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ABSTRACT

Numerous improvements in feedback mechanisms have contributed to the great progress in object detec-
tion. In this paper, we first present an evaluation-feedback module, which consists of an evaluation sys-
tem and feedback mechanism. Then we analyze and summarize traditional evaluation-feedback modules.
We focus on both the evaluation system and the feedback mechanism, and propose Control Distance IoU
and Control Distance IoU loss function (CDIoU and CDIoU loss) without increasing parameters in mod-
els, which make significant enhancements on several classical and emerging models. Finally, we propose
Automatic Ground Truth Clustering (AGTC) and Floating Learning Rate Decay (FLRD) for faster regression
in object detection. Experiments show that a coordinated evaluation-feedback module can effectively im-
prove model performance. Both CNN and transformer-based detectors with CDIoU + CDIoU loss, AGTC,
and FLRD achieve excellent performances. There are a maximum AP improvement of 2.9%, an average AP
of 1.1% improvement on MS COCO, a maximum AP improvement of 8.2%, and an average AP improvement
of 3.7% on Visdrone dataset.

© 2022 Elsevier Ltd. All rights reserved.

1. Introduction

Tremendous works have been made for more accurate and
more efficient object detection in recent years. Data augmen-
tation [1], deeper layers of neural networks [2], more complex
structured FPN modules, and even more number of iterations
make the models for object detection the state-of-the-art. Un-
doubtedly these CNN detectors [3] have achieved remarkable suc-
cess, however, at the same time these models have huge param-
eters and unsatisfactory FLOPs, such as Detectron2 Mask R-CNN
X101-FPN (parameters: 107M, FLOPs: 277B) [4], ResNet-50 + NAS-
FPN (1280@384) (parameters: 104M, FLOPs: 1043B) [5], Amoe-
baNet+ NAS-FPN +AA(1280) (parameters: 185M, FLOPs: 1317B)
[6] and AmoebaNet+ NAS-FPN + AA(1536) (parameters: 209M,
FLOPs: 3045B). Obviously, with the increase of model size, the per-
formance of the model continues to improve. However, this perfor-
mance improvement is limited. Meanwhile, detectors [7,8] under
transformer framework suffer from the same problem.

This paper focuses efficient regression of object detection on
automatic ground truth clustering, float learning rate decay, and
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the evaluation system & feedback mechanism (namely IoU mod-
ules and loss functions, combined called evaluation-feedback mod-
ule) of region proposals without increasing the number of param-
eters or FLOPs [9,10].

The evaluation-feedback modules have 3 main roles: (1) Evalu-
ating region proposals, using ground truth as a criterion. (2) Rank-
ing a set of region proposals (with the same ground truth cri-
terion). (3) Feeding the gap between region proposals (RP) and
ground truths (GT) to the neural network, which is used to cor-
rect the next evaluation module. Considering evaluation-feedback
module is fundamental, this module should be efficient and con-
tain few parameters. A good evaluation-feedback module should
meet the following 3 conditions:

- A measure overlapping area.

« The good ability to differentiate and a measure of the degree
of difference (sometimes understood as centroid distance and
aspect ratio).

« The IoUs calculation can be correlated with loss functions cal-
culation.

Numerous previous studies have tended to focus on the study
of feedback mechanism at the expense of evaluation system. In
this paper, the Control Distance IoU(CDIoU) and the Control Dis-
tance IoU loss function (CDIoU loss) are proposed and given the
same importance. CDIoU has good continuity and derivability, and
simplifies the calculation by measuring the distance between RP
and GT in a unified way, optimizing the calculation of DIoU and
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CloU [11] for centroid distance and aspect ratio, and completing
the evaluation quickly. The CDIoU loss function can be correlated
with CDIoU calculation, which enables the feedback mechanism to
characterize more accurately and feed back the difference between
RP and GT, thus making the objective function of the deep learn-
ing network converge faster and improving the overall efficiency.
The CDIoU and CDIoU loss functions are highly adaptive and show
significant improvements on several different models, compared to
traditional IoU modules and loss functions.

To prevent the learning rate from being too large and swing-
ing back and forth when converging to the global optimum, it is
important to let the learning rate keep decreasing with the num-
ber of training rounds and converge to a gradient-decreasing learn-
ing step. The traditional object detectors are executed with a fixed
learning rate or a learning rate decay strategy. However, the exist-
ing strategies neglect to provide feedback on the results of the loss
function in real-time during the regression process. In other words,
the learning rate should not be decayed continuously during the
training process, but should be increased and decreased during the
training process according to the result of the loss function. We
propose float learning rate decay (FLRD) to build a feedback mech-
anism for the learning rate and loss function.

By generating anchors after analysis of ground truth in origi-
nal dataset, the results of object detectors can be improved. Faster
RCNN [12] and SSD [13] propose the foundational steps of anchor
generation, and then YOLOv3 generates anchor boxes by K-means
clustering. But this method requires repeated experiments to de-
termine the centers and number of clusters. In order to save train-
ing time and faster regression, we propose automatic ground truth
clustering (AGTC), which can solve the information and number of
cluster centers (namely the scale and number of anchor boxes) in
a specific dataset at once.

We aim to improve the performance of 2D object detection
without significantly increasing the running cost. Saving running
cost (model size and running time) is not the priority of this arti-
cle. At the same time, under the premise of slightly improving the
results of general object detection, the performance of small object
detection is significantly improved.

The main contributions of this work can be summarized as:

« CDIoU is proposed as a new evaluation system and CDIoU loss
as a new feedback mechanism for more accurate regression.

« AGTC and FLRD are proposed for faster regression.

» Improving the results, while the number of parameters and
running time are not increased.

- With wide applicability, make significant improvements on sev-
eral models.

2. Related work

The first culmination of deep learning for object detection
was the proposal of R-CNN [14], Fast R-CNN and Faster R-CNN
[15] models, which laid down the basic framework and data
processing for deep learning applied to object detection. YOLO
[16] provides a more straightforward way by directly regressing the
location of the bounding box and the class to which the bound-
ing exploitation belongs in the output layer, thus transforming
the object detection problem into a regression problem. After this,
YOLOv2 [17], YOLOv3, YOLOv4 were proposed, which made the
deep learning network not only improve in accuracy but also in
computing speed. R-CNN series and YOLO series are the classi-
cal representatives [18] of two-stage model [19,20] and one-stage
model [21] in object detection.

