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Fig.2 Data collection and pre-processing
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i hr, YOLO B8 R 45 4 A\ BIHE R/ R 256%256, {HaE
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FRAE AT oA IS, P A& J2 (PR AGE P oW 52 380 AN [
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S X5k R s AR Y 2 X g . T DLW 22 B B 2
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KRN ERT RMaE. ey S E, X2
IR A i 2 I 2 o ) 1 2 R RE U B B B R AR AE . A
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a. Workflow for extracting features to identify wheat spikes
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Prediction using
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Conv 4. Conv 12,
Conv 5 2C 6032‘/66;511% Conv 13
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R AR R Conv 0+ Conv 2.
i Conv 3
{ Input feature matrix Z%grxl\éols LA OO
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b. MobileNetV2-YOLOVARFIE SR o0 2% k4 4241 4
b. Detailed network architecture for extracting features using MobileNetV2-YOLOV4

E: Conv WEMZ, HFHFARMEHIZ.

Note: Conv stands for the convolutional layer and the digit stands for the number of layers in the network.

B 3 MobileNetV2-YOLOV4 4 AEFR FUAAZ BARRI A 2R 2w i
Fig.3 MobileNetV2-YOLOV4 feature extraction workflow and detailed network architecture
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RGN 32 R0 B D FLUE R IR R
AFKH 7T —F 8 fmA TR IEM R 4a A @
K 32 i RO B ACAEUNOALTE, AR
B JFREA /N 14, IR0 RN N IEE AN E &2
53 9 Ve EAEE A0S R L

1.2.4 233 B3R L Aot ik 2

7£ Windows 10 ##{E R4t F TR HE RGN T K, %
IR IEAFE Java Development Kit (JDK) . Android
Studio 1 Android SDK (Software Development Kit, 9.0
WA 3 ANFEESSY. FFRES N Java fEiE s, ENHL
AR, U T 3 MR E R R R T D K
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RGwHEE 5 DUyRegEY EEIRI. BUR AL,
LIk AN 1 ol i = S VR

1) BB T 22 5L AR o0 /N 22 7k J2
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4) FEFAA AR R R0 31 1) 22 AN O AL R 1) B
[ LE T Lo e, JF P Z2 AR A, 7 (58 F 6k
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(ARSI R IE B Fe . IR YQ-M A7 1 Al ik
fbvkor IASEAY ()3 1, D7 A N S S I AR A

5) PrE TN AR B A 22 XK g
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HET (/N 22 I 3 BB A /N2 d b, AR D AR R H5ORT T
WL AR, A5 RS IS RS W) ) F) 22 RO 2 2R

AN FE AR, R AT AR B . IR B A
W=t E o m A= (D Fir.
Y=5-G-W-Cx10? (D

b v A NERLHR R, kg/m?®s S A R
(Bm® G ABERIEG WO TRT R, g CHRESR
e, BRAE AN P X RIS B IR i, T 80%
F 90%2 ],
125 mLBApEHEEs

YQ-M BAFINA I /N 22 77 B e | 3R 1) 1 s e
FET SQLite KRR EEHRFH K. ZEIREHR 51
R akt. R EWEE. EWTN g RAH P S
B fHEGEEREFEHEERERT, KR 4 MERRIL
KM AT A S R . B RS YO-M 19,
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T T A F . YQ-M B T SQL (Structured
Query Language) P4l FER 5, WRI5/N3E 5 R w53k
WS MR 2R E, HEdARX (D HERALN
NG XTIE RTINS R, P AR i
A SRR A E .
1.2.6 +FH4647

AT TR (Precision) « P8 i
(Average precision, AP) . H[H[Z (Recall) Ml F1 534
4 MBI RIFN AR ARG L

2 HRESN

2.1 EEENFEE M,

AW T A AT A A N AR A 1 s 22 AR B AR D R
8, SAENRE LIFERE . BRE, TR HE
A FLAS55 4 N8RS U SRR I TN AE 5 2 S (1) LU AR
NEGEE, FEGEEREN 05 F4T, RAEHERN
84.43%. HIFE N 91.05%. AP N 91.96%. F1 43%7 0.88
(B 4>, RFBAEE R RAEM NN ERFRI
RUF, BerEH MIREE N XA F N2 SR e S AL A
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1.0 1.0
= P _
208 3 08
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Fig.4 The accuracy of wheat spike number detection and model
evaluation indices under different confidence levels
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9T VASAN IR R 2 I B AL B2 0 1 s b 2 R A
TR, ARWFFILIEEL T Single Shot MultiBox Detector
(SSD) B Faster Regions-based CNN (Faster -RCNN)
USIyof  RE B PR AR AT U 5. b SSD R E 2% H FrHE T
I, Faster-RCNN o215 B WUEHE, 2 J5IESEAT 7 A ]
H, XFAE PRI T T B AR KR
FiBEE 5 MobileNetV2-YOLOV4 #H4T Tt S, # 15
HT 3 MBI PP S50 T, 3 FR TR0 22 AR A
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Table 1 Prediction results of three deep learning models based on
the wheat spike datasets
Tiik R HEZE  CFERSHE F1 9%
Methods Precision/%  Recall/% AP/% Fl-score
MobileNetV2-YOLOV4 84.43 91.05 91.96 0.88
SSD 86.26 59.22 74.60 0.73
Faster-RCNN 75.66 79.06 74.00 0.77
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Table 2 The performance comparison of three quantized and

unquantized detection models using the same wheat spike dataset
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8 A B Y
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Combining lightweight wheat spikes detecting model and offline Android
software development for in-field wheat yield prediction

