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Multimodal Interpretable Image Classification Method Based on Visual Attributes
WANG Hui"*? HUANG Yu-Ting*? XIA Yu-Ting"? FAN Zi-Zhu* LUO Guo-Liang"? YANG Hui’

Abstract The classification methods based on deep neutral networks (DNN) lack interpretability, which makes it
difficult to gain complete trust in key fields such as finance, medical treatment, and law, greatly limiting their ap-
plications. Most existing research mainly focuses on the interpretability of uni-modal data, while there are still chal-
lenges in the interpretability of multimodal data. To address this issue, a multimodal interpretable image classifica-
tion method based on visual attributes is proposed. This method incorporates attributes extracted from different
visual modalities such as visible light and depth maps into the training process of the model. It not only interpret
the existing black box model of neural networks through visual attributes and decision trees, but also further en-
hances the model’s ability to interpret information during the training process. Introducing interpretability often
leads to a decrease in model accuracy. This method maintains good interpretability while still maintaining high clas-
sification accuracy. Compared to uni-modal interpretable methods, the accuracy of this model is significantly im-
proved on the NYUDv2, SUN RGB-D, and RGB-NIR datasets, and it achieves performance comparable to multi-
modal uninterpretable models.

Key words Interpretability, visual attributes, multimodal fusion, decision tree, image classification
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R 2 Pon. TR/ EE 9% 5 T, ResNet 42
AT Transformer ViT 4244, BRAEAE FH &% /N B
IR R AL B 7%, 5 T W4 ViT-S-16 /£ =1
B P R R LT ResNet-18.

SRR L RS EEE N E
15 S, SCBLEE BAN, MM M o Rk . H
W, CBCL™ &—# RGB-D %2771k, TMCY F1 TM-
NR™ J& 2 B UER A A 7%, BT s
i, MERR IS RTE. RN, IEdE RS AR R
TIEAM BT A RS F e it s i U, A )
HERZE. AT 715 B T M4 ResNet-18 7£ NY-
UDv2. SUN RGB-D 1 RGB-NIR ##54£ FAH L,
HER R 2 E T 8.81%- 1.97% 1 6.71%.
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Table 1  Top-1 accuracies with different components on NYUDv2, SUN RGB-D and RGB-NIR (%)
NYUDv2 SUN RGB-D RGB-NIR
R HEE WRnE JHIE A ; : ;
RGB Deep Fusion RGB Deep Fusion RGB NIR Fusion
X X X 43.08 59.26 71.98 52.10 38.49 62.19 58.33 52.08 T77.78
X X v 47.74* 59.47* 72.07 54.29* 47.05 66.28 62.23* 53.76* 80.43
v X X 46.28 57.68 72.41 50.98 36.00 58.99 58.68 53.47 79.17
~ ~ X 61.43 61.00 74.40 59.96 51.62 66.16 71.08 66.45 84.71
J J V 71.14" 70.99* 74.74 66.76" 66.37" 68.01 78.85* 77.37* 85.54
% N I Sy AR B N A BES B JT B R 2, I R S B ) R e AR
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Table 2 Top-1 accuracies with different methods on NYUDv2, SUN RGB-D and RGB-NIR (%)
NYUDv2 SUN RGB-D RGB-NIR

Jiik fRRETE i i i
RGB Deep Fusion RGB Deep Fusion RGB NIR Fusion

ViT-S-161" X 54.95 62.56 — 59.23 49.43 — 74.44 66.32 —

ResNet-18!* X 65.28 65.93 — 66.04 57.85 — 78.83 75.70 —
CBCL® X 56.87 63.20 73.85 50.74 43.59 65.78 74.23 62.91 81.72
T™MC™ X 60.14 62.19 74.57 60.89 52.95 66.69 72.76 68.77 84.29
TMNR X 56.61 64.50 74.10 60.60 53.53 66.30 69.50 65.26 82.20

dANDF?! N 61.86 65.76 — 64.78 57.30 — 78.61 72.11 —

NBDT? v 65.28 62.85 — 66.20 57.93 — 74.24 74.22 —

HCN™ v 62.20 63.18 — 61.91 53.03 — 72.92 68.75 —
Ours v 71.14™ 70.99 74.74 66.76 66.37 68.01 78.85" 77.37" 85.54

