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Abstract

Early and accurate detection of crop diseases is essential
for sustainable agriculture and global food security, par-
ticularly in regions constrained by limited computational
and data resources. While deep neural networks (DNNs)
have achieved near-perfect accuracy on datasets such as
PlantVillage, their deployment in real-world agricultural
settings remains challenging due to high data demands and
resource-intensive inference.

In this paper, we present a unified and deployable frame-
work that systematically addresses these challenges through
three integrated components: (i) Coreset Selection, employ-
ing random, margin-based, and forgetting-based strategies
to construct compact training subsets with as little as 5% of
the original data; (ii) Resolution Scaling, exploring down-
sampled image resolutions of 128×128, 64×64, and 32×32
to reduce computational complexity; and (iii) Model Com-
pression, integrating fixed-bit quantization (8-, 4-, 2-, and
1-bit), adaptive quantization, fixed pruning at various spar-
sity levels, and adaptive pruning.

Comprehensive experiments on the PlantVillage dataset
using ResNet18, GoogleNet, EfficientNet-B0, MobileNetV2,
and SqueezeNet demonstrate that our framework achieves
up to 90% data reduction and 93% model compression, with
less than a 2% drop in classification accuracy. Our results
offer new insights into the trade-offs between data selection,
input resolution, and model sparsity, and offer a practical
pathway toward scalable, lightweight, and field-deployable
agricultural vision systems.

1. Introduction and Related Work

The global demand for sustainable agriculture and food
security is increasingly dependent on early and accu-
rate detection of plant diseases. Automated vision-based
systems powered by deep neural networks (DNNs) have
demonstrated high accuracy on benchmark datasets such

as PlantVillage [9]. However, their practical deployment
in real-world farming environments, particularly in low-
resource regions, remains a significant challenge due to lim-
ited computational capacity, memory constraints, and the
high cost of data annotation.

Despite their impressive performance, state-of-the-art
DNNs are typically data-hungry, compute-intensive, and
memory-heavy. These challenges are further amplified
when deploying models on mobile edge devices such as
drones or smartphones, commonly used in precision agri-
culture. Moreover, agricultural datasets often exhibit class
imbalance, environmental variability, and limited diversity,
calling for methods that can generalize robustly from com-
pact, high-quality training subsets.

Recent efforts have explored efficient learning and de-
ployment strategies. Coreset selection aims to reduce
the size of training data while maintaining model perfor-
mance [3, 16], proving effective in constrained settings [6].
Resolution scaling balances image fidelity and computa-
tional load [18], while model compression techniques such
as pruning [7, 12] and quantization [4, 11] offer substantial
reductions in model size and inference latency.

However, these strategies are typically explored in iso-
lation. To our knowledge, no prior work integrates coreset
selection, resolution scaling, and model compression into a
unified pipeline for agricultural image classification. Fur-
thermore, the collective impact of combining these tech-
niques remains largely underexplored on real-world agri-
cultural datasets.

Our Contributions. In this paper, we propose a novel
and unified framework for resource-efficient agricultural
image classification that jointly optimizes three core dimen-
sions:
• We investigate three coreset selection strategies: random

sampling, margin-based selection, and forgetting-based
selection, across multiple training fractions (e.g., 50%,
10%, 5%) to identify compact yet effective training sub-
sets.

• We study the robustness of vision models to input image
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resolutions of 128× 128, 64× 64, and 32× 32, capturing
the impact of resolution on classification performance and
computational efficiency.

• We explore both fixed-bit (8-, 4-, 2-, 1-bit) and adaptive
layer-wise quantization (LAQ), fixed-level pruning, and
adaptive layer-wise pruning (LAP) to substantially reduce
model size and inference latency.
We conduct comprehensive experiments on the PlantVil-

lage dataset using five popular CNN architectures,
ResNet18 [8], GoogleNet [19], EfficientNet-B0 [20], Mo-
bileNetV2 [15], and SqueezeNet [10], to validate the gener-
ality and effectiveness of our approach. Our unified pipeline
achieves up to 93% model compression and 90% data re-
duction with minimal performance loss (< 2% accuracy
drop), demonstrating its suitability for real-world, edge-
based agricultural deployment.

