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Abstract

As Taiwan faces an aging population and declining birth rates, future labor shortages are
becoming a reality. Our research project, ""An FPGA Deep Learning Accelerator for Potato
Leaf Disease Recognition," aims to reduce the labor required in the agricultural sector
through technological means. Considering industry characteristics and costs, we hope the
model can perform inference on remote devices with limited computational capabilities,
eliminating the need to transmit images back to the cloud for analysis each time. To achieve
this, we will implement the neural network originally built using PyTorch in a hardware
description language (Verilog). The ultimate goal is to deploy it on an FPGA board. We have
opted not to design the circuit based on ASIC technology because, even if the circuit could be
marketed in the future, the demand would not be high. Therefore, we decided to design a
digital circuit for a deep learning accelerator with the goal of implementing it on an FPGA
board.



Table of Contents:
-~ ®E2P3

1. m3 ¥ B/
2. B3 P in
3. ERRR
3.1. m g inde
32, ZFUHEIRI LSS
3.2.1. % fJZ
3.2.2. AR 103 N SR
33. AKIARI RS

3.3.1. CNN versionl (3 & - )

3.3.1.1. Quant Layer

3.3.1.2. Quant storage

3.3.1.3. Mux1

3.3.1.4. QuantizeConvReLU block
3.3.1.5. Maxpool block

3.3.2. CNN version2 (3 & =)

3.3.3. CNN _version3 (53 * =)

3.3.4. Design On FPGA testing result
N R Jlfle
=~ s ?‘g'E& E-ﬁ R



E IR ﬂf‘ﬁ’“ﬁr“ CHREFERF A REPRARTERIRE
ECNEA 1_“ AP PR ﬁmﬁ %4 5 /ﬁal‘fm'f i R P v EF
Lera (v —5 4% > A Pap # 4 EY N T A P E A SRR e
TR BRI R R PR AR c AR PR PRAEY  BAEE R §7
¥ f& 0 A 6 E_Healthy (# &) ~ Early bhght( % ic4difg 3¢ 7)) ~ Late blight (& % 3% 7
BR)e

It

2. B3 B

P TR E R RIE R FES B %‘fﬂg%f"’ﬁx.&l? & F I i J%Lm 3
mA AT BEAEY AR SRF AN PIEY R FHEMTDL 62
X o@E R it;éltt R P BAcA BEC P?f%"a\* Pék“*‘ﬂﬁ“ ‘Fbﬁ"iﬁ’”
BEC T & ARERE BN R PEE P REFFEFEY > RSP
* FPGA &K{'ig Bﬁfﬁ‘lﬁxp LA o gheh s A _'rhﬁ:tf*ﬁ < § 44t PYNQ-Zz iR
?L’iféﬁi%fﬁ%ﬁ—*&iuﬁm@ﬂ"ﬁﬁiﬁ ; éﬁ RN S TENEIE SRS
ARM Cortex- A9}%@I"' B4 % 2 fF”,ﬁcf K FPGA b/ 1 Ef_p,g“g_gci b s B UEIF (5
THRTRATL ﬁmﬁk‘g

3R EsEE

3.1. B3 Az
TR ATE A A0 B — MR A MR 36 B T D
MR ANZRBROE AR e IR R OR T B AR T A%
— A AP PR B TR RS G foppd i Bep o AT RT A
B o &% - 3A P 5 A * Pytorch L*T#— Dol R SR A o R I S EAN )
BB P s Yk~ BR A S RMEE i ~ B # & input £ output channel ¥
FooBR AT Y- BHCAIEFA MR T o AR Z N o SR B D UE PR
P Lo Ad e e > APKETTE
A ¢ P Sl 4oL~ E 1 % B (scale) ~ F Zh(zero-point) E E A 4R (TpFF
Lenddc TP RBHTFTPABEIRABND xtHHY 0 A 41 FPGA cfEE - &
FIAEE 0 APRERY L D E TR OO R e A A o T B A
Pig— X B RE AT AR o

