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Abstract
In crowded scenes, one of the most important issues is that heavily overlapped objects are hardly distinguished from each
other since most of their pixels are shared and the visible pixels of the occluded objects, which are used to represent their
features, are limited. In this paper, a spatial pyramid convolutional shuffle (SPCS) module is proposed to extract refined
information from the limited visible pixels of the occluded objects and generate distinguishable representations for the heavily
overlapped objects. We adopt four convolutional kernels with different sizes and dilation rates at each location in the pyramid
features and adjacently recombine their fused outputs spatially using a pixel shuffle module. In this way, four distinguishable
instance predictions corresponding different convolutional kernels can be produced for each location in the pyramid feature.
In addition, multiple convolutional operations with different kernel sizes and dilation rates at the same location can generate
refined information for the corresponding regions, which is helpful to extract features for the occluded objects from their
limited visible pixels. Extensive experimental results demonstrate that SPCS module can effectively boost the performance
in crowded human detection. YOLO detector with SPCS module achieves 94.11% AP, 41.75% MR, 97.75% Recall on
CrowdHuman, 93.04% AP, and 98.45% Recall on WiderPerson, which are the best compared with previous state-of-the-art
models.

Keywords Pedestrian detection · Occluded object detection · Feature extraction · Convolutional neural network

Introduction

Object detection is a basic and practical task in computer
vision. In recent years, depending on the development of con-
volutional neural networks (CNNs), researchers have seen
broad prospects of utilizing detection technique in various
domains, such as pedestrian and vehicle detection in auto-
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matic drives, remote object recognition [1,2] and intelligence
surveillance systems [3]. Many CNN-based detectors have
been proposed such as YOLO series [4–7], SSD [8], DSSD
[9], Faster-RCNN [10], CenterNet [11], FCOS [12], which
are all proved to have state-of-the-art (SOTA) performance
on general object detection benchmarks such as COCO [13]
and Pascal VOC [14]. However, for all the mentioned mod-
els, there are still room for improvement when the objects
crowdedly occur and overlap each other heavily. There are
two main challenges in that situation: (1) heavily overlapped
objects are hardly distinguished in the semantic feature space,
because most of their pixels are shared and the visible pixels
of the occluded object which are used to represent its partic-
ularity are limited; (2) the traditional greedy non-maximum
suppression (NMS) process will suppress the heavily over-
lapped prediction boxes by mistake when their overlapping
degree greater than a specific threshold. These two challenges
make the current models unable maximize their potential.

To date, some works have been proposed to improve the
detection performance in crowded scenes [15–20]. Other
works pay attention to the NMS process [21–23]. To the best
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Fig. 1 a Since each grid can extract only one object whose center point
locates in it, heavily overlapped objects are easily ignored in original
YOLO.bFinemeshingwillmake the center of objects locate in different
grid as possible, so the heavily occluded objects can be preserved into
the training process. c The visible pixels of the occluded objects are
limited, as shown in the yellow region, which makes the high level
semantic feature of the occluded objects are hardly distinguishable from
the ones who cover them

of our knowledge, most works that specifically pay atten-
tion to the occlusion issue are based on two-stage detectors.
Compared with two-stage models, one-stage detectors have
many obvious advantages. YOLO series as representative
models amongSOTAdetectors, have a good balance between
precision and inference speed, so that they have serviced in
industries extensively.Manyworks, such as scaled-YOLOv4
[24] and YOLOX [25], improve the YOLO detector in terms
of the structures, image augmentation, training methods and
so on, and they all achieve impressive progress on COCO
dataset compared with the original YOLO, which demon-
strates that theYOLOdetectors still have potential to perform
better. However, for YOLO-based detectors, there is another
shortcoming towards the crowded object detection. The orig-
inal YOLO separates each pyramid feature into several grids
(e.g., 13 × 13, 26 × 26 and 52 × 52 grids with input size
of 416 × 416), and each grid is assigned only one ground
truth box whose center point is located in it. When two or
more objects overlap with each other heavily and their center
points are located in the same grid, only one of these objects
will be reserved into the training process and the others will
be ignored, as shown in Fig. 1a.

In this paper, we propose a spatial pyramid convolutional
shuffle module named SPCS for the YOLO detectors to
handle the crowded scenes. The YOLO-based detector with
SPCS module is named as YOLOC. SPCS module enlarges
the pyramid features by fusing the outputs of four convo-
lutional layers with different kernel sizes via pixel shuffle
module [26]. There are two steps in SPCS module: First,
for each grid in YOLO pyramid feature, the spatial pyramid
convolutional (SPC) module generates four distinguishable

sub-features extracted using four convolutional kernels with
different sizes and dilation rates. In this way, the distin-
guishable representations can be generated for the multiple
overlapped objects that occupy almost the same regions.
Then, the four output features with same channels are con-
catenated in the channel wise, and a pixel-shuffle module
is adopted to increase the resolution of feature pyramid,
i.e., adjacently place the sub-features which are extracted
from same location spatially. The SPCS module cannot only
increase the resolution of the feature pyramid, which can
cover the YOLO’s shortage in positive target determination
mechanism when facing the crowded scenes, as shown in
Fig. 1b, but also provide distinguishable features for heav-
ily overlapped targets. To verify the ability of SPCS module
in occluded object detection and prevent the influence of
the NMS post-process, we adopt three NMS methods, i.e.,
greedy NMS, Adaptive NMS [22] and Soft NMS [27], to
comprehensively show the performance of SPCS module.
It is worth noting that the predicted density information
of objects is required as the Intersection over Union (IoU)
threshold in the Adaptive NMS algorithm. Compared with
extracting information from a single object, the density
prediction needs to extract information from multiple over-
lapped objects, and a strong information extraction ability
and larger receptive fields are necessary [22]. Therefore, the
performance of the predicted density in Adaptive NMS can
be used as a metric to measure the ability to extract infor-
mation from occluded objects. In this paper, we design an
experiment on the density prediction to demonstrate that the
proposed SPCS module can improve information extraction
ability. We adopt a tiny density prediction head to predict
density of objects, which is different from Adaptive NMS
[22], to make the influence of SPCS prominent and prevent
the extra complex networks from covering up the shortage in
terms of density prediction.

Extensive experiments are implemented to verify the
effectiveness of the SPCS module. First, ablation studies
are implemented on the CrowdHuman [28] dataset to ver-
ify the comprehensive effectiveness of the SPCS module
in occluded object detection. Second, a density prediction
experiment is conducted to demonstrate that the SPCS mod-
ule can improve the information extraction ability. Third,
comparative experiments are conducted on theCrowdHuman
andWiderPerson [29] to compare the comprehensive perfor-
mance of our model with some SOTA models. The results
show that YOLOC achieves the best performance in AP and
Recall, and the second best performance in MR on Crowd-
Human, i.e., 94.11%, 97.75% and 41.77%, respectively. On
WiderPerson, YOLOC achieves 93.04% AP, 50.71% MR
and 98.45% Recall. Moreover, benefitting from its one-
stage structure, YOLOC achieves the fastest inference speed
among all SOTA models.
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For clarity, the main contributions of this paper can be
summarized as follows:

1. A spatial pyramid convolutional shuffle module is pro-
posed to boost the ability of extracting information from
the limited visible pixels of occluded objects and gen-
erating distinguishable representations for the occluded
objects.

