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Abstract. The aim of this work is to develop a neural network, which can recognize apples and pears. To
achieve the goal, the authors applied AlexNet architecture and the open dataset “Fruits360”. The trained model
showed a good result testing it on validation images - total accuracy 0.97 and latency 35ms/step. In the future
research, authors consider training the neural network model using the MobileNet architecture and verify it using
the Cohen’s Kappa coefficient.
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levads

Transfer learning ir maSinmacisanas metode, kad modelis, kurs ir izstradats prieks viena
uzdevuma, tiek atkartoti izmantots cita uzdevuma [2]. ST ir populara pieeja dzilajas apmaciba,
kur iepriekS sagatavoti modeli tiek izmantoti ka sagatave datora redzes un dabiskas valodas
apstrades uzdevumiem, nemot véra milzigos aprékina un laika resursus, kas nepiecieSami
neironu tikla modelu izstradasanai.

Neironu tikla apmaciSana ietver sevi arhitektiru, datu kopu, apmacibas parametrus un
datu kopas parveidojumus. Izmantojot AlexNet arhitekttru, CIFAR-10, CIFAR-100 [6] un
Fruits 360 [3] datu kopas, tika apmacits neironu tikls, pielietojot transfer learning metodi (talak
TL).

ST pétijuma mérkis ir apmacit neironu tiklu, pielietojot TL metodi un salidzinat rezultatus
ar neironu tiklu bez TL metodes pielietoSanas.

1. Materiali un metodes
Eksperimenta laika tika pielietotas tris datu kopas: CIFAR-10, CIFAR-100 un Fruits360.
Datu kopu 1pasibas ir attélotas 1. tabula.
Lai izpilditu masinapmacibas uzdevumus, tika pielietoti TensorFlow un Keras izstrades
riki. TensorFlow [4] korektam darbam ar GPU, bija nepiecieSams pieinstaléts klat:
e Python 3.7.6 — programme&Sanas valoda;
e CUDA Toolkit — paralelas skaitloSanas platforma neiron tikla paatrinasanai
izmantojot GPU jaudu;
e CUDNN - dzilas apmacibas biblioteka, kura nodrosina optimizéSanu standarta
operacijam: apvienoSana, normalizacija un slanu aktivacija;
e Anaconda — Python datu =zinatnes standarta platforma, kura ir paredzéta
masinmacisanas uzdevumiem [5];
e TensorFlow 2.1.0 — atvérta biblioteka masinapmacibas uzdevumiem, kuru izstradaja
Google, lai atri realiz&tu neiron tiklus un apmacitu tos.
e TensorFlow GPU — tiek izmantota veikt aprékinus pielietojot GPU.
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1. tabula

Datu kopas
Nosaukums Klases Attéli TrenéSanai | Parbaudei
Fruits 360 120 81120 60498 20622
CIFAR-10 10 60000 50000 10000
CIFAR-100 100 60000 50000 10000

Eksperimenta laika tika sagatavots Python skripts, kuru var sadalit uz 6. posmiem:
1. Datu kopu sagatavoSana un datu augmetacija [7, 8];
2. Modela apmaciba ar CIFAR-10 un CIFAR-100;
3. Modela slanu iesaldeéSana un izejas mainiSana;
4. Modela apmaciba ar Fruits360-120;
5. Modela slanu iesaldeéSana un izejas mainiSana;
6. Modela apmaciba ar Fruits360-3.

Datu sagatavosana ietilpst datu kopas atrasana, pieslégSana un attélu sakartoSana. Talak
sakartoti dati tiek apstradati (pagriezti, palielinati, utt.). Datu augmentacija ir metode, ka
maksligi izveidot jaunus apmacibas datus no esosajiem apmacibas datiem. Tas tiek darits,
piemérojot specifiskas metodes piemériem no apmacibas datiem, kas rada jaunus un atskirigus
apmacibas piemerus.

Otraja punkta modelis tiek apmacits ar CIFAR datu kopas palidzibu. Pirmais slanis tiek
iesald@ts, tapec ka tas atbild par liniju, krasu, lenku atpazisanu (skat. 1.1. att.) un izmainita izeja,
no 10 un 100 klasém uz 120.

