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Abstract: Recent object detectors have achieved excellent
performance in accuracy and speed. Even with such
impressive results, the most advanced detectors are challenging in dense scenes. In this article, we analyze and
ﬁnd the reasons for the decrease in detection accuracy in
dense scenes. We started our work in terms of region
proposal and location loss. We found that low-quality
proposal regions during the training process are the
main factors aﬀecting detection accuracy. To prove our
research, we established and trained a dense detection
model based on Cascade R-CNN. The model achieves an
accuracy of mAP 0.413 on the SKU-110K sub-dataset. Our
results show that improving the quality of recommended
regions can eﬀectively improve the detection accuracy in
dense scenes.
Keywords: dense detection, dense scenes, cascade R-CNN

1 Introduction
Computer vision research has achieved great success
with the development of deep convolutional neural
networks [1–4] and large-scale datasets [5,6,29]. Object
detection is one of the most important research directions of computer vision, and with the wide application
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of computer vision technology, more and more appear
in daily life. The recent object detection algorithms for
deep learning [7–13] can quickly and reliably detect
objects in real scenes.
In object detection, one-stage and two-stage detectors usually follow a general training paradigm, that is,
sampling the region, and then performing recognition
and positioning under the action of a multi-task objective
function. Under this working paradigm, high-quality regional
samples are one of the keys to a deep learning object detector.
In a crowded and dense scene, there are a large
number of adjacent objects in the image, and these
objects all look very similar or even the same. Similar
scenarios are abundant in real life, such as retail shelves,
traﬃc or city landscape maps. But in the existing object
detection baseline, their eﬀect is not very satisfactory.
It can be seen from Figure 1 that dense objects bring
obvious problems to object detection: (1) The anchor box
between the adjacent object is prone to overlap, and it
is impossible to accurately determine the positive and
negative samples through IoU. (2) Adjacent and similar
objects make the detector unable to accurately determine
the start and end positions of an object. (3) There are a
large number of detection objects in the image, which
will result in the existence of many small objects. (4)
The imbalance between regression loss and classiﬁcation
loss may aﬀect network training.
From the aforementioned problems, compared with
ordinary detection tasks, the main diﬃculty of dense
detection lies in the region proposal stage. Providing
high-quality regional samples to the detector is the primary task to improve the detection accuracy in dense
scenes. For one-stage object detection algorithms such
as Yolo [11,12,14,39], SSD [13], and Retinanet [10], abundant regression tasks lead to the imbalance of ﬁnal recognition and positioning loss, which aﬀects the training of
the entire network. At the same time, it is compared with
the two-stage detection algorithm. The one-stage detection algorithm has no region proposal stage, and cannot
provide relatively ﬁne bounding boxes to participate in
the regression calculation, so the ﬁnal bounding box may
not be accurate enough. Therefore, we believe that the
two-stage detection algorithm is more suitable for dense
detection tasks.
This work is licensed under the Creative Commons Attribution 4.0
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Figure 1: A typical image in SKU-110K. Obviously, it can be seen that
the objects in the picture are very adjacent and similar. Unlike
previous detections, there are dozens of objects to be detected in
the picture. At the same time, due to a large number of objects in a
picture, a situation where a large number of small objects are
formed, a large number of small and dense objects pose a challenge
to the object detector.

We propose a method that can accurately detect
objects even in dense scenes. By analyzing the problems
in dense detection, Cascade R-NN [25] combined with
FPN is used as a backbone network. At the same time,
by analyzing the impact of regression loss on dense detection, experiments were carried out using CIOU Loss and
balanced L1 loss, respectively.
To summarize, our novel contributions are as follows:
• Propose the diﬃculty in dense detection. Research from
two aspects of regional proposal and regression loss.
• Established an end-to-end dense object detection model.
Even in dense objects scenarios, it can still achieve
industrial-grade detection accuracy.
• Verify our method on the SKU-110K [15] sub-dataset.
Reach the detection accuracy of mAP 0.413.

2 Related work
Various object detection algorithms and related theories
proposed in recent years are reviewed. The object detection algorithm can be divided into two steps based on
deep learning. First, the deep neural network is used to
extract image features, and then the object is identiﬁed
and localized through the detection head. The task of
object detection includes not only the accurate recognition of each object in the image, but also the acquisition
of its position information [16].

