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Fig. 1 Sample images from the plant disease dataset
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Fig. 3 Changes in layer-wise rank allocation tables of RegNetY and MobileNetV2 models during training
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Table 1 Comparison of the accuracy and the training parameters of AlexNet, MobileNetV2, RegNetY and ConvNeXt on each dataset

INAE I A e 5 R 4
Jissiil Full fine-tuning DRA Full fine-tuning DRA
mAP/% Parm/M mAP/% Avg_Parm/M mAP/% Parm/M mAP/% Avg_Parm/M
AlexNet 81.75 217.62 80.09 0.90 90.41 217.62 89.42 0.66
MobileNetV2 77.02 8.54 75.80 0.21 87.04 8.54 86.21 0.25
RegNetY 82.07 74.67 80.67 2.66 90.83 74.67 90.96 2.10
ConvNeXt 74.90 1290 72.13 16.17 86.89 1290 85.12 12.55

FK245H T RRA SRR AE M8 P 5 £ 4m 4E 1
IS ECE . T 3RRTES i R E Bt ARk
ELFE . DL ConvNeXt Wi, 7E/N2205 5 esE b,
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Table 2 Comparison of trainable parameter sizes during fine-tuning of AlexNet, MobileNetV2, RegNetY and ConvNeXt models

with the RRA strategy on various datasets

Bl g FEHY Epoch Parm/M Epoch Parm/M Epoch Parm/M Epoch Parm/M Epoch  Parm/M
AlexNet T, 135 T, 1.01 T, 0.76 T, 0.72 / /
Nizg  MobileNetv2 T, 0.33 T, 0.20 T, 0.19 T, 0.19 T, 0.19
BOERSE RegNety T, 3.56 T, 2.58 T, 2.54 T, 2.44 T, 231
ConvNeXt T, 19.62 T, 18.21 T, 16.71 T, 13.80 T, 1373
AlexNet T, 138 T, 0.62 T, 0.49 / / / /
Hi¥pp MobileNetV2 T, 0.27 T, 0.26 T, 0.25 T, 0.23 T, 0.23
R RegNety T, 3.64 T, 1.83 / / / / / /
ConvNeXt T 18.34 T 13.58 T 13.47 T 10.45 T 9.26
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Fig. 4 Comparison of validation accuracy for AlexNet and RegNetY models under DRA and LoRA fine-tuning
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Table 3 Performance comparison of DRA and LoRA fine-tun-

ing on various models

LoRA(R=4) LoRA(R=8) LoRA(R=16) DRA

LAY Parm/

P
mAP/% " mAP/% 1‘/}“/

P P
MAP/% 1‘;}“/ mAP/o LA

AlexNet  77.64 0.55 79.93 1.11 79.71 2.21 80.09 0.90

MobileNetV2 75.54 0.41 7551 0.83 7540 1.66 75.80 0.21
RegNetY  79.67 1.34 80.79 2.69 80.86 5.37 8091 2.66

ConvNeXt 70.26 6.29 71.42 12.57 72.64 25.14 72.13 16.17

BB AR BT 55 19 B TTRK , AT A AN [ F) A6 7Y

. HRBE LABAR A I 2 S 85 S AT M R

R4 TEaFpREHET AlexNet,MobileNetV2,RegNe-

tY #1 ConvNeXt B 7E/NEREHIRE LHIH RIS AR E

Table 4 Accuracy of ablation experiments on AlexNet, Mobile-
NetV2, RegNetY and ConvNeXt models under different

o and B weight combinations on wheat disease dataset

P %

" a=0, a=0.15, aa=0.20, a=025, a=1,
A

p=1 p=085 p=080 p=075 p=0

AlexNet 76.87 80.09 79.46 78.55 77.63
MobileNetV2  74.58 75.80 76.79 76.94 74.73
RegNetY 73.76 80.67 80.38 80.99 79.24
ConvNeXt 65.65 72.13 71.26 70.81 69.66

