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Abstract

In order to solve the problem that the general character recognition system has a low output ac-
curacy rate due to the large number of formats of medical test sheets, and the recognition results
are severely stuck. In the whole process of text recognition of medical test sheets, drawing lessons
from the idea of document layout analysis, research on the layout recognition of medical test
sheets is proposed to improve the output accuracy of text recognition. Aiming at the characteris-
tics of a few-line tables and obvious regional distribution in the layout of medical test sheets, this
paper proposes a medical test sheet layout recognition algorithm that integrates regional features
and table line recognition. First, use the Unet-based table line extraction network to test the table
line of the single image in advance. Second, the Mask R-CNN regional feature extraction network is
introduced, and the table line features and the original test sheet image are used as the input of
the network. Finally, the fusion of the above-mentioned regional features and table line features is
realized, the relationship between the regions to be recognized is modeled, and the final precise
coordinates and semantic labels are generated. Experiments show that this algorithm can signifi-
cantly improve the accuracy of medical test sheet layout recognition.
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Figure 1. Model architecture overview
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Figure 2. Table line extraction network Unet model structure
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Figure 3. Regional feature extraction network Mask R-CNN model structure
[E 3. XIB4HIELR BN 48 Mask R-CNN 5B 454

4. SEhw
4.1 WIRE

H A 2 FF 2R 2 A0 56 5 BB EHE B ok 56 BUZR A0 56 B AT SR AR B AT 55 o AR SEBR AR, #7R
RN AR A IS SR E N AR SO I SRS, 2 Tiilm 2 9% ) HsiA i iml i, Rt E iR N T4
BRI . T UL E R T ET SVG K BAREER E L R E RS . SVG 2 —Fr G S
1, B RIPESCAFR N Scalable Vector Graphics, = ECART 4RI R EEIE . B2&HET XML (Extensible
Markup Language), F1 World Wide Web Consortium (W3C)Ik B #-ATFF & 1, P2k SR8 N 1% & — Fh T ihs
HEMRERBES, WA X B ARG AR, S50 8w AR BT 75 AT R 31 5L
B, BUATA ot N s s eah, 5 R s i B A 00 s B PR RE MR il WA, AR 0 A5 L )
BEMIHE T OpenCV SIS A= AR (1 D0 Th e, 38 G0 504 72 S 14k 000 e, 30 20 B F A S AR SOl R4
R o

TR AR M = B e SRR (1) S R 2B e Fr, {6 Labelme MG ARE T B ALER B3R 4T
XAy, FHRAEIEE 1, dE—R milAE r R A
4.2. KWBY

ASCHEHEALZAE PyTorch HEAE T LI SEER S E0R B AN T, /£ RPN H1, € 7 > anchor ratios,
43779 0.02, 0.05. 0.1, 0.2, 0.5, 1.0\ 2.0, FRACELR/NFILLBIAE R GE . B SGD MR Ak 35 3EAT
%k, ¥ HE batchsize =2, momentum = 0.9, weight-decay = 107, B HJIH R E N 1073, LB BRI
Z51 epoch 4 30. TS SEE6&HI7E Nvidia GeForce GTX 2080Ti GPU _Li47 .

4.3. SEWEER

TE B AL I8 FAT R R0 Se e v, NS A PR EALSUR, SR ASE] 1oU (Intersection over Union)ff]
SEHHERIZ mAP (mean Average Precision) % 18 (1R B RCR AT VAT, B ERBEE B X mAP & A
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Table 1. Model comparison experiment results
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MAP MAP MAP MAPs5, MAP5 mMAP

Faster RCNN MBS 73.0 75.5 54.3 81.2 421 65.8
Mask RCNN W ZREE 69.5 70.5 65.7 83.9 44.9 68.1
Unet Wi 71.4 70.1 64.6 81.2 429 66.2
FRFTLR (Ours) YIghsE 75.1 70.4 70.8 87.4 48.2 71.1
Faster RCNN k4 72.1 73.9 56.1 80.9 418 64.9
Mask RCNN RS 70.2 69.8 65.5 84.7 453 68.7
Unet HIURFES 71.2 70.4 64.9 81.1 425 66.0
FRFTLR (Ours) MR EE 743 69.9 71.2 86.4 48.7 70.2
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Table 2. Results of ablation experiments
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