T % R (I A AT e B RS 5N A O 5 MR, IR AR RS B & 5 B v 2.
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AR T BB T v B IR B, 55 1R A 23R e v T LB
AR AR L, #ERIZE 35 T 8.98%- 1.81%
A1 6.93%. JZ U5 BA R B R #1151 N, A% 7 v
FEARFFAE TR K 4 m] f R Ve O RIS, A7) B BT 43
FHEE. SATRRE M Z ARG JTIEM G, HE
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AR RIS Y AH T PRI A 26
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) ResNet-18 B TR 2 v R TN Gh v B T8
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b HIHER R BIER T T 7.19%- 6.95% F1 5.25%. X
2 IH T 2R 10 B T 9 2% e 18 S v A S B B PRI v L
A A

B ME T M4 B8 % o) B FE AR IE RN,
M $ we A5 20 (1) 43 S ME R . B i I 25 1) Rees-

# 3 AFETINZGHETMEE NYUDv2, SUN RGB-
D 1 RGB-NIR %51 ) Top-1 #EMIZ (%)
Table 3 Top-1 accuracies with different pretrained
backbones on NYUDv2, SUN RGB-D and RGB-NIR (%)

CRNCES NYUDv2 SUN RGB-D RGB-NIR
ResNet-18 80.90 73.50 90.15
ResNet-34 81.58 73.87 90.15
ResNet-50 81.92 73.88 90.58
ResNet-101 81.93 74.96 90.79

Net-101 A DAL 2048 M@, 5 HBEHEE 512
JEVER) ResNet-18 #HLL, £ NYUDv2. SUN RGB-D
AT RGB-NIR #il4E bR 51425 7 1.03%-
1.46% F1 0.64%.
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Table 4 AUC of different attribute inserted or deleted in NYUDv2, SUN RGB-D and RGB-NIR datasets
y R A 55 E M BEHL
Hm g
LN NS A UillES LN NS
NYUDv2 0.619 0.209 0.509 0.299 0.351 0.121
SUN RGB-D 0.601 0.300 0.463 0.380 0.284 0.168
RGB-NIR 0.636 0.380 0.549 0.466 0.355 0.207
NYUDv2 SUN RGB-D RGB-NIR
1.0
! (10, 0.911) | /I (10, 0.813) | (10, 0.837)
1 | 1
I I
= i | |
w054 [ 0.51 |1 0.5{ |1
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Fig.10  Preserve the first k strong attributes of the input data
Eb N B B 55 1 1 B A SRR AUC, TR A EME References

RN B I JE T LA N e S R A R
AUC, X 3R BHA SRS BE 0% 1E 0 VAl 8 Mo
MR B EG T AR, B TR NMEAREHZ
A B K, R TE LR szagHh, BEHLIIBR T AUC
L A o B it S8 1 A, RN B AT RE S IR 2 N @ k.

AR, SR 38R A5 Y i S B M AR R M, A
AR 2 DA BT DARER — NEEAR. AT AL
KEA MR L HE T, R AT kSRR
HREMWmEEMEN O, JF2 0 R &
AUC, 5B 10 fros. 2t R, VAR
10 M@ PRI AT /E = /MR P IA B 5 JF LA R 91.1%.
81.3% 1 83.7% [MHERAZ, IX 3R H A SC A5 AL n]
DL R SR A AR 1 @ .

4 B

ICNEA

AR — P R P ) 22 B R R 22 ST
V2. R TR A SRR I A AT R R SR
A5 ) FH R SRR BEAT B, %07 VE B R (R AT
BV, BEfs nT LA b FRE 2 oy A\ R BT B AT 10 )& 1 LA
B e R R HE RS AR . [F, 5 A SRS T R
TS A AT R T I b, BATHI 55344
BUIL TS (TR RE . AR SOV A o 22 B il 5 T
BEVE IR UK — A AP, 7R ORI R AE R R ) [F]
I, b REFE TR T AR (5 B, 75 B A T B A T
R SR L.

ot

Zhao Jing, Pei Zi-Nan, Jiang Bin, Lu Ning-Yun, Zhao Fei, Chen
Shu-Feng. Virtual tube visual obstacle avoidance for UAV based
on deep reinforcement learning. Acta Automatica Sinica, 2024,
50(11): 1-14

(B, T, 2, [Tz, B3, g, 5T IR R 2 211
TN IVE LSRR, B B 2#4Rk, 2024, 50(11): 1-14)

Miikkulainen R, Liang J, Meyerson E, Rawal A, Fink D,
Francon O, et al. Evolving deep neural networks. Artificial In-
telligence in the Age of Neural Networks and Brain Computing
(Second edition). Amsterdam: Academic Press, 2024. 269-287