The rest of this paper is organized as follows: Section 2
details our proposed framework, including coreset strate-
gies, resolution scaling, and model compression schemes.
Section 3 presents experimental setup and evaluation met-
rics and Section 4 presents results and ablation studies. Sec-
tion 5 concludes the paper and presents future research di-
rections in efficient agricultural AI.

2. Methodology
We propose a unified and efficient framework to develop
lightweight yet accurate deep learning models for plant dis-
ease classification using the PlantVillage dataset [9]. To
enable scalable deployment on edge agricultural devices,
we explore three complementary strategies for model op-
timization: coreset selection, resolution scaling, and model
compression via pruning and quantization. These compo-
nents aim to reduce training and inference costs while main-
taining or enhancing classification accuracy across diverse
CNN architectures.

2.1. Coreset Selection
To reduce training costs and improve data efficiency, we
employ coreset selection strategies to identify informative
samples from the full dataset D = {(xi, yi)}Ni=1, where xi

denotes a plant leaf image, and yi its class label. A coreset
C ⊆ D, with |C| = αN , is constructed such that its empiri-
cal loss approximates that of the full dataset:

L(C) ≈ L(D), for α ∈ (0, 1.0] (1)

We evaluate three strategies:

Random Selection. A simple baseline where Crandom is
uniformly sampled:

Crandom = {(xi, yi)}i∈S , S ⊂ {1, . . . , N}, |S| = αN
(2)

While computationally efficient, this method often leads to
performance drops at low sampling ratios.

Forgetting-Based Selection. Following [21], we track
forgetting events, the number of times a sample transitions
from correct to incorrect classification during training. The
top-M samples with the highest forgetting counts are re-
tained:

Cforget = Top-M samples with highest forgetting events
(3)

Margin-Based Selection. Inspired by [16], we select
samples with the lowest prediction margins, i.e., the small-
est difference between the top two class probabilities, indi-
cating model uncertainty.

We analyze classification performance across α ∈
{1.0, 0.5, 0.1, 0.05} using five model architectures, assess-
ing how selection quality impacts generalization.

2.2. Resolution Scaling
To simulate resource-constrained rural deployments and
low-quality imaging hardware, we evaluate models on mul-
tiple image resolutions. Given a full-resolution input x ∈
RH×W×C , we resize to:

xr ∈ RHr×Wr×C , with Hr = Wr ∈ {32, 64, 128} (4)

We retrain each model on each resolution and assess
the trade-off between accuracy and resolution-induced com-
pression. While lower resolutions (e.g., 32×32) offer mem-
ory and computation savings, they may obscure visual dis-
ease cues (e.g., surface texture), potentially reducing accu-
racy. This analysis helps determine the optimal resolution
for edge deployment with minimal performance loss.

2.3. Model Compression
To further reduce model size and computational cost, we
apply both quantization and pruning. We explore fixed and
adaptive strategies for each.

2.3.1. Quantization
Post-training quantization maps 32-bit weights to b-bit rep-
resentations using uniform quantization. Given a weight wi,
the quantized value ŵi is:

ŵi = clip
(

round
(wi

∆

)
, qmin, qmax

)
·∆ (5)

where ∆ is the quantization step size, and qmin, qmax are
clipping bounds.

We evaluate fixed-bit quantization at b ∈ {8, 4, 2, 1} and
Layer-wise Adaptive Quantization (LAQ) [17], where each
layer is assigned a custom bit-width bi based on its impor-
tance, balancing model compactness and accuracy.
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2.3.2. Pruning
We apply unstructured weight pruning, setting weights with
magnitude below a threshold to zero:

Mi = {w ∈ Wi | |w| < τi}, w ∈ Mi ⇒ w = 0 (6)

The threshold τi is set based on fixed pruning levels k ∈
{1.5, 1.0, 0.5, 0.25, 0}, where k is a sparsity multiplier [17]
scaled by the standard deviation of layer i’s weights.

