F A< Fed PEF 2025 15(1) 0 pp.175-210

y A R R N BT DY R R
Pas 3§ dEa

IR £

A oo AF A A SRR IR B B GAE R i R o A
T B 7 2018-2023 = # & R HUr AP M sh 2 B ¢ @ 45400 20U b 2 B B A
g i SRR e S R 80 P A T et g SR TR T
(Data Envelopment Analysis, DEA)ZE 5 % [p 4¢ 45 e B 25 W] 77 22 B] (i W) 27 2. 7 ek
Fo AFETHFRALLHFA G L Hybrid CONN)E* >t # H i w| Bl i @ @ * R L
i 5 ps (Deep CNN)S {4 Bl i} B e SF2EFER 82 0 e ck A e » A2 5 i %
MR G A AL R R A 4 P N EE R S i G ReRH
2 RASLH T 83 OW g 0 A R BB RS R feon oo

LE SO S N R e

Mézif B L&A FFR A
BRERQATE) B2 L EF F A k¥ E-mail: teresak@gms.ndhu.edu.tw

175



LEFERNNE R A A X A LR N o R L 8 o S i

Compatibility and Efficiency Analysis Between Image
Categories and Classification Models

Yu-Ru Chen, Han-Ying Kao*

Abstract

This study aims to verify the compatibility between different image categories and
neural network models. This work compiles papers published between 2018 and 2023 with
experiments related to image processing, and conducts a detailed analysis and comparison of
their classification results and model parameters. We also use Data Envelopment Analysis
(DEA) to evaluate the efficiency for classifying various image category types by applying
neural network models. This study finds that classifying animal images with hybrid
convolutional neural networks (hybrid CNN) and classifying plant images with deep
convolutional neural networks (deep CNN) gain higher classification accuracy as well as
efficiency scores. The research findings are significant for understanding the relationship
between image types and classification models, and beneficial in selecting the most suitable
models for handling different types of image data. This can improve the accuracy and

