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Fig.1 Typical image samples at different ground sampling
distances
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£ WIEE LIRS, Wk 1.
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Table 1 UAYV aerial image dataset
HuTHR AL R

. . o bRERCE
I = 3t
itk Ground sampling distance/ @\ﬂ.i it Number of
Dataset 20 Number of images Total .
(em-B &™) annotations
. - 0.22 393
U”%% 0.38 213 703 2749
Train set
0.53 97
e 0.22 46
ZIA"IE% 0.38 31 88 305
alse 0.53 11
ST 0.22 51
M
’T}“‘f% 0.38 25 88 336
estse 0.53 12
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GSD=0.53 cm/f& 3 [ BUE AR E w VA B0, B
FE— 0 KAT 3R BCE KA A HAE B, (B 3L BT A
I HERAF AT H AR RAE R T R R B W R D
H T B B AR G oK R 45 A B H BRI
LG SO, SO S 2R B AR IR A X S
FERFIERI SR EL, MR B R O BBk, ASHIE
FOIN T P B @ R R 4h UGS AT TAL B, DA
S THa N HE 1072 (R 4015 ik g

HLHHE 5> ¥E % (super-resolution, SR) 57k % 3 T 4
EEGR R, HEES R TP, R E S
ARANNT o AT L SIME, ESRGANPY 5] N A ikt 1t
2% (generative adversarial network, GAN) #EZ2, JEiT
SN 5 0 U 254 B BE RSOl 5 ) R . (HHAT
BT LR, HAEACFR S A FUSTIR AN RS2 RR
EAEER . MeE . RIS B BRI, K
SCK FH E S 588 23 W R A O BTN 4% (real enhanced
super-resolution generative adversarial network, Real-
ESRGAN) PUAE Sy 8 43 9 % & 4 #% 0 5 %, Real-
ESRGAN & — M [f] ] B S 37 55 ) B R BORE 70 1 % 7 vk
H 45 & 5% % % £ (residual in residual dense blocks,
RRDBs) L5 U-Net F10l &5, 79K 5 i A4 5 1 [
A MR O 52, T SN B S AIK 23 3% 20 R Y e o
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Real-ESRGAN SCHEx2 UM (B 2), fEfiNIE
A ESRGAN E T M 44 /i, 5| A\ Pixel Unshuffle £ {f >
ot N G BEAT TIAR B, %45 A 38 ik 2% 8] 3 HE R BRI
RGN 172, FINE@EERY R ERN 4 65, 3T
W25 [ K 358 73 B AR SRR R AR 25 18] b 52 A, 3 35 0k
/b GPU A7 5 FH 5B A . A2 s 32 F >R H RRDB
45K, RRDBEI £ EikESHEEEBENRERIT,
T RAEMZRE Z R R ) S EAR IR SCR. N T R
GAN VI Zxrh 8 DL i B Btk SR N2 01, 7650 51 88
RSN TSP E A S B AT AR, AR
FT R 5 A0 LM 2 (R AR R AT A

Upsampling

K
RRDB
Block

¥E: Pixel Unshuffle {5 3= R HE 51 /E L ; Conv % F1Z; RRDB
Block N5k % A 5k 2 4B, Upsampling y_FRERAREL

Note: Pixel Unshuffle denotes the pixel unshuffle operation module; Conv
denotes the convolution layer; RRDB Block denotes the Residual-in-Residual
Dense Block; Upsampling denotes the upsampling module.

B 2 Real-ESRGAN #4551 ik Ay
Fig.2 Architecture of the Real-ESRGAN super-resolution
reconstruction algorithm

AW TSI GSD A 0.53 em/M% % 10 AHLIE G it 4T
Real-ESRGAN A5, EHRRSTH 800x650 &4 1 600
x1300 183, SEOLT A (A4 MR IGaE . 7R AN AT
B H KR 0 A BRIZM4T, BRIGILME R
KRAEGAE, EUE KB R NI RERE 2 £,
R GSD H5E X, %F M FI GSD yi /N M KR — 2, Rl
GSD=0.26 cm/f§ & (K 3),