Chen Jiawei'?, Li Qing®, Tan Qiaoxing’, Gui Shiquan', Wang Xiao®, Yi Fujin®, Jiang Dong?, Zhou Ji***

(1. Academy for Advanced Interdisciplinary Studies/Plant Phenomics Research Center/Jiangsu Collaborative Innovation Center for Modern
Crop Production co-sponsored by Province and Ministry, Nanjing Agricultural University, Nanjing 210095, China; 2. College of
Engineering, Nanjing Agricultural University, Nanjing 210095, China; 3. College of Agriculture, Nanjing Agricultural University, Nanjing
210095, China; 4. College of Economics and Management, Nanjing Agricultural University, Nanjing 210095, China; 5. Data
Sciences/Cambridge Crop Research/National Institute of Agricultural Botany, Cambridge CB3 OLE, UK)

Abstract: The number of spikes per unit area is a key yield component for cereal crops such as wheat, which is popularly used
in wheat research for crop improvement. With the fast maturity of smartphone imaging hardware and recent advances in image
processing and lightweight deep learning techniques, it is possible to acquire high-resolution images using a smartphone
camera, followed by the analysis of wheat spikes per unit area through pre-trained artificial intelligence algorithms. Then, by
combining detected spike number with variety-based spikelet number and grain weight, it is feasible to carry out a near
real-time estimation of yield potential for a given wheat variety in the field. This Al-driven approach becomes more powerful
when a range of varieties are included in the training datasets, enabling an effective and valuable approach for yield-related
studies in breeding, cultivation, and agricultural production. In this study, we present a novel smartphone-based software
application that combines smartphone imaging, lightweight and embedded deep learning, with yield prediction algorithms and
applied the software to wheat cultivation experiments. This open-source Android application is called YieldQuant-Mobile
(YQ-M), which was developed to measure a key yield trait (i.e. spikes per unit area) and then estimate yield based on the trait.
Through YQ-M and smartphones, we standardized the in-field imaging of wheat plots, streamlined the detection of spikes per
unit area and the prediction of yield, without a prerequisite of in-field WiFi or mobile network. In this article, we introduce the
YQ-M in detail, including: 1) the data acquisition designed to standardize the collection of wheat images from an overhead
perspective using Android smartphones; 2) the data pre-processing of the acquired image to reduce the computational time for
image analysis; 3) the extraction of wheat spike features through deep learning (i.e. YOLOV4) and transfer learning; 4) the
application of TensorFlow.lite to transform the trained model into a lightweight MobileNetV2-YOLOV4 model, so that wheat
spike detection can be operated on an Android smartphone; 5) finally, the establishment of a mobile phone database to
incorporate historic datasets of key yield components collected from different wheat varieties into YQ-M using Android SDK
and SQLite. Additionally, to ensure that our work could reach the broader research community, we developed a Graphical User
Interface (GUI) for YQ-M, which contains: 1) the spike detection module that identifies the number of wheat spikes from a
smartphone image; 2) the yield prediction module that invokes near real-time yield prediction using detected spike numbers
and related parameters such as wheat varieties, place of production, accumulated temperature, and unit area. During our
research, we have tested YQ-M with 80 representative varieties (240 1 m” plots, three replicates) selected from the main wheat
producing areas in China. The computed accuracy, recall, average accuracy, and F1-score for the learning model are 84.43%,
91.05%, 91.96%, and 0.88, respectively. The coefficient of determination between YQ-M predicted yield values and
post-harvest manual yield measurement is 0.839 (n=80 varieties, P<0.05; Root Mean Square Error=17.641 g/mz). The results
suggest that YQ-M presented here has a high accuracy in the detection of wheat spikes per unit area and can produce a
consistent yield prediction for the selected wheat varieties under complex field conditions. Furthermore, YQ-M can be easily
accessed and expanded to incorporate new varieties and crop species, indicating the usability and extendibility of the software
application. Hence, we believe that YQ-M is likely to provide a step change in our abilities to analyze yield-related
components for different wheat varieties, a low-cost, accessible, and reliable approach that can contribute to smart breeding,
cultivation and, potentially, agricultural production.

Keywords: models; algorithm; yields; lightweight deep learning; wheat spike detection; Android system development; wheat