Neural network backbone and convolution kernel

The backbone networks of deep learning are also evolving.
LeNet (1998), AlexNet (2012), VGGNet (2014), GoogLeNet (2014),
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ResNet (2015), and MobileNet (2017) are preserved in the path of
deep learning development [22]. EfficientNet (2019) [23] proposes
a more generalized idea on the optimization of current classifica-
tion networks, arguing that the three common ways of enhanc-
ing network metrics, namely widening the network, deepening the
network and increasing the resolution, should not be independent
of each other.

Along with the backbone [24], the convolution kernel [25] is
also evolving and changing. Deformable conv [26] adds an offset
variable to the position of each sampled point in the convolu-
tion kernel, enabling random sampling around the current position
without being restricted to the previous regular grid points. Dilated
conv [27] can effectively focus on the semantic information of the
local pixel blocks, instead of letting each pixel rub together with
the surrounding blocks, which affects the detail of segmentation.

Evaluation-feedback module

Based on IoU, GloU [28] focuses not only on overlapping regions
but also on other non-overlapping regions, which can better reflect
the overlap of RP and GT. DloU [11] takes the distance between the
object and anchor, overlap rate, and scale into consideration, which
makes the object box regression more stable and does not have
problems such as scattering during training like IoU and GloU.

GloU loss [29] still has the problems of slow convergence and
inaccurate regression. It is found that GloU first tries to overlap the
object box by increasing the size of the detection box, and then
uses the IoU loss term to maximize the overlap area with the ob-
ject box [30].

DIoU loss and CloU loss [11] greatly enriched the connotation of
IoU calculation results, adding the measurement of difference, in-
cluding “centroid distance” and “aspect ratio” separately. DloU loss
cannot distinguish which RPs is more similar to GT when the cen-
ter points of RPs are at the same position. We can know that the
calculation process of CloU loss is more time-consuming, which
will eventually drag down the overall training and test time [31].

3. Analysis of traditional IoUs and loss functions

In this section, we systematically explain the disadvantages of
traditional IoUs and loss functions in the formal article. Fig. 1, 2, 3,
and 4 gradually illustrate the disadvantages of the traditional eval-
uation systems.

In object detection, the function of IoUs is to evaluate the sim-
ilarity between RP and GT. The evaluation between RP and GT is
given through the IoU method, which plays a fundamental role in
the selection of positive and negative samples. In the evaluation-
feedback module, the most representative methods are IoU, GloU,
DIoU loss and CloU loss, which play a fundamental role in the
great progress of object detection, but there still is much room for
optimization.

Fig. 1. Different relative position relations, the same IoU results. The red box is
RP and the blue one is GT, while the green dashed box is the minimum bounding
rectangle (MBR). MBR will be used in later chapters. The red box in the fourth im-
age is rotated, which is to highlight the disadvantages of the traditional evaluation
method. While all the detection frameworks used in the paper (e.g. Faster R-CNN,
Cascade R-CNN, and YOLO) can only predict horizontal boxes. (For interpretation
of the references to colour in this figure legend, the reader is referred to the web
version of this article.)
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IoU = 0.20 IoU = 0.20
GloU = 0.15 GloU = 0.15
CDIoU = 0.47 CDIoU = 0.45
Lgjoy = 0.65 Lgioy = 0.65
Leproy = 0.72 Leproy = 0.75

Fig. 2. Comparison of IoU GloU CDIoU and Loss of GloU & CDIoU. PR is outside
GT. This figure emphasizes the “insensitivity” of IoU, GloU to tiny differences. While
CDIoU showed satisfactory sensitivity to such tiny differences.

Loy = 0.75 Lioy = 0.75 Loy = 0.75 Lioy = 0.75

Lgiou = 0.75 Lgiou = 0.75 Lgioy = 0.75 Leiou = 0.75
Lpioy = 0.75 Lproy = 0.75 Lproy = 0.81 Lpioy = 0.77
Leproy = 0.74 Leproy = 0.80 Leproy = 0.77 Leproy = 0.78

Fig. 3. Comparison of multiple IoU losses. PR is inside GT. This figure emphasizes
the “insensitivity” of IoU loss, GloU loss, CloU loss and DIoU loss to tiny differences.
While CDIoU loss showed satisfactory sensitivity to such tiny differences.

Fig. 4. DloU loss: unuseful relative position relationship between RP and GT. in fact,
as long as the center point of the region proposal is on arc C of circle O, the penalty
terms of DIoU loss are consistent.

3.1. Analysis of traditional IoUs

IoU is a basic evaluation method, and as shown in Figure 1, the
relative position relationship between RP and GT is obviously dif-
ferent. The human brain can clearly distinguish the differences, but
the evaluation results of IoU are the same (IoU = 0.33).

Based on original IoU, many evaluation systems are derived,
which enrich the evaluation dimensions of previous IoU from those
different aspects. IoU only considers the calculation of overlapping
area. Meanwhile, GloU pays attention to overlapping area and non
overlapping area, and strengthens the discussion of evaluation sys-
tem. However, GloU obviously ignored the “measurement of differ-
ence” between RP and GT.

The “measurement of difference” between RP and GT include
the distance between the center points (centroid) and the ratio
of length-width(aspect ratio). DIoU takes centroid into account in
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the calculation of the evaluation system, but omits aspect ratio. As
shown in Figure 2, 3, DloU can’t recognize the difference between
the high-thin region proposal and the short-fat region proposal,
and gives them the same value. But in fact, the human brain can
easily differentiate which one is better.

3.2. IoU:Smooth L1 loss and IoU loss

The method of smooth loss is proposed from Fast RCNN [12],
which initially solves the problem of characterizing the boundary
box loss. Assuming that x is the numerical difference between RP
and GT, L; and L, loss are commonly defined as:

4Ly _

L1 = MT 2%, (1)

Lo =x°. (2)

The corresponding derivative:

aci(x) )1 ,if x>0 (3)
x  |—=1 , otherswise,

A2 _ 5y (4)
L =2

From the derivative of loss function to x, we can know that the
derivative of loss function £; to x is constant. In the late training
period, when x is very small, if the learning rate is constant, the
loss function will fluctuate around the stable value, and it is dif-
ficult to converge to higher accuracy. When the derivative of loss
function £, to x is large, its derivative is also very large and unsta-
ble at the beginning of training. smooth,, (x) perfectly avoids the
shortcomings of £ and £, loss.