BE 5, e i EAG 5 %9 o 3 800
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GSD=0.26 cm/R R B MR E IR, 2SS
JR UG R AER) GSD=0.22. 0.38 1 0.53 cm/{% & & — Al
TR S o dr, BAREE R 2k 2 frw.
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b. Real-ESRGAN2{# i 4 €] {5
b. Real-ESRGAN 2x reconstructed image

a. JEIR 15

a. Original image

B 3 Real-ESRGAN Z i ZH 4715 H 4
Fig.3 Real-ESRGAN reconstructed high-resolution image
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Table 2  Statistics of the super-resolution reconstructed dataset

4 SRPFER B s EHR
Dataset Ground sampling distance/ Number of images Number of
(em- 4 E™ & annotations

glIESS
l)rl[ 1}% 0.26 363 682

rain
IGIE4E

val 0.26 39 64
kg

Test 0.26 41 87
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1.2.1 AL
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N R RO LE MRS ) @, 7F YOLOvVS m
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NP B JIHLH] Ccoordinated attention, CA) P, &
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AR 551 S R B, SR A R A
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7F Neck #4381 N BiFPN, 38 i AU R[] il & L 3 4L
R ERIE DG B EAN, BRI TR 2 R H s
LRI IERE . BJETEIRA 3 NI Sk () SR A —
NIRRT S, /N REE B RSN RE 71, LA
DIRKE RS I A . BT IR g ok, A SR
CBP-YOLO %8 (& 4),

N Shortcut=Ture Shortcut=Ture

LN |
Input image Conv Conv Conv Bbox
r=tuca ooy k=3 s=1 k=3 s=1 k=1 s=1 Loss
'k a0
i ¥ o
RS C C C cl

A onv onv onv s

3 k=3 s=1 k=3 s=1 k=1s5=1 Loss
Detect

VSR e Rl

[ C2E.CA ]——»[BiFPNConcatz
A

v UpSmaple
[ cof ]—

Conv
k=3 s=2

BiFPNConcat3

BiFPNConcatZ]
'y

UpSmaple

Detect

a
)
Ing
Q
>

Conv
[ =5 5 [ ] ]—
[ C2f-CA BiFPNConcatz] CM

A4
Conv
k=3 s=2

BiFPNConcat2

Coordinate
attention

[ SPPF ]—»[Upsamplin]; c2f

Detect ]

C2f-CA

e kA RBBZEIRT . s AP C2E-CA Al ABRTE R I RIS I BEAR 73 BEFAR ;. SPPF DA fRIE = i) T B AL i, BiFPNConcat2 S X )RRk <6 5 15 il
R 2 C2f J9BSHY B/ HEHE AR :  BiFPNConcat3 XU RFIL G 7 BB B S =25 Detect J9AdlIsk; Bbox Loss JiU A HEH%; Cls Loss 973

HA5i%k; Shortcut NBRPERE; Split MAFAES> #I31E; Concat NRFEHFHAERIE.

Note: k and s are the kernel size and stride, respectively; C2f-CA is the cross stage partial module with coordinate attention; SPPF is the spatial pyramid pooling fast
module; BiFPNConcat2 is the second-level bidirectional feature pyramid fusion module; C2f is the cross stage partial module; BiFPNConcat3 is the third-level
bidirectional feature pyramid fusion module; Detect is the detection head; Bbox Loss is the bounding box regression loss; Cls Loss is the classification loss; Shortcut is
the skip connection; Split is the feature splitting operation; and Concat is the feature concatenation operation.

B 4 CBP-YOLO #%! 454
Fig.4 CBP-YOLO model structure
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NG AARERIIE R WAFHER RS Oxaxw, FE7K
T AR EL5 R BEAT AR R S, AR AL ES B
I Al A RE AR o 123 R 7 ) A e 2 A 5 B2 4 P2 o R I
BEAT OIS, AR AL AR 2 A0 2 sk (6) A
D Pom.e %75 sAEE e BEERAE (R 47 23 18] € 1L
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l Intput