ost-Training Quantization(PTQ)éﬁ“v SRR

- 1P



32 BHEARP AL E

3.2.1. % g2

fdh BB enRRA > AR * 7 torchvision #% B B R GE T AL 0 ¢ 5
oehd L WRmBFLE Y AP AFE P OLERGT ML A%ﬁ%‘f” A ey~ &
Feomp i REEWAIZ R EH LT EE transforms.Grayscale S5V o #TL 4 [R) fa 4
SARZERG TRl e ot > FBiEN S5 transforms.Resize((x, y))
PO d(X, y)id- TR s o] o R SR f‘g&é% Badp e o o de LeNet fi » B 5
28*28 fEl oo

3.2.2. #AIPIH S 143 N FE B

AR PE Y LA CNN A TS 54 0 Rie LR P mﬁ T»* E/RLE S
PRE B E IR SRR o 500 HHCR BT A RECT) el » A gL - B
loss function % % nn.CrossEntropyLoss » i% * torch.optim.Adam % & optimizer e
#EK B 5 batch size =32 ~ learning rate = 0.00001 > # ¥ 3% * early stop 7= ;% 5 2k 2%
FLERE

=

APEE B R L 0T B > & %] & LeNet ~ AlexNet ~ VGGI11 ~ VGG13 ~
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Table I: & {2l ® - H &gt B

Model DenseNet169 GoogleNet VGG19 VGGl1 MobileNetV1

Original accuracy 98.58% 98.44% 98.44% 97.30% 97.30%

Quantized accuracy 98.44% 98.01% 96.73% 97.02% 91.48%
# of parameters 12.5M 10.3M 139.5M 128.7M 3.2M

Model RestNet50 VGGI13 VGGI16 AlexNet LeNet

Original accuracy 97.16% 97.15% 97.02% 93.32% 80.68%

Quantized accuracy 96.45% 97.02% 96.88% 93.04% 80.54%
# of parameters 23.5M 128.9M 134.2M 58.1M 43k
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Table 3
Model # of parameters Original accuracy Quantized accuracy
VGG19 139.5M 98.44% 96.73%
VGGI16 134.2M 97.02% 96.88%
VGGI13 128.9M 97.15% 97.02%
VGGl1 128.7M 97.3% 97.02%
AlexNet 58.1M 93.32% 93.04%
RestNet50 23.5M 97.16% 96.45%
DenseNet169 12.5M 98.58% 98.44%
GoogleNet 10.3M 98.44% 98.01%
MobileNetV1 3.2M 97.3% 91.48%
LeNet 43k 80.68% 80.54%
Our Design(Custom) 7861 90.63% 90.48%
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M(
(features): Sequential(
(@): Conv2d(3, 6, kernel size=(3, 3), stride=(1, 1), padding=(1, 1))
(1): ReLU(inplace=True)
(2): maxPool2d(kernel size=2, stride=2, padding=0, dilation=1, ceil mode=False)
(3): Conv2d(6, 6, kernel size=(3, 3), stride=(1, 1), padding=(1, 1))
(4): ReLU(inplace=True)
(5): MaxPool2d(kernel size=2, stride=2, padding=e, dilation=1, ceil mode=False)
(6): Conv2d(6, 16, kernel size=(3, 3), stride=(1, 1), padding=(1, 1))
(7): ReLU(inplace=True)
(8): MaxPool2d(kernel size=2, stride=2, padding=e, dilation=1, ceil mode=False)
(9): Conv2d(16, 16, kernel size=(3, 3), stride=(1, 1), padding=(1, 1))
(18): ReLU(inplace=True)
(11): MaxPool2d(kernel size=2, stride=2, padding=0, dilation=1, ceil mode=False)
(12): conv2d(16, 16, kernel size=(3, 3), stride=(1, 1), padding=(1, 1))
(13): ReLU(inplace=True)
(14): MaxPool2d(kernel size=2, stride=2, padding=0, dilation=1, ceil mode=False)