2. A tiny density prediction head and a density loss function
are proposed for the density prediction experiment which
are designed to prove that the SPCS module can improve
information extraction ability.

3. Extensive comparative experiments are conducted on
CrowdHuman and WiderPerson to prove that models
with SPCSmodule can achieve best performance in heav-
ily occluded object detection.

Related work

Generic object detectionObject detection as a fundamental
computer vision task, has achieved great progress with the
rapidly development of the convolutional neural network.
The mainstream detection models are usually categorized
into two-stage models [10,30–34] and one-stage [4–9,35]
models. RCNN [30] first adopt CNNs into object detection
and proposes a two-stage framework: first generate proposal
boxes using selective search algorithm [36], then conduct
box regression and classification based on the proposal boxes
obtained in the first stage to get refined predictions. To solve
the problem that the computations between different object
prediction cannot be shared, Fast RCNN [31] proposes RoI
(region of interest) pooling tomake the output from each pro-
posal has the same size, which increases the inference speed
significantly. Faster-RCNN [10] lays the foundation of the
two-stage detectors, proposes a RPN (region proposal net-
work) to replace the selective research algorithm, and filter
the background regions and effectively generates precise pro-
posal regions. Some other works such as RoI Align [32], RoI
warping pooling [37], PrRoIPooling [38], and PSRoI pool-
ing [34] pay attention to the pooling process to the region of
interesting. Although the two-stagemethods achieve impres-
sive precision, the inference speed of two-stage methods are
always not satisfactory. Different from the two-stage detec-
tors, the one-stage methods replace the predicted proposal
boxes by the fixed anchor boxes which are densely paved in
the prediction features, and conduct regression and classifi-
cation based on the anchor boxes in the fully convolutional
way. SSD [8] proposes a one-stage framework and utilize the
multi-scale features to detect objects with different scales.
DSSD [9] fuses the deep and the shallow features to enrich
the semantic information of the featureswith large resolution,
which is helpful for the small target detection. RetinaNet [35]

proposes a Focal Loss for the issue that the one-stage detec-
tors suffer from extreme imbalance between the positive and
negative samples. YOLOv3 [6] proposes a full convolution
network DarkNet as the backbone achieves great balance
between speed and precision. Later, YOLOv4 [7], Scale-
YOLOv4 [24] and YOLOX [25] are proposed to optimize
the YOLO model in terms of the network structures, image
augmentation, trainingmethod. To deal with the scale chang-
ing problem, the aforementioned detectors are all based on
the anchor boxes which are of various scales and shapes and
densely paved on the feature maps. To eliminate the influ-
ence of the hyper-parameters brought by the anchor boxes
and speed reduction caused by the non-maximum suppres-
sion post-processing, the anchor-free methods are proposed.
CornerNet [39] proposes a key point-based method that pre-
dict the top-left and the bottom-right point of the object box.
CenterNet [11] is also a key point-based method that pre-
dicts the center point of the bounding box as the key point.
FCOS [12] proposes a full convolution anchor-free model
and utilizes multi-scale features to solve the ambiguity when
objects overlap with each other. Since the computation of
one-stage detectors are shared between all the targets in an
image, the one-stage detectors have great advantages in the
terms of inference speed than the two-stage methods.

Works for crowded scenes Although the generic detectors
have achieved great performance, the crowded scenes are
still challenging for them, and many works have been pro-
posed to dig out their potential in crowded target detection.
[15] proposes a novel concept that each proposal box pre-
dicts multiple targets rather than one to solve the problem of
feature confusion between the heavily overlapped objects. In
addition, a set-NMS is proposed that prediction boxes that
are generated based on the same proposal box should be pre-
served, and others should be suppressed. [16] follows the
iterative scheme to detect a subset of objects at each iteration
and there are no interactions between the detection results of
different iterations. This method needs to conduct more than
one inference framework in one detection process, which is
obviously inefficient. [17] proposes a multi-scale attention
feature aggregation module that can extract deeper informa-
tion, and an attention block is added to enhance the features
of objects.

In addition, many works focus on the improving the NMS
process. [20] develops a double anchor RPN to capture the
body and head parts in pairs, which are used to guide the
NMS process. This method uses both head and body infor-
mation, however, not all instances in various datasets are
labeled in the head-body pair way. Different from the [20]
which predicts the head–body box pair, the [21,23], which
work in very similar ways, predict visible-full box pairs. It
is obvious that the visible parts of objects in the crowded
scenes rarely overlap and there is a correspondence between
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each visible box and the full box. Thus, the visible boxes
that are preserved after the NMS process can be used to
guide the selection of full prediction boxes. However, only
the datasets that labeled in that certain way can be trained
using this method. [22] finds that the fixed IoU threshold
is not reasonable for the crowded scenes and claims that
the IoU threshold should change according to the density of
the counterpart object, i.e., increase when objects are dense
and decrease when sparse. To solve the occlusion problem
in pedestrian detection, [40] adopts a channel-wise atten-
tion mechanism into the Faster-RCNN to handle different
occlusion patterns. It find that some specific channels show
strong activations at the human head, upper body and feet,
respectively. Guided by the difference of the activations from
different regions, the attentionmechanismwill reweight each
channel and make the occluded parts have lower impact on
the final score. [18] proposes AggLoss, which is also adopted
by [22], to make the proposal boxes corresponding to the
same object more compact. In addition, a new part occlusion
aware region of interest (PORoI) pooling is utilized to inte-
grate the prior structure information of the human body with
visibility prediction into the network.

The aforementioned algorithms have achieved great per-
formance in crowded pedestrian detection. However, to the
best of our knowledge,mostworks that specifically pay atten-
tion to the occlusion issue are based on two-stage detectors

such as Faster-RCNN, which does not have as a great bal-
ance between precision and inference speed as the one-stage
models. In this paper, we propose a one-stage detector that
achieves SOTA performance in terms of precision and is sig-
nificantly faster than the current two-stage models.

Methods

In crowded scenes, there are many objects occluded heavily
by other objects, and the pixels that represent their specificity
are limited, which makes them hardly to be distinguished
from the objects that cover them. In this section, we introduce
the SPCSmodule to generate refined distinguishable features
for heavily occluded objects.

SPCSmodule

YOLO’s mechanism to determinate the positive anchor is
not friendly to the crowded targets. In the YOLO algorithm,
the feature pyramids are divided into several grids spatially
(e.g., 13 × 13, 26 × 26 and 52 × 52 with input sizes of
416× 416), and only the grid that contains the center points
of objects will be seen as positive. However, when more than
one targets that heavily overlaps each other occurs and their
center points are located in the same grid, only one target will

Fig. 2 The spatial pyramid convolutional shuffle module consists of 4
different convolutional kernels. The convolutional kernels with differ-
ent sizes and dilation ratios cover different scopes, and their outputs are
shuffled to generate distinguishable representations for heavily over-

lapped objects. Except the end convolutional layers in the prediction
head, all other single Conv module is consist of one convolutional lay-
ers, one BatchNorm layer and one Mish [41] activation layer
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be preserved in the training process, and the others will be
ignored. This shortcomingmakes the target that heavily over-
laps another one hardly to be predicted by YOLO. Increasing
the resolution of the feature pyramid is a good way to cover
this problem. Fine meshing will let the targets be assigned
to different grids as much as possible, as shown in Fig. 1b.
However, there is another problem: for an object that heav-
ily covered by another front object, the front object occupies
most of the region of its bounding box, and its visible pix-
els which are used to express its particularity are limited, as
shown in Fig. 1c. Therefore, for the occluded object, it is
difficult to extract a distinguishable representation which is
far away from the front object in the feature space.