Hassija V, Chamola V, Mahapatra A, Singal A, Goel D, Huang
K Z, et al. Interpreting black-box models: A review on explain-
able artificial intelligence. Cognitive Computation, 2024, 16(1):
45-74

Jung J, Lee H, Jung H, Kim H. Essential properties and explan-
ation effectiveness of explainable artificial intelligence in health-
care: A systematic review. Heliyon, 2023, 9(5): Article No.
el6110

Costa V G, Pedreira C E. Recent advances in decision trees: An
updated survey. Artificial Intelligence Review, 2023, 56(5):
4765-4800

Aksjonov A, Kyrki V. A safety-critical decision-making and con-
trol framework combining machine-learning-based and rule-
based algorithms. SAE International Journal of Vehicle Dynam-
ics, Stability, and NVH, 2023, 7(3): 287-299

Kitson N K, Constantinou A C, Guo Z G, Liu Y, Chobtham K.
A survey of Bayesian Network structure learning. Artificial In-
telligence Review, 2023, 56(8): 8721-8814

Simonyan K, Vedaldi A, Zisserman A. Deep inside convolution-
al networks: Visualising image classification models and saliency
maps. In: Proceedings of the 2nd International Conference on
Learning Representations (ICLR). Banff, Canada: ICLR, 2014.
1-8

Sundararajan M, Taly A, Yan Q Q. Axiomatic attribution for
deep networks. In: Proceedings of the 34th International Confer-
ence on Machine Learning (ICML). Sydney, Australia: JMLR,


https://doi.org/10.1007/s12559-023-10179-8
https://doi.org/10.1016/j.heliyon.2023.e16110
https://doi.org/10.1007/s10462-022-10275-5
https://doi.org/10.1007/s10462-022-10351-w
https://doi.org/10.1007/s10462-022-10351-w
https://doi.org/10.1007/s10462-022-10351-w

2 #

TR BT R 1 1) 22 A R AR BB 7 207 0 11

10

11

12

13

14

15

16

17

18

19

20

21

22

23

24

25

2017. 3319-3328

Zhou B L, Khosla A, Lapedriza A, Oliva A, Torralba A. Learn-
ing deep features for discriminative localization. In: Proceedings
of the IEEE Conference on Computer Vision and Pattern Recog-
nition (CVPR). Las Vegas, USA: IEEE, 2016. 2921-2929

Chattopadhay A, Sarkar A, Howlader P, Balasubramanian V N.
Grad-CAM++: Generalized gradient-based visual explanations
for deep convolutional networks. In: Proceedings of the IEEE
Winter Conference on Applications of Computer Vision
(WACYV). Lake Tahoe, USA: IEEE, 2018. 839-847

Ribeiro M T, Singh S, Guestrin C. “Why should I trust you?”:
Explaining the predictions of any classifier. In: Proceedings of
the 22nd ACM SIGKDD International Conference on Know-
ledge Discovery and Data Mining. San Francisco, USA: Associ-
ation for Computing Machinery, 2016. 1135-1144

Lundberg S M, Lee S I. A unified approach to interpreting mod-
el predictions. In: Proceedings of the 31st International Confer-
ence on Neural Information Processing Systems (NIPS). Long
Beach, USA: Curran Associates Inc., 2017. 4768-4777

Chen C F, Li O, Tao C F, Barnett A J, Su J, Rudin C. This
looks like that: Deep learning for interpretable image recogni-
tion. In: Proceedings of the 33rd International Conference on
Neural Information Processing Systems (NeurIPS). Vancouver,
Canada: 2019. Article No. 801

Nauta M, van Bree R, Seifert C. Neural prototype trees for in-
terpretable fine-grained image recognition. In: Proceedings of the
IEEE/CVF Conference on Computer Vision and Pattern Recog-
nition (CVPR). Nashville, USA: IEEE, 2021. 14928-14938

Biederman I. Recognition-by-components: A theory of human
image understanding. Psychological Review, 1987, 94(2): 115—
147

Cohen L G, Celnik P, Pascual-Leone A, Corwell B, Faiz L,
Dambrosia J, et al. Functional relevance of cross-modal plasti-
city in blind humans. Nature, 1997, 389(6647): 180—183

Wang Y K, Huang W B, Sun F C, Xu T Y, Rong Y, Huang J
Z. Deep multimodal fusion by channel exchanging. In: Proceed-
ings of the 34th International Conference on Neural Information
Processing Systems (NeurIPS). Vancouver, Canada: Curran As-
sociates Inc., 2020. Article No. 406