Object detection: Early object detection used a sliding
window method to apply a classiﬁer to the content in each
window in the entire picture [17–19]. Later, in order to
improve the detection speed, the search space was ﬁrst
narrowed by region proposal, and then the corresponding
region was classiﬁed using a complex classiﬁer [20–22].
R-CNN [7] introduced deep learning to object detection for the ﬁrst time. Nowadays, deep learning-based
methods have become the mainstream method of object
detection. It is mainly divided into two categories: fast
R-CNN [8], SPP-Net [23], Faster R-CNN [9] as the representative of the two-stage algorithm, ﬁrst stage obtains
the candidate area, and the second stage is based on the
candidate area to locate and classify the object. The onestage algorithm represented by yolo and SSD [13] uses
neural networks to directly locate and classify objects
through the regulation of loss functions. On this basis, in
order to pursue higher detection accuracy and detection
speed, researchers have proposed other improved methods.
For example, Cascade R-CNN [25], RetinaNet [10], Libra
R-CNN [24], and yolov4 [11]. At the same time, in order to
get rid of the dependence of the detector on the anchor and
the problem of data imbalance in the anchor. CornerNet
[26], Fcos [27], and other algorithms proposed the use of
anchor free methods to detect objects.
Crowded scene: Now there are many excellent object
detection datasets such as: PASCAL VOC [28], MS COCO
[29], and ILSVRC [30]. However, the aforementioned
dataset is shown in Figure 2, and the objects in the detection scene are relatively sparse. In recent years, some datasets of dense scenes have been proposed [31,32], but their
purpose is to count rather than detect. Therefore, object
detection in dense scenes remains to be studied. Recently,
Goldman et al. [15]. introduced a Gaussian mixture clustering method based on the EM algorithm to solve the
problem of detection overlap, and proposed the SKU110K dense object detection dataset. In their recent work,
Chu et al. [33] proposed a simple but eﬀective method for
dense object detection based on candidate boxes by using
one-candidate boxes and multiple bounding boxes.
Our work in this article is to analyze the diﬃculty of object
detection in dense scenes and provide research guidance for
subsequent dense object detection. At the same time, we have
established a general object detection model, which can accurately recognize in a relatively dense scene in time.

3 Dense detection method
The method in this article detects images of any size and
dense scene. The network structure is shown in Figure 3,
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Figure 2: The left image is the training picture in the COCO dataset. The right image is the picture in the PASCAL VOC dataset. The detection
objects in the ﬁgure are relatively sparse and do not constitute a dense scene.

which is mainly composed of: (1) backbone network (feature extraction and FPN layer), (2) RPN (region proposal
module), and (3) detection head. It is a complete end-toend network model. As mentioned above, the two-stage
object detector mainly involves two steps. The ﬁrst step is
to extract image features through the network to generate
a bounding box. The second step is instance detection,
which accurately detects the bounding box in the ﬁrst
step. In this article, we focus on the ﬁrst step.

3.1 Region proposal
In the training process of the two-stage detection algorithm, the threshold of the IoU needs to be deﬁned to
determine the positive and negative samples. Training
the detector with a low IoU threshold usually produces
noisy boxes with multiple repeated bounding boxes around
the object. However, if the IoU threshold is increased, the
detection performance will tend to decrease, which will
result in missed detection. The calculation method of IoU
is as follows:

IoU =

A∩B
,
A∪B

where A represents the area of ground truth, and B represents the area of the anchor box. For dense detection, the
discrimination of positive and negative samples is much
more complicated than usual. In dense detection tasks,
hard example is much higher than the usual detection
scenarios. As shown in Figure 1, because the distance
between the detected objects is too close, it is easy to
appear in Figure 4(a)–(c) three wrong detection results.
Most of the negative samples in the R-CNN series of
algorithms are ﬁltered through two stages. However, in a
dense object scene, a large number of detection objects
will lead to a sharp increase in the number of proposal
regions, and at the same time, lead to an extraordinary
number of negative samples. It is still diﬃcult to guarantee the quality of the recommended area only through
the two-stage method of R-CNN.
Cascade R-CNN is extended based on Faster R-CNN.
As shown in Figure 5, ﬁrst obtain the feature map of
the entire picture through R0, thereby generating the
initial region proposal. The region proposal will cascade
through three detection heads: H1, H2, and H3. Each

(1)

Figure 3: The main structure of the model. Improve the accuracy of
dense object detection through the combination of cascade R-CNN
and FPN.

