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i (Params). 5 f (GFLOPs), Hi P, RiTH

JrinAast (1) Fast (12) Fis.
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P=1pFp (1)
TP
R*TP+FN (12)

A TPR/REIES], J& 0 IEREAS B IE A iR
BIEREAR RSB FPRARBIER], J& h fkEAR
BRI N IEAEAR ARG N FOR ], 2
N IEREAB R TUREAS B

F, (F\-Score) J&7rAE55 i I 25 5 1A
fabn, HOESCh PS5 REVHAFE% BTSN
A (13) PR,

P X R
PiR (13)

SRS BE AP &t PRI RIFES RN, HiE X
Ry 2K P-R MR R R AR, T AR
FZEHSE YRR, HHE AR (14) FoR,

F,=2 X

AP:fP(R)d(R) (14)

ERLIERE b, AR5 R B mAP E MR T
MFEHR, mAP FoRXFE s 4 v T A 250 1 AP HUF-
¥y, Hatg s (15) fFiw.

mAP = z’k‘AP" (15)

A kR BARZEEEL
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MR, AR B S S 8 — 8 &4 F
DL RT-DETR b FEZE A Y T eyl il 52 46:, B85 A

RGCSPELAN #iHt . DRFD | R FE#EHt M Focaler-
CloU #it 2k pR&L, RI0ZE KWK 2 iR,

%2 CM-DETRAZZEHAILIGLER
Table 2 Ablation study results of the CM-DETR model

RT-DETR RGCSPELAN DRFD Focaler-CloU P/%  R/%  F/% mAP50/% mAP50~95/% Z%rE/M I E/GFLOPs Miz/(Ii/s)

N x x x 795 745 769 77.1 493 19.9 57.0 773

N N x x 814 753 782 78.2 50.3 13.8 445 83.8

N x N x 833 746 787 77.8 493 19.6 56.5 75.9

N x x N 802 768 785 78.9 498 19.9 57.0 76.4

N N N x 822 766 793 78.8 49 4 13.6 44.0 83.3

N N x N 798 777 787 79.7 50.1 13.8 445 87.6

N x N N 797 749 7712 783 49.9 19.6 56.5 74.6

N N N N 821 774 797 80.8 51.1 13.6 44.0 83.6
T VIURMZEE <R R %

FH 2R 2 AT, AR B R PE fE  AE AN [
BIE 3T, B %6, 51 A RGCSPELAN#RHLS, #H
IR P, R. mAP50 Fl mAP50~95 43 427} T 1.9,
8. LIFILOANAS AL, [RIBFHBIAL A S0 F A
B9 F BT 307%. 21.9%., % % B RGCS-
PELAN i i+ 38 i 1] 4315 RepConv 1] # S50 fb 2544,
T 25 R AT R A % B (7% [R) IR 34588 T ) 3 s #5544
TRFIE R ZRIRHE T, T U TH X A6 B 5 L4
W% /INRGE L g2 S AR B AR AR

FEUC LA [, #F—20 5] A DRFD T RA B
Je, BAIE P R, mAPS0 Al mAP50~95 4352 T

727,21, 1.7, 014 A% 4, DRFDE £ it
FAT T RAESEEAMEAL R, 7R R 2S (8] 20 PR Y

(] IR 5 R R BB 45 A 15 Mﬁﬁi‘ﬁ*%*”fﬁﬁ
N F 55 T X AL B AR RRIE R IR

TE bR g ke el it 1 Sl 5| A Focaler-CloU #
%lzl’ﬁl I AR mAPS0 B E 2 T 3.7 N H
S, AR PRBIGE L 0 R E AR AS BT A T A A 9
ﬂi‘J, s Ak i BT A AN A BR B S A, AR BT A

AT, TEMIEZ AT B BT 55 A 2 Tt
T A [T RS S RS

LiA MR, R 3RO AL — R AR
RUPEfE B AL, AH L T 485 A8 RT-DETR 1) P. R,
mAP50 Fl mAP50~95 73 il #£ 7+ 1 2.6, 2.9, 3.7 fll
18N A, BRI SHE AT RS FRET
31.7% M122.8%. 1%, CM-DETR 7EAGINAEE 51t
FRCRIT IR I B E, B i A e A
A6 R INAT: 55 A 35k