Han Z B, Zhang C Q, Fu H Z, Zhou J T. Trusted multi-view
classification with dynamic evidential fusion. IEEE Transac-
tions on Pattern Analysis and Machine Intelligence, 2023, 45(2):
2551-2566

Liu H M, Wang R P, Shan S G, Chen X L. What is a tabby?
Interpretable model decisions by learning attribute-based classi-
fication criteria. IEEE Transactions on Pattern Analysis and
Machine Intelligence, 2021, 43(5): 1791-1807

Selvaraju R R, Cogswell M, Das A, Vedantam R, Parikh D,
Batra D. Grad-CAM: Visual explanations from deep networks
via gradient-based localization. In: Proceedings of the IEEE In-
ternational Conference on Computer Vision (ICCV). Venice,
Italy: IEEE, 2017. 618-626

Shrikumar A, Greenside P, Kundaje A. Learning important fea-
tures through propagating activation differences. In: Proceed-
ings of the 34th International Conference on Machine Learning
(ICML). Sydney, Australia: JMLR.org, 2017. 3145-3153

Zeiler M D, Fergus R. Visualizing and understanding convolu-
tional networks. In: Proceedings of the 13th European Confer-
ence on Computer Vision (ECCV). Zurich, Switzerland: Spring-
er, 2014. 818-833

Roberts L G. Machine Perception of Three-Dimensional Solids
[Ph.D. dissertation], Massachusetts Institute of Technology,
USA, 1963.

Farhadi A, Endres I, Hoiem D, Forsyth D. Describing objects by
their attributes. In: Proceedings of the IEEE Conference on
Computer Vision and Pattern Recognition (CVPR). Miami,
USA: IEEE, 2009. 1778-1785

26

27

28

29

30

31

32

33

34

36

37

38

39

40

41

42

Yang H M, Zhang X Y, Yin F, Liu C L. Robust classification
with convolutional prototype learning. In: Proceedings of the
IEEE/CVF Conference on Computer Vision and Pattern Recog-
nition (CVPR). Salt Lake City, USA: IEEE, 2018. 3474—3482

Wan A, Dunlap L, Ho D, Yin J H, Lee S, Petryk S, et al.
NBDT: Neural-backed decision tree. In: Proceedings of the 9th
International Conference on Learning Representations (ICLR).
Austria: OpenReview.net, 2021.

Han X Y, Zhu X B, Pedrycz W, Li Z W. A three-way classifica-
tion with fuzzy decision trees. Applied Soft Computing, 2023,
132: Article No. 109788

Islam S, Haque M M, Karim A N M R. A rule-based machine
learning model for financial fraud detection. International Journ-
al of Electrical and Computer Engincering (IJECE), 2024, 14(1):
759-771

Hotelling H. Relations between two sets of variates. Break-
throughs in Statistics: Methodology and Distribution. New York:
Springer, 1992. 162-190

Zhang J W, Yu Y, Tang S H, Wu J M, Li W. Variational au-
toencoder with CCA for audio Visual cross-modal retrieval.
ACM Transactions on Multimedia Computing, Communica-
tions and Applications, 2023, 19(3s): Article No. 130

Sapkota R, Thapaliya B, Suresh P, Ray B, Calhoun V D, Liu J
Y. Multimodal imaging feature extraction with reference canon-
ical correlation analysis underlying intelligence. In: Proceedings
of the IEEE International Conference on Acoustics, Speech and
Signal Processing (ICASSP). Seoul, Korea: IEEE, 2024. 2071—
2075

Tang Q, Liang J, Zhu F Q. A comparative review on multi-mod-
al sensors fusion based on deep learning. Signal Processing, 2023,
213: Article No. 109165

Li X J, Ma S Q, XuJ H, Tang J J, He S F, Guo F. TranSiam:
Aggregating multi-modal visual features with locality for medic-
al image segmentation. Expert Systems With Applications, 2024,
237: Article No. 121574

Zheng X, Wang M H, Huang K, Zhu E. Global and cross-modal
feature aggregation for multi-omics data classification and ap-
plication on drug response prediction. Information Fusion, 2024,
102: Article No. 102077

Hou M X, Zhang Z, Liu C, Lu G M. Semantic alignment net-
work for multi-modal emotion recognition. IEEE Transactions
on Circuits and Systems for Video Technology, 2023, 33(9):
5318-5329