Figure 4: (a) Because the size of the anchor box is ﬁxed, if the
positive sample and the negative sample are judged according to a
certain threshold, the detection box may be inaccurate due to the
close distance between the objects. (b) If adjacent objects in a
dense scene are very close and identical, the detector may not be
able to accurately identify their positions. (c) In the case of occlusion, it also brings challenges to the accuracy of detection.
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detection head will perform classiﬁcation and border
regression on the last incoming result.
The positive and negative samples are divided into
diﬀerent IoU thresholds in a cascade structure so that the
detection head of each stage is focused on detecting the
bounding box in a particular range. Because the closer
the input IoU is to the set threshold, the learning eﬀect
of the detector will be better than other input IoU. By
setting multiple thresholds, gradually increasing the size
of the threshold to ﬁlter the cascade of bounding boxes.
You can get a more accurate bounding box position for
regression.
In dense scenarios, too many negative samples lead
to the problem of inaccurate regression of the bounding
box. A key issue is to deﬁne high-quality positive and
negative samples. The Cascade R-CNN multi-threshold
cascade mode can eﬀectively improve the quality of the
recommended area and reduce the impact of hard examples on the ﬁnal detection result. On the other hand, by
setting a suitable anchor, each detected object has a suitable anchor size for matching. Previously in yolov3 [14],
the appropriate anchor size of the dataset was obtained
by clustering to achieve the purpose of improving the
detection accuracy. To improve the detection eﬃciency
of dense scenes, Chu et al. [33] found a suitable bounding
box through each detected object.

3.2 Loss function
In the dense detection task, the bounding box generated
by the network during training will be much larger than
the general detection task. It brings great challenges to
the speed and accuracy of the bounding box regression.

Therefore, there are two problems: (1) How to accurately
and eﬃciently regress the bounding box. (2) Does a large
amount of regression loss aﬀect the overall training. The
two problems raised by CIoU Loss [34] and Balanced L1
Loss veriﬁcation are, respectively, passed.
The Cascade structure can generate high-quality suggestion regions, and fast and accurate regression bounding
box is also an important method to improve detection eﬃciency. Therefore, in the process of bounding box regression, CIoU Loss is introduced as the loss function of
bounding box regression:

CIoU = 1 − Iou −

ρ 2 (b, b gt )
+ αν .
c2

(2)

where b, b gt represents the center points of the bounding
box and the center box, respectively, and ρ represents
the calculation of the Euclidean distance between the
two center points, and c 2 represents the diagonal length
of the minor-closed interval that can contain both the
bounding box and the ground truth box. α is a positive
trade-oﬀ parameter. ν is the similarity measure of the
aspect ratio. CIoU loss is considered from the three critical factors of overlap area, center point distance, and
aspect ratio. The bounding box regression can still be
optimized when the predicted frame and the ground
truth do not overlap. By directly minimizing the distance
between the two bounding boxes, the convergence speed
is faster than GIoU Loss. The aspect ratio is increased to
make the result of the predicted frame more in line with
the ground truth.
At the same time, because there are a large number of
bounding box regression tasks, under the guidance of
multi-task loss, the loss function of object detection is
deﬁned as:

L = Lcls + λLloc ,

Figure 5: Cascade R-CNN model structure, through the cascaded detection head to improve the quality of regional proposal.

(3)
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where Lcls , Lloc represent the loss of classiﬁcation and
positioning, respectively. λ represents the multitasking
loss as a weight coeﬃcient. Directly increasing the weight
of the positioning loss will make the model more sensitive to outliers, which will produce excessive gradients,
which is harmful to the entire training process. Considering
the balance of classiﬁcation loss and regression loss, promote the key regression gradient, and achieve more uniform
training in classiﬁcation and positioning. Take the Balanced
L1 Loss in Libra R-CNN to balance and constrain the positioning loss from the loss function.

