Information Processing in Agriculture xxx (Xxxx) Xxx

= o
INFORMATION PROCESSING IN

ULTURE

Contents lists available at ScienceDirect

Information Processing in Agriculture

journal homepage: www.keaipublishing.com/en/journals/information-processing-in-agriculture/

Neuro-symbolic Al for rice disease diagnosis with calibrated attention and
rule-aware explanations

Chatter Singh 2®, Amar Singh 2, Sahraoui Dhelim >*

aSchool of Computer Applications, Lovely Professional University, Phagwara, Punjab, India
b School of Computing, Dublin City University, Dublin, Ireland

ARTICLE INFO ABSTRACT
Keywords: Accurate and trustworthy disease diagnosis from field imagery requires a framework that balances predictive
Post-hoc explainability accuracy with calibrated confidence and auditable reasoning. This work benchmarks a diagnostic system cou-
Rice disease diagnosis pling an attention-augmented convolutional network (ResNet-34+CBAM) with post-hoc probability calibration
Calibrated confidence and a rule-aware validator. Agronomic symptom rules are encoded in a lightweight RDF/OWL knowledge
CBAM attention . . e . T
Temperature scaling graph,.enablmg a post-}}oc check that. links model Predlctlons to human-readable explan.atlons for auditability.
Grad-CAM On a rigorously de-duplicated test split of the public PaddyDoctor corpus, the model achieves 95.13% accuracy
RDF/OWL rules (weighted F1: 95.14%) with a median latency of 4.6 ms. We analyze the trade-offs of post-hoc calibration:
Uncertainty and robustness Temperature Scaling, fit on the calibration split (ECE: 1.65%—1.35%), improves the test-set Brier score
(0.0760—0.0758) and NLL (0.1573—0.1566) but results in a slight increase in test-set ECE (0.82%—0.94%).
A robustness analysis using common corruptions identifies critical failure modes: while resilient to JPEG
compression (86.15% accuracy at severity 5), the model is highly vulnerable to brightness shifts (47.72%)
and Gaussian blur (32.13%), highlighting the need for domain-specific augmentations. The resulting system
provides a comprehensive baseline for combining strong predictive performance with post-hoc calibration and
auditable explanations, supporting transparent triage in practical deployments.
1. Introduction Problem definition. Given an in-the-wild RGB rice-leaf image x, our

goal is to output a disease prediction d together with a calibrated
confidence score suitable for operational thresholds, and an explanation
that can be audited against symptom-level knowledge (e.g., lesion color,
morphology, and spatial patterns). In addition, because field capture
conditions are a dominant source of failure in agricultural vision, we

Rice disease diagnosis in practice is frequently performed from
handheld or smartphone images captured in uncontrolled field condi-
tions. Unlike laboratory imagery, these inputs exhibit strong variation
in illumination (direct sun, shade, backlighting), motion blur from wind
or hand tremor, cluttered backgrounds, and compression artifacts from

messaging apps. Decisions based on such images (spraying, isolation, explicitly characterize robustness under controlled corruptions that

replanting, or escalation to laboratory testing) are time-sensitive and mirror real deployment variability.

carry direct cost and yield implications. In this work, we study rice disease diagnosis from RGB leaf im-
These deployment realities impose requirements that go beyond agery and benchmark a deployment-oriented pipeline that combines

top-1 accuracy. Agronomists and extension workers need (i) reliable
probabilities to support threshold-based triage and escalation, (ii) au-
ditable rationales that can be communicated and checked against agro-
nomic knowledge, and (iii) predictable behavior under common cor-

attention-augmented recognition, probabilistic calibration, and post-
hoc rule-aware verification. We fine-tune a ResNet-34 classifier with
CBAM attention to promote focus on symptom-bearing regions, then

ruptions and distribution shift encountered in the field. In contrast, fit temperature scaling on a held-out calibration split to improve
many off-the-shelf CNN pipelines remain prone to miscalibration and probability quality. Predictions are subsequently audited against an
overconfident errors, and saliency visualizations alone rarely satisfy RDF/OWL knowledge graph encoding agronomic priors [6-9]. This
audit- or policy-oriented explanation standards. Neuro-symbolic and validator produces a discrete audit state (Aligned/Conflict/NA), rule-
knowledge-guided approaches can help close this gap by coupling alignment scores, and textual rationales designed for decision support