1.1. attéls. Modela iesaldéto slanu vizualizacijas piemérs [1]

Talak modelis tiek apmacits atpazit auglus ar Fruits360 datu kopas palidzibu un beigas
tiek nomainits klasu daudzums no Fruits360-120 uz Fruits360-3, kas ir nepiecieSams tiesi
prieks abolu, bumbieru attélu atpazisanas. Modela apmaciba ar Fruits360-3 tika atkartota 10
reizes.

Sakuma, modelis tiek apmacits atpazit linijas un krasas. Ar Fruits360-120 datu kopu,
modelis tiek apmacits atpazit auglus un péc tam to parapmaca atpazit tiesi tos auglus, kuri ir
nepiecieSami (abolus un bumbierus).

Eksperimentam par pamatu tika panemta AlexNet arhitektiira. Eksperimenta AlexNet
arhitektaras modeli, kas tika izm&ginati eksperimenta ir att€loti 2. tabula. lzmantotajiem
arhitektiiras modeliem ir dazadi filtru izméri. Filtra izmérs iestata konvoliicijas darbiba
izmantoto filtru skaitu.

Ka var pamantt, agrakie 2D konvoliicijas slani, kas ir tuvak ievadei, macas mazak filtru,
bet velakie - vairak.
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Eksperimenta AlexNet modeli

2. tabula

Layer (type) AlexNet16 AlexNet32 AlexNet64
conv2d-1 (48, 48, 16) (48, 48, 32) (48, 48, 64)
batch normalization (48, 48, 16) (48, 48, 32) (48, 48, 64)
max_pooling2d (24, 24, 16) (24, 24, 32) (24, 24, 64)
conv2d-2 (20, 20, 16) (20, 20, 32) (20, 20, 64)
batch_normalization-1 (20, 20, 16) (20, 20, 32) (20, 20, 64)
average pooling2d (10, 10, 16) (10, 10, 32) (10, 10, 64)
dropout-1 (10, 10, 16) (10, 10, 32) (10, 10, 64)
conv2d-3 (7,7,32) (7,7,64) (7,7,128)
batch_normalization-2 (7,7,32) (7,7,64) (7,7,128)
dropout (7,7,32) (7,7,64) (7,7,128)

dense (512) (512) (512)

dropout-2 (512) (512) (512)

out_layer (10) (10) (10)

2. Rezultati

Neirontiklu apmacibas rezultati ir apkopoti 3.-8. tabulas. 3. un 4. tabula ir att€loti
AlexNetl6 apmacibas un modela parametri, ka ari eksperimenta rezultati, izmantojot
CIFAR datu kopas priekSapmacibas laika. AtbilstoSu informaciju var atrast par AlexNet32 (skat.
5.-6. tabulas) un AlexNet64 (skat. 7.-8. tabulas).

3. tabula
AlexNet16
CIFAR-10
Epoch | Sleep | Step time Time | Trainable | Non-trainable | Accuracy | Validation
(ms/step) (min) params params accuracy
524 200 605 1056 | 956 426 96 0.82686 0.7872
FRUITS360-120
Epoch | Sleep | Steptime Time | Trainable | Non-trainable | Accuracy | Validation
(ms/step) (min) params params accuracy
100 20 795 320 988 504 24 448 0.95552 0.97963
FRUITS360-3 (average of 10 repeat)
Time (min) Accuracy Validation accuracy
3.28 0.96269 0.97239
4. tabula
AlexNet16
CIFAR-100
Epoch | Sleep | Step time Time | Trainable | Non-trainable | Accuracy | Validation
(ms/step) (min) params params accuracy
763 200 571 1449 | 1002 596 96 0.47080 0.48100
FRUITS360-120
Epoch | Sleep Step time Time | Trainable | Non-trainable | Accuracy | Validation
(ms/step) (min) params params accuracy
100 20 800 310 988 504 24, 448 0.98681 0.96856
FRUITS360-3 (average of 10 repeat)
Time (min) Accuracy Validation accuracy
8.53 0.96474 0.97514
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5. tabula