3.2 AEIEFTMERIXTLL

5 RGCSPELAN T R 45 (9 5 #E , BRI
LR A REFYEN E T ML, Wk TF3C5% (Con-
text Guided) %% . L F 05| 522 FEIE 4 75
2% (Context-Guided Residual Feature Pyramid Net-
work, CGRFPN) ' 45 32 - [ 2% HE A7 X He ik 4
AR S HI R 8, HBUER ALY 35$[_J
% , L mAPS0., mAP50~95. Z % & I i %
(Frames Per Second, FPS) ZE{E NI 184n, &
R L R WK 3 PR,

#®3 RT-DETREZZVEH AR EFTWEMITLLIXIELE R
Table 3 Results of RT-DETR comparison experiment with different backbone networks

Y P/% R/% mAP50/%  mAP50~95/% SHE/M $H448/GFLOPs %/ (/s )
RT-DETR (baseline) 79.5 74.5 77.1 493 19.9 57.0 42.8
+RGCSPELAN 81.4 75.3 78.2 50.3 13.8 44.5 52.8
+EMBSFPN 81.6 72.7 76.6 492 17.9 48.6 33.9
+PACAPN 81.1 75.1 76.4 48.9 19.9 38.8 38.8
+Context Guided 80.1 73.7 77.1 48.7 16.5 47.6 43.7
+CGRFPN 81.7 75.2 76.0 48.9 19.2 48.2 41.0
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M3 TH, BIARNEETME G, FLpii
RS IORG B A T3 T, I H IR B ) S 55 AR
ik, Hrh, RH RGCSPELANYE R F TR, %
TR bR T o B, S W RT-DETR Y P, R,
mAP50., mAP50~95 il FPS 43 % ik | 81.4%.
75.3%. 78.2%. 50.3%. 52.8Mi/s. iRELE L LM,
5| ARGCSPELAN £ T W% )5, 7EMRISHRE B
AL 30.7% Y [RIBF, (B PR 1.9 1A 43 41,
mAP50 Fl mAP50~95 73 5l #2 F+ 17 1.1 F1 1.0 4> [ 43
A R AR T T 10Ws, 3% 3T R ARG T
B 5 4 Ry T P R B

Zg EFRk, 51 ARGCSPELAN :TM%)5, 1E
P R A A AR ARG IR JE 174 ) ot A T AL (1 2
i, RGCSPELAN A5 i o A5 Ak A AiF 3 iU =X,
RESSAT R BEAR AL P 4005 REAE 538 O XA A A
AP RIS . i —25% &5 RGCSPELAN R
O SE R 53 LU S8 o e T IR W] 43 BB R4 K
SRRy SCEAE A B, DA TS R B AR AR
TG I BT . 7 RGCSPELAN i fi
3T W2 1 hik 1, XN R o BOE #EF T H it
¥, ERME 4R,

% 4 RGCSPELAN #&5k i 7R [E38 8 %1 45 L 1) a BUE i 33 L

Table 4 Comparison of different channel partitioning ratio a
values in the RGCSPELAN module

o UE Pl% R/% F./% mAP50/% mAP50~95/%

0.250 81.5 76.7 79.0 79.4 49.9
0.375 80.9 75.6 78.2 78.1 48.7
0.500 82.1 71.4 79.7 80.8 51.1
0.625 80.2 75.7 77.9 80.2 50.6
0.750 79.5 75.1 77.2 78.5 49.5

IR EE LW, 24 a=0.500 I A5 1 75 44 35 45 b
AL, Horh mAP50 Al mAP50~95 43 Bl
£ 80.8% 1 51.1% X J& A a3k /N2 BRI R B2 ]
A3 B By 3O 2 1) R S0 S R A A R HRE
715 T et ResEmm a3 bk, Wl EEs
TG BAGEBACE , I FBRHETCAR I T R AR 2
B, M a=0.500 0, PIZor L AEFRIERILBE T 5
TR 4 22 0] S8 e A P4, AU B B 78 404l 3K
FRAE AR AL S0 22 5, SOPR IR A i i BLAS0OR o
H, AW e & 3% Fl RGCSPELAN 1 oy 3= 1
g, IR A R S L] o 8 %E R 0.500, DA
RCRFNRHE IR BE ST

3.3 NEIHRR FHAIXTLL

AHWFFEAE R AY CM-DETR #5 &1 Hh 5] A Focaler-
CloU E Ay s i [ml 5 451 2 e Kl , LA $id T35 2L 9 e 8¢
R S ARIORE B, Sy TSR A S, ST LA
RT-DETR AN FEAAIR , Xof L T 2 3200 S % I
KA ATERER L, 4145 CloU. DIoU. GloU,
L KT 1] /s H AR B9 & A0 2K B BUNWD - (Nor-
malized Wasserstein Distance) . Slide Loss, Shape-
IoU (Shape-Aware Intersection over Union) . Focal-
er-CloU 5 - i 451 2% R B30 i) A B Wi SO 100 2 P BE XS
LS R AN 7 Js