(classifier): Sequential(
(@): Linear(in_features=64, out features=24, bias=True)
(1): ReLU(inplace=True)
(2): Dropout(p=0.5, inplace=False)
(3): Linear(in_features=24, out features=18, bias=True)
(4): ReLU(inplace=True)
(5): Dropout(p=0.5, inplace=False)
(6): Linear(in_features=10, out features=3, bias=True)
)
(quant): Quantstub()
(dequant): DeQuantstub()
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Dequantized_value

Quantized value = round ( -) + zero_point

scale

Dequantized value = ( Quantized value — zero_point ) * scale
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3.3.1. CNN_verionl
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i B module i & shr iy H3F 4% i » F| QuantizedConvReLU block =3 55 » 4 %]}
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4 FSM £241

d %% Linaer layer #2 Convolution layer & 5+ & 4pfp c(H=W =F=1 - input

channel = in_features > output_channel = numbers of filters = out features) » ¥ &_
Convolution #— B3] » #7120 AP EH B 2 f#ﬁ’ » #-fic 8 ¥ 59 QuantizeLinearReLU(...)
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3.3.1.4. QuantizedConvReLU Block Lo
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%ﬁ ¢ 3 B~— i pixel » 7R ‘i RFS =RF*PE Z & - PE*F*F*input_channel i cycle »
% RFs B~z =% > & % Cu(Covunit) § » |- # RF > d Cu § § # RF ¢ §r Filter ¢
gopixel @ % PE &7 % 4 > itk g8 8 7 & F*F*input channel cycle(i&{— ® RF 3
50 18 pixel » Fl i & =t ¥t— B pixel :FEH & - B cycle) ° &%éé JESN A N LR
H_pad * W_pad * Numbers_of Filters * (1/PE)  RFS> # ## % - Ef Rk = &
B erF ehcycle #c i T oA e 5N

(PE*F*F*input channel+F*F*input channel )*H pad*W pad*Numbers of Filters*(1/PE)

- REFERE > FAPSOPE=1F > T 140 § cycle = *iF 5 > PE=38
PF o B2 55 808 cycle i 22 o

(0,0,0) (0,1,0)

if padding ==p v cyclel: {U:D,U}_—-> Ei-‘}_'zero_pnim

c=3 c=3 cycle2: (0.1,0) > E¥zero_point
H=W=5 H=W=5+2°p 1—> :

cycled: (1,0,0) = E&zero_pint
cycla9: (1.1,0) > Eza
if padding == {howec) = (7,7,0) cycle10: {1,2,0) —= & +b

SE—EcycleBH—EEE - EEAERENIERE « Flillcycle1=(0,0,0) + FE cycle2ZE=(0,1,0)
EEEEES T ERApaddingEaiEiE - ETLIEREcycless + paddingEERREEE padding‘g (dequantized_value == 0}
&8 Hzero_point(quantized value) - EZ8|&# FIFOSEEEE  TiREIEEMNFEELE(FpaddingBa1)

Bz : padding B 4E R 12

RFs = PExRF

1% j VAT
FSM RF

T
mapping

Dataflow:. How picel in RF and filter is transmitted to the PE
Dataflow:
(1) Read input pixel from behavior SRAM a
ConvTop (2) Read filter from weight SRAM

(3) Read bias from bias SRAM - + Cycle 1: lemp1

(4) Read corresponding position in behavior RF S | o
Construct RFs and Filter ~ SRAMA1, weight SRAM and bias SRAM Cycle 2: temp2

