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Abstract: In view of the problem of low precision and slow training of heatmap regression network trained
by mean square error (MSE) loss function used in traditional heatmap regression, the loss function
Heatmap Wing Loss (HWing Loss) for heatmap regression is proposed in this thesis. In terms of different
pixel values, the loss function has different loss function values, and the loss function gradient of
foreground pixels is larger, which can make the network focus more on the foreground pixels and make the
heatmap regression more accurate and faster. In line with the distribution characteristics of the heatmap,
the keypoint inference method based on the Gaussian distribution is adopted in this thesis to reduce the
quantization error when the heatmap infers the keypoints. By taking the two points as the basis, it

constructs a new monocular pose estimation algorithm based on keypoint positioning. According to the
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experiments, in contrast with the algorithm using MSE Loss, the pose estimation algorithm using HWing
Loss has a higher ADD(-S) accuracy rate, which reaches 88.8% on the LINEMOD dataset. Meanwhile,
the performance is better than other recent pose estimation algorithms based on deep learning. The
algorithm in this thesis can run at the fastest speed of 25 fps on RTX3080 GPU, in which the high speed

and performance can be both embodied.
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Fig. 6 Qualitative results for single object pose estimation(green 3D bounding boxes represent the ground truth poses, and

blue 3D bounding boxes represent our predictions)
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Tab. 2 Keypoint positioning error and pose estimation error
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Fig.7 Relationship between the keypoint error and the
distance between the 3D keypoint and the object
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Fig. 8 Qualitative results for occluded object pose estimation (green 3D bounding boxes represent the ground truth poses,

and blue 3D bounding boxes represent our predictions)
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Tab.3 Occluded object pose estimation ADD(-S) metric test results

Bk Ours [18] [6] [9] [16] [16-17]
ape 23.6 17.6 2.5 15.8 9.9 59. 2
can 55.6 53.9 17.5 63.3 45.5 63.5
cat 16. 1 3.3 0.7 16.7 0.8 26.2
driller 59.5 19.2 1.1 65.7 41.6 55.6
duck 33.7 62.4 7.7 25.2 19.5 52.4
glue* 48.3 39.6 10.1 49.6 46.2 71.7
hole 47.3 21.3 5.5 39.7 27.0 52.5
- {H 40.6 31.0 6.4 39. 4 27.2 54. 4
X FR R 5

K] DT 27. 2%, T RAURAR SCRE A ORI
HERf R AR THE T .
4.6 IE{TRIEISELG

AR SCHE I T B AR P 0 SR as AT
B[] 55 H AR A R 2% 5 56 . X T 640 X 480 K/
i) & %, fdi ] Inter 17-9700K CPU 5 NVIDIA
RTX3080 GPU i}, [l yolo-v5 #E 47 H A5 46l 1 iz
ATEF 2 20 11 mso A SCH 2 iy #4018 mT 5 1) 4%
T 1) kB P B 240 R 22 mis , PP 20 G

258 5 ms, ffi Hl EPaP 8 32 R i B35 i 29
0.3 ms. H LK B 290 40 ms, f Piz 17
RPN 25 fps, ol LLFH T 92 b 2
4.7 ZBRESMGITE&A

A SCH R RVRE AT DAL B 22 H bR RIS AR )
BRI DA R A Bm R S ASA T  2 H
i % 25 Ak T R AU A6 Sy 2 B AR R [R) S 2 A
HOH AR, BV Jel i yolo-v5 K £ [H] i
Aoz I PR v g A Ta) 5 A, 28 BOAS [6] H A 19 200 B
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2 N HARAE o K5 8] H A5 23 0 BT )=, S A A
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TASCRE A H AR 5 228 A5 o B i ik it
ARCF TR IAT Z Hbp BBt LA A S
BAH bR AL AR R0 E AR R AN 2 00 R R
TR
4.8 HKETHIILL LI

N B IE AR SCHE ) HWing Loss B9 A &M,
A SCHEAT TN R AR oK B R L e g .
MSE Loss ft HWing Loss VIl 25 #4 & [ 15 % 4%
W25 4. 3795 HWing Loss Yl 2 2 50 4]
[ FE I 25 30 AR Uk, M 45 R AN 4 s .

F4 JTLEEIG ADD(-S)FEARMIR 3T b 45 R
Tab.4 Comparison results of comparative experiment ADD

(-S) metric test

HWing MSE HWing MSE

151 2% PR

Loss Loss Loss Loss

IR 27N 30 30 10 10
ape 64.8 47.3 56.2 41.2
bench 99.2 92.4 98.4 47.7
cam 88.3 85.2 84.5 64.4
can 96.8 93.5 96.9 83.9
cat 82.7 69.4 79.5 62.1
driller 98.0 91.9 95.1 33.6
duck 60.1 44.5 53.8 88.6
eggbox* 98.9 98.4 97.7 66.9
glue* 99.1 92.8 91.4 86.9
hole 78.4 73.6 71.9 57.2
iron 96.8 95.8 96.0 93.1
lamp 97.3 90.7 92.6 86.9
phone 93.6 87.1 92.5 80.4
P fE 88.8 81.7 85.1 68.7

PR G

Al LLE 172 ADD(-S) 45 brH , ff F HWing
Loss M T F§ MSE Loss, ¥ 4 4 #f 2 42 J+
7100, A KHNEA T, VE XTI, 3R 4 TH
B 25 T 2% 43 5118 H HWing Loss 5 MSE Loss

& X X #:

YIRS 105 SC g 25 8 . nTLLE L i HWing
Loss Yl 2k A 9 45 76 111 2k 10 58 )5 09 2 M R
258 4 T fd ] MSE Loss Y1145 30 #1945

58 H R R & HWing Loss AE 76 Yl 2k $4 & [7] 15
I £ ], B B OC T BRI T SR R A R 25, OF HoAH
b F MSE Loss, HWing Loss 7 /N 22 %843 4
o PR AT LAl DR 6 B o e 0

54Tl AR TR 458 2% R SO 25 ) 4% il
5 20 1 AR 5 T AR P R R R 2. v L
F L HWing Loss Yl 25 9 4% 1510 $4 & 5 8%
A Jy S 1R 28 TR AF R A B i B/ R
MR SFAR R LR 22 /N, T FLIR 25 N P
P, 105 Y2k 45 B 2 24 T MSE Loss 1
ZR30%e AR, SR AT IR R R - W
B AT PLE W, AR SCHR B9 HWing Loss #7 HeF
MSE Loss B iE £ [ 3 #4814 31 25 .
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Tab.5 Influence of different loss function on the error of

predicting HeatMap

R R HWing Loss MSE Loss

UER 20 30 10 30 10
Bisfe 2R 0.1399 0.1515 0.1616 0.2077
SRGBEIREE 0.0074 0.0091 0.0011 0.0019

AR AR BT T T OGS A Il 05 BRRT Y M T, OF
f& i MSE Loss AF|F#E [ /&8, 8 T f#
P 3 A ] 8, AR SCHE Y 3E R AT Y Heat-
map Wing Loss. [ I 1 FH A P14 5, Bl F 24 ] 4
W7 OB A A T T o DA Sy A IO R T O B
SE LI B H B SATTT IS 2SR R E , A S
(9 2 H bR 2% A TR E LINEMOD 04 46 1
) ADD(-S) 48 b5 - ¥ i R 1k 8 T 88. 8%, M Lt
T A SR A T B AT R, Bk
B AT R T 3k B 25 fps, 16 B T SCit A B
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