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Fig. 9. Some representative POI detection results of our method.

Fig. 10. Some representative POI detection results of our method on the
SHREC 2011 dataset.

strategy, which is explained in Section III. Figure 10 shows
the representative POI detection results of our method. In the
figure, we can see that the results of our method are very
consistent with human visual perception.

Next, we quantitatively evaluate the performance of our
method using the metrics FNE, FPE, and WME. Table 1
presents measured numerical results with different localization
error tolerance radius r. Each value in Table I is averaged over
all shapes in 30 categories. As mentioned in Subsection IV-A,
given a localization error tolerance radius r, lower scores
of FNE, FPE, and WME represent the better performance
of the detection method. We can see that the three error
rates decrease rapidly when the localization error tolerance
r increases, although they are relatively high when 7 is very
small. A rapid decrease in the three metrics means our method
catches the POIs with a low localization error. This indicates
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TABLE I
EVALUATION OF OUR POI DETECTION RESULT ON THE SHREC 2011
DATASET USING THE EVALUATION METRICS FNE, FPE, AND WME
WITH DIFFERENT LOCALIZATION ERROR TOLERANCE 7.

Tolerance radius Average Average Average
r FNE FPE WME
0.00 0.8802 0.9427 0.8936
0.01 0.5623 0.6233 0.4756
0.02 0.2865 0.3895 0.2789
0.03 0.1360 0.3324 0.1865
0.04 0.1050 0.2857 0.1437
0.05 0.1033 0.2450 0.1220
0.06 0.1009 0.2144 0.1014
0.07 0.0974 0.2017 0.0929
0.08 0.0943 0.1985 0.0850
0.09 0.0919 0.1968 0.0805
0.10 0.0831 0.1920 0.0775
0.11 0.0795 0.1918 0.0732
0.12 0.0759 0.1869 0.0690
0.13 0.0751 0.1824 0.0675
0.14 0.0750 0.1786 0.0652

that the POIs detected by our method are very close to the
ground truth in most cases. In addition, the three error rates
do not decrease significantly when the tolerance radius r is
larger than 0.07. The FNE decreases steadily to 0.08, i.e.,
approximately 92% of POIs can be detected by our method
even with a small tolerance radius r = 0.07.

C. Comparison with other methods

To further evaluate the POI detection performance of our
method, we compare it with other methods, including 3D-
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TABLE II
THE AUC VALUES OF DIFFERENT DETECTION ALGORITHMS ON THE SHREC 2007 NON-RIGID 3D SHAPES DATASET. WE COMPARE OUR METHOD WITH
MULTIPLE FEATURES (MF) POISs [11], CLUSTER-BASED POINT SET SALIENCY (CS) [27], SALIENCY OF LARGE POINT SETS (LS) [39], MESH SALIENCY
VIA SPECTRAL PROCESSING (MS) [40], AND PCA-BASED SALIENCY (PS) [16]. A HIGHER SCORE REPRESENTS BETTER PERFORMANCE.

Algorithms Ours MF CS LS MS PS
Human 0.6531 0.6754 0.5745 0.5893 0.5695 0.5921
Cup 0.6527 0.6459 0.6122 0.6192 0.5934 0.6135
Glass 0.6507 0.6351 0.5225 0.5727 0.5297 0.5530
Airplane 0.7043 0.6625 0.6308 0.6705 0.6160 0.6409
Ant 0.6651 0.6524 0.6056 0.6349 0.5696 0.5791
Chair 0.7012 0.7562 0.5871 0.6566 0.5505 0.5799
Octopus 0.6235 0.6694 0.5480 0.6237 0.5342 0.5726
Table 0.6918 0.6738 0.6313 0.6651 0.5802 0.6168
Teddy 0.7411 0.7584 0.5671 0.5641 0.5530 0.5682
Hand 0.6565 0.6341 0.6060 0.6339 0.5763 0.6022
Plier 0.6264 0.6537 0.5997 0.6236 0.5615 0.5754
Fish 0.6312 0.6039 0.6651 0.6717 0.6309 0.6736
Bird 0.6695 0.6637 0.6010 0.6217 0.5627 0.5984
Spring 0.6241 0.6351 0.5512 0.5545 0.5523 0.5339
Armadillo 0.6936 0.6825 0.6560 0.6656 0.5996 0.6570
Buste 0.6703 0.6814 0.6236 0.6260 0.5620 0.6352
Mechanic 0.6851 0.7359 0.6964 0.6932 0.5325 0.7065
Bearing 0.7085 0.6537 0.6472 0.6387 0.4986 0.6322
Vase 0.6809 0.6328 0.6158 0.6217 0.6058 0.6251
Four-legged 0.6981 0.6235 0.6024 0.6168 0.6005 0.6112
Average 0.6714 0.6665 0.6072 0.6282 0.5689 0.6083