AlexNet32
CIFAR-10
Epoch | Sleep | Step time Time | Trainable | Non-trainable | Accuracy | Validation
(ms/step) (min) params params accuracy
573 200 623 1212 | 1672 426 256 0.82126 0.7879
FRUITS360-120
Epoch | Sleep | Steptime Time | Trainable | Non-trainable | Accuracy | Validation
(ms/step) (min) params params accuracy
74 20 806 240 | 1726424 2 688 0.99126 | 0.99695
FRUITS360-3 (average of 10 repeat)
Time (min) Accuracy Validation accuracy
8.91 0.96643 0.95765
6. tabula
AlexNet32
CIFAR-100
Epoch | Sleep | Steptime | Time | Trainable | Non-trainable | Accuracy | Validation
(ms/step) | (min) params params accuracy
366 200 560 683 | 1718596 256 0.56978 0.49260
FRUITS360-120
Epoch | Sleep | Steptime | Time | Trainable | Non-trainable | Accuracy | Validation
(ms/step) | (min) params params accuracy
73 20 780 227 | 1726424 2 688 0.99246 0.99622
FRUITS360-3 (average of 10 repeat)
Time (min) Accuracy Validation accuracy
5.25 0.97208 0.95673
7. tabula
AlexNet64
CIFAR-10
Epoch | Sleep | Steptime | Time | Trainable | Non-trainable | Accuracy | Validation
(ms/step) | (min) params params accuracy
390 200 645 845 | 4012618 256 0.88224 0.7793
FRUITS360-120
Epoch | Sleep | Steptime | Time | Trainable | Non-trainable | Accuracy | Validation
(ms/step) | (min) params params accuracy
63 20 847 211 | 4064 184 5120 0.99567 0.99598
FRUITS360-3 (average of 10 repeat)
Time (min) Accuracy Validation accuracy
10.27 0.97319 0.94981

122



8. tabula

AlexNet64
CIFAR-100
Epoch | Sleep | Steptime | Time | Trainable | Non-trainable | Accuracy | Validation
(ms/step) (min) params params accuracy
306 200 566 576 | 4058 788 256 0.67250 0.48950
FRUITS360-120
Epoch | Sleep | Steptime | Time | Trainable | Non-trainable | Accuracy | Validation
(ms/step) (min) params params accuracy
50 20 761 153 | 4027 256 42 048 0.99076 0.99525
FRUITS360-3 (average of 10 repeat)
Time (min) Accuracy Validation accuracy
5.46 0.94406 0.93027
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1.2. attels. Modela trené$anas un validacijas diagrammas piemérs

Secinajumi

Neironu tiklu apmaciba ir diezgan liels un apjomigs laika zina process. Priek$ apmacibas
ir nepiecieSams sagatavot datu kopu, ka ari izvéléties arhitektiiru. Pielietojot transfer learning
metodi, ir iesp&jams atkartoti izmantot iepriek§ apmacitu modeli citam vajadzibam. [zmantojot
AlexNet arhitektiru un CIFAR un FRUITS360 datu kopas tika veikts transfer learning
eksperiments, kura, ar CIFAR datu kopas apmacis modelis, tika parmacits atpazit abolus un
bumbierus ar FRUITS360 datu kopas palidzibu.

Eksperiments tika sadalits uz trim etapiem:

1.

2.

3.

Modela apmaciba ar CIFAR10 aizné€ma ~17,5 stundas un rezultata tika iegiita
apmacibas precizitate ~0.78% (prieks AlexNet16 arhitektiiras);

Modela apmaciba ar FRUITS360-120 aiznéma ~5.3 stundas un rezultata tika
iegiita precizitate ~0.98% (prieks AlexNet16 arhitektiiras);

Modela apmaciba ar FRUITS360-3 aizn€ma ~3.5 miniites un tika iegita
precizitate ~0.96% (prieks AlexNet16 arhitekttras).

Lidz ar to var secinat, ka apmacibas laiks ir samazinajies 3 reizes.
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Summary
Neural network training is a rather large and time-consuming process. For training it is
necessary to prepare a data set, as well as to choose the architecture. Using the transfer
learning method, it is possible to reuse a previously trained model for other purposes. Using
the AlexNet architecture and the CIFAR-FRUITS360 data set, a transfer learning experiment
was performed in which, with the CIFAR data set, the model was trained to recognize apples
and pears using the FRUITS360 data set.
The experiment was divided into three stages:
1. Model training with CIFAR10 took ~17.5 hours and as a result training accuracy
~0.78% was obtained (for AlexNet16 architecture);
2. Model training with FRUITS360-120 took ~5.3 hours and resulted in accuracy of
~0.98% (for AlexNet16 architecture);
3. Model training with FRUITS360-3 took ~3.5 minutes and the accuracy was ~0.96%
(for AlexNet16 architecture).
Thus, it can be concluded that the training time has decreased 3 times.
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