_Jo.sx? Jif|x] < 1
smooth, (x) = {|x| —0.5 ,otherswise, (5)
dsmoothy, L ,if x| <1 (6)
X ~|£1 , otherswise,

However, in the actual object detection, the loss in box regres-
sion task is

Lie(t",v)= Y smooth, (' — v;), (7)

ie{x,y,w,h}

Where v = (vx, vy, Vw, vh) represents the box coordinates of GT,

and t¥ = (t,‘j,t;‘,tvl{,,tﬁ) represents the predicted box coordinates,
that is to calculate the loss of four points respectively, and then
add them as the bounding box regression loss.

Remark 1. When the above losses are used to calculate the bound-
ing box loss of object detection, the loss of four points is calculated
independently, and then the final bounding box loss is obtained
by adding. The assumption of this method is that the four points
are independent of each other, and there is a certain correlation in
fact. The calculation of smooth can not be unified with IoU, which
leads to errors of the feedback mechanism and evaluation system.
The actual indicator of evaluation is to use IoU, which is not equiv-
alent. IoU loss cannot avoid this scenario,“different RPs, same feed-
back results” in Figure 2,3.

Lioy = —ln(IoU), (8)

Loy =1 —1IoU. (9)
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3.3. GloU and GloU loss

On the premise of not increasing the calculation time, GloU
[28] initially optimized the calculation of IoU for overlapping area,
and reduced the calculation error, but GloU still did not take the
measurement of the difference into account in the calculation re-
sults.

IC\(AUB)|

GIloU = IoU —
IC|

(10)

Lcioy =1 —GloU. (1])

GloU loss still has the problems of slow convergence and in-
accurate regression. It is found that GloU first tries to overlap the
object box (GT) by increasing size of the detection box (RP), and
then uses IoU loss term to maximize the overlap area with the ob-
ject box. At the same time, when the two boxes contain each other,
GloU loss will degenerate into IoU loss. At this time, the alignment
of the bounding box becomes more difficult and the convergence
is slow.

3.4. DIoU loss and CloU loss

DIoU loss and CloU loss [11] greatly enriched the connotation
of IoU calculation results, adding the measurement of difference,
including “centroid distance” and “aspect ratio” separately.

0% (b, b¥")
Lpioy =1—10oU + T (12)
First of all, DIoU loss cannot distinguish which region proposals
are more similar to ground truth when the center points of re-
gion proposals are at the same position. Then when two boxes are
completely coincident, £,y = Lgiou = Lpioy = 0; when two boxes
do not intersect, GloU loss can’t distinguish region proposals ex-
actly and Lgu = Lproy — 2.

As shown in the Figure 4, in fact, as long as the center point
of the region proposal is on arc C of circle O, the penalty terms of
DIoU loss are consistent. This is DIoU, which loses the accuracy of
the evaluation system. The distance of RP and GT centers are the
same, but the relative relationship between RP and GT can be dif-
ferent. Please take a closer look at the first and second subgraphs
of Fig. 3 (0— O’,overlap), RP in the first is better then that in the
2nd, but DIoU does not know that, while CDIoU does.

The penalty term of CloU loss is composed of a factor cv and
DIoU loss penalty term, which takes that into account the aspect
ratio of RP and GT.

p?(b.b)
Lo =1~ loU + ——— +av (13)
The penalty is
02 (b, b
RCIOU = % + v, (14)
v
- 7 1
At +v (15)
2
4 wét w
V= = (arctan T arctan h) . (16)

Because the calculation of CloU loss involves the inverse
trigonometric function, and through comparative experiments, we
can know that the calculation process of CloU loss is more time-
consuming, which will eventually drag down the overall training
time. For detailed comparison tests, see “Ablation studies”.
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A B
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Fig. 5. Calculation of CDIoU. Minimum bounding rectangle (MBR) is the smallest
rectangle that can contain RP and GT. The definition of minus operation between RP
and GT is vector subtraction. “AE, BF...”, represent the length of the line segment.

4. CDIoU and CDIoU loss functions

Based on traditional IoUs and loss functions [32], CDIoU and
CDIoU loss functions are proposed in this section. The improved
loss functions [24,33] have to increase the computational intensity
in order to improve the accuracy of the regression. Without in-
creasing the operation time, the running efficiency and AP are sig-
nificantly improved. The CDIoU loss function converges faster and
reduces the complexity of the operation significantly.

Control Distance Intersection over Union (CDIoU) is a new eval-
uation method that directly examines the similarity of RP and GT,
and it does not directly measure the distance between their cen-
troids and the similarity of their shapes. For detailed information,
see Figure 5.

= _IRP=GT|l,

_ ey (1)
= awy

where RP and GT represent the vector (x1, y1, X2, y2) in the Eq. 17.
The definition of minus operation between RP and GT is vector
subtraction. “AE, BF,..."”, represent the length of the line segment.
The diou(L2 loss) is different from DIoU, extracting the center dis-
tance between RP and GT and the shape of RP relative to GT at the
same time.

CDIoU = IoU + A(1 — diou) (18)

Although the formula for CDIoU does not mention “centroid
distance” and “aspect ratio”, the final calculation results reflect
a measure of the degree of difference between RP and GT. The
diou(L2 loss) is different from DloU, extracting the center distance
between RP and GT and the shape of RP relative to GT at the same
time. The higher the value of CDIoU, the lower the degree of dif-
ference; the higher the value of CDIoU, the higher the similarity.

diou

Lepiou = Loy, + diou (19)

In order to cooperate with the calculation of CDIoU, this paper
also proposes the CDIoU loss function. By observing this formula,
we can intuitively feel that after backpropagation, the deep learn-
ing model tends to pull the four vertices of the region proposal
toward the four vertices of the ground truth until they overlap. For
detailed information, see Algorithm 1 and Fig. 6. In the subsequent
experimental chapters of the article, we use IoU and IoU loss in
the CDIoU and CDIoU loss.

5. Modules for faster regression

In this section, we propose two improved methods for model
design. These methods can be applied to a variety of object de-
tection models without increasing the running time of the model.



C. Dong and M. Duogian

Algorithm 1 CDIoU and CDIoU loss function .