pattern-recognizing neural models with explicit symptom rules repre-

and traceable review [10-15].
sented in machine-readable form [1-7]. L ]
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We evaluate on a rigorously de-duplicated split of the public Paddy-
Doctor corpus (16,225 field images; 13 classes including Healthy) [1,
16-19]. The resulting model achieves 95.13% test accuracy (weighted
F1: 95.14%) with a median latency of ~4.6 ms per image. Beyond
headline accuracy, we quantify calibration and robustness. Temper-
ature scaling improves proper scoring rules on the test set (NLL:
0.1573—0.1566; Brier: 0.0760—0.0758) and reduces ECE on the cal-
ibration split (1.65%—1.35%), while slightly increasing test-set ECE
(0.82%—0.94%), reflecting a known trade-off in post-hoc calibration
under distribution shift [12-15,20]. A corruption-based robustness
diagnosis reveals critical field-relevant failure modes: performance is
comparatively resilient to JPEG compression, but accuracy collapses to
47.72% under severe brightness shifts and to 32.13% under Gaussian
blur [21-23].

Contributions.

+ Attention-augmented benchmark under a rigorous split. We
report a strong baseline (95.14% weighted F1) for a CBAM-
ResNet-34 classifier on a leakage-resistant and de-duplicated Pad-
dyDoctor split.

Calibration analysis with transparent trade-offs. We evaluate
post-hoc probability calibration and explicitly quantify the ECE-
NLL/Brier trade-off, reporting both calibration-split and test-set
behavior under the same protocol [12-15,20].

Rule-aware explanations for auditable decision support. We
propose a lightweight RDF/OWL knowledge-graph validator that
audits CNN predictions, assigns audit states (Aligned/Conflict/
NA), and generates domain-grounded rationales suitable for re-
view and escalation [6-9].

Robustness diagnosis of field-relevant failures. Using a stan-
dard corruption benchmark, we identify actionable vulnerabili-
ties to photometric shift and blur to motivate domain-specific
augmentation and robustness interventions [17,21-23].

The remainder of the paper is organized as follows. Section 2
reviews related work in plant disease vision, calibration, and rule-aware
auditing. Section 3 describes the dataset, model, calibration, and eval-
uation protocol. Section 4 reports quantitative results and deployment-
relevant analyses (calibration, triage, robustness, and efficiency), and
Section 5 concludes with limitations and future directions.

2. Related work

Deep models for plant disease recognition. Deep learning is the
dominant paradigm for image-based crop pathology, with convolu-
tional neural networks (CNNs) remaining a practical default in many
field settings due to their accuracy-efficiency trade-off [24,25]. Across
rice and broader crops, CNN backbones with lightweight classification
heads have repeatedly demonstrated strong symptom recognition under
cluttered backgrounds and in-the-wild capture conditions [2,3,17,26—
30]. Limitations in practice: many studies emphasize accuracy under
a single split and do not explicitly control for near-duplicate leakage
or report confidence calibration, both of which can affect real-world
utility in agricultural triage workflows.

Transformers and hybrid backbones in plant vision. Vision
transformers (e.g., ViT/DeiT/Swin) and hybrid CNN-transformer mod-
els are increasingly explored for plant disease recognition, often re-
porting gains under strong pretraining or longer training schedules.
However, practical agricultural deployments frequently favor compact
or hybridized models that better fit latency, memory, and energy
constraints. Recent transformer-based studies in rice and related plant
pathology motivate reporting CNN and transformer baselines under
matched evaluation protocols [31,32]. Limitations in practice: robustness
and calibration are not always evaluated under field-like corruptions
(illumination shift, blur, compression), even though these are common
failure modes when models are deployed on mobile capture devices.
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Backbone architectures and attention enhancements. Residual
networks remain widely used in agricultural imaging because they are
stable to train, parameter-efficient at moderate depth, and provide
a strong reference point for comparative evaluation [10]. Attention
modules that reweight channel and spatial features (e.g., CBAM) can
emphasize symptom-bearing textures and suppress background clutter,
improving recognition of subtle and localized cues [11,33-35]. We
adopt ResNet-34 as a deployment-oriented backbone aligned with com-
petitive baselines in PaddyDoctor-related work, while CBAM provides
a lightweight mechanism to promote symptom localization without a
substantial compute increase [16]. Open gap: attention can improve lo-
calization, but attention alone does not guarantee calibrated confidence
or explanations that align with agronomic symptom logic.

Probability calibration for decision support. For decision support
in the field, the reliability of predicted probabilities is often as critical
as top-1 accuracy because triage and escalation policies depend on
well-calibrated confidence. Standard tools include reliability diagrams
and scalar metrics such as Expected Calibration Error (ECE), nega-
tive log-likelihood (NLL), and the Brier score [12,20]. Temperature
scaling is a widely used post-hoc method that preserves class ranking
while optimizing a proper scoring objective [12]. More expressive
alternatives include vector scaling and Dirichlet calibration, which
can better correct class-conditional miscalibration at the expense of
additional degrees of freedom and potential overfitting when data
are limited [13-15]. Open gap: calibration is still under-reported in
plant disease diagnosis relative to accuracy, despite its central role in
threshold-based deployment.