We also evaluate Layer-wise Adaptive Pruning
(LAP) [17], where pruning aggressiveness is governed by a
custom Layer Importance Score to preserve critical layers.

This compression setup aligns with deployment on real-
world agricultural edge devices (e.g., Jetson Nano, micro-
controllers), where both compute and memory resources are
severely constrained.

3. Experimental Setup
In this section, we present the experimental setup and evalu-
ation methodology for our exploration of efficient learning
paradigms for plant disease classification. Our goal is to
assess the interplay between data subset selection, resolu-
tion scaling, and model compression strategies—including
fixed and adaptive quantization and pruning, toward build-
ing lightweight yet accurate models deployable on edge de-
vices in agricultural environments.

3.1. Dataset
We conduct all experiments on the PlantVillage
dataset [13], a large-scale benchmark designed for
plant disease classification. The dataset comprises 54,306
RGB images of crop leaves collected under controlled
conditions. These images span 38 distinct classes, which
include 26 disease categories and 12 healthy leaf classes,
across 14 crop species such as tomato, potato, corn, grape,
apple, and pepper.

Each image is annotated with a single label indicat-
ing both the crop species and its health condition. While
the controlled acquisition ensures consistent imaging back-
grounds, often with plain textures distinct from leaf colors,
the dataset poses significant challenges due to its high intra-
class variability (arising from variations in lighting, leaf ori-
entation, and disease severity) and high inter-class similar-
ity (particularly among diseases affecting the same species).
Moreover, the dataset suffers from class imbalance: some
classes contain over 5,000 samples, while others have fewer
than 200. This skewed distribution adds complexity to the
classification task and makes the dataset a robust testbed for
evaluating sample-efficient learning strategies such as core-
set selection and model compression techniques like quan-
tization and pruning.

To facilitate efficient training under varied data con-
straints, we pre-process the dataset by applying coreset se-
lection and resolution downsampling. The dataset is split

into 80% for training and 20% for testing. For each experi-
mental configuration, we maintain a fixed validation set and
report metrics on the disjoint test set.

3.2. Training Setup

Training Configuration. All experiments were conducted
using PyTorch on NVIDIA Tesla P100 and G4 GPUs. We
train each model using a batch size of 64, an initial learn-
ing rate of 0.001, and the Adam optimizer. Each model is
trained for 10 epochs, with early stopping based on vali-
dation accuracy and a 3-epoch warm-up. All images are
normalized using dataset-specific channel statistics.

Architectures. We consider a diverse set of CNN archi-
tectures to evaluate performance under constrained data and
model regimes. ResNet18 and GoogLeNet serve as high-
accuracy backbones with residual and inception modules re-
spectively. EfficientNet-B0, MobileNetV2, and SqueezeNet
are employed as low-parameter networks designed for edge
deployment.

Coreset Selection. To reduce training set size while
maintaining representative coverage, we apply three coreset
strategies: (1) Random sampling, (2) Forgetting-based se-
lection, which prioritizes samples frequently misclassified
across training epochs [21], (3) Margin-based selection,
which samples based on the classification margin, choosing
data with the smallest margins indicating high ambiguity.

Each method is evaluated at dataset fractions f ∈
{1.0, 0.5, 0.1, 0.05}. Let Df ⊆ D be the selected coreset
such that |Df | = f · |D|. These subsets serve as the new
training data while keeping test sets fixed.

Resolution Scaling. To assess the trade-off between in-
put fidelity and model efficiency, images are resized to spa-
tial resolutions r ∈ {32 × 32, 64 × 64, 128 × 128}, cor-
responding to low-, medium-, and high-fidelity representa-
tions. Let Ir ∈ Rr×r×3 be the input tensor to the CNNs.
Performance degradation across resolution scales is ana-
lyzed under both full and coreset-trained models.