In this paper, we propose a spatial pyramid convolutional
shuffle module to increase the resolution of the pyramid fea-
ture and generate refined distinguishable representations for
heavily overlapped targets at the same time. As shown in
Fig. 2, the SPCS takes pyramid features as input. Inspired
by the spatial pyramid pooling (SPP) [42], we use four con-
volutional kernels with different sizes and dilation rates to
each pyramid feature, and concatenate the outputs of these
four convolutional layers in channel wise. Specifically, we
adopt four kinds of convolutional kernels, i.e., kernel size
1× 1, kernel size 3× 3 with dilation rate 1, kernel size 4× 4
with dilation rate 2 and kernel size 5 × 5 with dilation rate
2. Different kernels cover different spatial scopes. Compared
with a single 3× 3 convolutional layer, we look one location
four times through four different kernels. This hierarchical
structure extracts information from different scopes to form
refined features with not only detailed but also relatively
global information of the current region. Then, a pixel-shuffle
module is utilized to recombine the features to increase the
resolution. In this way, 4 distinguishable sub-features which
correspond to 4 different convolutional kernels can be gener-
ated based on the same grid of the original feature pyramid.

As shown in Fig. 3,we name each 2×2 grid in the enlarged
feature as a cell, and the feature with the resolution 2W ×2H
contains W × H cells. Given an input feature map with size
4C×W×H , whereW iswidth, H is height and 4C is number
of channels, the pixel-shufflemodule divides the input feature
into four parts in the channel wise averagely, and each part
is of the size C × W × H . The grids in the first part (the
green feature in Fig. 3) are resettled in the top-left grid of
each cell in the output feature of the pixel-shuffle module,
the grids in the second part (the blue feature map in Fig. 3)
are resettled in the top-right grid of all cells, the third part (the
red feature map in Fig. 3) in the bottom-left and the fourth
part (the yellow feature map in Fig. 3) in the bottom-right
grid of all cells. Thismechanismmakes the grids in every cell
have a fixed relationship to the previous convolutional kernel
sizes, or in other words, receptive fields. However, this fixed
relationship may not be the best choice, i.e., the top-left grids
may need larger receptive fields than other grids in the same

Fig. 3 Pixel shuffle module. The input feature map will be divided
as four parts in channel wise like the yellow, red, green and blue sub-
features, and each part is resettled adjacently to form an enlarged feature
map.The locationof each sub-feature in the enlargednew feature is fixed

cell, or the bottom-right grid may need to focus on a small
region. Therefore, we add a 1× 1 convolutional layer before
the pixel-shuffle module which does not change the channel
size of the feature to fuse the results of the four convolutional
layers in channel wise. Following the baseline, we use Mish
[41] as the activation function in all network structures.

In the enlarged feature map, as shown in Fig. 3, the sub-
features in the four grids of the same cell are obtained based
on the same grid of the previous featuremap, which is similar
to the idea of [15] that predicts multiple boxes based on one
single proposal box. The SPCS module predicts 4 instances
based on a same location in the original pyramid feature,
but they are different from each other because of the differ-
ence between their corresponding convolutional kernel sizes.
Multiple convolutional kernels with different receptive fields
utilized on the same location can provide multilevel informa-
tion.

In addition, to further enhance the dissimilarity between
adjacent sub-features, so we add a skip branch to directly
transmit the detail information to the enlarged features from
the low level features with the same resolution in the back-
bone, as shown in Fig. 2. It is obvious that the differences
between the overlapped objects are from the details, which
means the low level features that containmore detail informa-
tion can further enhance the difference between the adjacent
sub-features. Following the YOLO style, the low level fea-
tures are concatenated with the output features of SPCS
module to form the new feature pyramid.

Benefitting from its structure, the SPCS module can pro-
vide four distinguishable representations for each location of
the original pyramid, and the increased resolution covers the
shortcomingof the positive anchor determinationmechanism
of YOLO in crowded scenes.
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NMS process

There are two main challenges in heavily overlapped object
detection, i.e., the distinguishable feature extraction issue
and the NMS process. Even though the heavily overlapped
objects are predicted correctly, the post-processingNMSmay
suppress some of them by mistake.

The original NMS, which is adopted by most of the SOTA
algorithms and achieves great performance on general tar-
gets datasets such as COCO, cannot leisurely cope with the
scenes where targets occur crowdedly. The traditional greedy
NMS adopts a fixed IoU threshold and directly deletes the
boxes whose IoU score with the proposal box greater than
the threshold, which is definitely not reasonable for crowded
objects. Soft NMS [27] improves the strategy to prune the
real redundancy prediction boxes. It punishes the confidence
scores of the candidate boxes according to their IoU value
with the proposal box, i.e., the larger the IoU value with the
proposal box, the smaller the confidence scores will be, and
then suppresses all candidate boxes whose confidence scores
are less than the threshold. The Adaptive NMS [22] provides
a reasonable idea that the IoU threshold should be adaptive
according to the density of the targets, i.e., the IoU threshold
should increase when targets are dense (heavily overlap with
each other) and decrease when targets are sparse (no touch
or mildly overlap).

As mentioned above, there are two main challenges in
heavily overlapped object detection, i.e., the distinguishable
feature extraction issue and the NMS process. These two
challenges can simultaneously influence the performance of
detectors. Since our SPCS module is proposed for the first
challenge, in this paper we adopt all these three NMS meth-
ods, respectively, aiming to alleviate the influence of NMS
and comprehensively show the performance of the SPCS
module. The related discussion will be released in the exper-
imental section.

Experiments

To verify that the SPCS module can improve the perfor-
mance in heavily overlapped object detection and boost the
information extraction ability, we evaluate our model on two
public datasets, i.e., CrowdHuman and WiderPerson. First,
we implement ablation studies on the CrowdHuman dataset
to verify the effectiveness of the SPCS module on occluded
object detection. Second, a density prediction experiment
is conducted to verify that the SPCS module can improve
the information extraction ability. Finally, we perform com-
parative experiments on the CrowdHuman and WiderPerson
datasets to compare the performance of YOLOC with some
SOTA methods on crowded target detection.

Dataset

CrowdHuman CrowdHuman is a public human dataset that
contains 15000 images in the training set, 4370 images in the
validation set and 5000 images in test set. There are approx-
imately 470K instances in the training set and the validation
set, and each image contains 23 instances on average. Each
instance has three labels, i.e., full box that surrounds the
whole pedestrian including the occluded parts, visible box
and the head box. In our method, we only use the full box
labels. Compared with other pedestrian datasets, instances
in CrowdHuman are more denser and there are on average
2.40 instances per image whose IoU with other instances
greater than 0.5. The results evaluated on CrowdHuman is
more convincing for verifying the ability of the crowded
target detection, so we perform most of the ablations and
comparisons on CrowdHuman. All results are reported on
the validation set.

