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θk = π − arctan
(

y2
k − y1

k

x2
k − x1

k

)

(10) 

Thus, a pair of supplementary polar coordinates polark =

(
1
2lk, θk

)

is 

established. Then, the ground-truth polar tensor Polar ∈ ℝ2×W
r ×

H
r can be 

obtained: 

Polar =

(
1
2
l1, θ1

)

⊕

(
1
2
l2, θ2

)

⊕ ⋯ ⊕

(
1
2

lN , θN

)

(11) 

Correspondingly, the model would give a predicted tensor 
P̃olar ∈ ℝ2×W

r ×
H
r . The polar conditions were trained with an L1 loss: 

ℒPolar =
1
N

∑N

k=1

⃦
⃦
⃦
⃦p̃olark − polark

⃦
⃦
⃦
⃦

1
(12) 

Another straightforward idea is to introduce coordinates of a pair of 
corners to consider more overall information. Regressing the co
ordinates has been tried, but the effect was not very satisfactory 
compared with regressing (l,θ). There may be two main reasons. (1) The 
form of (l,θ) is more relevant to the overall feature of the object than the 
coordinates of corners. (2) The supervision of (l,θ) is weaker than the 
supervision of coordinates, which is more beneficial to correct the 
regression results (Centerx,Centery,w,h) and conducive to the conver
gence of the network. Therefore, the supervision of (l,θ) was adopted. 

Finally, the model predicts a total of C + 6 outputs for each location, 

namely 𝒮̃ =
[
H̃, D̃, Õ, P̃olar

]
. They would share the weights in the 

backbone network. Especially, the overall training loss function can be 
defined by the following formula: 

ℒ = ℒHeat + λDℒD + λOffℒOff + λPolarℒPolar (13) 

In all the experiments, λD, λOff and λPolar were set to 0.1, 10, and 0.1, 
respectively. 

3.5. Inference, from tensors to bounding boxes 

What needs to be done is to extract the possible center point co
ordinates from the predicted heatmap tensor H̃, and then combine the 

corresponding information in other tensors D̃, Õ and P̃olar to get the 
bounding boxes. Obviously, the larger the value of H̃c,x,y, the more likely 
that it is to be the center keypoint. For class c, if pcxy satisfies the 
following formula, it can be considered as an alternative center 
keypoint. 

H̃c,x,y = max
i2≤1,j2≤1,i,j∈ℤ

[

H̃c,x+i,y+j

]

(14) 

Non-maximum suppression (NMS) and other post-processing oper
ations are not needed, but a 3 × 3 max pooling layer can achieve the 
extraction of candidate center points. Let the set of selected center points 

be P̃ =

{(

x̃k, ỹk

)}Np

k=1
, where Np is the number of center points. For any 

center keypoint 
(

x̃k, ỹk

)

in P̃, the corresponding dimension prediction 

(

w̃k, h̃k

)

=

⎛

⎝D̃1,̃xk ,̃yk
, D̃2,̃xk ,̃yk

⎞

⎠, offset 
(

δx̃k, δỹk

)

=

⎛

⎝Õ1,̃xk ,̃yk
, Õ2,̃xk ,̃yk

⎞

⎠ and polar coordinates information 
(

l̃k, θ̃k

)

=

⎛

⎝P̃olar1,̃xk ,̃yk
, P̃olar2,̃xk ,̃yk

⎞

⎠ can also be extracted. The position of a 

bounding box can be computed by integrating them. First and foremost, 

the correction value is calculated based on 
(

l̃k, θ̃k

)

: 

⎧
⎪⎪⎨

⎪⎪⎩

Δh̃k = l̃ksin
(

θ̃k

)

Δw̃k = − l̃kcos
(

θ̃k

) (15) 

Then, the position of a bounding box can be expressed as 

Fig. 6. Illustration of the proposed PAM.  
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Fig. 7. The schema of the original ResBlock (left) and the ResBlock integrated with a PAM (right).  

Fig. 8. The schema of an Hourglass network integrated with PAMs.  

Fig. 9. Components of the USV system.  

Z. He et al.                                                                                                                                                                                                                                       