Pruning Setup. We apply both fixed and adaptive
pruning strategies. For fixed pruning, we use a global
magnitude-based pruning function where a pruning level
k ∈ {1.5, 1.0, 0.5, 0.25, 0} controls the pruning threshold,
as described in [17]. We also employ Layer-wise Adaptive
Pruning (LAP) [17], which assigns a unique pruning level
kℓ to each layer ℓ based on its layer importance.

Quantization Setup. For post-training quantization, we
compare fixed-bit quantization at {8, 4, 2, 1} bits and Layer-
wise Adaptive Quantization (LAQ) presented in [17]. In
fixed-bit schemes, each weight w is uniformly quantized to
b-bit precision using symmetric or asymmetric scaling. In
LAQ, each layer is assigned a bit precision bℓ ∈ {8, 4, 2, 1}
proportional to its layer importance.
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Table 1. Top-1 accuracy (%) of five CNN models evaluated across different dataset fractions (1.0, 0.5, 0.1) and image resolutions (32×32,
64× 64, 128× 128) using coreset selection strategies: Random, Forgetting-based, and Margin-based.

Model Fraction 32x32 64x64 128x128
Random Forgetting Margin Random Forgetting Margin Random Forgetting Margin

ResNet18
1.00 96.04 96.87 96.11 99.03 99.10 99.15 99.58 99.54 98.51
0.50 96.59 94.97 96.64 96.59 98.44 98.36 99.21 99.24 99.27
0.10 89.61 89.63 89.86 94.89 94.79 94.92 97.33 97.27 97.10

GoogleNet
1.00 98.35 98.08 97.84 99.27 99.24 99.32 99.59 99.15 99.64
0.50 94.45 95.19 94.72 97.70 96.87 98.64 98.67 99.31 98.51
0.10 85.59 86.66 85.16 94.33 92.43 92.87 97.37 97.18 96.77

EfficientNetB0
1.00 98.64 97.74 98.64 99.01 99.57 99.53 99.73 99.78 99.80
0.50 96.52 96.46 97.28 98.95 98.38 98.48 99.56 99.48 99.41
0.10 87.12 87.38 86.75 94.75 94.64 94.49 97.59 97.89 97.62

MobileNetV2
1.00 97.11 97.88 96.78 99.40 99.36 99.48 99.19 99.06 99.19
0.50 95.37 95.05 96.37 98.85 98.79 97.79 98.58 99.43 99.32
0.10 86.57 90.09 86.34 95.70 93.42 95.48 97.64 97.94 97.50

SqueezeNet
1.00 89.09 86.15 90.45 98.47 98.17 97.88 99.19 98.90 99.23
0.50 82.84 87.31 83.38 95.25 97.27 96.67 98.62 97.12 98.25
0.10 74.06 69.78 69.38 88.31 90.89 84.19 93.97 94.83 95.33

3.3. Evaluation Metrics
Model performance and efficiency are jointly evaluated us-
ing the following metrics:

Accuracy. Defined as the top-1 classification accuracy
(in %) on the test set:

Accuracy =
100

|Dtest|
∑

(x,y)∈Dtest

I(ŷ(x) = y) (7)

Compression Ratio (CR). The compression ratio of a
model is computed as:

CR =

∑L
ℓ=1 pℓ · 32∑L

ℓ=1 pℓ · sℓ · bℓ
(8)

where pℓ is the number of parameters in layer ℓ, sℓ ∈ [0, 1]
is the sparsity (fraction of non-zero weights), and bℓ is the
bit-width. For unpruned layers, sℓ = 1; for fully pruned
layers, sℓ = 0.

4. Results and Analysis
We evaluate our proposed scalable and resource-efficient
crop disease classification framework on the PlantVillage
dataset [13], under various coreset selection strategies, res-
olution levels, and model compression techniques. Table 1
presents classification results across different coreset frac-
tions and input resolutions.