efficiency of image processing as suggested by the findings to of this paper.
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m |DEABCG I Bific> A7 XG5 3 3K > (FAs 505 - pFl)
X | * &K E = k e Samples % #c
Xip | 2K H = k e training % % #c
Xz | %A K H =k epoch % #ic
Yer | %A RKE =k Merge ACC % e
Yeo | % AR H i+ ke Recall %#c
Y3 | & AR H = k e Precision % #ic
E, | -RE=kagneFig e
% 12. B g w] 2. Merge ACC
image type [Model 1918 - 1RREE - BAME - &/MVE - ETE -
Merge ACC |Merge ACC |Merge ACC |Merge ACC [Merge ACC
Deep CNN 0.8856 0.0458 0.9400 0.7700 10
Animals [Hybrid CNN 0.9832 0.0259 0.9999 0.9318 11
Traditional CNN 0.7667 NA 0.7667 0.7667 1
Deep CNN 0.8104 0.2256 0.9860 0.3202 31
Hybrid CNN 0.9108 0.0542 0.9830 0.7400 32
Body parts |Lightweight CNN 0.6999 0.4131 0.9920 0.4078 2
Other 0.7938 0.2070 0.9990 0.2450 30
Traditional CNN 0.9293 0.0698 0.9950 0.7050 33
ANN 0.8596 0.1505 0.9660 0.7531 2
Deep CNN 0.8425 0.0963 1.0000 0.3522 74
character Hybrid CNN 0.9651 0.0111 0.9886 0.9417 11
Lightweight CNN 0.9361 0.0409 0.9650 0.9071 2
Other 0.9435 0.0035 0.9460 0.9410 2
Traditional CNN 0.5254 0.3393 0.9903 0.0351 20
Deep CNN 0.6376 0.2496 0.9402 0.1266 32
Food and [Lightweight CNN 0.8054 0.1065 0.9283 0.7399 3
drink Other 0.2475 NA 0.2475 0.2475 1
Traditional CNN 0.9836 NA 0.9836 0.9836 1
ANN 0.9250 NA 0.9250 0.9250 1
Deep CNN 0.6033 0.1701 0.8500 0.4679 6
Pest Lightweight CNN 0.4433 0.0515 0.5232 0.3826 6
Other 0.9612 0.0283 0.9946 0.9050 14
Traditional CNN 0.8833 0.0491 0.9500 0.8333 4
ANN 0.9247 NA 0.9247 0.9247 1
Deep CNN 0.9339 0.0492 0.9967 0.8352 24
Plant Hybrid CNN 0.8791 NA 0.8791 0.8791 6
Lightweight CNN 0.9317 0.0143 0.9471 0.9188 3
Other 0.8620 0.0036 0.8645 0.8594 2
Traditional CNN 0.8973 0.0775 0.9672 0.7090 11
Deep CNN 0.9360 0.0527 1.0000 0.8530 14
Technology |Hybrid CNN 0.9550 0.0198 0.9690 0.9410 2
Lightweight CNN 0.9928 0.0188 1.0000 0.9463 8
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% 13. #-7) %8 5| 2. Merge ACC
Model o ewoe |POB-  [EEE-  [RAB-  [mOE- |-
9€YPE  Inerge ACC |Merge ACC [Merge ACC [Merge ACC |Merge ACC
character 0.8596 0.1505 0.9660 0.7531 2
ANN  [Pest 09250] NA 0.9250 0.9250 1
Plant 09247]  NA 0.9247 0.9247 1
Animals 0.8856 0.0458 0.9400 0.7700 10
Body parts 0.8104 0.2256 0.9860 0.3202 31
character 0.8425 0.0963 1.0000 0.3522 74
Deep CNN [Food and drink 06376 0.2496 0.9402 0.1266 32
Pest 0.6033 0.1701 0.8500 0.4679 6
Plant 0.9339 0.0492 0.9967 0.8352 24
Technology 0.9360 0.0527 1.0000 0.8530 14
Animals 0.9832 0.0259 0.9999 0.9318 11
Body parts 0.9108 0.0542 0.9830 0.7400 32
Hybrid CNN [character 0.9651 0.0111 0.9886 0.9417 11
Plant 08791] NA 0.8791 0.8791 6
Technology 0.9550 0.0198 0.9690 0.9410 2
Body parts 0.6999 04131 0.9920 0.4078 2
character 0.9361 0.0409 0.9650 0.9071 2
Lightweight |Food and drink 0.8054 0.1065 0.9283 0.7399 3
CNN™  [Pest 04433 0.0515 05232 0.3826 6
Plant 09317 0.0143 0.9471 0.9188 3
Technology 0.9928 0.0188 1.0000 0.9463 8
Body parts 07938 0.2070 0.9990 0.2450 30
character 0.9435 0.0035 0.9460 0.9410 2
Other  [Food and drink 02475 NA 0.2475 0.2475 1
Pest 0.9612 0.0288 0.9946 0.9050 14
Plant 0.8620 0.0036 0.8645 0.8594 2
Animals 0.7667]  NA 0.7667 0.7667 1
Body parts 0.9293 0.0698 0.9950 0.7050 33
Traditional |character 0.5254 0.3393 0.9903 0.0351 20
CNN  [Food and drink 09836] NA 0.9836 0.9836 1
Pest 0.8833 0.0491 0.9500 0.8333 4
Plant 0.8973 0.0775 0.9672 0.7090 11
% 14. #°2] Model-A 1) §A 45 DEA »c % A 44
image tvoe |Model FHE- |Z2EE- BAK- |B/N- |ETEL-
getyp SCORE |SCORE |SCORE |SCORE |SCORE
Deep CNN 0.3431 | 0.0019 | 0.3457 | 0.3411 4
Hybrid CNN 0.3439 NA 0.3439 | 0.3439 1
Body parts
Lightweight CNN | 0.3475 | NA | 0.3475|03475 | 1
Deep CNN 0.2703 | 0.0070 | 0.2774 | 0.2601 5
character [Hybrid CNN 0.1793 | 0.0004 | 0.1799 | 0.1787 8
Lightweight CNN | 0.2842 | NA | 0.2842 | 02842 | 1
Food and Deep CNN 0.1145 | 0.0274 | 0.1321 | 0.0674 5
drink Lightweight CNN | 0.1363 NA 0.1363 | 0.1363 1
Other 0.0457 NA 0.0457 | 0.0457 1
bect  Deep CNN 0.2451 | 0.0165 | 0.2567 | 0.2334 | 2
Traditional CNN 0.2632 | 0.0146 | 0.2831 | 0.2483 4
Deep CNN 0.7155 | 0.4165 | 1.0000 | 0.1588 9
Plant I htweight CNN | 0.1614 | 0.0022 | 0.1629 | 0.1598 | 2
Traditional CNN 0.4390 | 0.4859 | 1.0000 | 0.1538 3
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% 15. #-3] Model-A s$i-7] &~ #F DEA x5 & 45

Model image type i91E - EEE - |IZK-  |&/)N- |FTE-
SCORE SCORE |SCORE |SCORE |SCORE

