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Fig. 1 Augmentation examples of the apple disease dataset
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Fig. 2 EGA-DETR model network architecture

BB 2R 3X BRI 1A 1 X1 B B8 R HE AR
5 240 SR 28 Concat #RPEPHZ S, Bl 1X1
LA 58 B T R 19 BB AR IE . XS5
AR 50 %0 By A 1B AT 25 AR 1A, FL A 1A
&3 | i LRIV s s S U 5 A7 i . RepConv
TEN Ry B DL 2205 S 85 f 4 THRRIE R 3k, HE BRI B
3 ZH G AN 40 0 SO R D TE N 3
JIHE R4 A AT T R AR ST RE T .

RepConv

B3 RGLAN#EHRZEHE

Fig. 3 Structure diagram of the RGLAN module
1.4 ¥JE BiFPN-GLSA

BEXT 22 ROBE H AR I mb R AR 2 AR A 58 70 19 18]
L, A ST | BIFPNY b 8 8 sk 22 R RE REAE il
HEZE , BIFPN Z5H9 Q1A 4 s . 40 il ) S 1L 48
FRAE & PR AR BRI IR 1, S BB 70 PR UAE
B G116 . BIFPNER 10U S m i A1 TTR
T [ AR B 22 A 03 B3 2 G BB A% B B
e AT T B8 AR R B R B s R BT, AR ]
b ERAR RS RS R B R BAL o TERHIEREG R
T, BIFPN #4224 Rl 5 s R AT 27 >0 A 2 iy
SREANE S 1 S N TR 1PN s T Vi e
B, o 10 2% B A AR I A RURE 4R 1k 1Y o kR 2 A
Fill 5 4 R | G2 A S AR R AE LR B ™ AR 3 SO e
IAE A Ry S A 2 Jm B SO 1 2 [ S B A 3 Rz
A

P7

B4 BIFPN#REHE
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Table 1 Experimental environment for model training
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i Programming language Python 3.8.0
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Table 3 Comparison of different feature fusion methods
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Fig. 8 Comparison of different loss functions
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Table 4 Comparison of EGA-DETR with six models
WA SR RT-DETR-
ﬁmﬁ B . EGA-DETR RT-DETR-X  RT-DETR-50  YOLOv7  YOLOvSL  YOLOv1IX
Evaluation metrics 34
Wit/ % Precision 91.8 90.7 89.6 89.4 80.6 84.9 89.2
M2/ % Recall 88.9 85.9 82.6 84.7 79.6 79.9 78.8
mAP,/ % 92.1 90.6 90.8 89.3 87.3 91.0 88.7
I B /(T /s) FPS 120 110 105 101 91 112 113
mAP,,../ % 61.8 58.5 58.1 57.1 55.5 58.9 56.3
SR (X 10°) Parameters 11.8 31.4 67.4 36.6 36.5 43.7 56.2
TFIBE /(107 s
f{ ()fﬁug/ (10°s) 36.1 90.6 108 134 105 160 190
Urs

RT-DETR-50 YOLOvI1X

YOLOvVSL YOLOv7

23 (0 7 HEAR 2 1E 5 R 00 5 200 €6 D7 AE AR e U A 5 #E (0 T HE AR R A5 K . The green box represents correct detection; the red box represents

missed detection; and the blue box represents false detection.

9 AREEENERFERN LSRR
Fig.9 Comparison of detection results of different models
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SRy 5 iE A5 A aE AR B Y BT R, X RT-DETR-18
FeLR AT 3 W 4 . (A) RGLAN ##t BasicBlock;
(B) BiFPN-GLSA # # Jit 4 Neck; (C) Inner-
Shape-ToU &4t GloU ., &R gmhg| A K HE5IA
I 25 RN 5 TR

PR AGE R B R RGLAN(+A) ) & % 5
b R R A BRI T 1.3 F 40 05, B 80 i 19.8 <
10° & 2= 13.0X10%, FLOPs i 56.9 < 10° [ % 44.5X
107, HEBE R fh 117 i/s $27F 2 122 Wi/s. BiFPN-
GLSA(+B) M ERFIE LA K6 R 5E T 0.9 H 43 5,
HEGRET 12 H 58, S8 =B E 17.7X10°%,
FLOPs [ % 49.1 107, {H 4 Hl 3 B /Mg R [ = 115
it /s (52 XL ] R AE AR 46 7 ok 1 8 AT B R AR 52 ) )
Inner-Shape-ToU (+C ) N HBUE P 28 2548 , (S Hfedhi 2%

PREL, R S 80 [FLOPs BRI /N 5 2k — 3
3 T A P A A AR T R A R 90.800 L A ] R
87.0% .mAP;, 91.2%

MR 2 A 25 R BoR , A+ B A AR AL 17
BN SRR R 11.8}X10°, #5848 [ Ik 40.4% .
FLOPs F#Z 36.1 X107, 5L F#AIK 36.6 Y0 AR K /)N
JE4E % 22.9 MB, B L B8 40.7 %0 A+C A A 7N
JEE 7 10 B I AE R R 91.0%0 A [FIR 87.4 94 J 4k oy
BHETE 2.7 M 2.0 F 20 S BHC B K R THIE A
B, L9 P 32 1 25 111 o /s