Input: RP for region proposal;GT for ground truth;
Output: CDIoU and CDIoU loss;
For RP and GT, find MBR;

U IRPAGT| i IIRP=GT]l
compute fo = [RPUGT| diou = 4MBR’sdiagonal ’

compute CDIoU = IoU + A (1 — diou);
compute Lepjoy = Liay, + diou, Ly, could be Ly = —In(loU),
LIOU =1- IOU, ﬁlOU =1-1IoU or ﬁDlOUv £CIOU:

S B
D ~
E N < F £ \'\;3 F
D\ C
\\\ \
\ D C
\ !
\ ‘ Y :
\ \ <
H G H G

Fig. 6. Region proposal turning and variations by CDIoU loss.

These tips are particularly useful for some basic models in this pa-
per.

5.1. Floating learning rate decay

The basic idea of learning rate decay is that the learning rate
decays gradually as training proceeds. Common learning rate de-
cay methods include piecewise decay, linear decay, exponential de-
cay, natural exponential decay, polynomial decay and cosine de-
cay. Among them, linear decay and exponential decay are the most
commonly used decay methods.

The fixed learning rate decay method initially solves the prob-
lem of excessive constant learning rate in the late stage of deep
learning training. However, during the gradual decay of the learn-
ing rate, the traditional methods cannot provide timely feedback
on the impact of the decaying learning rate on the deep learning
training process. Traditional methods simply mechanically perform
tasks with progressively lower learning rates. In the training pro-
cess of deep learning, too large learning rate will lead to the train-
ing process loss function divergence, while too small learning rate
will lead to the training process convergence speed is too slow.

For the above reasons, we propose float learning rate decay (or
FLRD for short) to check the loss every K iterations and increase
the learning rate slightly, if the loss function does not decrease
continuously. In this way, the learning rate will decrease and float
appropriately at regular intervals to promote the decrease of the
loss function.

_J1lrq, Ls <0
"7 )Elr_, Ls> 0 (20)
Ls = loss; —loss;_j

Ir,

where [r,_; represents the learning rate of the previous decay cy-
cle and Ir,_; represents the learning rate of the next decay cycle,
Ls represents the difference between the loss of the first item and
the loss of the last item in one decay cycle, and & represents de-
cay rate. We take exponential decay as an example to introduce
floating learning rate decay.

5.2. Automatic GT clustering analysis

It is well known that AP can be effectively improved by per-
forming cluster analysis on GT in the original dataset. The conven-
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Table 1

Aspect ratios and anchor sizes in different detectors. AGTC means that au-
tomatic GT clustering generates the aspect ratio. * means that in at least 6
convolutional layers, multiple aspect ratio combinations are set up in SSD
method. ** means that anchor sizes of AGTC follow those of Faster RCNN and
SSD in ablation studies. Aspect ratios = width : length.

Method Aspect ratios Anchor sizes
Faster RCNN 1:1, 1:2, 2:1 3
SSD 1:1, 2:1, 3:1, 1:2, 1:3 *
AGTC 1:1, 1.5:1, 2:1, 1:2, 1:2.5, 1:3, 1:3.5, 1:4 o

tional object detectors adjust anchor sizes and aspect ratios param-
eters based on the results of this cluster analysis. However, we do
not know the number of clusters through the current approach.
The main solution is to keep trying the number of clusters N, and
then judge by the final result AP. Obviously, this exhaustive method
takes a lot of time.

In this section, automatic GT clustering analysis based on orig-
inal dataset is proposed, using K-means/PAM, Hierarchical Cluster-
ing, Spectral Clustering, DBSCAN and Mean-shift methods respec-
tively, where DBSCAN and Mean-shift methods are able to obtain
the number of clusters autonomously.

In the MS COCO dataset, we can guide the generation of anchor
by clustering the shapes (length and width) of GT. Since the set of
GT shapes can be approximated as a dense dataset, we can take the
DBSCAN method to cluster the GT set. The width and the length of
GT are used as two dimensions to cluster the dataset of GT.

The above methods were evaluated using SSE (sum of the
squared errors), Silhouette Coefficient and Calinski-Harabaz, and
then two recommended schemes are obtained. These recom-
mended schemes include the number of clusters and the central
GT of each cluster. We obtained anchor information from the cen-
tral GT before executing the complex deep learning network, so
that the experiments in this paper are much more efficient.

The new aspect ratios are generated by automatic GT clustering
method (or AGTC for short). And for consistency, anchor sizes of
AGTC follow those of Faster RCNN and SSD (see in Table 1).

6. Experiments

To ensure the rigidity and richness of the experiments, we did a
lot of training and testing on representative models, such as Faster
R-CNN, Cascade R-CNN [34], YOLOs and ATSS [35]. Also, we try not
to use tricks and allow individual models to compare differences
purely due to changes in IoUs or loss functions. Following ATSS
works, the multi-scale training strategy is adopted for these ex-
periments, i.e., randomly selecting a scale between 640 to 800 to
resize the shorter side of images during training.

6.1. Working environment and preparation

The following experiments were conducted on MS coco 2017
dataset using two GeForce RTX 2080 Ti GPUs or two Tesla V100
PCle 32GB GPUs. All models under Pytorch framework are standard
models without using any tricks.And we double the total number
of iterations to 180K and the learning rate reduction points to 120K
and 160K.

Dataset. We perform experiments on COCO 2017 and Visdrone.

COCO 2017 contains 118k training images, 5k validation images
and 20K test-dev images. The ablation study is performed using
the validation set, and a system-level comparison is reported on
test-dev. Each image is annotated with bounding boxes and panop-
tic segmentation. There are 7 instances per image on average, up
to 63 instances in a single image in training set, ranging from small
to large on the same images.
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Table 2

Analysis(%) of different values of hyperparameter A on the MS COCO val set.
A 1.0 0.1 0.01 0.001 0.0001
Faster R-CNN 35.6 36.5 37.0 38.5 38.0
ATSS(R_50_FPN) 38.1 39.0 39.3 395 389

The Visdrone dataset consists of 400 video clips formed by
265,228 frames and 10,209 static images, captured by various
drone-mounted cameras, covering a wide range of aspects includ-
ing location, environment, objects (10 classes). These frames are
manually annotated with more than 2.6 million bounding boxes or
points of targets of frequent interests, such as pedestrians, cars, bi-
cycles, and tricycles.