Rule-aware explainability and neuro-symbolic validation. Ex-
plainability strategies can be broadly categorized as ante-hoc (intrinsic
interpretability) or post-hoc (external analysis of trained models) [8,
36,37]. Fully integrated neuro-symbolic systems embed symbolic rea-
soning into the inference loop and can be co-trained end-to-end [9,
38]. In contrast, an increasingly practical line of work uses sym-
bolic knowledge bases to audit or validate neural predictions after
inference, yielding human-readable rationales and explicit constraint
checks for deployment settings where traceability matters [6,7]. Open
gap: many agricultural explainability approaches remain visual-only
(saliency/heatmaps) and do not connect predictions to symptom-level
rules that practitioners can verify.

Robustness to real-world corruptions. Real-world agricultural
imaging is affected by compression artifacts, motion blur, sensor noise,
occlusion, and illumination variance, all of which can degrade perfor-
mance and distort confidence estimates [21,22]. Illumination changes
are repeatedly identified as dominant failure modes for leaf-based
diagnosis, motivating robustness evaluation under controlled corrup-
tions and the use of domain-specific augmentations to reduce brittle-
ness [17,23]. Open gap: robustness is often claimed but not systemat-
ically quantified under corruption protocols that mirror field capture
variability.

Positioning of this work. In summary, prior work provides strong ac-
curacy baselines for rice disease recognition, but practical deployment
still faces three recurring gaps: (i) confidence is rarely calibrated for
threshold-based triage, (ii) explanations are frequently not auditable
in symptom-level terms used by agronomists, and (iii) robustness to
field-like corruptions is not consistently quantified. Our study targets
these gaps by reporting a strong attention-augmented baseline under
a leakage-resistant split, analyzing calibration trade-offs using proper
scoring rules and ECE, and adding a lightweight rule-aware auditing
layer that generates symptom-linked rationales and flags contradiction
cases for escalation.

3. Materials and methods

3.1. Dataset, preprocessing, and leakage-resistant splitting

Corpus. We use the public PaddyDoctor corpus, introduced by Petchi-
ammal et al. [16], which contains 16,225 field images of rice leaves
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across 13 classes (12 diseases and Healthy). Images exhibit natural vari-
ation in pose, illumination, and background clutter. We canonicalize all
label strings (e.g., Normal — Healthy) to stabilize downstream analysis.

Quality control and preprocessing. A critical aspect of this study
is the rigorous data hygiene applied before splitting. Public benchmarks
are often contaminated with near-duplicates (e.g., the same leaf saved
with different JPEG settings), which can inflate performance metrics if
not properly handled [17].

Prior to ingestion, we (i) validate all images, (ii) standardize meta-
data, and (iii) perform aggressive de-duplication. We detect exact du-
plicates via SHA-256 hashing and, more importantly, near-duplicates
using perceptual hashing (pHash) with a conservative Hamming thresh-
old. All byte-identical or perceptually similar repeats are quarantined
and logged for audit. This de-duplication is critical for ensuring a real-
istic evaluation of generalization and preventing data leakage between
splits.

Finally, images are resized to the model’s input resolution (256 x
256) with aspect-ratio preserving transforms and normalized to Ima-
geNet statistics (u = [0.485,0.456,0.406], ¢ = [0.229,0.224,0.225]).

Splits and leakage prevention. The de-duplicated corpus is par-
titioned into train/validation/calibration/test sets (sizes: 9694/1367 /
1371/1622). Validation is used for early stopping and model selection;
post-hoc calibration is fit on the calibration split.

We enforce stratification by disease class and, where available,
group-wise disjointness (e.g., plot IDs) to prevent leakage. This rigorous
de-duplication and splitting protocol creates a new, more challenging,
and reproducible benchmark for the PaddyDoctor dataset. This is es-
sential, as differing splits or data-leakage can lead to non-comparable
results.

All post-hoc calibration parameters are fit on calibration split logits
only and applied once to the test set. To support reproducibility, we
persist the split indices, random seed, and checksums in the artifact
bundle.

Artifact linkage. The repository contains machine-readable sum-
maries of class distributions, split statistics, and preprocessing param-
eters, along with figure assets referenced in the paper (confusion ma-
trices, ROC/PR, reliability diagrams, corruption curves). This ensures
exact replication of every table and plot reported in later sections.