| Residual

—

X Avg Pool ‘ Y Avg Pool

! }

‘ Concat+Conv2d

}

‘ BatchNorm+Non-linear

' )
Conv2d Conv2d

v

‘ Sigmoid ‘ Sigmoid
} Re-weight
l Ontput

VE: Residual AFEZEEEEL; X Avg Pool 4 X Ji A4 R F¥iifk; ¥ Avg
Pool N Y5 M 4= J7 V- ¥t 4k ; Concat+Conv2d Ny ¥t 5 5 — 4k & 1 ;
BatchNorm+Non-linear At T — b 5 AE LR LG ; Conv2d N 4B E;
Sigmoid NHEIEREL; Re-weight i iE HhrE .
Note: Residual is the residual connection module; X Avg Pool is the global
average pooling along the X-axis; ¥ Avg Pool is the global average pooling along
the Y-axis; Concat+Conv2d is the concatenation and 2D convolution operation;
BatchNorm+Non-linear is the batch normalization and non-linear activation

operation; Conv2d is the 2D convolution layer; Sigmoid is the activation
function; and Re-weight is the channel re-weighting operation.

B 5 CAZEIHIAELEM

Fig.5 CA Attention mechanism module structure
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Ve i j) = x. (i, )~ ge (D) 82 (j) an

Ky, NDFRREIT CA FEE I INBUS i i Ff1E B TE
J) BRI s x. (0, )RR ANFHEEITE (00 ) AEBIRHAELE
gh (RN gr ()53 A 2R 7R TE 1y FE A58 & 7 1) 26 i RN
AN B R IRE
1.2.3 BiFPN §4

AR BERAEANFRE FRE T 4 MRk,
O AR 160%160x64. 80x80x128. 40x40%x256 Fl 20x
20x512 WIFFAER,  DAIERTE ANLENE H B As R 2% 55 2
FH R R KRR 4 7 8 M 4% (feature pyramid
network, FPN) 26 5 497 ] T 2% fift B X5 R A1 2 L 4 7
MEARRST B BAL, Bd@aKEMTS
R OCRRAE, R E AR X 2 RS B 1R AE G
77. YOLOV8 #& AR H b6 42 B A M 4% (path aggregation
network, PANet) "), GEUSHH KA A |2 2% (1) RFAE AR 3k 5
JREERL A . PANet SEHL T 85 REAS B0EH:, #2717

SEANF S B AR RE R (B 6a), HH 3 BAK K E
AT 5 EEE S R, A MRAIR . Nt
SR AN [ R B bR 2 A IRFIEAS B RE /T, AWFFAE Neck
A3 51 NN RFE 4 75 P48 (Bi-directional feature
pyramid network, BiIFPN) ¥ JE47 B iE Rl & . BiFPN %
XA R i+, I 51 N ] 2 STRUCE X AN [F) R RRE
TENZWTT, ISR 8 G B S E4TE B E
MEkE (Bl eb), Hit&EIEm (12) Fiw.

E w.- P,

_ j J J

l_Z
wi+ €
j J

KPP | ERERRHER: PN j 210 N E
B w, 9%t P A AR B AT 25 SR s €2 D e R & i
NS (8

P (12)

P2 P2
P3 P3
P4 P4
P5 PS5
a. PANet b. BiFPN

i P2 RRSA 160x160x16 FIRFER]: P32 Ry 80x80%128 HIRFIE K
P4 J& U 40x40%256 [FARFIEIRT: PS /& U2 20x20x512 (AL
Note: P2 is a feature map with a size of 160x160x16; P3 is a feature map with a
size of 80x80x128; P4 is a feature map with a size of 40x40x256; PS5 is a feature
map with a size of 20x20x512.

B 6 PANet F= BiFPN #4945 4E W %45 )
Fig.6 Feature network architecture of FPN and BiFPN

124 & B ARG LT A&

T NI AR AE AR F GSD K (1) H b5 R~F 2 F 4%
Ko JRIAREAAT 3 Mk P3 AR SLFZEUR <f 80x80x
128 B3R JZFFEE, P4 ol Sk 42 HUR ST 40x40%x256 (1)
JERHEE], PSR SL SR BUR SF O 20x20%512 [ 2 FFAE
. /NH bR s s = SRS FAFAE, 7E Backbone 4%
2R R RAES R, AW Lk, Rl aE sz 3
M. R ERHE B B A RS R AR NRZ Y, THIE
AN ERREEI . PR A IUEE 17, 7E Neck #r36m T R
SPN 160x160%64 1) P2 /N HARKL ISk, 1240 Sk w4 il
X T 640x640 EfG H 4x4 14 RIEZ BN B (B 7).