TABLE III

THE LCC VALUES OF DIFFERENT DETECTION ALGORITHMS ON THE SHREC 2007 NON-RIGID 3D SHAPES DATASET. WE COMPARE OUR METHOD WITH
MULTIPLE FEATURES (MF) POIS [11], CLUSTER-BASED POINT SET SALIENCY (CS) [27], SALIENCY OF LARGE POINT SETS (LS) [39], MESH SALIENCY
VIA SPECTRAL PROCESSING (MS) [40], AND PCA-BASED SALIENCY (PS) [16]. A HIGHER SCORE REPRESENTS BETTER PERFORMANCE.

Algorithms Ours MF CS LS MS PS
Human 0.5506 0.4503 0.2544 0.1895 0.2580 0.3292
Cup 0.3343 0.3769 0.2924 0.3478 0.2444 0.3039
Glass 0.5543 0.5020 0.1201 0.4837 0.4120 0.3353
Airplane 0.6116 0.6328 0.6936 0.6357 0.4876 0.6601
Ant 0.6972 0.6584 0.7356 0.7658 0.3509 0.3357
Chair 0.7076 0.7326 0.5152 0.6995 0.2723 0.3652
Octopus 0.7701 0.6066 0.2228 0.4654 0.2467 0.3565
Table 0.6774 0.5947 0.5831 0.7111 0.2727 0.3076
Teddy 0.4564 0.5861 0.1184 0.1246 0.1224 0.1188
Hand 0.6269 0.5542 0.5439 0.5372 0.3077 0.3687
Plier 0.7138 0.6447 0.5978 0.6591 0.2945 0.3214
Fish 0.6972 0.6422 0.6967 0.6349 0.4638 0.5889
Bird 0.6966 0.5633 0.5578 0.5690 0.4099 0.5067
Spring 0.6807 0.5764 0.4838 0.5227 0.3977 0.1859
Armadillo 0.7591 0.5249 0.5495 0.4083 0.2627 0.5589
Buste 0.4867 0.4138 0.2540 0.2657 0.1240 0.2755
Mechanic 0.6336 0.7561 0.4064 0.4237 0.0548 0.5756
Bearing 0.4286 0.4836 0.2676 0.3701 0.0316 0.2933
Vase 0.5439 0.4713 0.3673 0.4228 0.3133 0.3285
Four-legged 0.6206 0.5062 0.3819 0.3896 0.3682 0.2861
Average 0.6124 0.5639 0.4321 0.4813 0.2848 0.3701
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Fig. 11. Comparisons of POI detection results between our method and previous methods on the SHREC 2011 dataset. The evaluation metrics FNE, FPE,

and WME are employed to evaluate different methods.

g-f J

(a) ground truth (b) ours (c) MF (d) HKS (e) 3D-SIFT (f) 3D-Harris
Fig. 12. The comparisons of POI detection results between our method and previous methods on the hand and horse model.
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Fig. 13. Comparisons of POI detection results between our method and state-of-the-art methods on the SHREC 2014 dataset.

SIFT [16], 3D-Harris [25], HKS-based POIs [41], and multiple
features (MF) POIs [11], on the SHREC 2011 dataset using
the evaluation metrics provided by [10].

As shown in Figure 11, the FNE, FPE, and WME values
of all algorithms are plotted. We can observe the following
facts from the figure. First, the curves of our method are
lower than others. This means that while the localization
error tolerance radius r € [0,0.12] (which is the effective
tolerance radius), our method performs better than the other
four methods with smaller false negative and false positive
errors. Second, on the left side of the graphs where the
localization error tolerance radius r € [0,0.2], our method
exhibits a steep descent in all three charts. This indicates

that there are smaller distances between our POIs and ground
truth POIs. Our method achieves low error rates in a small
tolerance radius 7. Therefore, the positions of our POIs are
more precise. Third, according to the definitions, FINE denotes
the rate of undetected POIs and F'PE denotes the rate of POIs
by false detection. Detecting more POIs may lead to higher
FPE, while detecting insufficient POIs may result in higher
FNE. Therefore, it is not easy to obtain low WME, FNE,
and FPFE values simultaneously. In Figure 11, one can see
that 3D-SIFT and 3D-Harris have lower FNE but higher FPE.
HKS has lower FPE and higher FNE. However, our method
has lower WMFE, FPE, and FINE values than other methods,
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Fig. 14. Some representative POI detection results of our method on the SHREC 2014 and 2020 datasets.
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Fig. 15. The saliency distribution in an intermediate step of our algorithm.

which indicates the best performance our method achieves.