4 Experiment
4.1 SKU-110K sub-dataset
We evaluated the method in this article on the SKU-110K
sub-dataset. The dataset contains 3,828 training and test
pictures, with a total of 559,347 ground truth, and on
average, 146 objects to be detected in each picture. In
addition, some experimental results of other models on
this dataset are provided. The model mainly uses the MS
COCO evaluation criteria to evaluate the mean average
precision (mAP). All experiments are implemented based



79

on the PaddleDetection deep learning framework and
carried out on the Tesla V100 GPU. Only one GPU is
used during training and testing. The hyperparameters
of the training process are set as Batch size: the size is
2; the initial learning rate is 0.01, and the learning rate of
500 iterations has warmed up the initial learning rate of
0.001. A total of six epochs are trained, and the learning
rate is reduced to 0.1 times the current learning rate at the
4th and 5.5th epochs, respectively. The optimizer uses
SGD + momentum. The training set uses AutoAugment
[35] to enhance the picture. A multi-scale training method
is used further during training to optimize the detection of
multi-scale problems in pictures.
Figure 6 shows the loss of classiﬁcation and positioning in the second and third detection heads in the
cascade structure. After the ﬁrst two detection heads,
the loss of the third detection head is signiﬁcantly lower
than that of the ﬁrst two detection heads. Still, it can also
be seen that the positioning loss is higher than the classiﬁcation loss. Therefore, the core task of dense detection
is the regression of bounding boxes. After using the cascade structure, the loss of bounding box regression is
signiﬁcantly reduced. It can be seen from Table 1 (5)
that the structure of cascade combined with FPN performs exceptionally on dense detection tasks, and its
baseline accuracy is higher than other models in Table 2.

Figure 6: The ﬁrst and second rows are, respectively, the second, the classiﬁcation loss and location loss of the three detection heads in the
training process. It can be clearly compared in the ﬁgure that the improvement of the quality of the Cascade structure to the regional
recommendations is the increase in detection accuracy.
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Table 1: An ablation experiment to study the inﬂuence of diﬀerent components on the model detection eﬀect: through the above implementation, it can be seen that the imbalance of positive and negative samples has a certain impact on the experimental results
Index

Method

1
2
3
4
5

Cascade Rcnn
Cascade Rcnn
Cascade Rcnn
Cascade Rcnn
Cascade Rcnn

+
+
+
+
+

ResNet101
ResNet101
ResNet101
ResNet101
ResNet101

+
+
+
+
+

FPN + CIoU
FPN + balanced L1 loss
FPN
BFP + balanced L1 loss
FPN(baseline)

mAP

FPS

0.411
0.413
0.407
0.412
0.400

4.252
4.203
4.233
3.785
4.233

Table 2: The accuracy comparison between our model and other detection models on the SKU-110K subset
Index

Method

mAP

FPS

1
2
3
4
5
6
7

Faster Rcnn + ResNet50 + FPN(baseline)
Y olov3 + DarkNet53
RetinaNet + ResNet101 + FPN
Faster Rcnn + HrNet [36]
Ppyolo [37]
Faster Rcnn + Se154 [38]+FPN
Cascade Rcnn + ResNet101 + FPN + balanced L1 loss

0.332
0.302
0.373
0.347
0.362
0.384
0.413

11.273
45.571
—
—
72.9
5.209
4.233

The results show that our eﬀect is far superior to other detection models.

Corresponding experiments are done to evaluate the
inﬂuence of IoU loss and regression loss on dense detection tasks, as shown in Table 1. In Table 1 (3), it is found
that the parameters such as the number of dense sampling preselection boxes are reset to the model eﬀect. The
two-stage model is used for dense detection. The number
of bounding boxes is adjusted accordingly to ensure
enough bounding boxes during the training process. Predicting the ground truth can improve the training eﬀect of
the model. Table 1 (1) and (2) are experiments on IoU loss
and regression loss based on model (3). The results were
improved by 1 and 1.5% based on model (3). It can be
proved that it eﬀectively improves the accuracy of dense
object detection in terms of IoU loss and regression loss.
The above experiments prove that the high-quality
suggestion area selected by Cascade R-CNN can signiﬁcantly improve the accuracy of dense object detection. At
the same time, it can be veriﬁed from the IoU Loss and
localization loss experiments that eﬃcient IoU loss and
equalization regression loss are beneﬁcial to the result of
dense detection. It can be concluded that in dense object
detection, high-quality suggestion areas and handling
of positioning tasks in detection tasks are the keys to
improving detection accuracy.
We compare our model with other models, as shown
in Table 2. We can trim the Yolo series one-stage detection
model to be lower than the two-stage detection model in
dense scenes. Such as (1), (2) through (3), (5) at the same

