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Flower Image Classification System Based on Lightweight DCNN
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Abstract: To solve the problem that deep convolutional neural network (DCNN) models with heavy
weights are difficult to be effectively applied on Al edge devices with weak computing power and high
storage costs, a flower image classification system equipped with a lightweight DCNN is proposed with the
help of a heavyweight DCNN during training process. First, an extended flower data set suitable for
lightweight DCNN training is constructed by using a heavyweight DCNN combined with transferring
learning, the crawler technology and the maximum connected region segmentation method. Then, two
lightweight DCNN models, Tiny-Darknet and Darknet-Reference, oriented for devices with weak
computer power are trained based on the specially built flower image gallery. Experimental results show
that the two optimized models obtained can achieve 98.07% and 98.83% average classification accuracy
respectively on Oxford102 flower dataset while keeping the model size as 4 MB and 28 MB, which have
promising application potentials for Al edge computer devices.
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P75 0 B 4 123.40 98.83 0.341
Darknet-refence
D E 4 4 44.51 97.41 0.773
V75 0 B s 119.50 98.07 0.267

Tiny-darknet
J KA B2 43.00 94.79 0.682
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2.2.2 Tiny-darknet 55 Darknet-reference 2 #u 4 4 5 47

T VAR T AN 5 e I 2% 1 AR R L AR SCHE Y FE S 1Y 20 554 5K B Fr e HCHEAT I 25, B T 2 80k
BN 4 BT R o BOUE 4R v 17 525 5k S A T Ik, 2 009 3k B A1 S B E 4, Oxford 102 H A4 JE 3K 42
1 020 5K FH T3 .

x4 NESHREE

Table 4 Training parameter setting value

IE 2 BE A
WO pREL Leaky Rel.u
ot BE T A1 IR 2% 2] %K 0.01, 8 Ky 0.9, ALK ECH 30 000 Ik
2 2% R AL Softmax B %
T 80 £ I 95 2Kt 2 0 15 TR L R LA i 5 —
Darknet-reference #] 4 *F- %141 & i€ &% T° Tiny-darknet, {H /& 4r — Tiny-darknet
£ AR S 5 000 BT HJ6 T B FEAE P T Tiny-darknet. £ 3¢
FE AR E] 25 000 YR, 1 AR 5 S 249 457 2 % e A% 8 0 M A g 2t
EE—FUK¥-. BT Darknet-reference 23 85 £ , AU & 1t
PER, S SO 8 P 40 25 85 T Tiny-darknet, H 2 H: W 4% ok, . . |
JZ BRI 5B HUIE T Tiny-darknet, 55 /b (19 4 J2 $OR1 0 foooo 20000 30000

S B TR IR 010 wasnier 20 Lo
o), B AL A~ 1L # i Darknet-reference Yl 2k A< 5 Tiny- Fig.15 Training losses of the two networks on
darknet B A7 AR KX the enhanced data set

U EsF, A ) 5 ) PR R AR AT AN S s . Al LA
F i, B4R Darknet-reference (1) i i) K 5 5y — 26 {H AL E K /N2 Tiny-darknet (9 7 %, 3158 B 8] 1 55 4
15.6% . W& AR E AR (B A% T Darknet-reference, Tiny-darknet B fill %5 & 2%, {H i iy 5t A% —
e AE N B AR 4 SE PR TR R 57 GG SLE BT H o Tiny-darknet 47 21 )2 it & & T HAT 7 )2 W45 45
¥4 i) Darknet-reference , fH 2 HoR I 1 X 1 B S 3X 3 BRI 22 3 & W IR B2 ] 7 it 6 AR5, K
DR RSE S5 A SCPE T AR . B8R Tiny-darknet PHFLR B £ (HUR AR VR A0S FLREL(FLOPs)
VB S VEHIRERY (4 (] 3248 b , N BEAE Ay 7 45 A5 780 3 188 1 A o, ZE R B A8 A7 i B b, N D7 IR AR 55 0%
A7 JE £ o 38 B 3 8 K52 i, Tiny-darknet (1931 5 8 BER E /e IX 1EM F, Hit R IR AT E3IX3
HBR R NAA T, R)Z RENS 0 PR S, i Darknet-reference 58 4= 5K F 3 X 3 B F, Hi A7 15 ] A A i
= F Tiny-darknet, B LA Tiny-darknet $fl 43 57 P A4 kG ) 28 )2

x5 AEMEELANXE LHRHA

Table 5 Performance of different networks on the flower test set

B PR 0 T 1] /ms FLOPs/10° BE/MB
Darknet-Ref 98.83 126.9 81 25.6
Tiny-darknet 98.07 109.8 98 3.7

R Y5 IE BT B M 4 AR T 4 2 D Ty S A O L B Br I 25 14 Tiny-darknet A1 Darknet-reference /4 i 5
Y55 A A R A 6] — A T 4 2845 AT T X e . BRI ERG R RSP 53R E R i, M
P 4 1 RS X B AT LA & B, 4 1 52 2617 Cibuk 2514 Ge 28 118) Hiary %119V F0 Prasad %12/ ¥4 5% ] 8 1 44 W)
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2 TR Tian''2 45 MOAK B OR R SRR (4
MB) , HfE#f 2K . KR F , Tiny-darknet Fil
Darknet-reference A T~ H At [ 2% H A 5 S W] 1
Yo, BAR A SCH TR M 8 I Zhmf >k T 97 58
A B S, (H G At B 68 2 9 45 138 5T ImageNet &5
R R s AR AR AR AR 2 5 53 A1, PEI B AT
AR, A R X F L3 — e R
M B DR T Y R % 1 AR ST BT Y AR
TRRGE AL