A - ;Ecu

—— Slide
—=- Shape

Loss value

0 15 30 45 60 75 90 105 120 135 150
Training epochs

B 7 ARFE AN BT P R B4R k3 A o AT A
Fig. 7 Comparison of loss function curves in cotton maturity

detection research

IG5 R B, R H Focaler-CloU it 2% bR %X
Ja, ALY Ghad A KB BRI SGE E, B
WS A58 S (AR T AT HE i o FE ARG A 1
Ifi, Focaler-CloU # kb 3 It & il 41 2% pR %R CloU |
DIoU Al GIoU (H: mAP50 435 4 79.4% . 78.9% Al
78.4%), MARFT 14 L9244 EHSL 5
LR/ B bR By 45K R NWD ., Slide Loss #l
Shape-IoU ( H: mAP50 43 5|}y 78.0%. 77.2% Fi
78.2%) AHLL, ArildETH T 2.8, 3.6 fl2.6 1A 4
S 22 Rk, Focaler-CloU ANYA R e 1 4% Al
PSR B, i T T RIRS B, O HAE/NE
st BRI AEE LG PERE . /X Focaler-Cl-
oU i 2k R T e B i fL %, (R PRS2 3
Rz, N T #E—2 4k Focaler-CloU $51 2k PR Y
PEREIT 2 B S EO0W B AR, ARt —2
XTEEZ 8 d 5 u AR BUE 46 217 X0 il g
R NFK S PIR .

R IG 45 R FEIH , Focaler-CloU #6125 #8511 P fiE
ZHRES IS u BUERE W, mESHA, 7E
ANEBEHET, M d=0.50, u=0.601, K
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%5 Focaler-CloU &R RE B{ESH d. uBHERIXT EL
Table 5 Comparison of different values of threshold parameters
d and u in the Focaler-CloU module

AUl uMUfE  P/%  RI%  F/% mAP50/% mAP50~95/%

0.20 0.90 80.8 76.0 78.3 79.9 50.2
0.25 0.70 81.7 75.6 78.5 719 48.7
0.40 0.85 80.2 72.6 76.2 76.1 48.2
0.55 0.75 82.3 73.4 77.6 78.5 49.2
0.30 0.80 77.4 713 74.2 74.6 47.4
0.50 0.60 82.1 77.4 79.7 80.8 51.1

AR AL PERE . H mAPS0 Fl mAP50~95 43 5l ik 5]
80.8%. 51.1%, [RIASOR-4F 82.1% HUKG B - H1 77.4%
B A [, FIZ S B B iR 5124k fE )
KB T R, A2 T, HALS B RAEA B
Tebr ERIRE (A1d=0.55, u=0.75 A58 K
82.3%), HEZERMEREA NSRBI E . AT
BIES BN RS, W B S B0 B M RE 14 14
ML, A Focaler-CloU 45 2% pR R 1) 90 i 15 5 $RE 1k
WA

i Lk, FEMR AR 2R K R AT 55,
Focaler-CloU & ¥ K 413 Mk o T X AN ] A
W B H bR ROEE AR b SOl P & S 5 AR 0L, 1k
PR G S om Ak s BT EFEAS AL, B TR
/N B M 5B 2k s RN RS 1, DT A A A A
B0 5 H R e s PR AR AL vl S B S
3.4 AEIMEBEEEXTLE

7 2 B CM-DETR 55 0 75 45 46 i 20 3
RrAT 55 B MERE, AT 0K 5 2R SR A
RUSEAT O iR, A0 BB Bl 2%« eait 2o MRl
f£E DINO (DETR with Improved deNoising anchOr
boxes) , YOLO % %l B YOLOv5Sm, YOLOv8m,
YOLOv10m, LA K 3T DETR 2244 () RT-DETR #
R, T AR TR B R AH R 25 S 5000 BT AT
4 — {1/ AdamW AL AR (WI4H5 2] #£0.001, FUEE
K 0.0001, zhiE0.9), ki 1504, HLabF
KN 16, H A KSR S 640X 640, I FH— )
BRI SR . X H s 4k SR 6 TR .