4.1. Baseline Model Performance
Baseline performance corresponds to training on the full
dataset (100%) without coreset selection. At the highest
resolution (128×128), all models achieve near-saturation
accuracy, reflecting the ease of classification in PlantVil-
lage with high-resolution and full data. EfficientNetB0 con-
sistently outperforms others across all resolutions, reaching
up to 99.80% accuracy. GoogleNet and ResNet18 perform

comparably, while SqueezeNet shows relatively lower per-
formance, which is expected given its lightweight architec-
ture.

As input resolution decreases, classification accuracy de-
clines across models. Notably, the degradation is more se-
vere for lightweight models. For instance, SqueezeNet’s
accuracy drops from 99.19% at 128×128 to 89.09% at
32×32, highlighting the importance of resolution in en-
abling compact models to extract sufficient discriminative
features.

4.2. Effect of Coreset Selection

We investigate three coreset selection strategies: Random,
Forgetting-based, and Margin-based, evaluated at 100%,
50%, and 10% data fractions. As expected, reduced train-
ing data leads to performance degradation, though advanced
selection methods alleviate the drop.

Forgetting-based selection often yields the best re-
sults. For example, at 10% data and 128×128 resolution,
SqueezeNet achieves 95.33% accuracy with Forgetting-
based coresets, outperforming Random (93.97%) and Mar-
gin (94.83%). While Random selection can be competitive
at higher resolutions and with deeper models, Forgetting
and Margin-based selections are more consistently effective
across architectures and resolutions.

Overall, Forgetting-based coreset selection offers a
strong balance between efficiency and accuracy, especially
under stringent data constraints.

4.3. Impact of Resolution Scaling

Resolution scaling significantly affects classification accu-
racy, especially in low-data regimes. Across all models,
higher resolutions consistently yield better performance.
For instance, at 10% data with Margin-based selection, Ef-
ficientNetB0 improves from 86.75% at 32×32 to 97.62% at
128×128.
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The trend holds across models: higher resolution pro-
vides richer spatial details that aid classification. How-
ever, models like MobileNetV2 and SqueezeNet, designed
for efficiency, are more sensitive to resolution changes.
SqueezeNet, in particular, shows substantial performance
variation; for example, at 10% data with Forgetting-based
selection, its accuracy jumps from 69.78% (32×32) to
94.83% (128×128).

These results confirm that resolution scaling can serve as
an effective trade-off tool. In high-resource settings, using
128×128 yields optimal accuracy. In constrained environ-
ments, coreset selection combined with moderate resolution
(64×64) still achieves high accuracy with significantly re-
duced computational load.

4.4. Effect of Model Compression
Model compression is essential for deploying deep neu-
ral networks on edge devices, particularly in resource-
constrained agricultural environments such as drones, mo-
bile phones, and field sensors. We evaluate two princi-
pal compression strategies: quantization and pruning. Ex-
periments were conducted using the EfficientNetB0 back-
bone on the PlantVillage dataset with different coreset se-
lection methods (Random, Forgetting-based, and Margin-
based) across various data fractions (1.0, 0.5, and 0.1). Ad-
ditionally, we assess adaptive compression methods: Layer-
wise Adaptive Quantization (LAQ) and Layer-wise Adap-
tive Pruning (LAP) presented in [17].

4.4.1. Fixed and Adaptive Quantization
We first examine fixed uniform quantization using 8-bit, 4-
bit, 2-bit, and 1-bit representations applied uniformly across
all network layers. As anticipated, lower bit-widths lead to
significant model size reductions, up to 32× compression
with 1-bit quantization. However, this aggressive compres-
sion incurs substantial performance penalties. Under full
data (1.0 fraction), 1-bit quantization results in average ac-
curacy drops exceeding 95% across all coreset strategies.
In contrast, 8-bit quantization achieves a favorable trade-
off, yielding up to 4× compression with negligible accuracy
degradation (< 0.25% on average).

Coreset selection strategies exhibit minimal influence
under extreme quantization (1-2 bits), indicating that quan-
tization noise dominates sample selection benefits. With
moderate quantization (4 or 8 bits), Margin-based core-
sets consistently preserve accuracy better than Random or
Forgetting-based selections.

