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Foreign object detection in pharmaceutical visible-light images using
feature difference enhancement and residual distillation network
LIU Youwu', ZHANG Hui?, KONG Senlin', TAO Yan', LI Chong’

(1. School of Electrical and Information Engineering, Changsha University of Science and Technology, Changsha 410114, China;
2. School of Robotics, Hunan University, Changsha 410012, China; 3. Truking Technology Limited, Changsha 410600, China)

Abstract: Foreign objects in pharmaceuticals are typically small, which causes difficulty for lightweight algorithms to
detect them accurately, while high-performance algorithms often struggle with real-time capability. To balance real-time
performance and accuracy, a deep learning distillation algorithm is proposed for the precise and rapid detection of for-
eign objects in pharmaceutical liquid images. The teacher network incorporates a semantic feature-based upsampling
method to enhance the feature disparity between teacher and student networks. In addition, random noise is added to the
training images of the student network to improve robustness in high-noise detection scenarios. To validate the effective-
ness of the algorithm, a pharmaceutical liquid foreign-object dataset is collected using lamp inspection equipment, and
comparative experiments are conducted. After distillation, the average precision improves by 4.1%, and the model
achieves 65 frames per second, which surpasses current state-of-the-art methods. Extended experiments on the Tianchi
liquor dataset show a 3.9% improvement in detection accuracy, which demonstrates the applicability of the model in
similar scenarios.

Keywords: pharmaceutical; foreign objects; lightweight; deep learning; distillation; feature disparity; upsampling; lamp

inspection
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Fig.5 Heatmaps of various distillation methods
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Table 3 Results of state-of-the-art object detection algorithms

Ik APs/%  AP/%  APga/%  AR/%  ARua/%  FLOPs/10°  params/10°  FPS

Faster-RCNN!'2! 28.5 6.8 6.5 18.1 17.9 193.8 41.1 43
ACMA! 54.3 18.8 17.9 28.9 28.4 197.9 32.6 41
ATSSP 44.4 15.6 7.1 24.0 23.4 201.4 31.9 47
YOLOF: 33.6 9.2 8.9 16.9 16.5 98.2 4.1 43
VFNet?? 30.2 13.2 8.3 15.7 14.8 190.0 32.5 27
TOOD™” 54.0 21.4 20.5 28.6 27.9 149.2 32.0 39
GFL™ 51.0 19.8 18.9 27.4 26.7 204.5 32.0 48
SQREY 52.0 20.4 203 28.4 28.1 102.9 134.6 13

A ST 2 57.4 229 22.1 29.9 29.3 212.1 46.4 19
AR 53.6 20.2 19.6 27.8 27.2 154.9 19.1 65

LRA AR 2 MR 3, AT LA Al 2800 ik
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Fig. 6 Detection results visualization
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Table 4 Results of ablation experiments on different
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Table 5 Results of distillation network on tianchi data-

modules % set %
Bk APsy  APgai AR AR N FENRAR B2 A 4
iRV RN
YIAEH 522 182 267 261 APy, AP AP,au AR AR,
SRR 529 190 274 271 KW 754 407 316 516 463
R 527 189 268  26.1 PKD™ 776 398 301 521 483
REATLIE 75 523 184 275 2638

B ERMEHER) 5340 193 275 271
BEDLME -+ 529 189 272 267
REALM R HE S ERAE 5301 191 277 270
[FIEHAE 53.6 19.6 278 272

LD®3] 75.1 405 32.1 51.2 46.3
CKD!'3 782 434 34.4 542 493
AT 809  44.6 36.4 55.9 52.1

S T i AL R B A FH B, D 4 R B 4R
P& A B B AR Ak, (AR I R38R AR F AR
SRMEETET 0.8 F10.7 B 45 55 BT 18 SURRE
SR BE T R MR R, BT R AR A I R
Fbs 250 = WL R AE R B, RS BEdE AR A
— BT LR EE R UE T A A A AR A
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UE, B T “BEMLIE S+ B 4 A AR T s il
FH<BEALME ) AR Fl ARy 29I FFET 0.3
0.1 EH Ay AT, AW A 8T T W41
ABo I, WX 3 B[R I R 4, mT LIl
HokRE I8 B KT o
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Table 6 Results of state-of-the-art object detection al-

gorithms on tianchi dataset %
ik APy, AP APuu AR ARy

Faster-RCNN!' 382 197 52 238 5.1
ACMA!™! 770 444 347 561  53.0
ATSSP® 68.1 37.0 26.7 477 40.2
VFNet?" 78.7 419 344 505 434
TOOD™! 80.2 46.6 369 594 57.1
GFL™ 779 450 332 586 56.5
SQRE! 794 459 354 526 47.1

AILHIMMLE 842 479 385 599  57.6
ARILFEHEMLE 809 446 364 559 52.1
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