Training. Our method is trained with Adamw and SGD optimiz-
ers, changing Adamw to SGD until very final stage. We adopt our
models with the learning rate (2-) for backbone. The backbone is
the ImageNet-pretrained model with batchnorm layers fixed, and
the Transformer parameters are initialized using the Xavier initial-
ization scheme. The weight decay is set to be 10~4,

6.2. CDIoU and CDIoU loss for object detection

In order to verify the effectiveness of CDIoU and CDIoU loss in
object detection, experiments are designed and applied to numer-
ous models in this paper. These models encompass existing classi-
cal models and emerging models, reflecting certain robustness and
wide adaptability. We conduct several experiments to study the ro-
bustness of the hyperparameter A in Table 2. Overall, the only hy-
perparameter A = 0.001 is quite robust and the proposed CDIoU
can be nearly regarded as hyperparameter-free?.

CDIoU and CDIoU loss are universally adaptable, exhibiting dif-
ferential performance gains on different models. As shown in
Table 3, we can see that the more complex the backbone structure
is, the less the CDIoU and CDIoU loss improvement is, while for
the basic model, the CDIoU and CDIoU loss improvement is more
obvious. By using CDIoU and CDIoU loss, the models in Table 3 im-
proved AP by an average of 0.8%.

CDIoU & CDIoU loss are able to improve both of basic and
new detectors’ performances. Lots of experiments on representa-
tive SATA methods are token, including DETR [37], Swin Trans-
former and D2Det [38]. It's clear that the best AP (%) of DETR and
D2Det are still not better than those of ATSS + CDIoU & loss, but
the AP has been significantly improved in Table 4.

6.3. Ablation studies

Faster R-CNN is a classical model, while ATSS is a new model
recently. In Table 5, the evaluation system of all models is IoU, the
most basic original one. But in the loss function, we selects differ-
ent calculation functions as feedback mechanism. IoU, GloU, DloU
and CloU are representative classic loss functions, which are imple-
mented on many CNN-based and Transformer-based methods. FPS
represents the number of images that can be processed per sec-
ond. CDIoU loss does not increase the amount of computation and
barely improves FPS.

As shown in Table 5, we can accurately see that CDIoU loss
function can significantly improve the AP results by 0.2~1.9 % com-
pared to other loss functions, and this effect is more obvious in
traditional and basic models.

From Fig. 7 and 8, it is clear that the loss function values of
both Faster R-CNN and ATSS-R-50-FPN-1x models drop and reach
convergence faster with CDIoU and CDIoU loss function, compared

2 Code is available in https://www.github.com/Alan-D-Chen/CDIoU-CDIoUloss
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Fig. 9. The final AP of Faster R-CNN and ATSS-R-50-FPN-1x.

to the other loss functions (IoU loss, GloU loss, DIoU loss, and CloU
loss). As the number of iterations increases, it is obvious that the
model using CDIoU and CDIoU loss reaches a stable state in a less
iteration even with larger original loss. When scholars run large
detection algorithms, CDIoU and CDIoU loss can save a lot of run-
ning time to get the same performance. Fig. 7 and 8 show the ad-
vantages of CDIoU and CDIoU loss in terms of speed.

Fig. 9 shows that the CDIoU and CDIoU loss functions can help
the models achieve higher AP values with fewer iterations. These
results show that the CDIoU and CDIoU loss functions have strong
convergence and highlight their more accurate evaluation of re-
gion proposals. The methods with CDIoU and CDIoU loss get bet-
ter performance in less iteration, compared to original methods.
Fig. 9 shows the advantages of CDIoU and CDIoU loss in terms of
performance and speed.

In order to rigorously verify the effectiveness of CDIoU and
CDIoU loss function proposed in this paper, a large number of com-
parative experiments are designed to suggest supporting evidence.
We can learn from Table 6 that CDIoU loss can indeed achieve bet-
ter results than IoU loss, GloU loss, DIoU loss, etc., while using the
same IoU section.

By comparing the above experiments, we can observe that us-
ing different IoU modules with different IoU loss functions yields
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Detection models results with and without IoUs and IoU loss function on the MS COCO test-dev set. MS means multi-scale testing. +
CDIoU & loss means that this model uses CDIoU and CDIoU loss as evaluation-feedback module. + IoU & loss means that this model uses
IoU and IoU loss as evaluation-feedback module. The original ATSS models use IoU and GloU loss as evaluation-feedback module, and the
original Faster R-CNN,YOLOv4,RetinaNet-R101,ResNet-50 + NAS-FPN,Detectron2 Mask R-CNN,Cascade R-CNN models use IoU and IoU loss or
L1-smooth as evaluation-feedback module. Bold fonts indicate the best performance. 1x and 2x mean the model is trained for 90K and 180K

iterations, respectively.

test-dev(%)

Models

AP AP, APy AP,
Faster R-CNN [12] 36.0 - - -
YOLOvV4 [12] 41.2 20.4 44.4 56.0
RetinaNet-R101 (1024) [36] 40.8 24.1 442 51.2
ResNet-50 + NAS-FPN (1280@384) [5] 45.4 - - -
Detectron2 Mask R-CNN R101-FPN [4] 443 - - -
Cascade R-CNN [34] 42.8 23.7 45,5 55.2
FCOS [21] 43.2 26.5 46.2 53.3
ATSS_R_50_FPN_1x [35] 39.2 - - -
ATSS_dcnv2_R_50_FPN_1x [35] 43.0 - - -
ATSS_R_101_FPN_2x [35] 43.6 - - -
ATSS_dcnv2_R_101_FPN_2x [35] 46.3 - - -
ATSS_X_101_32x8d_FPN_2x [35] 451 - - -
ATSS_dcnv2_X_101_32x8d_FPN_2x [35] 47.7 - - -
ATSS_dcnv2_X_101_64x4d_FPN_2x [35] 47.7 - - -

Comparison test 1
ATSS_R_50_FPN_1x + IoU & loss 38.6 20.7 37.4 45.7
ATSS_dcnv2_R_50_FPN_1x + IoU & loss 41.9 24.0 45.8 53.8
ATSS_dcnv2_R_101_FPN_2x + IoU & loss 45.8 25.9 48.6 56.9
ATSS_X_101_32x8d_FPN_2x + IoU & loss 44.5 26.8 47.2 53.2
ATSS_dcnv2_X_101_32x8d_FPN_2x + loU & loss 46.8 27.9 49.7 58.7
ATSS_dcnv2_X_101_32x8d_FPN_2x(MS) + IoU & loss 49.6 31.2 50.5 60.3
Comparison test 2