WiderPersonWiderPerson is a crowded human detection
dataset. It contains 8000, 1000 and 4382 images in train-
ing set, validation set and test set, respectively, and each
image contains 28.87 instances on average. The objects in
this dataset are annotated for 5 classes: pedestrian, rider, par-
tially visible persons, crowd and ignored region. Following
the protocol of the official evaluation code, we only use anno-
tations of the first category, i.e., pedestrians, for training and
testing, and ignore all annotations of other categories. All
results are reported on the validation set.

Evaluationmetric

Average precision (AP) AP is the mainstream evaluation
metric for object detection, which takes into account not only
precision but also the recall ratio of the detection results.
Larger AP means better performance.

MR MR is a metric commonly adopted by pedestrian
detection. It is the short for long-average miss rate on false
positive per image (FPPI) with the overlap thresholds range
of [10−2, 100], which is the same as the official metric of
Caltech [43]. The MR is very sensitive to the false-positive
rate. Lower MR means better performance.

Recall Recall is the short for the maximum recall among
all detection boxes, and this metric reflects the proportion of
the predicted true positive to ground truth, i.e., how many
ground truth objects can be predicted properly. It can be cal-
culated as the following:

Recall = True Posi tive

True Posi tive + False Negative
(1)

Larger Recall means better performance.
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Training settings

We train all the models using the SGD optimizer with
momentum 0.937; warm up epochs are 3; all training images
are resized to 864, and Mosaic and MixUp [7] are used for
image augmentation. The larger edges of the testing images
are resized to 896 without any image augmentation. Multi-
scale training and testing are not adopted. The cosine learning
rate [44] scheduling strategy is adopted, which is defined as
follows:

lrt = (1 − η)

(
1 − 1

2

(
1 − cos

(
tπ

T

)))
lrini t (2)

where lrt is the learning rate of the epoch t , lrini t is the initial
learning rate, T is the number of epochs the model will be
trained, and 1−η controls the lower limit of the learning rate.
Similar to the original YOLO, we use the K-means algorithm
to statistic 9 anchor boxes of the corresponding dataset, and
in the training process, anchors are determined as positive or
negative according to the following:

anchor =
{
posi tive, i f max(wa

wt
, wt

wa
, ht
ha

, ht
ha

) <= 4.0

negative, otherwise

(3)

where wa and ha are the width and height of the current
anchor box, respectively, and wt and ht are the width and
height of any one target bounding box, respectively. For the
sake of fairness, all of our experiments use the same hyper-
parameters and image augmentation method. The results are
obtained based onPyTorch framework 1.7.1 using 8NVIDIA
RTX 3090 GPUs.

Ablation studies on CrowdHuman

Table 1 shows the ablation experiments of the proposedSPCS
module. The baseline is Scaled-YOLOv4 with three differ-
ent NMS methods. For original NMS, we set IoU threshold

as 0.6. For Adaptive NMS, for the sake of fairness, we use
ground truth densitywhich is calculatedusing the annotations
of the validation dataset as the IoU threshold.We set the batch
size to 32, the initial learning rate lrini t of the cosine schedul-
ing strategy to 0.005, η to 0.12, T to 300 and momentum as
0.937. The backbone and neck of the models are initialized
using the pre-trained scaled-YOLOv4 on COCO and the rest
are initialized with a Gaussian distribution with a mean value
of 0 and variance of 0.2.

We can see that compared with the original Scaled-
YOLOv4, the SPCS module can significantly improve
performance of the crowded object detection. Under the cir-
cumstances of the original NMS, the AP, MR and Recall
increase 0.97%, 1.44% and 1.08%, respectively; under the
circumstances of adaptive NMS with ground truth density,
the AP, MR, and Recall increase 0.75%, 1.42% and 0.85%,
respectively; Under the circumstances of soft NMS, the AP,
MR, and Recall increase 0.62%, 1.43% and 0.63%, respec-
tively. These comprehensive comparative results can exclude
the influence of different NMSmethods and demonstrate that
the SPCS module can improve the performance in crowded
scenes.

The increased resolution of the pyramid features can guar-
antee as many targets as possible to be preserved in the
training process, and the distinguishable multilevel seman-
tic information provided by the SPCS module can extract
refined semantic information for occluded objects. These two
properties can be reflected in terms of recall rate directly.
Table 1 shows only the maximum recall rate, however, as we
all know that the recall rates are different as the confidence
score threshold changes, we sample recall rate values with
an interval of 0.1 in the confidence score threshold range [0,
1], as shown in Fig. 4. Regardless of the NMS process, the
recall rate generated by the model with the SPCS module
outperforms the recall rate generated by the baseline. This
benefits from the two properties mentioned above. In addi-
tion, the results generated by the Soft NMS achieves best
Recall 99.01%, which means that only very few objects are
missed. And the comparison between original NMS and the

Table 1 Ablation studies on
CrowdHuman

NMS type Model AP (%) MR (%) Recall (%)

Original YOLO1 92.99 43.29 96.63

YOLOC2 93.96 (+0.97) 41.85 (– 1.44) 97.71 (+1.08)

Adaptive3 YOLO 93.56 42.85 96.99

YOLOC 94.31 (+0.75) 41.44 (– 1.41) 97.84 (+0.85)

Soft YOLO 94.07 43.26 98.36

YOLOC 94.69 (+0.62) 41.83 (– 1.43) 99.01 (+0.63)

1YOLO is the Scaled-YOLOv4
2YOLOC is the Scaled-YOLOv4+SPCS
3The density adopted by adaptive NMS is calculated using annotation information
Bold values indicate better results than other methods under the current index

123



308 Complex & Intelligent Systems (2023) 9:301–315

Fig. 4 Recall rate comparison using different NMS methods

Soft NMS also demonstrate that the many objects are sup-
pressed by NMS process rather than missed by the detector.

Ablation studies on information extraction ability

In this section, we use the adaptive NMS to design a density
prediction experiment to demonstrate that our SPCS mod-
ule can enhance the information extraction ability for the
crowded object. The adaptive NMS utilizes the density infor-
mation that is predicted by the network. It is clear that the
density prediction needs to consider information of multi-
ple overlapping objects, and the limited visible pixels of the
occluded objects play an important role in the precise den-
sity prediction. If two objects overlap extremely heavily and
only very few pixels of the occluded object are visible, their
real density, i.e., the IoU value between their bounding boxes
will tend to be 1. However, if these very few visible pixels
are ignored by the detector, which means that the detector
will think there is only one object there, the predicted den-
sity will tend to be 0, which is completely opposite to the
truth and will produce great error in adaptive NMS. There-
fore, the performance of the predicted density in adaptive
NMS can be used to demonstrate the information extraction
ability for the occluded objects indirectly. The performance
variation caused by the predicted density and the ground truth
density of the objects in Adaptive NMS algorithms can be
used as a metric to show the information extraction ability.
The results closer to the ground truth density indicate better
performance.

Prediction head In our method, to make the influence of
the SPCS module prominent and prevent the extra complex
structure from covering up the shortage of the original net-
work in density prediction, a tiny density prediction branch
is adopted. Our density prediction subnet contains only two
convolutional layers, i.e., a 3×3 convolutional layer and a
5 × 5 convolutional layer, which is much simpler than the
[22], as shown in Fig. 5b.