To further enhance performance under quantization, we
evaluate Layer-wise Adaptive Quantization (LAQ) strategy,
which selects bit-widths per layer based on layer-wise im-
portance. LAQ outperforms fixed-bit quantization across
all data fractions and coreset strategies. For instance, un-
der the 0.1 data fraction with Forgetting-based coreset, LAQ

achieves only a 0.31% drop in accuracy compared to base-
line, while still achieving a compression ratio of approxi-
mately 6.7×, outperforming fixed 8-bit quantization both
in accuracy and size.

4.4.2. Fixed and Adaptive Pruning
We perform pruning using fixed pruning levels defined by a
layer sparsity control parameter kl ∈ {1.5, 1.0, 0.5, 0.25}.
As expected, higher sparsity (pruning levels) lead to signif-
icant model size reductions, up to 11× compression.

At pruning level kl = 0.25, although the compres-
sion ratios are around 2×, but it provides best performance
among compared higher pruning level results, since, accu-
racy degradation increases non-linearly with higher spar-
sity. For example, with Random coreset at full data, pruning
with kl = 0.25 results in nearly 65% accuracy drop, wors-
ening to over 89% at kl = 1.5.

Among the coreset methods, Margin-based selection
appears more sensitive to aggressive pruning, likely due
to overfitting on high-confidence instances. In contrast,
Forgetting-based coresets demonstrate more robustness,
particularly at moderate pruning levels, indicating better
generalization under compression.

To further enhance performance under pruning, we eval-
uate Layer-wise Adaptive Pruning (LAP) strategy, which
help in mitigating the accuracy drop under high spar-
sity. LAP assigns sparsity levels per layer based on their
computed importance. Under the 0.5 data fraction and
Forgetting-based coreset, LAP reduces the accuracy drop
to just 0.02% while achieving comparable compression
(2.7×) to the fixed kl = 0.5 pruning, which suffered over
95% degradation. These results highlight the advantage
of importance-guided adaptive sparsity allocation over uni-
form pruning.

4.4.3. Interaction of Coreset and Compression
To analyze the interaction between sample selection and
model compression, we jointly evaluate coreset methods
under varying compression levels and data fractions. At
high data fractions (1.0 and 0.5), 8-bit quantization yield
good trade-offs—achieving 4× compression with minimal
accuracy loss across all coreset strategies.

At low data fractions (e.g., 0.1), both quantization and
pruning independently lead to notable performance loss.
For example, with 2-bit quantization at 0.1 fraction, ac-
curacy drops by over 76%, even for the best-performing
Margin-based coreset. Similar trend is observed for aggres-
sive pruning levels (kl ≤ 1.0) under sparse data. This in-
dicates that compression and data reduction are not always
complementary and require careful balancing.

Notably, adaptive compression techniques like LAQ and
LAP substantially alleviate performance degradation under
low-data regimes. For instance, LAQ under 0.1 data frac-
tion and Margin-based coreset retains baseline accuracy.
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Table 2. Compression performance of the EfficientNetB0 model at 32 × 32 resolution across various compression strategies. We report
results for quantization (Q), pruning (P), and their adaptive variants (LAQ and LAP), evaluated using three coreset selection methods:
Random, Forgetting, and Margin. Performance is assessed using three metrics: accuracy degradation (Acc. diff.), compression ratio (CR),
and Huffman coding-based compression ratio (HCR).

Fraction Compression Random Forgetting Margin
Method Acc. diff. CR HCR Acc. diff. CR HCR Acc. diff. CR HCR