Song Z Y, Wei HY, Bai L, Yang L, Jia C Y. GraphAlign: En-
hancing accurate feature alignment by graph matching for multi-
modal 3D object detection. In: Proceedings of the IEEE/CVF
International Conference on Computer Vision (ICCV). Paris,
France: IEEE, 2023. 3335—3346

Xue Z H, Marculescu R. Dynamic multimodal fusion. In: Pro-
ceedings of the IEEE/CVF Conference on Computer Vision and
Pattern Recognition Workshops (CVPR). Vancouver, Canada:
IEEE, 2023. 2575—2584

de Vries H, Strub F, Mary J, Larochelle H, Pietquin O, Cour-
ville A. Modulating early visual processing by language. In: Pro-
ceedings of the 31st International Conference on Neural Informa-
tion Processing Systems (NIPS). Long Beach, USA: Curran As-
sociates Inc., 2017. 6597-6607

DuCZ Teng JY,LiTL, LiuY C, Yuan TY, Wang Y, et al.
On uni-modal feature learning in supervised multi-modal learn-
ing. In: Proceedings of the 40th International Conference on Ma-
chine Learning (ICML). Honolulu, USA: JMLR.org, 2023. Art-
icle No. 345

Dempster A P. Upper and lower probabilities induced by a mul-
tivalued mapping. The Annals of Mathematical Statistics, 1967,
38(2): 325-339

Josang A. Subjective Logic: A Formalism for Reasoning Under
Uncertainty. Cham: Springer Publishing Company, 2016. 1-326


https://doi.org/10.1037/0033-295X.94.2.115
https://doi.org/10.1038/38278
https://doi.org/10.1109/TPAMI.2022.3171983
https://doi.org/10.1109/TPAMI.2022.3171983
https://doi.org/10.1109/TPAMI.2022.3171983
https://doi.org/10.1109/TPAMI.2019.2954501
https://doi.org/10.1109/TPAMI.2019.2954501
https://doi.org/10.1016/j.asoc.2022.109788
https://doi.org/10.11591/ijece.v14i1.pp759-771
https://doi.org/10.11591/ijece.v14i1.pp759-771
https://doi.org/10.11591/ijece.v14i1.pp759-771
https://doi.org/10.1016/j.sigpro.2023.109165
https://doi.org/10.1016/j.eswa.2023.121574
https://doi.org/10.1016/j.inffus.2023.102077
https://doi.org/10.1109/TCSVT.2023.3247822
https://doi.org/10.1109/TCSVT.2023.3247822
https://doi.org/10.1214/aoms/1177698950

12 =l 3

51 %

43 Sensoy M, Kaplan L, Kandemir M. Evidential deep learning to
quantify classification uncertainty. In: Proceedings of the 32nd
International Conference on Neural Information Processing Sys-
tems (NIPS). Montréal, Canada: Curran Associates Inc., 2018.
3183-3193

44  Higgins I, Matthey L, Pal A, Burgess C P, Glorot X, Botvinick
M M, et al. Beta-VAE: Learning basic visual concepts with a
constrained variational framework. In: Proceedings of the 5th In-
ternational Conference on Learning Representations (ICLR).
Toulon, France: OpenReview.net, 2017.

45  irsoy O, Yidiz O T, Alpaydin E. Soft decision trees. In: Proceed-
ings of the 21st International Conference on Pattern Recogni-
tion (ICPR). Tsukuba, Japan: IEEE, 2012. 1819-1822

46  Silberman N, Hoiem D, Kohli P, Fergus R. Indoor segmentation
and support inference from RGBD images. In: Proceedings of
the 12th European Conference on Computer Vision (ECCV).
Florence, Italy: Springer, 2012. 746760

47  Song S R, Lichtenberg S P, Xiao J X. SUN RGB-D: A RGB-D
scene understanding benchmark suite. In: Proceedings of the
IEEE Conference on Computer Vision and Pattern Recognition
(CVPR). Boston, USA: IEEE, 2015. 567576

48 Brown M, Siisstrunk S. Multi-spectral SIFT for scene category
recognition. In: Proceedings of the IEEE Conference on Com-
puter Vision and Pattern Recognition (CVPR). Colorado
Springs, USA: IEEE, 2011. 177-184

49 He K M, Zhang X Y, Ren S Q, Sun J. Deep residual learning for
image recognition. In: Proceedings of the IEEE Conference on
Computer Vision and Pattern Recognition (CVPR). Las Vegas,
USA: IEEE, 2016. 770-778