R6 IRIEBFERNGTR DA EERE ISR

Table 6 Detection experimental results of different models in cotton maturity detection research

i PI% RI% F,/% mAP50/% mAP50~95/% ZHE/M THHE/GFLOPs
DINO 822 69.1 75.1 77.9 48.0 46.8 268.2
YOLOvSm 79.4 71.1 75.0 78.7 50.5 22.1 64.0
YOLOv8m 76.7 73.2 74.9 77.6 48.6 25.9 79.3
YOLOvI0m 75.1 73.7 74.3 78.0 50.0 153 58.9
RT-DETR 79.5 74.5 76.9 77.1 49.3 19.9 57.0
CM-DETR 82.1 774 79.7 80.8 51.1 13.6 44.0

M6 A, it )59 CM-DETR A 1 P
R. mAP50 Fl mAP50~95 73 %] Ky 82.1% . 77.4%.
80.8% F151.1%, FEARAEFTAF iR, 5 DINO
BEAUA L, A AR (14 S 5t RIS DN S8 32 7 B
i F DINO B &Y 5 2t i i) CM-DETR £ 78 4] He F
YOLOvSm 5, PFIR 7 #2727 6.3 4
4y ; AHEET YOLOv8m, YOLOv1Om, ik fsisy
PRI R, XN HAR PN B ERf . 5 DI-
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DETR FE/ERAIAH H, CM-DETR #551 fi) mAP50 43
WIHE T 29, 2.1, 32, 2.8 3.7 A 4 A
mAP50~95 /3 Bl 7 3.1, 0.6, 2.5, 1.1 A 1.8
B e ML mEEAL, CM-DETR A4 [ 7
ST E R MBS EGE B 44 GFLOPs fl113.6 M, 5
DINO. YOLOv5m., YOLOv8m. YOLOvI1Om A

RT-DETR FL&IAH [, CM-DETR 5 85 fi4 333 & 43 1)
B AR T 83.6%. 31.3%. 44.5%. 25.3% #il 22.8%;
SRR AL 70.9% . 38.5%. 47.5%. 11.1% Fll
31.7%. H1IATHT, CM-DETR B8 HAT Bl (A6 I
R R B ] B B AR T A () 115 S B

BT LB IF CM-DETR B 75 K 46 1 2
R AT 55 v X &2 2% e K U MR RE AR 5 3k B
DINO. YOLOv8m. YOLOvIOm. Xt i £ 5 RT-
DETR, VA Mok 9 CM-DETR #588 , %f HiAE /)
Hir 5 sl s T BRI 25 a7 ] AL XT Ee
M, SERANE 8 BN .

AT AL S R AE H, R EM R,
DINO. YOLOv8m. YOLOv10m ¥ 3t s #6: 1% 1%
P T AR AT A A9 7™ B 3 Y DL S (a5 AR AL
SR LB AT, JCUE T AR AL Y
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¢. YOLOvV8m d. YOLOv10m e. RT-DETR f. CM-DETR

a. R A
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B8 R EEA JEAR A A%, 3 B A 45 R 64 VT AL 3T Hb

Fig. 8 Visualization of detection results of different models in cotton maturity detection
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e R UM R AR S, i — DU AR R b 3N H
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TEAWT G $2E H 19 ik () CM-DETR A7 5 HoAth
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R B AS DRI R AR AR AR AR AL, IRl A
SERRAEER RGO H ok . Zead et s A B vT LAGE
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K RE BRI SRR AR T 52 2 7 Sopa il i 72
O RS . SRR R, SR UE T e SRR
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3.5 HRTE R E R o A
3.5.1 MBIERERHE LA MERERTLE

SRR GRS T AEAS [7] B o B R PR S e ) 22
S, TG IE gk 5 A % CM-DETR 7646 I GE )7 1l
MR, AT R XA AL ) A A BE R (FE

T MRAEAEI . LSRN MR A A
B, AT T R A AP (R IS, U
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Table 7 Comparison results of AP for different maturity categories

in cotton maturity detection research

P kR RT-DETR gt J§ CM-DETR

ﬁ@gﬁﬁ TR T

AP50/%  AP50~95/%  AP50/%  AP50~95/%

ix 44.4 59.8 47.4 63.3
FRAEAE 62.4 78.6 64.8 83.3
R 62.2 80.5 62.4 81.8
ZURIEA 61.8 783 70.0 86.7
JRARR I 70.8 85.8 70.6 86.6

