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Abstract This paper improves the recognition error improvement method and model structure of the
artificial intelligence-based object recognition model for individual object recognition within similar
object clusters. The artificial intelligence-based object recognition model recognizes a target object in
the recognition target area through a learning process using object data. However, when the
characteristics of objects in the recognition target area are similar, recognition errors occur while
classifying similar objects individually. Hence, a new model structure and method were proposed to
improve the recognition error of the currently used recognition model. This improvement is achieved
by analyzing various research results on the method to reduce recognition error and the structural
improvement of the recognition model. The effects of the proposed recognition model and method were
quantitatively verified. This verification compared the proposed model and method with the existing
methods using real-time soccer game video images representing environments of similar object clusters.
Therefore, the structure and method of the recognition model proposed in this study can further
improve the performance of the real-time object recognition model. It is also expected to be used in
various industrial fields requiring individual object classification of similar object groups.
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QAFAE 715ke] Q1A nE A5t Holo A= H|T|o]
BHE o83t g AA Q142 uje F8% A+ Foo]
ot W AAE Q467 5t M8 WSt o
ulRe]  ¥7], AN, I#tdE(gradient), HF
(texture)¥} Z2 JHO 242 F3f AAE F&oh=
Hholct ofof Hgto] Q14 tiio] ZHAAL = 7R
2] ZA|(edge detection) [1], EAZ] ZA(corner
detection) [2], &% ZA(blob detection) [3] 52 &
H(feature)?] H3LE LEole XHE HFORE AFE]
et FHTole AEFEAH AEHCNN: Convolution
Neural Network) 7]9+9] Q1825 @4 A2 7oA
A A4 A7t Fofd R-CNN [4], Fast-RCNN
[5], Faster-RCNN [6], RetinaNet [7] 5 Q14|24
Z5E SSD (8], YOLO [9] & ¢ieE Eop7k] 178
T A EHO] 2o} AeRio] theFet FHE A1y
=]

A AAE gt AL hAFAA7F R 14
F(object box)& 245, A4FY] ol EAfst=
WA AA L] EAE A5AE LagjEE ©]8ste] Fig.
1 (@9 22 29 ol 3 W9 /NEAA Q4=
Fig. 1 (b2t 22 139
=it

(b) Individual recognition in the object box

Fig. 1. Object classification by range of object
recognition
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(a) Camera view from the crowd

(b) Camera view from behind the goal

Fig. 2. Example of player position change by
viewpoint
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Fig. 4. Recognition errors due to object movement
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Fig. 3. Errors in recognition after separating objects
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Fig. 5. Errors due to reduced recognition area
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Table 1. Confusion Matrix Table

Object YES Object NO

edicted Class
Actual Class

Object YES True Positive False Negative
Object NO False Positive True Negative
I3 JIFAS AA Q14 2do] 5 Hries HA
A 1A QR14E  ERE HlEQl Fd=
(Precision)9}, PIQIAS TG &1 AHHE(Recall)
S g} ojeh BT S Fq. ()T} 2Th
A - TP+ TN )
Y = TPy TN Y FP+ FN
TP
Recall = —rp N
Precision = TP
recitsion TP+ FP
FN+FP
FErrorRate = +

TP+ TN+ FP+ FN
Recall X Precison

Recall + Precison
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Fig. 7. The network structure of Yolov3-416 model
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Fig. 8. The structure of Yolov3-HSV model
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Table 2. Comparison of evaluation for different models
(units:%)

Items Models Yolov3-416 Yolov3-HSV | Yolov3-Segment
Recall 93.08 92.76 96.33
Precision 91.01 83.84 96.64
Accuracy 85.24 78.69 93.21
Error Rate 14.73 21.31 6.79
F1 Score 92.03 88.07 96.47
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Fig. 12. Object recognition results by Yolov3-Segment
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