Figure 12 shows a visual comparison of representative POI
detection results among ours and the other methods mentioned
above. We can see that the POI detection results of learning-
based methods (MF and ours) are obviously closer to human-
marked POIs. More importantly, these two methods have fewer
false detected POIs and duplicated detected POIs. In addition,
the positions of our detected POIs are more accurate than
those of MF. This result is consistent with the conclusions
in Figure 11.

The SHREC 2011 dataset consists of synthetic 3D shapes.
To evaluate the feasibility of detecting 3D POIs of our method
on actual data, we test our method on the SHREC 2014 dataset
and the SHREC 2020 dataset, which are both scanned from the
real world. For the SHREC 2014 dataset, 100 shapes are split
into the training set, and the remaining 300 shapes are split
into the test set. For the SHREC 2020 dataset, the full scan is
used as the training set, and the 11 partial scans are used as the
test set. On the SHREC 2014 dataset, we compare the perfor-
mances of our proposed method with other methods, including
MLKP [17], PointNet [42], PointNet++ [43], and GDKP [19].
As shown in Figure 13, our method achieves the lowest error
curves of WME, FPE, and FNE. More performance tests
about the projective network and the resolution of 2D views

are also shown in Figure 13. The visualized POI detection
results of our method can be found in Figure 14. Akilan et
al.[44] introduced the residual blocks in the encoder-decoder
network. To verify whether introducing residual blocks to
our projective neural network can increase the performance,
we add the residual blocks to our projective neural network
by replacing the original convolutional layer sequence and
test the corresponding performance. In addition, we test the
performance of our method with higher-resolution images as
input. All the experimental results are shown in Figure 13.
It can be found that the residual blocks are not significantly
helpful for improving the performance of our method while
using higher-resolution 2D views does make our method
perform slightly better. However, higher resolution also means
more computational resource consumption.

We also evaluate our algorithm by comparison with mesh
saliency methods using the metrics AUC' and LCC'. This is
meaningful because mesh saliency aims at detecting important
regions according to the visual perception of 3D shapes,
while POI detection methods attempt to extract the points
of interest. Thus, we saved the results of the intermediate
step in our algorithm (see Figure 15) and compared them
against five other state-of-the-art methods on the SHREC
2007 dataset. These methods include multiple features (MF)
POIs [11], cluster-based point set saliency (CS) [27], saliency
of large point sets (LS) [39], mesh saliency via spectral
processing (MS) [40], and PCA-based saliency (PS) [16]. The
comparison results are shown in Table II and Table III. AUC'
evaluates how many saliency regions of the ground truth are
detected by the algorithm. MF and our method achieve better
performance on AUC. LCC' evaluates whether the saliency
regions of the ground truth and the algorithm have peaks at
the same place. We find that our method achieves the best
performance on LC'C, which means that the peaks of saliency
regions detected by our method are closest to the ground truth
when compared to those obtained from other methods.
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Fig. 16. The FNE and FPE curves of our method executed on the original
models and the models with noise.
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Fig. 17. Comparisons of POI detection results between applying our improved
density peak clustering algorithm and using the naive NMS method with
different distance thresholds (0.2, 0.3, and 0.4).

D. Robustness and ablation study

To further assess the robustness of our algorithm, we test
it on five categories of 3D shapes containing noise, including
Alien, Ant, Armadillo, Hand, and Man. For each shape, we
add white Gaussian noise to the coordinates of each vertex on
the surface. We test our algorithm on original shapes and noisy
shapes. The performance of our method is measured on the
two kinds of shapes by using FNE and FPFE. Figure 16 shows
the corresponding results. We can see that the performance
measured on the original 3D shapes and the noisy shapes is
very close. Especially when the tolerance radius r is greater
than 0.04, the two error curves appear to almost overlap. This
indicates that the noise added to the shapes only has little
impact on the performance of our algorithm. We can also see
that with the low tolerance radius r € [0, 0.04], both the FNE
and FPFE error curves of noisy shapes are higher than those
of original shapes. The results show that the rugged surfaces
make the POIs detected by our algorithm deviate from the
best positions slightly. In general, our algorithm is robust to
noise because projecting 3D shapes into multiple 2D images
reduces the impact of noise added to shapes.