1.0

Q 1-bit -95.38% 32.0 32.0 -96.58% 32.0 32.0 -97.51% 32.0 32.0
Q 2-bit -96.83% 16.0 27.8 -94.48% 16.0 27.8 -88.49% 16.0 28.3
Q 4-bit -82.54% 8.0 20.0 -72.98% 8.0 20.0 -75.74% 8.0 20.6
Q 8-bit -0.02% 4.0 7.7 -0.25% 4.0 7.2 -0.11% 4.0 7.9
P level 1.5 -89.27% 11.0 11.0 -88.37% 10.1 10.1 -88.49% 11.4 11.4
P level 1.0 -89.27% 5.7 5.7 -88.37% 5.2 5.2 -89.27% 6.0 6.0
P level 0.5 -96.21% 3.0 3.0 -95.49% 2.7 2.7 -96.28% 3.1 3.1
P level 0.25 -64.77% 2.2 2.2 -79.53% 2.0 2.0 -70.61% 2.3 2.3
Baseline 0.00% 1.0 1.0 0.00% 1.0 1.0 0.00% 1.0 1.0
LAQ -0.05% 6.8 11.6 -0.07% 5.9 9.6 -0.13% 8.0 14.2
LAP 0.00% 3.1 3.1 0.03% 2.2 2.2 0.01% 2.7 2.7

0.5

Q 1-bit -95.36% 32.0 32.0 -93.20% 32.0 32.0 -96.12% 32.0 32.0
Q 2-bit -94.71% 16.0 26.6 -94.74% 16.0 26.4 -94.02% 16.0 26.0
Q 4-bit -86.65% 8.0 17.0 -88.55% 8.0 17.5 -89.42% 8.0 16.3
Q 8-bit -0.01% 4.0 5.8 -0.01% 4.0 5.9 -0.18% 4.0 5.6
P level 1.5 -87.15% 8.5 8.5 -87.09% 8.6 8.6 -87.91% 8.3 8.3
P level 1.0 -87.15% 4.1 4.1 -94.65% 4.2 4.2 -96.33% 3.9 3.9
P level 0.5 -94.72% 2.1 2.1 -95.38% 2.1 2.1 -95.33% 2.0 2.0
P level 0.25 -78.34% 1.5 1.5 -60.86% 1.5 1.5 -77.19% 1.4 1.4
Baseline 0.00% 1.0 1.0 0.00% 1.0 1.0 0.00% 1.0 1.0
LAQ -0.06% 6.2 9.7 -0.01% 6.1 9.7 -0.22% 6.4 10.4
LAP 0.00% 2.6 2.6 0.02% 2.7 2.7 0.02% 2.2 2.2

0.1

Q 1-bit -85.96% 32.0 32.0 -86.22% 32.0 32.0 -85.59% 32.0 32.0
Q 2-bit -83.86% 16.0 24.4 -84.12% 16.0 24.3 -76.60% 16.0 24.3
Q 4-bit -83.27% 8.0 14.4 -82.15% 8.0 14.4 -79.49% 8.0 14.4
Q 8-bit -0.84% 4.0 5.3 -0.78% 4.0 5.3 -0.20% 4.0 5.3
P level 1.5 -86.83% 7.9 7.9 -87.09% 7.9 7.9 -86.46% 7.9 7.9
P level 1.0 -86.83% 3.5 3.5 -87.09% 3.5 3.5 -86.46% 3.5 3.5
P level 0.5 -84.58% 1.8 1.8 -84.28% 1.8 1.8 -83.28% 1.8 1.8
P level 0.25 -68.69% 1.3 1.3 -71.76% 1.3 1.3 -72.28% 1.3 1.3
Baseline 0.00% 1.0 1.0 0.00% 1.0 1.0 0.00% 1.0 1.0
LAQ -0.53% 6.1 9.3 -0.31% 6.7 10.4 -0.19% 4.4 6.0
LAP 0.00% 2.2 2.2 0.00% 2.2 2.2 0.06% 1.2 1.2

LAP similarly improves performance by distributing prun-
ing pressure more intelligently across layers.

In a nutshell, both Forgetting-based and Margin-based
coreset selection consistently outperforms Random-based
approaches under both fixed and adaptive compression
schemes. Moreover, LAQ and LAP offer compelling ad-
vantages in balancing compression and accuracy, especially
under moderate to extreme constraints. These results em-
phasize the importance of data- and layer-aware strategies
for efficient edge deployment.