. g
160%160x64 Lo i o
i ~

80x80x128

40x40%256

20%20%512

B 7 kel B AR L FER
Fig.7 Schematic diagram of adding a small target detection head
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Ground truth
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Detection results

b. 0.38 cm- {2 %
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1E GSD 5 0.22. 0.38 1 0.53 c/ & Z 1 E1E Fid 47 T
Yk, %% GSD /KPR SRR 25 3 L3R 3,

# 3 CBP-YOLO fREZEA[E] GSD Elf& L ILE
Table 3 Detection results of CBP-YOLO model for different GSD
images

GSD/ K% HARE AP@O.5/ F1 3%
(em 5% ") Precision/% Recall/% %2 AP@0.5:0.95/% Fl-socre/%
0.22 69.2 72.8 74.5 43.1 70.9
0.38 78.5 70.5 79.8 44.4 74.3
0.53 57.0 54.8 56.8 31.5 55.9
0.26 68.2 61.2 64.1 358 64.5

W AP@O.5 NZEHE LAY 0.5 W T IRERE . AP@0.5:0.95 A7 H: B
M0.5F 095 GEKA 0.05) I iKFIIHEL

Note: AP@O0.5 is the average precision when the IoU threshold is 0.5;
AP@0.5:0.95 is the average precision when the IoU thresholds ranges from 0.5 to
0.95 with a step size of 0.05.

£ GSD=0.38 cm/f& R I ¥t b, ARG fe e de
MR, F O brss b FEm K, Hd AP@O0.5 Fl Fl1-
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Yo S R RIA R I 2 WA B T A MCE . K 8
7~ TARBYLEAN R GSD H Bl RO B, T b S B0 4
15 X ) 45 F REE S SO R AE, XAREE T R IR L
FIAE R, R AR R B R R 41 R R AR A S A BRI
7% [B) 45 455 K AT HERR ) 51

T AOHERORITSIARANE, ORI IAE B NER NI B CHERN R

Note:The red boxes are the ground truth bounding boxes; the blue boxes are the model predicted bounding boxes; the yellow boxes are the missed detections; the pink

boxes are the false detections.

B8 A F GSD g & T ALt bt

Fig.8 Visualization comparison of detection results under different GSD
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Table 4 Ablation experiments of different modules %

. R BEE F1 7%

CA P2 BiFPN [ Recall AP@O0.5 AP@0.5:0.95 ) -
x x 714 69.2 731 415 69.9
voox x 68.5 70.38 74.1 417 69.4
x A x 71.0 71.8 75.4 42.6 71.4
x o x R 75.5 70.4 73.8 419 72.9
NN x 713 72.9 75.7 42.9 72.1
x A N 69.8 72.0 75.5 2.4 70.9
v v 69.2 70.0 73.9 42.0 69.6
NN \ 74.7 72.4 76.5 432 735

VT ORISR, )7 FRARIEAT .

Note: “V” is the added module, and “x” is no modification.
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a. Original image
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Fig.9 Detection results of YOLOv8 m and CBP-YOLOVS
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Table 5 Comparison of detection results of different

YOLO models %

il i Pl F1 533

Model Precision  Recall AP@0.5  AP@0.5:0.95 F1-socre
YOLOV8 m 71.4 69.2 73.1 41.5 69.9
YOLOV9 m 66.3 67.9 66.4 34.8 67.1
YOLOvVIO m 67.7 65.6 69.3 37.7 66.6
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Faster R-CNN 65.1 62.3 67.2 355 63.7
RetinaNet 58.8 66.1 58.6 32.7 62.2
CBP-YOLO 74.7 72.4 76.5 432 73.5
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Detecting Spodoptera frugiperda infestation traces in maize fields using
CBP-YOLO