To show the effectiveness of our improved density peak

(a) FNE
Fig. 18. The comparisons among POI detection results of our method with
different values of o.

(b) FPE
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Fig. 19. The comparisons among POI detection results of our method using
different numbers of 2D views as the input of the projective convolutional
neural network.
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Fig. 20. The comparisons among POI detection results of our method under
different resolutions of 3D shapes.

(a) FNE

clustering for improving the total detection performance, we
compare the results from our method and those from using the
naive non-maximum suppression (NMS) algorithm [45]. In our
experiments, our improved density peak clustering algorithm
and the naive NMS algorithm are applied to the probability
distributions predicted by the projective neural network. The
threshold of the distance is set to 0.2, 0.3, and 0.4 for the
NMS algorithm. The results are shown in Figure 17. We can
see that our algorithm achieves the lowest error rates for both
FNE and FPE.

The parameters ¢ in Equation (1) determine the probability
distributions of POIs and may affect the performance of our
method. Smaller values of o will make the distribution more
concentrated. Figure 18 shows the POI detection performances
under the different values of o, where o = 0.2 denotes o is
set to one-fifth of the maximum geodesic distance, 0.1 means
one-tenth, and so on. The results show that setting o = 0.2 can
achieve lower error rates. We also compare the performance
of our method using different numbers of 2D views as input.
As shown in Figure 19, using more 2D views can make the
observation of 3D shapes more comprehensive and result in
better performance. Therefore, when the POI detection results
are not satisfactory, we recommend using more 2D views of
different perspectives.

We further test the performances of our method for 3D
shapes with different resolutions. For each shape in the
SHREC 2014 dataset, we first simplify it from containing 20K
facets to containing 15K, 10K, and 5K facets, respectively,
using the classic QEM algorithm [46]. Then the performances
are measured with FNE and FPE for 3D shapes with different
resolutions. The experimental results are shown in Figure 20.
From the Figure, we can see that our method achieves very
similar performance on the shapes of 5K, 10K, 15K, and 20K
facets and is robust to different resolutions of 3D shapes.
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TABLE IV
THE AVERAGE RUNNING TIME ON EACH CATEGORY OF 3D SHAPE FOR OUR METHOD, WHERE EACH CATEGORY CONTAINS 20 SHAPES AND EACH SHAPE
CONSISTS OF 12~25K VERTICES.
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Preparation of training data
(15 shapes)

Steps

Training of the neural network

POI extraction
(every shape)

Time (minutes) 10~15

120 0.3~0.5

E. Performance

We implement our algorithm in Matlab and C++. The
performance of our approach is measured on a PC with a 3.20
GHz CPU, 32 GB RAM, and NVIDIA GeForce GTX 1080
Ti GPU. The measured performance is shown in Table IV. On
average, it takes less than 1 minute to transform a 3D shape
into 2D images, 2 hours to train the neural network, and less
than 0.5 minutes to predict and extract the POIs. The inference
process of one image takes approximately 50 milliseconds.
The computational time of our method is mainly spent in the
training process, which takes over 80% of the total time.

V. LIMITATION AND FUTURE WORK

First, the training and testing shapes need to be classified in
advance. We train the convolutional neural network for each
category of shapes and input the test shapes to the neural
network. Second, the training of convolutional neural networks
is very time consuming. Finding a more efficient structure of
neural networks may reduce the training time further, which is
one of our future plans. Third, our method relies on geodesic
distances to measure the distances between any two vertices
on the manifold. However, geodesic distance computation on
3D meshes with high resolutions may consume considerable
computational time. In this case, 3D mesh simplification algo-
rithms may be applied to the input 3D meshes in advance to
reduce their resolutions and the corresponding computational
burden.

VI. CONCLUSION

In this paper, we propose a novel learning-based method
for POI detection of 3D shapes. Instead of computing POI
geometrical features on the meshes, we detect POIs using
multiple projections of 3D shapes, including shaded and
depth images. Our method is well-aligned with human visual
perception. The key idea is to predict a saliency map to encode
the probability of being a POI and then extract typical POIs by
clustering. Our method is data-driven and can predict POIs in
a similar way as humans. Extensive experimental results show
that our method outperforms state-of-the-art approaches.
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