Faster R-CNN + CDIoU & loss 38.3 17.3 38.0 544
YOLOv4 + CDIoU & loss 414 20.4 46.1 55.8
RetinaNet-R101 (1024) + CDIoU & loss 41.2 22.5 43.1 50.9
ResNet-50 + NAS-FPN (1280@384) + CDIoU & loss 45.8 22.1 48.0 65.1
Detectron2 Mask R-CNN R101-FPN + CDIoU & loss 45.0 213 46.0 64.9
Cascade R-CNN + CDIoU & loss 43.0 25.0 45.7 66.1
ATSS_R_50_FPN_1x + CDIoU & loss 394 22,5 42.2 49.8
ATSS_dcnv2_R_50_FPN_1x + CDIoU & loss 43.1 244 46.0 55.8
ATSS_dcnv2_R_101_FPN_2x + CDIoU & loss 46.4 27.8 49.7 58.6
ATSS_X_101_32x8d_FPN_2x + CDIoU & loss 45.2 27.8 48.3 55.2
ATSS_dcnv2_X_101_32x8d_FPN_2x + CDIoU & loss 47.9 29.6 50.8 60.5
ATSS_dcnv2_X_101_32x8d_FPN_2x(MS) + CDIoU & loss 50.7 332 52.6 62.7

Table 4

Detector results with CDIoU and CDIoU loss. CDIoU means that this model uses CDIoU and CDIoU loss. diff.
means that the difference between ATSS, DETR, Swin Transformer and D2Det with or without CDIoU & loss.

Methods ATSS ATSS(MS) DETR [37] D2Det [38] Swin Transformer [1]
originals 46.8 49.6 44.9 47.4 58.7
CDIoU 479 50.7 47.1 48.6 60.0
diff. 1.2 1.1 22 1.2 13

Table 5

Comparison of effects and running results(%) of various IoU losses on the MS COCO
val set. The default evaluation module IoUs is IoU in this table. The FPS of the
same model with different loss terms vary so much in Table 5, because different
loss terms depend on different IoUs. Even if GloU, CloU, DloU and CDIoU are not
used in evaluation system, they still need to be calculated in loss terms. Backbone
used in Faster R-CNN with FPN is VGG16. Backbone used in ATSS is R_50_FPN.

IoUs loss Model AP FPS
L1-smooth 36.0 7.5

IoU loss 36.8 7.7
GloU loss 36.9 8.5
DloU loss Faster R-CNN [15] 380 7.9
CloU loss 38.2 6.3
CDIoU loss 38.5 7.7
L1-smooth 375 111
IoU loss 38.0 10.8
GloU loss 39.2 11.0
DIoU loss ATSS [35] 39.0 11.3
CloU loss 39.2 8.8
CDIoU loss 394 11.2

different and thought-provoking results. Combining Table 5, we
can analyze that under the same IoU loss function condition, using
CDIoU module alone can improve the final result by 0.3 ~ 1.8%;
under the same IoU module, using CDIoU loss function alone can
improve the final result by 0.2 ~ 1.7%.

At the same time, if IoU module and IoU loss function could be
unified in the computational form (eg.GloU + GloU loss function
and CDIoU + CDIoU loss function), the final result would seem to
be better than the sum of the results of using the two optimization
schemes independently.

In order to verify the independence and validity of CDIoU and
CDIoU loss function, we designs the following comparison test in
Table 9, using original IoU + IoU loss(or GloU loss) function and
CDIoU + CDIoU loss function in training and validation stages of
the program respectively, and finally comparing their AP results.
We use CDIoU and CDIoU loss in the training and validation stages
respectively, which can improve the final AP. If we used CDIoU and
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Comparison of effects and running results(%) of various IoUs and IoU loss functions on the MS COCO val set. For more
information about results of evaluation module IoU, please refer to Table 5. IoU and IoU loss are still the most common
evaluation-feedback modules, and we still regard them as the primary comparison standards just like GloU, DIoU, and
CloU’s authors do. The ablation study shows that the evaluation system and feedback mechanism coordinate with each
other to improve AP more significantly. However, we find the effect is small if you only change one of two. Faster R-
CNN: 36.9%—38.5%; ATSS R 50 FPN 1x:38.0%—39.5% in Table 6. CDIoU & CDIoU loss are proved to improve AP by
2.5% to 4.0% in non-mainstream datasets by Github and local Lab researchers.

IoUs IoU loss functions
Model
GloU CDIoU IoUloss GloU loss DloU loss  CloU loss  CDIoU loss
v v 36.9
v v 373
Faster R-CNN [15] v v 38.0
v v 38.2
v v 383
v ' 37.1
v v 373
Faster R-CNN [15] v v 38.1
v v 383
v v 385
v v 38.0
v v 393
ATSS [35] v v 39.0
v v 39.2
v v 394
v v 38.1
v v 393
ATSS [35] v v 39.2
v v 39.2
v v 39.5
: )
Table 7 o
Object detectors with different learning rate setting on the MS §6
COCO val set. Epoches represent the minimum epoches to get the §s
same standard result. The standard result of Faster RCNN is 36.0%, 24
and the standard result of ATSS is 37.5%. Intact ATSS is trained P
for 90K or 180K iterations, respectively. Backbone used in Faster ga
R-CNN with FPN is VGG16; backbone used in ATSS is R_50_FPN. g,
Faster RCNN and ATSS run with original IoU and IoU loss function ;
in Table 8. 81
. . 0 o
Method Learning Rate Setting Epoches &@ @@ @0 &@ §0 @& ﬁo @@ &@ o@ p0 90 @& 0& @& @& 9& @@ erstion
Fixed learning rate (original) 7
Faster R-CNN Linear 'decay 5 . Fixed learning rate Linear decay Exponential decay Floating learning rate decay
Exponential decay 5
Floating learning rate decay 4 6
ATSS Linear decay (original) 8 3
Exponential decay 8 s
Floating learning rate decay 6 g 4
‘5 3
3
A s
Table 8 1 Tt el L L
Object detectors with different anchor generation on the MS COCO val set. FPN ‘\\g il

is orignal part in Faster RCNN and ATSS. FPN + AGTC represents that FPN generate
anchors with automatic GT clustering. Faster RCNN and ATSS run with original loU
and IoU loss function in Table 8. MS means multi-scale. dcnv2 denotes deformable
convolutional networks v2.