SRS B A+ B4 C 7R 7 i bR B2
RPN A LA IR 91.8%0 . A 1K 88.9% .mAP;,
92.1%, [A ik 4k F5 11.8 X 10° B 1 22.9 MB 5 1 k
ANDA K120 Mot/s ROHESL RS . LR A+B 5 A+B+
C 1922 5% 0] WL, Inner-Shape-ToU £ AN 34 AT ] 115
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Table 5 Ablation study comparison of different methods
Jik 1‘%%%}/% HmE/ % mAP./% AR/ St (X 10°) éﬁéﬁﬁg/ $1§ﬁ/J\/MB
Method Precision Recall (i /s) FPS Params (10°s") FLOPs ~ Weight size

RT-DETR-18 88.3 85.4 90.6 117 19.8 56.9 38.6
RT-DETR-18+A 89.6 86.2 90.9 122 13.0 44.5 27.3
RT-DETR-18+B 89.2 86.6 90.4 115 17.7 49.1 34.3
RT-DETR-18+C 90.8 87.0 91.2 116 19.8 56.9 38.6
RT-DETR-18+A+B 90.7 87.6 91.1 120 11.8 36.1 22.9
RT-DETR-18+A+C 91.0 87.4 91.3 121 13.0 44.5 27.3
RT-DETR-18+B+C 89.7 86.9 90.8 111 17.7 49.1 34.3
RT-DETR-18+A+B+C 91.8 88.9 92.1 120 11.8 36.1 22.9

1 A 28 I RGLAN £ ## BasicBlock ; B #78 I BIFPN-GLSA #4514 Neck ; C 278 ] Inner-Shape-ToU #4t GloU, w5 br ikl
Note: A indicates replacing BasicBlock with RGLAN; B indicates replacing the original Neck with BiIFPN-GLSA; C indicates replacing
GIoU with Inner-Shape-IoU. The best metrics are in bold.

TR AT N — PR T T RHEE N, S
RGLAN f4RE B 4 & BIFPN-GLSA #Y £ ] EE fil 5
T RE T AR o A TR AIR ST A A H O FRAE £ HL

UM L, A 5T SR A B A SIS S Wl it B R
(gradient-weighted class activation mapping++
Grad-CAM-+ ) PO R 75 1 40 A AT AT Ak 43
Br, 25 A 10 s . 328 RT-DETR-18 193406 X

27 S

Original image

RT-DETR-18

WA R 4318, X e BRE DX 8K A i R i RS AR 5 B A
RGLAN & , & X 3 1) H AR BENCSL; i — 22 51 A
BiIFPN-GLSA 7 , 5 5 31 2 1 A 8 DX 3l [w] B 7 A i
Wi 107, R B XSL [ R I A% 3 5 4 sy - Jmy S v D P
SEREAS AL A+B 4 C Y e B0 DX I8 5 90 50 5 P o =
B B SRy 6 AN H U AR5 B0 1) 5 o7 e A, 53R 5
F mAPs, M 90.6% TH2 92.1% 1Y & B 45 R —2.

RT-DETR-18+A

10 Grad-CAM++#7
Fig. 10 Grad-CAM++ heatmap
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Apple disease detection algorithm based on improved RT-DETR

XIAO Yongshuai, CHEN Ruobing, SHI Lei,ZHENG Guang, YIN Fei

College of Information and Management Science ,Henan Agricultural University , Zhengzhou 450046 , China

Abstract To address the challenges of strong background interference , difficulty in recognizing multi-
scale lesions, and the need for lightweight deployment in apple disease detection within complex orchard en-
vironments, an improved lightweight apple disease detection model named EGA-DETR was proposed
based on RT-DETR. The model was enhanced in three key aspects. First, an RGLLAN lightweight feature
aggregation module was designed to reduce redundant computations and enhance feature representation
through feature splitting and re-parameterized convolution. Second , a BIFPN-GLSA multi-scale feature fu-
sion module was developed to improve the representation of lesions at various scales via bidirectional fea-
ture transmission and a global - local self-attention mechanism. Third, an Inner-Shape-IoU loss function
was introduced to improve model’ s localization accuracy for irregularly shaped lesion targets. Experimental
results showed that EGA-DETR achieved 91.8% precision, 88.9% recall, and 92.1% mAP;, on the apple
disease dataset , with improvements of 3.5, 3.5, and 1.5 percentage points over the baseline RT-DETR-18,
respectively. Meanwhile , the number of model parameters was reduced to 11.8>10°, which is 40.4% fewer
than that of the baseline model, and the inference speed reached 120 frames per second. In summary, the
EGA-DETR model achieved a favorable balance between detection accuracy and computational efficiency ,
providing robust technical support for accurate and real-time apple disease detection.

Keywords apple disease detection; RT-DETR; lightweight feature aggregation; bidirectional fea-

ture pyramid network ; global-local self-attention ; Inner-Shape-IoU
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