Fig. 5 a The density prediction head adopted in [22]; b the tiny den-
sity prediction head we adopted in our model. To make the information
extraction ability of SPCSmodule prominent, we use a simple structure
for density prediction to prevent that other extra complex structure will
cover up the shortage in information extraction ability of the original
model. Except the end convolutional layers which output the predic-
tions, all other singleConvmodule is consist of one convolutional layers,
one BatchNorm layer and one Mish activation layer

Density loss In an image with multiple objects, each object
may overlap with more than one other, and we choose the
maximum IoU value as its density label. The object density
is defined as follows:

tdi = maxbi∈ψ,i �= j iou(bi , b j ). (4)

where tdi is the density label of the box bi , and is defined as
the maximum bounding box IoU with all other ground truth
boxes in set ψ , iou(x, y) computes IoU value of the two
input boxes x and y.

In the NMS process, a candidate box bi should be sup-
pressed if iou(bi , M) > tM , where M is the current proposal
box and tM is the adaptive IoU threshold of M . Following
the Adaptive NMS, the tM is defined as

tM = max(dt , dM ) (5)
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Table 2 Ablation studies on
density prediction

Model Density source AP(%) MR (%) Recall (%) �AP �MR �Recall

YOLO Prediction1 93.2 43.14 96.73 0.36 0.29 0.26

Ground truth2 93.56 42.85 96.99

YOLOC Prediction 94.11 41.75 97.75 0.2 0.31 0.09

Ground truth 94.31 41.44 97.84

1Prediction density generated by the density prediction head shown as Fig. 5(b)
2The ground truth density is calculated using annotation information
Bold values indicate better results than other methods under the current index

where dt is the lower bound of the adaptive threshold and is
set as 0.6manually in ourmethod, and the dM is the predicted
density value of the predicted box M . The NMS process is
summarized as following: for the current proposal box M
and candidate box B:

1. if dt > dM , which means box M is located in a sparse
region, the NMS process will follow the traditional pro-
cess, i.e., the boxes whose IoU values greater than the
fixed threshold dt will be suppressed and others will be
preserved.

2. if dt < dM , which means box M is located in a crowded
region and the boxes whose IoU values greater than the
M’s density dM will be suppressed. This adaptive thresh-
old will save the predicted box belonging to different
objects even though they heavily overlap with each other.

Different from [22] which uses smooth L1 loss for density
prediction, in our method, the focal loss is utilized in the
training process of the density prediction, which is defined
as

Ld = −
K×K∑
i=0

N∑
j=0

1obji j [tdi (1 − di )
γ log(di )

+(1 − tdi )(di )
γ log(1 − di )] (6)

where K is the width or height of the output feature of the
SPCS, N is the number of anchor boxes at each grid, and 1obji j
means that the loss function will penalize the corresponding
density prediction error only if an object occurs in the grid
whose index is (i, j). The γ is set as 0.2 in this paper.

We train the scaled-YOLOv4 with the density prediction
head 5(b) using the loss function Ld shown as the equa-
tion (6) and use the results obtained through the Adaptive
NMS as the baseline. To measure the performance of the
predicted density, we test the model through Adaptive NMS,
respectively, using the ground truth density and the predicted
density. The difference between the testing results caused by
the predicted density and the ground density can be seen as a
metric to evaluate the performance of the predicted density.
The results closer to the ground truth density indicate better
performance.

As shown in Table 2, if we use predicted density as the IoU
threshold of the Adaptive NMS, the scaled-YOLOv4without
SPCS module achieves AP 93.20%, MR 43.14% and Recall
96.73%; if we use the ground truth density as the IoU thresh-
old, the Scaled-YOLOv4 without SPCSmodule achieves AP
93.56%, MR 42.85% and Recall 96.99%. The deviation val-
ues in AP, MR and Recall are 0.36%, 0.29% and 0.26%,
respectively. After the SPCS module is adopted, the AP, MR
and Recall are 94.11%, 41.75% and 97.75%, respectively,
with the predicted density as the IoU threshold; the AP, MR
and Recall are 94.31%, 41.44% and 97.84%, respectively,
with the ground truth density as the IoU threshold. The devi-
ations are 0.2%, 0.31% and 0.09%, respectively. It is obvious
that the density predicted after using the SPCS module is
closer to the ground truth density. This phenomenon proves
that the SPCS module is helpful in density prediction. As
mentioned above, the density information prediction needs
refined information of several overlapping objects, so the
experimental results indirectly prove that the SPCS module
is helpful in refined information extraction.

To visually demonstrate the changes brought by the SPCS
module, we visualize the pyramid features. The details are
shown in Appendix A.

Discussion on parameters and inference speed

We also study the parameter increases and the time costs
brought by the SPCS module. Since the testing results
reported in Table 1 are all based on the YOLOC that is
integrated with our tiny density prediction head as shown
in Fig. 5(b), we only report the inference speed when the
density prediction head is adopted, as shown in Table 3.

The tiny prediction head increases about 4.05 M parame-
ters when the SPCS is not integrated and 4.43 M parameters
when the SPCSmodule is involved. The difference is because
that the channel number of the features that are input to the
density prediction head are different when the SPCS mod-
ule is adopted. In addition, the SPCSmodule increases about
21 M parameters. The difference when the density predicted
is adopted and not adopted is also caused by the change of
the input feature channels. The increases in parameters are
mainly brought by the four dilation convolutions. We con-
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Table 3 Studies on parameters
and inference speed

Model Tiny density head SPCS Parameters (M) fps

Scaled-YOLOv4 200.24 /

� 204.29 34.5

� 220.93 /

� � 225.26 33

Table 4 Comparative results on
CrowdHuman

Model Type AP (%) MR (%) Recall (%) fps

FPN [22] Two-stage 84.71 49.73 91.27 −
RCNN-FPN [15] Two-stage 85.80 42.90 − −
IterDet [16] Two-stage 88.08 49.44 95.80 −
PS-RCNN [45] Two-stage 87.94 − 95.11 −
PBM [23] Two-stage 89.29 43.35 93.33 −
DA [20] Two-stage − 51.79 − −
V2F-Net [46] Two-stage 91.03 42.28 − −
NOH-NMS [47] Two-stage 89.00 43.90 92.90 −
CrowdDet [15] Two-stage 90.70 41.70 − 19

RetinaNet [22] One-stage 80.83 63.33 93.80 −
RFB-Net [22] One-stage 79.67 63.03 94.77 −
YOLOC (original NMS) One-stage 93.96 41.85 97.84 33

YOLOC (adaptive NMS) One-stage 94.11 41.75 97.75 33

YOLOC (soft NMS) One-stage 94.69 41.83 99.01 33

1The inference speed of CrowdDet is tested using its official code on the same platform as our YOLOC
2The results generated by adaptive NMS method takes the predicted density as IoU threshold
Bold values indicate better results than other methods under the current index

catenate their output features in channel wise rather than add
or multiply them in element-wise, which makes the channel
numbers of the intermedia features of the SPCS are 4 times
as much as before. However, this mechanism can guarantee
the information be preserved asmuch as possible as shown in
Table 1. In addition, the added parameters have little effect on
the inference speed, our YOLOC can still achieve real-time
performance.

Comparative experiment

In this section, we compare the performance of YOLOCwith
some current SOTA algorithms in terms of precision and
inference speed on CrowdHuman and WiderPerson, respec-
tively.

