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Abstract In lateral spine landmark detection, the previous heatmap regression methods have difficulty in distinguishing
landmarks on different vertebrae due to the influence of organ occlusion and are prone to landmark and vertebrae matching
errors. To solve this problem, we propose a new one-stage lateral spine landmark detection method, which simultaneously
predicts the landmark heatmap and landmark matching clue (vertebra center heatmap and landmark offset), and uses the
matching clue to match the landmarks with the corresponding vertebra. In order to improve the matching effect, we
propose the geometry-aware feature aggregator module, which can extract the landmark features on the vertebra to
enhance the feature representation of the vertebra center. We also use a weighted loss function to alleviate the imbalance of
positive and negative samples in the landmark and the vertebra center heatmaps. Experimental results show that the
average detection error of the proposed method is 8.84, which has 36% improvement in accuracy compared to the method
with the second-highest performance.
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Fig. 1 Proposed lateral spine landmark detection method framework
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Table 1 Comparative experiment results between two-stage

methods and the proposed method

Scaled
Method E. °° MSE
MAE
Khanal et al. ** proposed method 17.76 0.007407 0.000235
Chen et al. " proposed method  23.36 0.007580 0.000472
Zhang et al. " proposed method 11.01 0.004187 0.000122
Ours 7.14 0.003386 0.000060
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Table 2 Comparative experiment results between one-stage

methods and the proposed method

Scaled
Method E,. MSE

MAE
Yietal. " proposed method ~ 13.89 0.005965 0.000321
Zhang et al. "' proposed method  23.83 0.009693 0.001639
Ao et al. """ proposed method ~ 48.84 0.018596 0.025107
Ours 8.84 0.004147 0.000111
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Fig. 4 Comparison results between other single-stage methods and proposed method. (a) Input image; (b) results by Zhang et al. " proposed

method; (c) results by Ao et al. " proposed method; (d) results by Yi et al. ™’ proposed method; (e) results by our method
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Table 3 Comparison results of SMAPE between the proposed

method with other advanced methods in TK and LL

estimation
Method Method TK LL
etho
type /% /%

Khanal et al. "proposed method  37.22  36. 32

Two-stage  Chen et al. ““proposed method ~ 22.79  19.45

Zhang et al. "'proposed method  12.83  10.53

Yi et al. proposed method 8.42  5.91

Oneost Zhang et al. "proposed method ~ 8.63  5.55
ne-stage

& Ao et al. "proposed method ~ 17.53  9.49

Ours 8.40  3.62
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Table 4 Ablation experiment results of the proposed method

Weighted Center

Baseline loss GFA  Center L offset Landmark
J 9.63  14.03 11.75
NG N 8.28  12.65 10. 86
N NG 6.45  10.73 9. 60
NG NG N 6.21  10.12 8. 84
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Fig. 5 Ablation experiment results. (a) Baseline; (b) with weighted loss; (¢) with weighted loss and GFA module
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Table 5 Comparison results between proposed GFA module

with deformable convolution

Method Center Center—offset Landmark
DCN 8.56 12.12 10. 68
GFA 6. 45 10.73 9. 60
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Table 6 Validity of landmark matching method

Method Landmark
w/o matching clue 12. 20
w/ matching clue 8. 84
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