QI Jiangtao’*? , WANG Shuo’?*? , XIONG Yuesong** , GAO Fangfang’*? , WANG Faying"** ,
ZOU Zongfeng* , LIU Yingzhi* , LIU Huili****

(1. Key Laboratory of Bionic Engineering, Ministry of Education, Jilin University, Changchun 130022, China; 2. College of Biological and
Agricultural Engineering, Jilin University, Changchun 130022, China; 3. Key Laboratory of Smart Agricultural Equipment and Technology
of Jilin Provincial, Changchun 130022, China; 4. Yantai Agricultural Technology Extension Center, Yantai 264001, China)

Abstract: Fall armyworm (Spodoptera frugiperda) is one of the most serious pests in maize fields. It is often required to early
and accurately detect its infestation for timely and effective pest prevention using unmanned aerial vehicle (UAV) imagery.
However, reliable detection has been confined to the challenges: 1) The small and subtle feeding marks caused by the larvae,
leading difficult to identify at high altitudes. 2) Consistent recognition has been limited to significant variations in object scale
at different flight heights. 3) The accurate detection has also been limited to the low contrast between damaged leaf tissue and
surrounding healthy foliage, especially under the different lighting and environmental conditions in fields. Collectively,
advanced computer vision is necessary to robustly identify early signs of infestation at diverse scales under complex
backgrounds. In this study, a robust deep learning model was developed to reliably identify the subtle infestation traces in multi-
scale UAV images. A detection architecture, termed coordinated-BiFPN-P2-YOLO (CBP-YOLO), was also proposed using
YOLOVS. Real-enhanced super-resolution generative adversarial network (Real-ESRGAN) was applied as a preprocessing step
to reduce image degradation from low ground sampling distance. High-fidelity textures of leaf damage were reconstructed from
original low-resolution inputs. The backbone of YOLOvVS was enhanced with the Coordinated attention (CA) mechanism.
Spatial and channel-wise features were captured to improve the localization and discrimination of minute lesions. Furthermore,
the neck component was upgraded with a Bi-directional feature pyramid network (BiFPN) for the highly efficient top-down and
bottom-up cross-scale feature fusion. Information loss was minimized for consistent representation during hierarchical
propagation at different scales. In addition, a detection head was added to specifically strengthen sensitivity to small targets,
particularly at a 160%160 spatial resolution with 64-channel output. The improved model was trained and then evaluated on the
custom UAV dataset, which was collected from maize fields naturally infested by fall armyworm under diverse lighting
conditions and flight heights. Extensive experiments demonstrated that the CBP-YOLO achieved a peak performance on the
imagery with a ground sampling distance (GSD) of 0.38 cm per pixel. Real-ESRGAN significantly alleviated texture blurring
and edge ambiguity in low-resolution images, leading to better delineation of feeding scars. Ablation studies were conducted to
evaluate the effectiveness of the improved model. There was an outstanding performance on the UAV multi-scale blade dataset.
Specifically, there was an average precision (AP@0.5) of 76.5%, which increased by 3.4 percentage points, compared with the
baseline model. The robustness and practical applicability of the improved model were obtained in the blades of varying scales
during aerial inspection. A comparison showed that the CBP-YOLO outperformed state-of-the-art detectors— including
YOLOV9 medium, YOLOv10 medium, YOLOvll medium, Faster region-based convolutional neural network, and
RetinaNet—by margins of 10.1, 7.2, 5.1, 9.3, and 17.9 percentage points in AP@0.5, respectively. Notably, the high precision
was also maintained under varying illumination and partial occlusion, indicating strong generalization in agricultural
environments. The improved CBP-YOLO framework effectively detected subtle, multi-scale fall armyworm infestation signals
during UAV monitoring. Superior accuracy and robustness of the improved model were achieved to synergistically combine
super-resolution enhancement, attention-aware feature extraction, fine-grained detection heads, and bidirectional multi-scale
fusion. These findings can also provide a practical and scalable solution for early pest outbreak detection, thereby enabling
timely intervention to reduce the crop losses in large-scale maize production.

Keywords: unmanned aerial vehicle(UAV); deep learning; YOLOVS; Spodoptera frugiperda; smart agriculture; maize leaves
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