Body parts 03431 | 0.0019 | 0.3457 | 0.3411 4

character 0.2703 0.0070 | 0.2774 | 0.2601 5

Deep CNN [Food and drink | 0.1145 | 0.0274 | 0.1321 | 0.0674 5
Pest 02451 | 0.0165 | 0.2567 | 0.2334 2

Plant 0.7155 | 0.4165 | 1.0000 | 0.1588 9

. Body parts 0.3439 NA | 0.3439 | 0.3439 1
Hybrid CNN ro e ter 0.1793 | 0.0004 | 0.1799 | 0.1787 | 8
Body parts 0.3475 NA | 0.3475 | 0.3475 1
Lightweight |character 0.2842 NA 0.2842 | 0.2842 1
CNN  [Foodanddrink | 0.1363 NA | 01363 | 0.1363 1
Plant 0.1614 | 0.0022 | 0.1629 | 0.1598 2

Other Food and drink 0.0457 NA 0.0457 | 0.0457 1
Traditional |Pest 02632 | 0.0146 | 0.2831 | 0.2483 4
CNN  [Plant 04390 | 0.4859 | 1.0000 | 0.1538 3

% 16. 57 Model-B 1] A 45 DEA »c % A 4

. FIEE- | EBEE-| &AK- | =/ - | BTEL-
Image type Model SCORE | SCORE | SCORE | SCORE | SCORE
Deep CNN 0.3014 | 0.0927 | 0.3455 | 0.1356 | 5

Sody parts | TRrId CNN 0.3685 | 0.0227 | 0.3889 | 03439 | 5
Lightweight CNN | 0.3474 | NA | 0.3474 | 03474 | 1

Traditional (NN | 03617 | NA | 03617 | 03617 | 1

ANN 03317 | NA |03317|03317| 1

Deep CNN 0.1304 | 0.0781 | 0.4404 | 0.0569 | 74

character Hybrid CNN 0.2353 | 0.1010 | 04354 | 0.1787 | 11
Lightweight CNN | 0.2289 | 0.0783 | 0.2842 | 0.1735 | 2

Traditional CNN__ | 0.0933 | 0.0975 | 04230 | 0.0182 | 19

Deep CNN 0.0989 | 0.0343 | 0.1317 | 0.0390 | 11

Food and drink  |Lightweight CNN | 0.1361 | 0.0001 | 0.1361 | 0.1360 | 2
Other 0.0456 | NA | 00456 | 0.0456 | 1

Deep CNN 02748 | NA | 0274802748 | 1

st Hybrid CNN 0.1158 | 0.1000 | 0.2557 | 0.0485 | 6
Lightweight CNN | 0.0459 | 0.0053 | 0.0542 | 0.0397 | 6

Traditional (NN | 04170 | 0.0623 | 0.4646 | 0.2688 | 14

Deep CNN 0.2632 | 0.0146 | 02831 | 0.2483 | 4

olant Hybrid CNN 0.5835 | 0.3590 | 1.0000 | 0.1588 | 21
Lightweight CNN | 0.2801 | 0.0313 | 0.3139 | 0.2270 | 6

Traditional (NN | 0.2351 | 0.1277 | 0.3826 | 0.1598 | 3

total 0.3300 | 0.2404 | 0.9846 | 0.1538 | 10

Technology _ |2eeR CNN 0.3955 | 0.0914 | 0.5194 | 0.3031 | 4
Lightweight CNN | 0.3920 | 0.0793 | 0.5194 | 0.3020 | 8
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% 17.#73] Model-B =37 &~ 55 DEA x5 & 47