RIS 45 R E I, CM-DETR H55 # 7F A 7] 1 24
PR RS IUAS BE R AT BT B T (BR LA 1), o2
AR AP50 F1 AP50~95 73 B2 T+ T 8.2 F18.4 4
T, MAEAEI ) AP5S0 FII AP50~95 23 2 7+ T
24 FATAAE ST, X RGP SO R T R
T H A AL B A B B AE A FI e s AEFE IR
AP50 Fl AP50~95 43l & F+ 1 3.0 FI1 3.5 A 43 5,
UG IR G T /INRSE B AR D T B T R ) 8
AR B W 2k 3 )5 i AP50~95 )42 T3 B Focaler-
CloU A & Ak T i i FEAS (9 [rlAA T, $27F T
IFHE R 8 DT AG B, (AR R S (A ME BB R R R

gi Lrid, St E AR CM-DETR 7E A 46 4L
TR LR AR I A R IORG B TP T e, RIS
A FAE TS HA AR IORS B A — 2 2T, R
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Fig. 9 Thermal map analysis of cotton detection before and
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Cotton Maturity Detection Algorithm Based on
Improved RT-DETR

SHI Qimeng, WANG Jun’, XU Xiaofeng, ZHANG Weiyi

(School of Computer and Information Science, Anhui Polytechnic University, Wuhu 241000, China )

Abstract: [Objective] Cotton maturity assessment is a vital task in precision agriculture, playing a crucial role in supporting timely irri-
gation, fertilization, and harvesting decisions. However, traditional monitoring approaches are time-consuming and labor-intensive,
and current deep learning-based models often struggle to effectively recognize cotton bolls at varying maturity stages, especially in
complex field environments with dense foliage, occlusion, and illumination changes. To address these challenges, a high-accuracy and
lightweight computer vision model was proposed for cotton maturity detection. [Methods] An enhanced detection framework named
cotton maturity-detection transformer (CM-DETR) was proposed, based on an improved real-time detection transformer (RT-DETR)
architecture. CM-DETR incorporated three core architectural innovations that significantly improved both detection accuracy and
computational efficiency. First, to construct a lightweight and efficient backbone, a novel feature extraction module named Re-parame-
terized Group Convolution Spatial Enhancement Lightweight Attention Network (RGCSPELAN) was introduced. This module inte-
grated Progressive Convolution, which captured hierarchical and local contextual features, with Re-parameterized Convolution (Rep-
Conv), which reduced computational complexity during inference by transforming multi-branch structures into a single-path represen-
tation. The combination effectively enhanced the model's feature representation capabilities and gradient propagation while minimiz-
ing the number of parameters and FLOPs. Furthermore, RGCSPELAN was designed with a scalable architecture, allowing its compu-
tational capacity to be adjusted via a scaling factor. This ensured compatibility with both small and large models, facilitating flexible
deployment across resource-constrained edge devices and high-performance systems alike. Second, to address the issue of small target
feature loss, a new module termed Deep Robust Feature Downsampling (DRFD) was proposed. DRFD employed a multi-scale feature
fusion strategy by integrating multiple downsampling branches (e.g., convolutional, cut-based, and max-pooling pathways). This de-
sign enabled the model to retain fine-grained spatial details while expanding its receptive field. Third, the original loss function in RT-
DETR was replaced with Focaler-CloU, and an adaptive regression optimization strategy integrating sample reweighting and geomet-
ric constraints was implemented to improve bounding box localization under complex conditions. [Results and Discussions] Experimen-
tal results demonstrated that CM-DETR achieved mAP50 and mAP50~95 scores of 80.8% and 51.1%, respectively, outperforming the
baseline model by 3.7 and 1.8 percentage points. Meanwhile, CM-DETR reduced the parameter count and computational cost by
31.7% and 22.8%, respectively, indicating a favorable trade-off between detection accuracy and model efficiency. The incorporation
of the DRFD module enhanced the model's sensitivity to small and subtly distinct features related to cotton maturity, improved robust-
ness under diverse field conditions, and enabled more precise detection of cotton bolls at different growth stages. Moreover, the opti-
mized regression strategy contributed to more stable bounding box prediction performance in scenarios involving occlusion, scale vari-
ation, and dense foliage. Overall, the proposed architectural improvements effectively strengthened feature representation capability
while maintaining lightweight characteristics, thereby demonstrating practical applicability in real-time agricultural environments.
[Conclusions] The proposed CM-DETR model provides an efficient and scalable solution for automated cotton maturity detection. By
enhancing multi-stage feature recognition, improving small-target sensitivity, and reducing the demand on computational resources,
CM-DETR serves as a reliable tool for intelligent decision-making in precision agriculture. Its practical deployment can support more
accurate timing for irrigation, fertilization, and harvesting, thereby contributing to improved crop management and yield optimization.
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