RF, Filter / j \ \ Strategy: filter reuse /

(»Strategy output stationary _| 9
Fier LI temp = lemp1 + lemp2 +
i

: ConvTop i®* frig * 1 v% (Filter reuse / output stationary)
i ¥ % — B parameter PE » i B 4 ﬁﬂtﬁ* L H_ A AP R € 3 A B Processing
Unit » PE %87 [ dataflow « ¢ 7 > S8 A RND chd 50 R T 47 00 p 7105
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A 92k 3+ e QuantizedConvReLU block &_flexible » ¥ 12 i i FSM -2 % e P
¥ 2k QuantizedConvReLU block 7 H,W,C (input channel), K(output channel) sz e %
> I ® A e dataflow gaﬁ% FSM i chiicie 3 fe @ e > JEut 3ldp e oAl 4 > £
A gk > AP R KR p i< efficient processing of deep neural networks - a

tutorial and survey °

3.3.1.5. Maxpool Block
Maxpool Module 15 it & B~— B, % 38 (g4 §_2*%2 B pixel)® b~ & > F31] 5
% £ et e W F) Mux o ST R PR RUR 2 50 § 4 23U FSM > 3 FSM

it 9 PO edr ] o 82 QuantizedConvReLU - % » 2% i e12 Maxpool block e & &_
flexible 71> ¥ 12 ;ﬁ d FSM 2 & S ¥k & 4 114 e dataflow(B] = ) °

| —
Datafiow: . (1) When scale > 0 = MSB =0,
Maxpool E;; ngﬂ &";ﬂ,;ﬁ%ﬁenaworsmw guantized1 = quantized2 — dequantized1 > dequantized2
. A 2& (2) When scale < 0 = MSB = 1,
— onstruct pool (size 2°2) ks quantized1 > quantized2 — dequantized1 < dequantized2
2lco
I 7 (3)When scale==0=MSB=0or1,

FSM Comparator *| Function: Impossible

Find the biggest dequantized value for
dequantized = (quantized - ZF) * scale

] = : Maxpool &+t #. = ;% 4r dataflow 7 3¢

3.3.2. CNN_version2

z #7124 > CNN version2 m # #4 # * CNN versionl » # F § %] 5 A i L eh
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IP controller iz module J& _bramip ® 3 B~ 5 ~ 4;"’#)@ 'ﬂ"lﬁifﬁ v 3otk i.%? L d PS =
T ERYPLAEFHMDOEFSEPF] 0 { ) 7 2 %% CNN version3 siLp o

3.3.3. CNN_version3

F i - CNN _version2 3% = AXI4 IP(CNN 0) > I ¥ :® & 2 #=4]- B true dual
port block ram » ?X {5 PS #4 R 3% 3§ bram controller 2 47#] o § PS 2 g% A g #75
B 5 f‘ﬁu%\% ¥% % »~ true dual port block ram F¥ » PS “%‘T} € 3E start j£_0 % 1> "%gie:oB %
Z@ZT ¢ i 1§ AXI4 efh 2 18R] AXI4 IP (CNN _0) > CNN 0 ﬂ* € B 4o At i ek 1 o
pboeh s i A i AXT SmartConnection ip % 4 PS @8 & % bram controller &8 CNN_0 =»
start 3 5L o
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Frocesscr System Resat S |310] B f—
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procaseing_system? 0

CNMN_w 1.0 [Pre-Production)

DOR + > DOR
FIXED_IO + & ame e FIXED_IO
y . - LB 0 + ||
masLero_aclk 7NN, M_AN1GR) 4 ]

FOLK_CLKD =
FOLK_RESETD_ N &—

T¥NOT Proces=ng Sy=m . —_ i brarm_c
womag Sy=em e e xi_bram_cl_0

E 4 5w
= 5 i ack BRAM_PORTA 4 ||f—

 e—— ]

A3 BRAM Cantroller

Bl- : = & hblock diagram > & 7 PS #34r PL 33 3%4cim A3

3.3.4. Design On FPGA testing result

AR FPGA WK F i (753 > o 3oV ﬁv{PYNQ % 7 e FPGA »
Flet 2 G python 334 PS 4% PL %di%]z TR £ A PLEY 218 L
blk mem gen 0 iz 11; true dual port block ram i & ip # B~ 15‘.«%@”7;' o - £33 B
class > ¥/ 5 £ % = &k i > 4 w4 Healthy (i %) - Early blight (& % ic4&fs
¥ [7]) ~ Late blight (},g\; ﬂ’L _-T(:f?‘a;rjt Z)e