LA A F %S pEET 2025 15(1) > pp.175-210

. FaE- | BEE- | &AX- B/ - T8l -

Model IMagetype | scORE | SCORE | SCORE | SCORE | SCORE
ANN character 0.3317 NA 0.3317 | 0.3317 1
Pest 02748 | NA | 02748 | 02748 1
Body parts 0.3014 | 0.0927 | 0.3455 | 0.1356 5
character 0.1304 | 0.0781 | 0.4404 | 0.0569 | 74
Deep NN |Foodanddrink |700089 [ 00343 | 01317 | 003% | 11
Pest 0.1158 | 0.1000 | 0.2557 | 0.0485 6
Plant 0.5835 | 0.3590 | 1.0000 | 0.1588 | 21
Technology 0.3955 | 0.0914 | 0.5194 | 0.3031 4
Body parts 0.3685 | 0.0227 | 0.3889 | 0.3439 5
Hybrid CNN  [character 0.2353 | 0.1010 | 04354 | 0.1787 | 11
Plant 0.2801 | 0.0313 | 0.3139 | 0.2270 6
Body parts 03474 | NA | 03474 | 0.3474 1
character 0.2289 | 0.0783 | 0.2842 | 0.1735 2
. . Food and drink | 0.1361 | 0.0001 | 0.1361 | 0.1360 2
Lightweight CNN 52 0.0459 | 0.0053 | 0.0542 | 0.0397 | 6
Plant 02351 | 0.1277 | 0.3826 | 0.1598 3
Technology 03920 | 0.0793 | 0.5194 | 0.3020 8
Other Food and drink | 0.0456 | NA | 0.0456 | 0.0456 1
Pest 04170 | 0.0623 | 0.4646 | 0.2688 | 14
Body parts 03617 | NA | 03617 | 0.3617 1
Teaditional CNN _|CharaCter 0.0933 | 0.0975 | 04230 | 0.0182 | 19
Pest 0.2632 | 00146 | 0.2831 | 02483 4
Plant 03300 | 0.2404 | 0.9846 | 0.1538 | 10
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% 18.4°%] Model-C ] i§A #F DEA »c 2 A 45

mage type |Model THE - |EEE - [BA- B |[TE-
SCORE |SCORE |SCORE |SCORE |SCORE

Deep CNN 0.1384 | 0.0115 | 0.1462 | 0.1082 | 10

Animals  [Hybrid CNN 0.9099 | 0.2592 | 1.0000 | 01312 | 11
lightweight CNN | 0.1239 | NA | 01239 | 01239 | 1

Deep CNN 03391 | 0.0942 | 04367 | 0.0996 | 31

Hybrid CNN 02678 | 0.0567 | 04279 | 02149 | 32

Body parts |Lightweight CNN | 0.2353 | 0.1586 | 0.3474 | 0.1231| 2
Other 0.0754 | 0.0576 | 0.2943 | 0.0314 | 30
Traditional (NN | 0.1152 | 0.1064 | 0.3673 | 0.0382 | 33

ANN 0.1925 | 0.1452 | 0.2951 | 0.0898 | 2

Deep CNN 0.1177 | 0.0726 | 03857 | 0.0543 | 74

aracter | YD CNN 02202 | 0.0802 | 03815 | 01748 | 11
lightweight CNN_| 0.2182 | 0.0921 | 0.2833 | 01531 | 2

Other 0.0879 | 0.0004 | 0.0881 | 0.0876 | 2
Traditional CNN__| 0.0845 | 0.0827 | 0.3713 | 0.0183 | 20

Deep CNN 01235 | 0.0422 | 02149 | 00391 | 32

Foggnak”d lightweight CNN | 0.1131 | 0,0280 | 0.1361 | 0.0819 | 3
Other 00456 | NA 00456 00456 | 1
Traditional (NN | 02256 | NA | 0.2256 | 0.2256 | 1

ANN 02418 | NA 02418 [02418| 1

Deep CNN 01132 | 0.1021 | 0.2558 | 0.0449 | 6

Pest  [Lightweight CNN | 0.0428 | 0.0044 | 0.0497 | 0.0376 | 6
Other 03660 | 0.0543 | 04070 | 0.2369 | 14
Traditional (NN | 0.2632 | 0.0146 | 0.2831 | 0.2483 | 4

ANN 01622 | NA |01622 |01622| 1

Deep CNN 05165 | 0.3697 | 1.0000 | 0.1554 | 24

o |FYBrid CNN 02757 | 0.0408 | 0.3139 | 0.2004 | 6
lightweight CNN | 0.2174 | 0.1033 | 0.3366 | 0.1563 | 3

Other 0.1518 | 0.0006 | 0.1522 | 01514 | 2
Traditional (NN | 0.2935 | 0.2360 | 0.9847 | 0.1506 | 11

Deep CNN 02291 | 0.2449 | 0.9664 | 0.0857 | 14
Technology [Hybrid CNN 0.0979 | 0.0005 | 0.0982 | 0.0975 | 2
lightweight CNN | 0.3435 | 0.0695 | 04548 | 02647 | 8
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% 19. #°4] Model-C 73] & £ DEA »c % A 14

. THE- |[EEE | BA- | B/ - | 58 -
Model IMagetype | scoRE | SCORE | SCORE | SCORE | SCORE
character 0.1925 | 0.1452 | 0.2951 | 0.0898 | 2