£R5 FEaFpINEHB T AlexNet,MobileNetvV2 RegNe-
tY #1 ConvNeXt B /NEREHEE LW EHSHE

Table 5 Trainable parameter count of AlexNet, MobileNetV2,

RegNetY and ConvNeXt models under different a and  weight

combinations on wheat disease dataset

B M
a5 e o oo
AlexNet 0.70 0.90 0.95 1.17 1.89
MobileNetV2 0.15 0.18 0.18 0.21 1.16
RegNetY 0.67 2.66 2.88 3.42 430

ConvNeXt 10.26 16.17 17.53 19.3 24.12
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Table 6 Accuracy of the ConvNeXt model with DRA method

in robustness test under four data perturbations

BT %
B 4 DRA Gaus.sian Random (;'olor Rand9m
noise crop jitter  rotation

Y ERIEE 8512 83.02 83.98  79.10  80.01
INERERRE 7213 68.93 67.80 7042  67.73

2.5 5 RBTATERIXTLL

T AT VEAG DRA J5 v 1A Rt K HAE R 2
ek R A, ARSI T IR R 4T DRA 5 ik
55 AdaLoRA il DyLoRA J7 i [F) X} L 3255 . AdaLo-
RA JriE R SVD 2804k, id i X >4 A Y
BIMESEATIEAS AT AL, DAAE ISR A 18 N 2 50m
. DyLoRA J7 i NGB SR HE LI Ay R 3G P, i i i
U ZRAE B 1A BB N 22 Fh Bk A0 2 A 3 PSR, AR
i T SRS AR AR AN (] %) B B 3R T SR B A T Bk
B o ASWEFE X Ak AT R B S I, FE
AlexNet fll RegNetY BAY, DL R A8 5 54 45 1,
MABTIPERE | YIS0 R B SR 006 1 4 A 13 %o a2
IR AT

SLIGAER KT, 5 AdaLoRA JT¥EXT L, TEFE
il S B AR A IS 50T, DRA J7 ik B9 R AR
7 Hi & T AdaLoRA. 411, 7E RegNetY BiAY |-,
DRA J5 75 /N2 3 5 B di 5 1 B HERf % 1L AdaLo-
RA = 0120 A 730 8, TEAR YR 800 4 i
0.55 1 47 & . DyLoRA ik M (A T HAEHE 1)
R, RSB T, DRA J5 kM GE AR
F DyLoRA. filfn, 7& AlexNet#i%! |-, DRA J5i%k
FE/INZ 90 R A T A TR R L DyLoRA = i1 1.38
ANES R, TR ESEE EE i 13910 E

IR




Vol. 8, No. 1

SRR A AR R R AR B AR A T 49

%7 DRA.AdalLoRA #1DyLoRA 75k M iE 6 5 S H
Bttt
Table 7 Comparison of fine-tuning performance and parameter
budget among DRA, AdaLoRA, and DyLoRA methods

A AN IR R R AR (ERUPER G S
et Tk

Avg Parm/M mAP/% Avg_Parm/M mAP/%

DRA 0.90 80.09 0.66 89.42

AdaLoRA 0.90 79.95 0.66 88.65

AlexNet DyLoRA 1.35 80.16 0.99 89.25

DyLoRA 0.90 78.71 0.66 88.03

DyLoRA 0.45 76.88 0.33 86.57

DRA 2.66 80.67 2.10 90.96

AdaLoRA 2.66 80.55 2.10 90.41

RegNetY DyLoRA 3.99 80.81 3.15 90.75

DyLoRA 2.66 79.83 2.10 90.02

DyLoRA 1.33 78.52 1.05 88.94
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Fig. 5 Comparison of validation set accuracy peaks and training time among DRA, AdaLoRA, and DyLoRA methods
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Low-rank Adaptation Method for Fine-tuning Plant Disease
Recognition Models
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Abstract: [Objective] When deep learning is applied to plant disease recognition tasks, model fine-tuning faces significant challenges,

including limited computational resources and high parameter update overhead. Although traditional low-rank adaptation (LoRA)

methods effectively reduce parameter overhead, their strategy of assigning a uniform, fixed rank to all layers often overlooks the vary-

ing importance of different layers. This approach may still lead to constrained optimization in critical layers or resource waste in less

significant ones. To address this limitation, a dynamic rank allocation (DRA) algorithm is proposed in this research. The DRA algo-