50 Maas A L, Hannun A Y, Ng A Y. Rectifier nonlinearities im-
prove neural network acoustic models. In: Proceedings of the
30th International Conference on Machine Learning (ICML). At-
lanta, USA: JMLR, 2013. 3-8

51 Lee S, Lee S, Song B C. Improving vision transformers to learn

small-size dataset from scratch. IEEE Access, 2022, 10: 123212~
123224

52 Ayub A, Wagner A R. Centroid based concept learning for RGB-
D indoor scene classification. In: Proceedings of the 31st British
Machine Vision Conference (BMVC). Virtual Event: BMVA,
2020. 1-13

53 Xu C, Zhang Y L, Guan Z Y, Zhao W. Trusted multi-view
learning with label noise. In: Proceedings of the 33rd Interna-
tional Joint Conference on Artificial Intelligence (IJCAI). Jeju
Island, Korea: IJCAI, 2024. 5263—5271

54  Kontschieder P, Fiterau M, Criminisi A, Buld S R. Deep neural
decision forests. In: Proceedings of the IEEE International Con-
ference on Computer Vision (ICCV). Santiago, Chile: IEEE,
2015. 1467-1475

55  Petsiuk V, Das A, Saenko K. Rise: Randomized input sampling
for explanation of black-box models. In: Proceedings of the Brit-
ish Machine Vision Conference (BMVC). Newcastle, UK:
BMVA, 2018. 151-163

F g HERZERHEESEMAT
L. EE T RN
B, THENLALL.

E-mail: huiwangens@163.com
(WANG Hui

at the School of Information and

Associate professor

Software Engineering, East China
Jiaotong University. His research interest covers artifi-
cial intelligence and computer vision.)

BFIE WA B T
AL BRI B RTE S A
AR N LA R

E-mail: yutinghuang@zju.edu.cn
(HUANG Yu-Ting Master stude-
nt at the School of Software Tech-
nology, Zhejiang University. His re-
search interest covers natural language processing and
explainable artificial intelligence.)

BXE FRTERNEFELSHMAT
(e R i e e s -3 W G
RN, ZRESEBRE.
E-mail: xiayuting0403@126.com
(XIA Yu-Ting Master student at
the School of Information and Soft-
ware Engineering, East China Jiao-
tong University. Her research interest covers computer
vision and multimodal image fusion.)

SeEME LRI ENRES
HORZ B #%. 3B 55 1A AR
P SHLER 2] A SCREES.
E-mail: zzfan3@163.com

(FAN Zi-Zhu Professor at the Col-
lege of Computer Science and Tech-

nology, Shanghai University of Elec-
tric Power His research interest covers pattern recog-
nition and machine learning. Corresponding author of
this paper.)

TE=x HFARZTEREELSHMAT
FEA e BdR. 3 EHE T 5 [ N T 5L
AN

E-mail: luoguoliang@ecjtu.edu.cn
(LUO Guo-Liang Professor at the
School of Information and Software
Engineering, East China Jiaotong
University. His research interest covers computer vis-
ion and artificial intelligence.)

B g PUESSE A R e B I
b5 ORI [ o B S 00 S R . A
FOT RN 2% R, 5] 51817
.

E-mail: yhshuo@263.com

(YANG Hui Professor at the State
Key Laboratory of Performance
Monitoring and Protecting of Rail Transit Infrastruc-
ture, East China Jiaotong University. His research in-
terest covers modeling, control and operation optimiza-
tion of complex systems.)


https://doi.org/10.1109/ACCESS.2022.3224044
mailto:huiwangens@163.com
mailto:yutinghuang@zju.edu.cn
mailto:xiayuting0403@126.com
mailto:zzfan3@163.com
mailto:luoguoliang@ecjtu.edu.cn
mailto:yhshuo@263.com

	1 相关工作
	1.1 可解释方法
	1.2 多模态学习

	2 模型架构
	2.1 视觉属性提取
	2.2 决策树的构建与融合
	2.3 决策树推理
	2.4 原型限制

	3 实验
	3.1 实验设置
	3.1.1 数据集
	3.1.2 卷积神经网络搭建

	3.2 超参数设置
	3.3 模型准确性
	3.3.1 消融实验
	3.3.2 对比实验
	3.3.3 预训练骨干网络

	3.4 模型可解释性
	3.4.1 可视化
	3.4.2 插入/删除测试


	4 总结
	参考文献