ANN Pest 02418 | NA | 02418 |02418| 1
Plant 01622 | NA |01622 01622 | 1

Animals 0.1384 | 0.0115 | 0.1462 | 0.1082 | 10

Body parts 0.3391 | 0.0942 | 04367 | 0.0996 | 31

character 0.1177 | 0.0726 | 03857 | 0.0543 | 74

Deep CNN  |Food and drink | 0.1235 | 0.0422 | 0.2149 | 0.0391 | 32
Pest 0.1132 | 0.1021 | 0.2558 | 0.0449 | 6

Plant 0.5165 | 0.3697 | 1.0000 | 0.1554 | 24

Technology 0.2291 | 0.2449 | 0.9664 | 0.0857 | 14

Animals 0.9099 | 0.2592 | 1.0000 | 0.1312 | 11

Body parts 0.2678 | 0.0567 | 04279 | 0.2149 | 32

. character 0.2202 | 0.0802 | 0.3815 | 0.1748 | 11
Hybrid CNN - (52 0.2757 | 0.0408 | 0.3139 | 0.2004 | 6
Technology 0.0979 | 0.0005 | 0.0982 | 0.0975 | 2

Bodly parts 0.2353 | 0.1586 | 0.3474 | 01231 | 2

lightweight |Character | 02182 [0.0921 [02833 [ 01531 | 2
N Food and drink | 0.1131 | 0.0280 | 0.1361 | 0.0819 | 3
Pest 0.0428 | 0.0044 | 0.0497 | 0.0376 | 6

Plant 0.2174 | 0.1033 | 0.3366 | 0.1563 | 3

Technology 0.3435 | 0.0695 | 04548 | 0.2647 | 8

Body parts 0.0754 | 0.0576 | 0.2943 | 0.0314 | 30

character 0.0879 | 0.0004 | 0.0881 | 0.0876 | 2

Other Food and drink | 0.0456 NA 0.0456 | 0.0456 1
Pest 0.3660 | 0.0543 | 04070 | 0.2369 | 14

Plant 0.1518 | 0.0006 | 0.1522 | 0.1514 | 2

Animals 01239 | NA |01239 |01239| 1

Body parts 0.1152 | 0.1064 | 03673 | 0.0382 | 33

aditional CNN Character | 00845 | 0.0827 | 03713 | 00183 | 20
Food and drink | 02256 | NA | 02256 | 02256 | 1

Pest 0.2632 | 0.0146 | 0.2831 | 0.2483 | 4

Plant 0.2935 | 0.2360 | 0.9847 | 0.1506 | 11

209




% 20. #7) Model-ABC 1] A #F DEA »c % 1L i 4

5 i -k

M4z 1,

~BaEET By

g1 AL 2 S e B g ok 2 S

Model

image type

‘1918 - SCORE

Model-A |Model-B |Model-C
Deep CNN NA NA| 0.1384
Animals |Hybrid CNN NA NA| 0.9099
Lightweight CNN NA NA| 0.1239
Deep CNN 0.3431 0.3014 0.3391
Hybrid CNN 0.3439 0.3685 0.2678
Body parts |Lightweight CNN 0.3475 0.3474| 0.2353
Other NA NA|l 0.0754
Traditional CNN NA 0.3617 0.1152
ANN NA| 03317 0.1925
Deep CNN 0.2703 0.1304 0.1177
character Hybrid CNN 0.1793 0.2353 0.2202
Lightweight CNN 0.2842 0.2289 0.2182
Other NA NA 0.0879
Traditional CNN NA| 0.0933 0.0845
Deep CNN 0.1145 0.0989 0.1235
Food and |[Lightweight CNN 0.1363 0.1361 0.1131
drink  |Other 0.0457 0.0456 0.0456
Traditional CNN NA NA 0.2256
ANN NA| 0.2748 0.2418
Deep CNN 0.2451 0.1158 0.1132
Pest Lightweight CNN NA| 0.0459 0.0428
Other NA| 04170 0.3660
Traditional CNN 0.2632 0.2632 0.2632
ANN NA NA| 0.1622
Deep CNN 0.7155 0.5835 0.5165
Plant Hybrid CNN NA| 0.2801 0.2757
Lightweight CNN 0.1614| 0.2351 0.2174
Other NA NA 0.1518
Traditional CNN 0.4390 0.3300 0.2935
Deep CNN NA| 0.3955 0.2291
Technology |Hybrid CNN NA NA| 0.0979
Lightweight CNN NA| 0.3920 0.3435
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