CrowdHuman The CrowdHuman is one of the most con-
vincing datasets to test the model’s ability to detect occluded
objects. We compare our YOLOC with the newest SOTA
method and the results are shown in Table 4.

As shown in Table 4, our method achieves the best perfor-
mance inAPandRecall, and theMR is the secondbest among
all previous SOTA models. Among all one-stage models,
YOLOC leads with a huge margin in detection performance.

Fig. 6 PR curve comparison with SOTA methods

Figure 9 shows the PR curves of YOLOC and CrowdDet
which is currently the best detector on CrowdHuman. Other
results in Fig. 9 are also generated by the official codes of
[15]. It is clear that, regardless of which NMS method is
used, our YOLOC achieves better performance compared
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Fig. 7 The red boxes are prediction boxes generated by our YOLOC, the green boxes are the ground truth used in the evaluation codes, and the
yellow boxes are the heavily occluded objects which are predicted by YOLOC properly but will be seen as false-positive ones during the evaluation
process

Table 5 Comparative results on
WiderPerson

Model Type AP(%) MR(%) Recall(%) fps

Faster-RCNN [45] Two-Stage 88.89 − 93.6 −
Improved Faster-RCNN [29] Two-stage − 46.06 − 0.83

PS-RCNN [45] Two-stage 90.52 − 95.61 −
IterDet (Faster-RCNN)[16] Two-stage 91.95 40.78 97.15 −
RetinaNet [29] One-stage − 48.32 − 8.93

IterDet (RetinaNet) [16] One-stage 90.23 43.88 95.35 −
YOLOC (adaptive NMS) One-stage 93.04 50.71 98.45 33

Bold values indicate better results than other methods under the current index

with CrowdDet. Moreover, benefitting from the one-stage
structure, YOLOC achieves real-time performance in infer-
ence speed.

WiderPerson For the WiderPerson dataset, we set the batch
size to 32, the initial learning rate lrini t of the cosine schedul-
ing strategy to 0.001, η to 0.1, T to 100 and momentum to
0.937. For original NMS, we set IoU threshold as 0.6. The
other training configurations are the same as CrowdHuman.

As shown in Table 4, YOLOC achieves the best perfor-
mance among all detectors in terms of AP and Recall, which
are 93.04% and 98.45%, respectively. However, compared

with other SOTA methods, YOLOC falls behind in terms of
MR for a large margin.

Discussion about the bad performance in MR on Wider-
PersonAsmentioned above,MR is extremely sensitive to the
false-positive rate. By observing the ground truth annotations
used by the official evaluation codes, we find that the possible
reason why YOLOC performs poorly in MR is that YOLOC
can detect many heavily occluded objects that will be seen
as negative in the official evaluation codes. According to our
observation, this phenomenon is very common in our test
process of WiderPerson, as shown in Fig. 6. In WiderPer-
son’s annotations referenced by the evaluation code, many
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Fig. 8 Qualitative results on CrowdHuman. The red boxes are prediction boxes generated by our YOLOC, the blue boxes are the prediction results
of baseline, and the green boxes are the boxes missed by the baseline but detected by the YOLOC

heavily occluded objects are ignored, which means that if
these occluded objects are detected as positive, they will be
seen as false positive, and theMRwill increase. Our YOLOC
has a strong power to detect not only the fully visible objects,
but also the occluded objects that are of limited visible pix-
els, which is why we achieve the best performance in Recall.
However, many occluded objects detected by YOLOC will
be seen as false positives during the process the official eval-
uation process, which is very harmful to the metric MR.
Different from the WiderPerson, the CrowdHuman dataset
annotates all objects that occur in the image as possible,
regardless of how many pixels of them are visible, as shown
in Fig. 7. Therefore,YOLOCcan achieve SOTAperformance
in MR on the CrowdHuman dataset.

Conclusion

In this paper, we propose a spatial pyramid convolutional
shuffle module named SPCS for occluded object detection.
Since it is difficult to extract distinguishable representations
for heavily occluded objects, at each location of the pyra-
mid features, we adopt multiple convolutional kernels with
different receptive fields, and the output features are recom-
bined spatially using a pixel-shuffle module to increase the
resolution. In this way, four instance predictions can be gen-
erated based on each location of the pyramid feature, and
each of them is distinguishable since they correspond four
different convolutional kernels, respectively. Moreover, the
multiple convolutional kernels with different receptive fields
can extract refined information for each region,which is help-
ful for the detection of occluded objects whose visible pixels
are limited. Extensive experimental results demonstrate the

effectiveness of the SPCS module on occluded object detec-
tion.
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Appendix A: Visualization of the ablation
studies

For simplicity and intuition, we only consider the distinction
between the spatial wise sub-features. For a pyramid feature
F ∈ RC×H×Wwhich need to be visualized, we first compute
itsmean along the channelwise, and then normalize themean
feature. The visualized map Fv ∈ RH×W can be computed
using the following equation:

Fm = mean(F) (A1)
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Fig. 9 Visualized results of the ablation studies. From the left column
to the right column are the input images labeledwith the target bounding
boxes, the visualized pyramid features generated by the SPCS module,

and the visualized pyramid features from the original Scaled-YOLOv4.
The results in three rows correspond to the pyramid features at three
scales, respectively

Fv = Fm − min(Fv)

max(Fm) − min(Fm)
(A2)

where Fm ∈ RH×W is the mean feature of F along the
channel wise, max(x) and min(x) are the maximum and
minimum value of the input x , respectively.

As Fig. A1 presented, two changes were caused by the
SPCS module. Firstly, the adjacent sub-features in the mid-
dle column features are distinguishable. In detail, each 2x2
grid (Red frame A) corresponds to the 1x1 grid (Red frame
B), and the mean values of the four sub-features in frame A
are unequal, which means two overlapped objects are distin-
guished if their center points are in different grids in frame

A. Whereas, they will not be distinguished if their centers
are located in the frame B. Second, the features generated
by SPCSmodule have higher overall contrast, and compared
with the background regions, the regions where the objects
are located in are more prominent , which means that the
information extraction ability is boosted by the SPCS mod-
ule. This phenomenon also explains why the performance
of the object density prediction is enhanced after the SPCS
adopted in section 4.5.

123



314 Complex & Intelligent Systems (2023) 9:301–315

References

1. Yang Y, Tang X, Cheung Y-M, Zhang X, Liu F, Ma J, Jiao
L (2022) Ar<sup>2</sup>det: An accurate and real-time rota-
tional one-stage ship detector in remote sensing images. IEEE
Trans Geosci Remote Sens 60:1–14. https://doi.org/10.1109/
TGRS.2021.3092433

2. Ma W, Li N, Zhu H, Jiao L, Tang X, Guo Y, Hou B (2022) Fea-
ture split–merge–enhancement network for remote sensing object
detection. IEEE Trans Geosci Remote Sens 60:1–17. https://doi.
org/10.1109/TGRS.2022.3140856

3. Chen N, Li M, Yuan H, Su X, Li Y (2021) Survey of pedestrian
detection with occlusion. Complex Intell Syst 7:577–587. https://
doi.org/10.1007/s40747-020-00206-8

4. Redmon J, Divvala S, Girshick R, Farhadi A (2016) You only look
once: Unified, real-time object detection. In: Proceedings of the
IEEE Conference on Computer Vision and Pattern Recognition
(CVPR)

