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IoU (Intersection over Union) is the most commonly used index in target detection. The ¢

ore requirement of target detection is what is in the image and where. Based on these two pr

oblems, classification training and positional regression training are needed. However, in t

he process of position regression, the most commonly used method is to obtain the IoU of the

predicted bounding box and ground-truth bounding box. Calculating bounding box regression lo

sses should take into account three important geometric measures, namely the overlap area, t

he distance, and the aspect ratio. Although GIoU (Generalized Intersection over Union) impro

ves the calculation function of image overlap degree, it still can't represent the distance

and aspect ratio of the graph well. As a result of technological progress, Bounding-Box is

no longer represented by coordinates x,y,w and h of four positions. Therefore, the IoU can

be further optimized with the center point and aspect ratio of Bounding-Box.
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IoU (Intersection over Union) is a common eva
luation standard in target detection. It mainly m
easures the degree of overlap between the boundin
g box and ground-—
truth bounding box generated by the model, and is

often used to evaluate the advantages and disadv
antages of the bounding box. It is often used in
target detection or semantic segmentation tasks i
n the field of deep learning.

In the target detection task, we often make
the model generate a large number of candidate
bounds at one time, and then sort the frames

according to the confidence of each frame, and

then calculate the IoU between the frames in turn.

The method of NMS (Non-maximum suppression) is
1s the object we are
should be
deleted. After we get the final output,

used to judge which one

really looking for and which ones
we can
also take the IoU between the output box and the
ground-truth bounding box and use 1-IoU as the Lo

ss (interval [0,1] to find the minimum value),

and In this way, iterative optimization of the
model is achieved.

Advantage :

[1] It can reflect the detection effect of predic
tion detection box and real detection box.

[2] It also has a good feature of being scale inv
ariant. In the regression task,the most direct in
dicator of the distance between the predict box a

nd the ground-truth bounding box is IoU.

Disadvantage:

[1] If the two boxes do not intersect,by definiti

on, IoU=0, it cannot reflect the distance between
them (coincidence degree). At the same time, bec

ause Loss=0, there is no gradient return, so the
learning training cannot be carried out.

[2] For two objects with the same IoU, their alig

nment IoU is not sensitive.

GIoU(Generalized Intersection over Union) has
than the IoU. This also

means that it can calculate IoU on a more genera

one more "Generalized"

| level, which can solve the problem of " when tw
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o 1mages do not intersect, the distance between t

wo images cannot be compared " .

Features of GIoU:

[1] Similar to the IoU, GIoU is also a distance m

easure. As a loss function, it can meet the basic
requirements of the loss function.

[2] GIoU is still insensitive to scale.

[3] GIoU is the lower bound of IoU. If the two bo
xes coincide, IoU=GIoU.

[4] The value of IoU is [0,1], but GIoU has a sym

metric interval, the value range is [-1,1]. The m
aximum value is 1 when they coincide, and the min
imum value is -1 when they have no intersection a
nd are infinitely far apart. So GIoU is a very go
od measure of distance.

[5] Unlike an IoU, which only focuses on overlap.
GIoU focuses not only on overlapping regions, bu
t also on other non-overlapping regions. Therefor
e, it can better reflect the degree of coincidenc
e between the two.

Although GIoU has improved the calculation fu
nction of image overlap, it still cannot express
the distance and similarity of the image well.

2..loU 9| =X3sto| @ AE

The calculation of the IoU can be considered
as comparing whether two boxes or two image regio
ns are in the same position. Therefore, the Eucli
dean distance can be used to calculate the normal
ized distance between the center points of the tw
o bounding boxes. On the basis of distance, we ca
n increase the idea of fitting the ratio of width

to height of prediction box and the ratio of wid
th to height of target box.
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Ground-truth .

0,0 . represents the center point of the

two boxes.

p - represents the Euclidean distance between th
e two center points.

C : represents the diagonal of the smallest enclo
sing rectangle.

X i1s the penalty term for the shape difference ca
lculated from the aspect ratio. Used to reflect t
he difference between the two boxes.

Ground-truth

X = iZ (arctan —arctan ﬂ)z
T h

hGround—truth

The range of arctan is [0, n/2).

Finally, gradient descent 1s needed to

optimize the loss function.
The gradient of w and h needs to be specified.
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Overlap region factor has higher priority in
case.
the

non—over lap
added,
overlapping area can control the weight.

regression, especially in

Therefore, a weight can be and
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X
Loss,,, * X
As shown in figure:
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By calculation, the coordinates of center
point K in the yellow box and center point J in
the blue box :

K: (3,4) J: (6,6)
ANB
loU=——
AUB

=(Cx-Bx) * (Cy-By) / (Cx-Ax) #* (Cy-Ay) + (Dx-Bx)
# (Dy-By) - (Cx-Bx) * (Cy-By)
=(6-3)%(8-2)/(6-0)*(8-0)+(9-3)*(10-2)-(6-3)*(8-2)
=( 3%6 ) / ((6%8)+(6+8)-(3%6))

18/78

0.23
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[32 22 X 4 6Ground-trulh 6
-023- 2 7F - *— (arctan —————arctan —)’
[o2 1102 Loss*X 7 8 8

=0.158 - | 0

= 0.158

In the example, the first two matrices have

the same shape. So the penalty term for the
calculated shape difference X is 0.
Initially, IoU was only used as a simple

evaluation standard, mainly used to measure the

degree of overlap between the bounding box
generated by the model and the ground-truth box
that 1s the correct result of the label. In
target detection, in order to make the

positioning more accurate. Make region—proposal
closer to ground-truth. You need to fine-tune
regression.

region-proposal with bounding—box

Therefore, IoU can be optimized by making full
use of the characteristics of IoU in the original
technology. Not only are you limited to measuring
the overlap between the two boxes, you can also
the

between the two boxes. More flexible than before,

measure distance and shape differences

can be further rapid convergence and performance
improvement .
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