4.5. Comparison with Existing Works

We compare our proposed framework against several state-
of-the-art models evaluated on the PlantVillage dataset,
considering both classification accuracy and compression
ratio (CR). Existing works typically focus on achieving high
accuracy using full training data and uncompressed mod-
els, which limits their deployability in edge and resource-
constrained environments.

Table 3 presents a comparative results with prior meth-
ods such as EfficientNetB4 [1] and MobileNetV2 [22] re-
port impressive accuracy, they do not perform any model
compression or data reduction (CR = 1.0). In contrast,

Table 3. Comparison with existing models on PlantVillage. Accu-
racy refers to classification accuracy, and CR denotes compression
ratio.

Method Accuracy CR
AlexNet (Fraction = 1.0) [13] 0.9927 1.0
GoogleNet (Fraction = 1.0) [13] 0.9934 1.0
GoogleNet (Fraction = 0.5) [13] 0.9914 1.0
GoogleNet (Fraction = 1.0) [2] 0.9935 1.0
DenseNet121 (Fraction = 1.0) [5] 0.9303 1.0
ResNet50 (Fraction = 1.0) [5] 0.8794 1.0
MobileNetV2 (Fraction = 1.0) [14] 0.9900 1.0
EfficientNetB4 (Fraction = 1.0) [1] 0.9938 1.0
MobileNetV2 (Fraction = 1.0) [22] 0.9947 1.0
Ours Baseline GoogleNet (Fraction = 1.0) 0.9964 1.0
Ours Baseline GoogleNet (Fraction = 0.5) 0.9931 1.0
Ours Baseline MobileNetV2 (Fraction = 1.0) 0.9919 1.0
Ours Baseline EfficientNetB0 (Fraction = 1.0) 0.9980 1.0
LAQ EfficientNetB0 (Fraction = 1.0) 0.9967 8.0
LAQ EfficientNetB0 (Fraction = 0.5) 0.9943 6.4

our framework achieves a superior balance between effi-
ciency and accuracy. Specifically, our baseline Efficient-
NetB0 model achieves the highest accuracy (0.9980) using
the full dataset. Furthermore, the LAQ-compressed Effi-
cientNetB0 (Fraction = 1.0) maintains a high accuracy of
0.9967 while achieving an 8× compression ratio, and with
only 50% of the training data (Fraction = 0.5), we still attain
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0.9943 accuracy with a CR of 6.4.
These results clearly demonstrate the effectiveness of our

unified framework in significantly reducing data and model
size while preserving competitive performance, establish-
ing a practical solution for lightweight, field-deployable
agricultural vision systems.

5. Conclusion
This work presents a scalable and resource-efficient deep
learning framework for crop disease classification, specif-
ically tailored for deployment in edge environments. We
systematically investigate the interplay between coreset se-
lection strategies, resolution scaling, and model compres-
sion techniques on the PlantVillage dataset. Our exper-
iments demonstrate that: (i) advanced coreset selection
methods such as forgetting-based and margin-based sam-
pling consistently outperform random sampling, particu-
larly under low-data regimes; (ii) resolution plays a criti-
cal role in preserving classification accuracy for lightweight
models, with 64×64 emerging as a promising trade-off
point for constrained settings; and (iii) adaptive model
compression methods, Layer-wise Adaptive Quantization
(LAQ) and Layer-wise Adaptive Pruning (LAP), signifi-
cantly outperform fixed-bit or uniform sparsity baselines,
preserving accuracy while achieving substantial compres-
sion.

Moreover, we show that while aggressive data reduction
and compression individually degrade performance, their
joint optimization via adaptive strategies can mitigate the
compound impact. The proposed framework thus enables
accurate crop disease classification using minimal data, re-
duced resolution, and highly compressed models, making
it highly suitable for deployment on edge devices in real-
world agricultural scenarios.

Future work will explore dynamic coreset selection dur-
ing training, integration with multi-sensor data (e.g., hyper-
spectral, thermal), and real-time deployment on resource-
constrained hardware platforms such as drones and mobile
devices in the field.
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