5. Redmon J, Farhadi A (2017) Yolo9000: Better, faster, stronger.
In: Proceedings of the IEEE Conference on Computer Vision and
Pattern Recognition (CVPR)

6. Redmon J, Farhadi A (2018) Yolov3: an incremental improvement.
arXiv:1804.02767

7. Bochkovskiy A, Wang C, Liao HM (2020) Yolov4: optimal speed
and accuracy of object detection. arXiv:2004.10934

8. Liu W, Anguelov D, Erhan D, Szegedy C, Reed S, Fu C.-Y, Berg
AC (2016) Ssd: Single shot multibox detector. In: Computer Vision
– ECCV 2016, pp 21–37. Springer, Cham

9. Fu C, Liu W, Ranga A, Tyagi A, Berg AC (2017) DSSD: Decon-
volutional single shot detector. arXiv:1701.06659

10. Ren S, He K, Girshick R, Sun J (2017) Faster r-cnn: towards
real-time object detection with region proposal networks. IEEE
Trans Pattern Anal Mach Intell 39(6):1137–1149. https://doi.org/
10.1109/TPAMI.2016.2577031

11. Zhou X, Wang D, Krähenbühl P (2019) Objects as points.
arXiv:1904.07850

12. Tian Z, Shen C, Chen H, He T (2019) Fcos: Fully convolutional
one-stage object detection. In: 2019 IEEE/CVF International Con-
ference on Computer Vision (ICCV), pp 9626–9635. https://doi.
org/10.1109/ICCV.2019.00972

13. LinT-Y,MaireM,Belongie S,Hays J, PeronaP,RamananD,Dollár
P, Zitnick CL (2014) Microsoft coco: Common objects in context.
In: FleetD, Pajdla T, SchieleB, Tuytelaars T (eds)ComputerVision
- ECCV 2014. Springer, Cham, pp 740–755

14. Everingham M, Gool LV, Williams CKI, Winn J, Zisserman A
(2010) The pascal visual object classes (voc) challenge. Int J Com-
put Vis 88:303–338. https://doi.org/10.1007/s11263-009-0275-4

15. Chu X, Zheng A, Zhang X, Sun J (2020) Detection in crowded
scenes: one proposal, multiple predictions. In: 2020 IEEE/CVF
Conference on Computer Vision and Pattern Recognition
(CVPR), pp 12211–12220. https://doi.org/10.1109/CVPR42600.
2020.01223

16. RukhovichD,SofiiukK,GaleevD,BarinovaO,KonushinA (2021)
Iterdet: iterative scheme for object detection in crowded environ-
ments. Structural, Syntactic, and Statistical Pattern Recognition.
Springer, Cham, pp 344–354

17. Jun M, Honglin W, Junxia W, Hao X, Chengjie B (2021) An
improved one-stage pedestrian detection method based on multi-
scale attention feature extraction. J Real-Time Image Process.
https://doi.org/10.1007/s11554-021-01074-2

18. Zhang S, Wen L, Bian X, Lei Z, Li SZ (2018) Occlusion-aware
r-cnn: detecting pedestrians in a crowd. In: Ferrari V, Hebert M,
Sminchisescu C, Weiss Y (eds) Computer Vision - ECCV 2018.
Springer, Cham, pp 657–674

19. Zeng X, Wu Y, Hu S, Wang R, Ye Y (2020) Dspnet: Deep scale
purifier network for dense crowd counting. Expert Syst Appl
141:112977. https://doi.org/10.1016/j.eswa.2019.112977

20. Zhang K, Xiong F, Sun P, Hu L, Li B, Yu G (2019) Double anchor
R-CNN for human detection in a crowd. arXiv:1909.09998

21. Gählert N, Hanselmann N, Franke U, Denzler J (2020) Visibil-
ity guided NMS: efficient boosting of amodal object detection in
crowded traffic scenes. arXiv:2006.08547

22. Liu S,HuangD,WangY (2019)Adaptive nms: Refining pedestrian
detection in a crowd. In: 2019 IEEE/CVFConference on Computer
Vision and Pattern Recognition (CVPR), pp 6452–6461 . https://
doi.org/10.1109/CVPR.2019.00662

23. Huang X, Ge Z, Jie Z, Yoshie O (2020) Nms by representative
region: Towards crowded pedestrian detection by proposal pairing.
In: 2020 IEEE/CVF Conference on Computer Vision and Pattern
Recognition (CVPR), pp. 10747–10756 . https://doi.org/10.1109/
CVPR42600.2020.01076

24. WangCY,BochkovskiyA, LiaoHYM(2020) Scaled-yolov4: Scal-
ing cross stage partial network. arXiv:2011.08036

25. Ge Z, Liu S,Wang F, Li Z, Sun J (2021)YOLOX: exceedingYOLO
series in 2021. arXiv:2107.08430

26. Shi W, Caballero J, Huszr F, Totz J, Aitken A.P, Bishop R,
Rueckert D, Wang Z (2016) Real-time single image and video
super-resolution using an efficient sub-pixel convolutional neural
network. In: 2016 IEEE Conference on Computer Vision and Pat-
tern Recognition (CVPR), pp 1874–1883 . https://doi.org/10.1109/
CVPR.2016.207

27. Bodla N, Singh B, Chellappa R, Davis L.S (2017) Soft-nms
improving object detection with one line of code. In: 2017 IEEE
International Conference on Computer Vision (ICCV), pp 5562–
5570 . https://doi.org/10.1109/ICCV.2017.593

28. Shao S, Zhao Z, Li B, Xiao T, Yu G, Zhang X, Sun J (2018)
Crowdhuman: A benchmark for detecting human in a crowd.
arXiv:1805.00123

29. Zhang S, Xie Y, Wan J, Xia H, Li SZ, Guo G (2020) Wider-
person: A diverse dataset for dense pedestrian detection in the
wild. IEEE Trans Multimed 22(2):380–393. https://doi.org/10.
1109/TMM.2019.2929005

30. Girshick R, Donahue J, Darrell T, Malik J (2014) Rich feature hier-
archies for accurate object detection and semantic segmentation.
In: 2014 IEEEConference on Computer Vision and Pattern Recog-
nition, pp. 580–587 . https://doi.org/10.1109/CVPR.2014.81

31. Girshick R (2015) Fast r-cnn. In: 2015 IEEE International Confer-
ence on Computer Vision (ICCV), pp. 1440–1448 . https://doi.org/
10.1109/ICCV.2015.169

32. He K, Gkioxari G, Dollr P, Girshick R (2017) Mask r-cnn. In: 2017
IEEE International Conference on Computer Vision (ICCV), pp.
2980–2988 . https://doi.org/10.1109/ICCV.2017.322

33. LinT.-Y,Dollr P,GirshickR,HeK,HariharanB,Belongie S (2017)
Feature pyramid networks for object detection. In: 2017 IEEECon-
ference on Computer Vision and Pattern Recognition (CVPR), pp.
936–944 . doi:https://doi.org/10.1109/CVPR.2017.106

34. Dai J, Li Y, He K, Sun J (2016) R-fcn: Object detection
via region-based fully convolutional networks. In: Lee, D.,
Sugiyama,M., Luxburg, U., Guyon, I., Garnett, R. (eds.) Advances
in Neural Information Processing Systems, 29. Curran Asso-
ciates, Inc., ??? . https://proceedings.neurips.cc/paper/2016/file/
577ef1154f3240ad5b9b413aa7346a1e-Paper.pdf

