Detection. In: WACV, 2021.

Jiangmiao Pang, Kai Chen, Jianping Shi, Huajun Feng, Wanli Ouyang and Dahua Lin. Libra R-CNN:
Towards Balanced Learning for Object Detection. In: 2019 IEEE/CVF Conference on Computer Vision
and Pattern Recognition (CVPR), 2019. p.821-830.

Kim, Kang and Lee, Hee Seok. Probabilistic Anchor Assignment with loU Prediction for Object Detec-
tion. In: ECCV 2020. Lecture Notes in Computer Science, 2020, 12370: 355-371.

Haoyang Zhang, Ying Wang, Fears Dayoub and Niko Sunderhauf. VarifocalNet: An loU-aware Dense
Object Detector. In: CVPR, 2021.

PLOS ONE | https://doi.org/10.1371/journal.pone.0270356  August 18, 2022 17/18


https://doi.org/10.1109/LGRS.2019.2930308
https://doi.org/10.1109/TPAMI.2010.168
https://doi.org/10.1109/TPAMI.2010.168
http://www.ncbi.nlm.nih.gov/pubmed/20820075
https://doi.org/10.1371/journal.pone.0270356

PLOS ONE Texture and semantic integrated small objects detection in foggy scenes

29. KangKim1, Hee Seok Lee. Probabilistic Anchor Assignment with loU Prediction for Object Detection.
In: ECCV.2020.

30. Xiang Li, Wenhai Wang, Lijun Wu, Shuo Chen, Xiaolin Hu, Jun Li, et al. Generalized Focal Loss: Learn-
ing Qualified and Distributed Bounding Boxes for Dense Object Detection. In: NeurlPS, 2020.

31. Jiagi Wang, Wenwei Zhang, Yuhang Cao, Kai Chen, J iangmiao Pang, Tao Gong, et al. Side-Aware
Boundary Localization for More Precise Object Detection. In: ECCV 2020. Lecture Notes in Computer
Science, 2020, 12349:403-419.

32. ZhaoG, LiG, Xu R, et al. Collaborative Training between Region Proposal Localization and Classifica-
tion for Domain Adaptive Object Detection. In: ECCV 2020. Lecture Notes in Computer Science, 2020,
12363:86-102.

PLOS ONE | https://doi.org/10.1371/journal.pone.0270356  August 18, 2022 18/18


https://doi.org/10.1371/journal.pone.0270356