rithm is designed to evaluate and adjust the required parameter resources for each layer during training, enhance the accuracy of plant

disease classification models while more efficiently balancing computational resources. [Methods] Public datasets of the Wheat Plant
Diseases Dataset and the Plants Disease Dataset were utilized in the experiments. The Wheat Plant Diseases Dataset comprised 13 104
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images covering 15 types of wheat diseases such as black rust and fusarium head blight, while the Plants Disease Dataset included
37 505 images of 26 types of plant diseases such as algal leaf spot, corn rust, and bacterial spot of tomato. These datasets were cap-
tured under varied lighting, different backgrounds, diverse angles, and at various stages of plant growth. A cross-layer feature similari-
ty metric based on centred kernel alignment (CKA) was introduced to quantify the representational correlation between different lay-
ers. Concurrently, a correction factor was constructed based on gradient information and activation intensity to measure the direct im-
pact of each layer on the loss function. These two metrics were then fused using a weighted harmonic mean to generate a comprehen-
sive importance score, which was subsequently used for the initial rank allocation. Furthermore, considering the effect of feature repre-
sentation changes during training, a stability-triggered adaptive rank update strategy rank re-allocation (RRA) was proposed. This
strategy monitored the average parameter change of the low-rank adapters during the training process to determine the convergence
state. When this change fell below a specific threshold, the low-rank matrices were merged into the original weights, and the rank allo-
cation table was then re-calculated and updated. This process ensured that more resources were allocated to critical layers, thereby
achieving an optimized allocation of parameter resources across different layers. [Results and Discussions] Tests on four models
(AlexNet, MobileNetV2, RegNetY, and ConvNeXt) indicated that, compared to full-parameter fine-tuning, the proposed method re-
duced resource consumption to 0.42%, 2.46%, 3.56%, and 1.25%, respectively, while maintaining a comparable average accuracy.
The RRA strategy demonstrated continuous parameter optimization throughout the model's training. On the ConvNeXt model, the
trainable parameters on the plants disease dataset were progressively reduced from 18.34 to 9.26 M, a reduction of nearly 50%. In
comparison with the standard LoRA method (R=16), the method reduced the accuracy by 0.38, 0.40 and 0.05 percentage points on the
wheat plant diseases dataset for AlexNet, MobileNetV2, and RegNetY, respectively, while resource consumption was reduced by
59.3%, 87.4% and 50.5%. Robustness was tested by applying perturbations to the test set, including Gaussian noise, random cropping,
color jitter, and random rotation. The results showed that the model was most affected by color jitter and random rotation on the Plants
Disease Dataset, with accuracy decreasing by 6.02 and 5.11 percentage points, respectively. On the wheat plant diseases dataset, the
model was more sensitive to random cropping and random rotation, with accuracy decreasing by 4.33 and 4.40 percentage points, re-
spectively; the overall performance degradation remained within an acceptable range. When compared to other advanced low-rank
methods such as AdaLoRA and DyLoRA under the same parameter budget, the DRA method exhibited higher accuracy. On the Reg-
NetY model, the DRA method achieved an accuracy of 90.96% on the Plants Disease Dataset, which was 0.55 percentage points high-
er than AdaLoRA and 0.94 percentage points higher than DyLoRA. In terms of training efficiency on the Plants Disease Dataset, the
DRA method required 43.5 minutes to reach its peak validation accuracy of 89.84%, whereas AdaLoRA required 52.3 minutes, repre-
senting a training time increase of approximately 20.23%. Regarding inference flexibility, the DyLoRA method was designed to gener-
ate a universal model capable of adapting to multiple rank configurations after a single training run, allowing for dynamic rank switch-
ing during inference based on hardware or latency requirements. The DRA method, however, did not possess this inference-time flexi-
bility. It was focused on converging to a single, high-performance rank configuration for a specific task during the training phase.
[Conclusions] The low-rank adaptive fine-tuning method proposed in this research significantly reduced the number of model training
parameters while ensuring plant disease recognition accuracy. Compared to traditional fixed-rank LoRA and other advanced low-rank
optimization methods, it demonstrated distinct advantages, providing an effective pathway for efficient model deployment on resource-
constrained devices.
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