--- BRAM WR TEST --- --- BRAM WR TEST ---

Address: @, Data: 202 Address: @, Data: 205

Address: 1, Data: 2088 Address: 1, Data: 205

Address: 2, Data: 182 Address: 2, Data: 132

predicted right,Number_of_classes:2,class:1 wrong prediction

Already tested data:1l, Correct Prediction:1 Already tested data:9, Correct Prediction:8
--- BRAM WR TEST --- --- BRAM WK TE5T ---

Address: @, Data: 285 Address: @, Data: 174

Address: 1, Data: 285 Address: 1, Data: 214

Address: 2, Data: 117 Address: 2, Data: 76

predicted right,Number_of_classes:3,class:@ predicted right,Number_of_classes:3,class:1
Already tested data:2, Correct Prediction:2 Already tested data:18, Correct Prediction:9
=== BRAM WR TEST =--- -=-- BRAM WR TES5T ---

Address: @, Data: 255 Address: @, Data: 153

Address: 1, Data: 184 Address: 1, Data: 212

Address: 2, Data: @ Address: 2, Data: 205

predicted right,Number of classes:3,class:@ predicted right,Number_of_classes:3,class:1
Already tested data:3, Correct Prediction:3 Already tested data:11, Correct Prediction:1@
--- BRAM WR TEST --- --- BRAM WR TEST ---

Address: @, Data: 118 Address: @, Data: 165

Address: 1, Data: 217 Address: 1, Data: 213

Address: 2, Data: 229 Address: 2, Data: 126

predicted right,Number of classes:3,class:2 predicted right,Number_of_classes:3,class:1

Already tested data:4, Correct Prediction:4 Already tested data:12, Correct Prediction:11

B~ B9 2= S HECRRRIE FEprinleg & o o 4 AR R TR 4 B
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- BRAM WR TEST --- --- BRAM WR TEST ---

Address: @, Data: 255 Address: @, Data: 205

Address: 1, Data: 182 Address: 1, Data: 205

Address: 2, Data: @ Address: 2, Data: 118

P"Qﬂlciﬁf Pla”t,“fméfﬂ_ﬂf_<135599f3><}35559_rz predicted right,Number_of_classes:3,class:1

Already tested data:699, Correct Prediction:639 Already tested data:703, Correct Prediction:643
- BRAM WR TEST --- --- BRAM WR TEST ---

o . . 165
Address: @, Data: 165 Address: @, Data: 166

Address: 1, Data: 213
A : [ :
Address: 2, Data: 115 ddress: 1, Data: 212

: . Address: 2, Data: 145
predicted right,Number_of_classes:3,class:1 . N
Already tested data:70@, Correct Prediction:640 predicted right,Number_of_classes:3,class:1
_- BRAM WR TEST --- Already tested data:7@4, Correct Prediction:644

Address: @, Data: 194 Out Of Sample Accuracy = 91.47727272727273 %

Address: 1, Data: 205 Total:784, Correct Prediction:644

Address: 2, Data: 205

predicted right,Number_of_classes:3,class:1

Already tested data:701, Correct Prediction:641 Out of Sample accuracy: 91.48 %
- BRAM WR TEST ---

Address: @, Data: 19@

Address: 1, Data: 214

Address: 2, Data: @

predicted right,Number_of_classes:3,class:1

Already tested data:782, Correct Prediction:642

B4 : £ 7 704 £ outof sample data ;X § %42 3" R < data)
B A xF“ efY e B T RS HCA R B 91.48% e Fr

1y
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Deep Neural Networks: A Tutorial and Survey.
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Implementation of a Convolutional Neural Network on an FPGA using Verilog
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