35. Lin T-Y, Goyal P, Girshick R, He K, Dollr P (2020) Focal loss
for dense object detection. IEEE Trans Pattern Anal Mach Intell
42(2):318–327. https://doi.org/10.1109/TPAMI.2018.2858826

36. Selective search for object recognition (2013) J.R.R, U., van de
Sande K.E.A., T, G., M, S.A.W. Int J Comput Vision 104:154–
171. https://doi.org/10.1007/s11263-013-0620-5

37. Dai J, He K, Sun J (2016) Instance-aware semantic segmentation
via multi-task network cascades. In: 2016 IEEE Conference on

123

https://doi.org/10.1109/TGRS.2021.3092433
https://doi.org/10.1109/TGRS.2021.3092433
https://doi.org/10.1109/TGRS.2022.3140856
https://doi.org/10.1109/TGRS.2022.3140856
https://doi.org/10.1007/s40747-020-00206-8
https://doi.org/10.1007/s40747-020-00206-8
http://arxiv.org/abs/1804.02767
http://arxiv.org/abs/2004.10934
http://arxiv.org/abs/1701.06659
https://doi.org/10.1109/TPAMI.2016.2577031
https://doi.org/10.1109/TPAMI.2016.2577031
http://arxiv.org/abs/1904.07850
https://doi.org/10.1109/ICCV.2019.00972
https://doi.org/10.1109/ICCV.2019.00972
https://doi.org/10.1007/s11263-009-0275-4
https://doi.org/10.1109/CVPR42600.2020.01223
https://doi.org/10.1109/CVPR42600.2020.01223
https://doi.org/10.1007/s11554-021-01074-2
https://doi.org/10.1016/j.eswa.2019.112977
http://arxiv.org/abs/1909.09998
http://arxiv.org/abs/2006.08547
https://doi.org/10.1109/CVPR.2019.00662
https://doi.org/10.1109/CVPR.2019.00662
https://doi.org/10.1109/CVPR42600.2020.01076
https://doi.org/10.1109/CVPR42600.2020.01076
http://arxiv.org/abs/2011.08036
http://arxiv.org/abs/2107.08430
https://doi.org/10.1109/CVPR.2016.207
https://doi.org/10.1109/CVPR.2016.207
https://doi.org/10.1109/ICCV.2017.593
http://arxiv.org/abs/1805.00123
https://doi.org/10.1109/TMM.2019.2929005
https://doi.org/10.1109/TMM.2019.2929005
https://doi.org/10.1109/CVPR.2014.81
https://doi.org/10.1109/ICCV.2015.169
https://doi.org/10.1109/ICCV.2015.169
https://doi.org/10.1109/ICCV.2017.322
https://doi.org/10.1109/CVPR.2017.106
https://proceedings.neurips.cc/paper/2016/file/577ef1154f3240ad5b9b413aa7346a1e-Paper.pdf
https://proceedings.neurips.cc/paper/2016/file/577ef1154f3240ad5b9b413aa7346a1e-Paper.pdf
https://doi.org/10.1109/TPAMI.2018.2858826
https://doi.org/10.1007/s11263-013-0620-5


Complex & Intelligent Systems (2023) 9:301–315 315

Computer Vision and Pattern Recognition (CVPR), pp. 3150–3158
. https://doi.org/10.1109/CVPR.2016.343

38. Jiang B, Luo R, Mao J, Xiao T, Jiang Y (2018) Acquisition of
localization confidence for accurate object detection. In: Ferrari
V, Hebert M, Sminchisescu C, Weiss Y (eds) Computer Vision -
ECCV 2018. Springer, Cham, pp 816–832

39. Law H, Deng J (2020) Cornernet: Detecting objects as paired key-
points. Int J Comput Vision 128:642–656. https://doi.org/10.1007/
s11263-019-01204-1

40. Zhang S, Yang J, Schiele B (2018) Occluded pedestrian detection
through guided attention in cnns. In: 2018 IEEE/CVF Conference
on Computer Vision and Pattern Recognition, pp. 6995–7003 .
doi:https://doi.org/10.1109/CVPR.2018.00731

41. Misra D (2019) Mish: A self regularized non-monotonic neural
activation function. CoRR arXiv:1908.08681

42. Kaiming H, Xiangyu Z, Shaoqing R, Jian S (2015) Spatial pyra-
mid pooling in deep convolutional networks for visual recognition.
IEEETrans PatternAnalMach Intell 37(9):1904–1916. https://doi.
org/10.1109/TPAMI.2015.2389824

43. Dollar P,WojekC, SchieleB, Perona P (2012) Pedestrian detection:
An evaluation of the state of the art. IEEE Trans Pattern AnalMach
Intell 34(4):743–761. https://doi.org/10.1109/TPAMI.2011.155

44. Loshchilov I, Hutter F (2016) SGDR: stochastic gradient descent
with restarts. CoRR arXiv:1608.03983

45. Ge Z, Jie Z, Huang X, Xu R, Yoshie O (2020) Ps-rcnn: Detecting
secondary human instances in a crowd via primary object suppres-
sion. In: 2020 IEEE International Conference on Multimedia and
Expo (ICME), pp. 1–6 . doi:https://doi.org/10.1109/ICME46284.
2020.9102793

46. Shang M, Xiang D, Wang Z, Zhou E (2021) V2f-net:
Explicit decomposition of occluded pedestrian detection. CoRR
arXiv:2104.03106

47. Zhou P, Zhou C, Peng P, Du J, Sun X, Guo X, Huang F
(2020)Noh-nms: Improving pedestrian detection by nearby objects
hallucination. In: Proceedings of the 28th ACM International Con-
ference on Multimedia. MM ’20, pp. 1967–1975. Association for
Computing Machinery, New York, NY, USA . doi:https://doi.org/
10.1145/3394171.3413617

Publisher’s Note Springer Nature remains neutral with regard to juris-
dictional claims in published maps and institutional affiliations.

123

https://doi.org/10.1109/CVPR.2016.343
https://doi.org/10.1007/s11263-019-01204-1
https://doi.org/10.1007/s11263-019-01204-1
https://doi.org/10.1109/CVPR.2018.00731
http://arxiv.org/abs/1908.08681
https://doi.org/10.1109/TPAMI.2015.2389824
https://doi.org/10.1109/TPAMI.2015.2389824
https://doi.org/10.1109/TPAMI.2011.155
http://arxiv.org/abs/1608.03983
https://doi.org/10.1109/ICME46284.2020.9102793
https://doi.org/10.1109/ICME46284.2020.9102793
http://arxiv.org/abs/2104.03106
https://doi.org/10.1145/3394171.3413617
https://doi.org/10.1145/3394171.3413617

	SPCS: a spatial pyramid convolutional shuffle module for YOLO to detect occluded object
	Abstract
	Introduction
	Related work
	Methods
	SPCS module
	NMS process

	Experiments
	Dataset
	Evaluation metric
	Training settings
	Ablation studies on CrowdHuman
	Ablation studies on information extraction ability
	Discussion on parameters and inference speed 
	Comparative experiment

	Conclusion
	Appendix A: Visualization of the ablation studies
	References