time, we can see that a better feature extraction network
is of great help to the increase of object detection, replacing Se154 as the backbone, relative to the possible 15%
improvement. The state-of-the-art one-stage detector ppyolo still has a diﬀerence in the accuracy of dense detection compared to the two-stage detector.

4.2 MS-COCO
In addition, to verify the usability of our method in general
scenarios, experiments were performed on MS-COCO2017.

Table 3: Experimental results on MS-COCO2017
Index

Method

mAP

FPS

1
2
3
4
5
6
7
8

Faster Rcnn + ResNet50 − FPN
Cascade Rcnn + ResNet50 + FPN
Faster + ResNet101 − FPN
Yolo v3 + DarkNet53
RetinaNet + ResNet101 − FPN
PP − YOLO + ResNet50
Fcos + ResNet50 − FPN
Cascade
Rcnn + ResNet101 + FPN + balanced
L1 loss

0.372
0.408
0.387
0.334
0.373
0.453
0.39.6
0.457

22.273
17.507
17.297
50.571
—
72.9
—
4.233

The most advanced one-stage model can also show strong performance in sparse detection scenarios.

A method for detecting objects in dense scenes

All models are trained and tested in the MS-COCO2017
dataset. Paddle provides a skeleton network pre-trained
model based on ImageNet. All pre-trained models are
trained on the standard Imagenet-1k dataset. It can be
seen from Table 3 that the most advanced pp-yolo performed very well on MS-COCO2017, but the detection targets in MS-coco2017 are relatively sparse, so the one-stage
detection model can also achieve good results. Compared
with the results in Table 2, it is evident that the two-stage
detection model performs better in dense scenes.
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IoU loss has a particular eﬀect on the ﬁnal result. The
experimental results show that the detection scheme in
this article can achieve high detection accuracy, with an
mAP of 0.413, which exceeds the accuracy requirements
of industrial production. In the later work of detection in
dense scenes, research can be carried out to improve the
quality of the suggested region.
Conﬂict of interest: Authors state no conﬂict of interest.
Data availability statement: Data sharing is not applicable to this article as no datasets were generated or analysed during the current study.

5 Discussion
Our work proved through experiments that the two-stage
detector is signiﬁcantly better than the one-stage detector
in dense scenes. The apparent diﬀerence between the
two-stage and one-stage detectors lies in the deﬁnition
of positive and negative samples. The two-stage detector
obtains high-quality recommended areas through onestage screening, and the division of positive and negative
samples is the key to improving the eﬃciency of dense
scene detection. At the same time, due to the existence of
many detection frames, we found through our experiments that for the detection in this scene, balancing
the classiﬁcation loss and regression loss can slightly
improve the detection eﬃciency. Our method is not suitable for scenarios with high real-time requirements. Due
to the limitations of the cascade structure, the overall
detection speed is slow. The deﬁnition of positive and
negative samples during training has always been a
core issue in target detection. Our follow-up work will
consider improving the detection speed of dense detection from the deﬁnition of positive and negative samples
in the one-stage detector.

6 Conclusion
To improve the performer of object detection in dense
scenes, this article researches from two aspects: region
proposal and location loss. The Cascade structure is used
to improve the quality of regional proposals. CIoU loss
and balanced L1 loss are, respectively, tested on two
aspects of location loss. At the same time, the FPN
multi-scale detection algorithm is used to improve the
detection eﬃciency of small objects. In dense object
detection, high-quality suggested regions are the key to
improving detection accuracy. Second, the regulation of
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