Method Backbone Anchor generation AP
Faster RCNN VGG16 FPN T\:\GTC 33:2
R_50_FPN FPN T\AGTC 3312
denv2_R_50_FPN FPN l;l_)l\],L\GTC :33

FPN 45,
xrss denv2_R_101_FPN FPN ;I_) l:‘GTC :Ez
X_101_32x8d_FPN EPN + AGTC 44.9
denv2_X_101_32x8d EPN FII\}\GTC 3?3
denv2 X_101_32x8d(MS) oo Ffljmc ;‘3;‘;

S & & & o o ) o $ o $ o o o 5
& FF S 1@&" & $$ p"P &5 & neration

—=—Linear decay Exponential decay —=—Floating learning rate decay

Fig. 10. The comparison of detectors with different learning rate setting on the MS
COCO val set. Epoches represent the minimum epoches to get the same standard
result.

CDIoU loss in both training and validation stages, we could get
more significant improvement results.

At the same time, we set up experiments on Faster RCNN and
ATSS method to verify float learning rate decay and AGTC. Exper-
iments in Table 7 and Figure 10 show that floating learning rate
decay can effectively improve the efficiency of model operation.

According to experiments with different backbones on Faster
RCNN and ATSS, we can infer that float learning rate decay is un-
able to improve results of detectors, but float learning rate decay is
able to reduce running time evidently, comparing to fixed learning
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Comparison of effects and running results(%) in training and validation on the MS COCO train
and val set. Originals means that original Faster R-CNN uses IoU+loU loss as evaluation-feedback
module and original ATSS (backbone: _R_50_FPN_1x) uses IoU+GloU loss as evaluation-feedback

module.
Training Validation
Model — AP
IoU loss GloU loss CDIoU loss Originals CDIoU loss
v v 36.8
v v 37.2
Faster R-CNN v v 377
v v 38.5
v v 39.2
v v 393
ATSS v v 393
v v 40.2

Horse : 0.955

(a) CDIoU and CDIoU loss

(b) IoU and IoU loss

Person : 0.921

(¢) GloU and GIoU loss

Fig. 11. Comparison of CDIoU-CDIoU loss, IoU-IoU loss and GloU-GloU loss under ATSS (backbone: _R_50_FPN_1x) on COCO. CDIoU-CDIoU loss have better performance than

IoU-IoU loss and GloU-GIoU loss.

rate, linear decay, and exponential decay. Float learning rate decay
can reduce the running time by 10 ~ 15% on average.

AGTC module significantly improved the results of object
detectors, particularly in detectors with smaller backbone net.
Table 8 shows an obvious trend. With the deepening of back-
bone network, the results (AP) produced by FPN and FPN + AGTC
gradually approach and are roughly the same in the ATSS with
dcnv2_X_101_32x8d_FPN and multi-scale.

6.4. Analysis of experiments

The improvement effect of CDIoU + CDIoU loss tends to de-
crease as the model is updated. First, as the backbone of the model
deepens, the model itself enhances the strength of feature extrac-
tion. Second, the continuous improvement of FPN modules also op-

timizes the function of traditional evaluation systems. The above
two points offset the advantages of CDIoU and CDIoU loss com-
pared with the traditional evaluation-feedback modules.

ATSS bridges the gap between anchor-based and anchor-free
detection via adaptive training sample selection. Comparison tests
on ATSS exclude the essential interference between anchor-based
and anchor-free detection. In these tests, the interference of posi-
tive and negative sample generation is eliminated, which give tests
based on ATSS more representativeness.

From Table 9, we can clearly observe that replacing loU module
and loss function separately can improve the results of the original
model, and replacing IoU module and loss function at the same
time also has a certain additive effect, achieving the synergy of
“one plus one is greater than two”. It lies on the calculation form
consistency between evaluation system and feedback mechanism.
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Table 10

The results (%) of detectors combined with different components on the MS COCO
val set. v means that detectors run with this component. Original Faster RCNN
setting: VGG16 + IoU & IoU loss + fixed learning rate + FPN. Original ATSS setting:
R_50_FPN + GIoU & GloU loss + linear learning rate decay + FPN.

Modules CDIoU loss FLRD AGTC + FPN AP
36.0

v 37.7

Faster RCNN v v 377
v v v 39.1

39.2

v 394

ATSS v v 394

v v v 40.8

The numerical fluctuations of the feedback mechanism reflect the
differences of the evaluation system, which makes the evaluation-
feedback module more targeted (see Figure 11).

From Figure 11, it is obvious that the performancee of CDIoU is
much better than that of IoU and GloU. First of all, from the com-
parison of three groups in Fig. 11, it can be clearly seen that the
classification effect of CDIoU is better than that of IoU and GloU.
Secondly, the regression (positioning) effect of CDIoU is also better
than that of IoU and GloU. The region proposal of IoU and GloU
will split the whole object (for example, the horse’s leg and the
dog’s tail in yellow and green box).

Table 10 represents CAF (CDIoU & CDIoU loss, AGTC, and FLRD)
have obvious phased improvement. There are experiments with or
without CAF on object detectors in Table 11 and 12. Detectors with
CAF have been greatly improved compared with the original ob-
ject detection models. There is a maximum AP improvement of
2.9% and an average AP of 1.1% improvement on MS COCO and a
maximum AP improvement of 8.2% and an average AP of 3.7% im-
provement on Visdrone dataset.

Table 11
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Table 12

Detection models results with and without CAF module on the VisDrone-DET2021.
+ CAF means that this model uses CDIoU and CDIoU loss, AGTC, and FLRD. +
IoU & loss means that this model uses IoU and IoU loss as evaluation-feedback
module. The original ATSS models use IoU and GloU loss as evaluation-feedback
module, and the original Faster R-CNN,YOLOv4,RetinaNet-R101,ResNet-50 + NAS-
FPN,Detectron2 Mask R-CNN,Cascade R-CNN models use IoU and IoU loss or LI-
smooth as evaluation-feedback module. dcnv2 denotes deformable convolutional
networks v2. 1x and 2x mean the model is trained for 90K and 180K iterations,
respectively.