BEAN , A A R AE Oxford 04 £ #4178 7
EIEOR B UE A A 1)z AL RE 1, 3 il T FE s s
5 110 79 o A AR R XS SR AR 19 10 5K A6 T Bl AT
M, AN FR 7 B s A 25 5 R (8 Y 78 5 B A2 I

o RE B L Journal of Data Acquisition and Processing Vol. 36, No. 4, 2021

xo6 MEMEME RTHITHEEI
Table 6 Comparison of model accuracy, size and

calculation amount

F i FLOPs/10°
% MB
Yang"” 85.75 =200 720
Musa'™! 95.70 =700 16 200
Tian""? 92.00 4 98
Ge™ 97.00 ~50 2 000
Hiary"” 97.10 90~100 5000
Prasad® 97.78 >150 550
Tiny-darknet 98.07 4 98
Darknet-reference 98.83 28 81

S 10 TR AR R A P R A R T G PP T TN S I TR R AR AR AL A — R DX R T
DX IR PRS2, % SR ARG 5 SR O 6, (ELR i P e B SR I e, A 8 SR AT A B R 4 7«

R7 BRI TR 740 SR B i 2 R

Table 7 Actual test results of two networks before and after dataset expansion %

VB IES
Sweet pea Moon orchid Monkshood Globe thistle Fire lily
P FE i -tiny 82.45 63.36 58.20 81.28 66.92
¥ 7t J5 -tiny 99.50 72.48 82.68 96.36 77.85
P L1 reference 92.41 85.01 71.86 97.70 95.31
" 78 )5 -reference 99.98 94.54 83.27 99.12 98.85

VRIS
Wild pansy Sunflower Bishop of llandaff Thorn apple Ball moss
P FE i -tiny 93.96 93.56 98.77 98.81 99.58
¥ 7 )5 -tiny 98.86 99.66 99.85 99.90 99.98
P i reference 99.77 99.99 99.45 96.25 96.14
¥ 7 )5 -reference 99.96 99.99 99.99 99.79 99.99

HIRUEAR RGAE AL & EA R, 5B 1T10S & M sh e & BIrAh 7 LR
SR T PR RE . T S 5RO B ORI FE SR ATL(64 0 /5% ) Ab B AR L 2 GB A, 7F 224 X 224 %t AT, Dark-
net-reference £8 I 43 S 455 7Y T s (8] (S A 435 fin 28 455 84 BsF [8] ) 249 28 200 ms, i Tiny-darknet ZJ 7 160 ms,
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RE A 12 S bR N 5 8o B IS A AR A DL A 3038 o L o WA 2 1 52 s J90 00 P B o A7 3, 25 A
B A 2 B L R AR TR S s 4 P 2 40 6 8 7, X BG 45 SRAIE B PR R 7 10S K HAth 3 3 i i A =X
VA L BIRE 2 5L BRI A oK .

®8 AREMANZE LRI

Table 8 Performance comparison on different embedded devices

25 Raspbian 3B+ NCS2 NVIDIA Jetson TX2 Android i0S
, N e E™ 8X74AC
1.4 GHz 641 4% ARM  HMP Dual Denver 2/2 MB L2 + Cortex-
CPU 801 4bFR 7
Cortex-A53 Quad ARM A57/2 MB 1.2 . ) A9
A 2.5 GHz
& % Ak 7 Neural Compute NVIDIA Pascal™ .2564 CUDA
PJIFE ST Stick 2 ¥
Tiny #£1} /ms 41.8 28.6 83.6 160.0
Reference £} /ms 52.06 35.62 104.12 200.00
3 GHE

AR SCEE X AT Gt 0 B0 A b 5 05 0 i 228 I 45 W0 £ 4B S IR 00 SRAT 55 L MR A 2 9 )it , B33
Tl g 55 5 B I T R DONN AT ER R R GE . B %6, il Darknet53 5L 22 2 #4
e e T A ) R AR T 0 S R 285, SRS M P L 10 26 45 43 T o R 5 PRI e A 2 3 X3 5k Al B g
T TR R M 25 A OB o RS 7R PSS TR MRS Y R 4R b0 T Darknet TR B 27 > HE LAY B
P fit TR M 22 R 25 BEAT T UINZRIG R, [ I K AR D7 YR 1 B A e A G AE ' 23 B R AR 28 21 1OS B Bl i 7
AT IR, I i — AP 2 i A A DL R A 3 A X A 2R ) S B B A RERE AT I AR R AL
5 A B (4 7 S8 R0 T 0 I 2% 1) R RE A TR PR T AR SO YR I ) P AR L AE Oxford 102 4E
HHEAE IR E) T 98.07 06 H198.83 04 fY-F-44 73 JE i ff <, [F] Ibf A 57 Ji 1) R 558 A 00 s R JBCAS AN i ) A 00 22
AR/ 50 4 MB Hl 28 MB, 18 10S 2 3l 15 # S HAt T30 A9 i A X # _F 4 B0 o 32 4 A% il A2
S PR I 2, HAT R BRI AT . BURAR SCTT IR A ATID G0t 38 e 4 b Ak BRAE S F A o R e il Y
AETT PG 73 26 ) B B AT B 0 2R L T X 8 55 T DR L AR I A A L 5 AT — /N DX Il PRI
H T AT DX o 4 P L B/ 75 53 2 0 26 2 o o A AR ' DI 40 A R 00 B AE T AR A IR A o R
K] DUFE 73 26 W 46 HE— A0 7 78, i 2 o0 0 2608 F b 5 0 S DX B R H AR o ) I AT o 28I ok
R BR TS S5 DCIORT 7 2R E RE A2 M, IR BRI SR i B AR TS AR 1 DX R B — S R SR U AR
FIRREUE AR & 45 A F ARSI 0 26 st — A0 B BIT 5T, 52 BRAE I (9 R 5 1R 1)
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