VisDrone-DET2021(%)

Models -
AP APy APs

Comparison test 3

Faster R-CNN [12] 325 - -
YOLOv4 [12] 358 504 437
RetinaNet-R101 (1024) [36] 408  54.1 442
ResNet-50 + NAS-FPN (1280@384) [5] 424 - -
Detectron2 Mask R-CNN R101-FPN [4] 443 - -
Cascade R-CNN [34] 39.8 - -
FCOS [21] 40.1 - -
ATSS_R_50_FPN_1x + IoU & loss 349 50.5 37.9
ATSS_dcnv2_R_50_FPN_1x + IoU & loss 350 540 398
ATSS_dcnv2_R_101_FPN_2x + IoU & loss 35.9 56.9 38.9
ATSS_X_101_32x8d_FPN_2x + IoU & loss 355 560 40.8
ATSS_dcnv2_X_101_32x8d_FPN_2x + IoU & loss 379 575 39.9

ATSS_dcnv2_X_101_32x8d_FPN_2x(MS) + IoU & loss  39.6  61.5 45.0
Comparison test 4

Faster R-CNN + CAF 348 575 394
YOLOv4 + CAF 378 60.5 40.9
RetinaNet-R101 (1024) + CAF 420 628 44.4
ResNet-50 + NAS-FPN (1280@384) + CAF 429 645 48.8
Detectron2 Mask R-CNN R101-FPN + CAF 43.8 61.3 45.1
Cascade R-CNN + CAF 419 66.7 44.2
ATSS_R_50_FPN_1x + CAF 374 632 41.0
ATSS_dcnv2_R_50_FPN_1x + CAF 384 649 42.0
ATSS_dcnv2_R_101_FPN_2x + CAF 398 67.8 42.4
ATSS_X_101_32x8d_FPN_2x + CAF 40.7 68.7 453
ATSS_dcnv2_X_101_32x8d_FPN_2x + CAF 45.2 69.6 49.0
ATSS_dcnv2_X_101_32x8d_FPN_2x(MS) + CAF 478 732 51.4

Detection models results with and without CAF module on the MS COCO test-dev set. + CAF means that this model uses CDIoU and CDIoU loss,
AGTC, and FLRD. + IoU & loss means that this model uses IoU and IoU loss as evaluation-feedback module. The original ATSS models use IoU and
GloU loss as evaluation-feedback module, and the original Faster R-CNN,YOLOv4,RetinaNet-R101,ResNet-50 + NAS-FPN,Detectron2 Mask R-CNN,Cascade
R-CNN models use IoU and IoU loss or L1-smooth as evaluation-feedback module. dcnv2 denotes deformable convolutional networks v2. 1x and 2x

mean the model is trained for 90K and 180K iterations, respectively.

Models

test-dev(%)

Comparison test 1

Faster R-CNN [12]

YOLOV4 [12]

RetinaNet-R101 (1024) [36]

ResNet-50 + NAS-FPN (1280@384) [5]
Detectron2 Mask R-CNN R101-FPN [4]

Cascade R-CNN [34]

FCOS [21]

ATSS_R_50_FPN_1x + IoU & loss
ATSS_dcnv2_R_50_FPN_1x + IoU & loss
ATSS_dcnv2_R_101_FPN_2x + IoU & loss
ATSS_X_101_32x8d_FPN_2x + IoU & loss
ATSS_dcnv2_X_101_32x8d_FPN_2x + IoU & loss
ATSS_dcnv2_X_101_32x8d_FPN_2x(MS) + IoU & loss

Comparison test 2

Faster R-CNN + CAF

YOLOv4 + CAF

RetinaNet-R101 (1024) + CAF

ResNet-50 + NAS-FPN (1280@384) + CAF
Detectron2 Mask R-CNN R101-FPN + CAF
Cascade R-CNN + CAF
ATSS_R_50_FPN_1x + CAF
ATSS_dcnv2_R_50_FPN_1x + CAF
ATSS_dcnv2_R_101_FPN_2x + CAF
ATSS_X_101_32x8d_FPN_2x + CAF
ATSS_dcnv2_X_101_32x8d_FPN_2x + CAF
ATSS_dcnv2_X_101_32x8d_FPN_2x(MS) + CAF

AP AP, AP, AP,
36.0 - - -

412 20.4 444 56.0
40.8 24.1 442 51.2
454 - - -

443 - - -

428 23.7 455 55.2
432 26.5 46.2 533
38.6 20.7 37.4 457
419 24.0 458 53.8
4538 25.9 48.6 56.9
445 26.8 472 53.2
46.8 27.9 49.7 58.7
49.6 31.2 50.5 60.3
38.9 17.3 392 56.4
418 20.8 471 56.7
425 225 433 548
46.9 235 4495 67.0
459 213 48.0 66.0
44.0 26.0 46.8 68.0
40.1 235 4438 426
434 244 48.0 58.0
473 27.8 51.0 59.9
459 27.8 50.3 57.0
48.2 296 52,0 62.4
50.8 33.2 53.7 64.0

10
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7. Conclusion

In previous works, scholars have focused on the designing of
neural networks and the tuning of convolution structures, but ig-
nored evaluation-feedback module, which improve detectors per-
formance in CAF manner. In this paper, we propose that an effi-
cient regression detector should focus on the evaluation-feedback
mechanism, automatic ground truth clustering, and float learning
rate decay. CDIoU & CDIoU loss, AGTC, and FLRD are proposed to
improve the performance of object detection models without in-
creasing running time and parameters. Through a large number of
experiments, it is evidenced that the models improve their AP sig-
nificantly by using CAF modules on MS COCO and Visdrone dataset,
comparing to traditional object detection models.

At the same time, this method also has some technical weak-
nesses. This paper aims to improve the performance of 2D object
detection. But CAF modules can not deal with detection task in 3D
and video. And AGTC module is highly dependent on datasets and
lacks generalization ability. Secondly, CAF module does not signif-
icantly reduce the size and running time of model. Thirdly, CAF
module ignores the role of medium objects and large objects in
general object detection, and only pays attention to the impact of
small objects on general object detection performance.

In the future work, we will mainly solve the application of
CAF modules in 3D object detection and video object detection.
At the same time, we should pay attention to size-different ob-
jects customarily. Size-different objects should use different detec-
tion strategies. Customized solutions should be adopted for various
objects in computer vision in the future. Object detection is a ba-
sic task, while semantic segmentation and instance segmentation
need to face more complex data. We do hope that our work will
play a role of cornerstone to encourage the evaluation-feedback
mechanism in computer vision subtasks (such as object detection,
semantic segmentation, and instance segmentation) with less time
and lighter model size.
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