3.2. Neural model with calibrated confidence

Methodology at a glance. We train an end-to-end attention-augmented
ResNet-34 classifier with CBAM on 256x256 RGB images for disease
recognition. Logits are calibrated post hoc by temperature scaling.
Predictions are then audited using a lightweight RDF/OWL rule base
for post-hoc, rule-aware validation. Uncertainty is quantified via risk—
coverage analysis, and robustness is probed as a diagnostic test under
common corruptions. All artifacts are exported for full reproducibility.
An overview is shown in Fig. 1.

3.2.1. Attention-augmented backbone and classifier

Let x € RFXW>3 be a preprocessed image. We selected ResNet-34
as our backbone [10] to maintain a direct line of comparison with the
PaddyDoctor benchmark paper [16]. Let f, be this backbone. The last
feature map

F = fg(x) c RCXH/XW/ (1)

is refined by CBAM [11] via channel attention M, (-) followed by spatial
attention M(-):

M, (F) = o MLP(GAP(F)) + MLP(GMP(F)) ), @
M,(F) = G(Convkxk([Angoolc(F); MaxPool, (F)1) ). ®3)
F' = M(M.(F)oF) o (M. (F)oF), 4
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where ¢ is the sigmoid, ® denotes Hadamard product, and [-; -] concate-
nates along channels. Global average pooling and a dropout-regularized

linear head yield logits:
z = GAP(F') € RY, Z = Dropout ,(z), (5)
s=Wi+beRK, p = softmax(s), (6)

with K=13 disease classes. We minimize cross-entropy with decoupled
weight decay (AdamW):

N
1 .
Lcg = N Z} log p; ), »

L= Leg+a ) 13
£e{W}

)

using mixed precision, gradient-norm clipping, and early stopping on
validation.
Algorithm 1: End-to-end training with CBAM and early stopping

Input: Train/val sets (x, y); epochs E; batch size B; AdamW
hyperparameters; dropout p; weight decay
Output: Best 6* and head {W,b}*
1 Initialize 6, W, b; set best loss L, ; =0, patience counter z=0;
2 fore=1to E do

3 for minibatch (x,,y,) of size B do

4 F « f,(x,); F' < CBAM(F) via (2)—(4);

5 z < GAP(F'); 7 < Dropout ,(z);

6 s « Wz + b; p < softmax(s);

7 Compute £ by (7); backprop (FP16/AMP), clip grad-norm,

AdamW step;
8 Evaluate L, ,; if £,,; < L;, then save checkpoint; L, ;, < L,.;;
7 «0;

9 else 7 —r+1;
10 if = exceeds patience then

11 L break

-
N

Return best checkpoint.

3.2.2. Post-hoc temperature scaling
To calibrate confidence while preserving accuracy, we learn a scalar
temperature 7 >0 on calibration-split logits {s;}:

f)gT) = softmax(s,-/T),

* 1y log 5T @®)
T = in — — N .
argmin - ,2:1“ 08Py,

We optimize log 7 with L-BFGS [12]. This method is selected for
its simplicity, stability, and its focus on optimizing proper scoring rules
(NLL/Brier) over binning-dependent metrics (ECE), which can be unsta-
ble [20]. Reliability is summarized by Expected Calibration Error (ECE)
with M bins and the Brier score:

, ©)

< |B,l
ECE= ) B,,) — conf(B
mZ;{] P acc(B,,) — conf(B,,)

n

(3~ Lyi=k))". (10)

M~

. 1
Brier = —
ik

Algorithm 2: Calibration-split temperature scaling

Input: Calibration-split logits {s;}; labels {y;}
Output: T*
1 Define J(T) by (8); initialize log T=0; optimize with L-BFGS until
convergence; return T*.

3.3. Rule-aware explanations and post-hoc auditing

3.3.1. Grad-CAM evidence localization
To visualize class evidence, we compute Grad-CAM [5] from the last
backbone feature map (after CBAM). Given class index ¢ and feature
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Calibration

None/ TS/
VS/ MS/

Rule Validator +
Selective

Prediction (AURC)
Dirichlet

Fig. 1. Overview of the proposed neuro-symbolic pipeline. A ResNet-34 backbone with CBAM produces class logits, which are optionally calibrated (TS/VS/Matrix
Scaling/Dirichlet). A rule-aware validator extracts symptom cues and flags alignment/contradiction to provide auditable rationales and triage.

tensor F/ € RE*H"W' | the class score S, yields channel weights a, =

1 a5,
HW' Zi,]‘ 0F,5. » and
1]

C
CAM, = ReLU(Zak F,:). (an
k=1

We upsample the CAM to input resolution and normalize it to [0, 1].
We then use it to (i) qualitatively verify symptom focus and (ii) aid the
lightweight symptom cue extractor used by the rule-aware validator
(Section 3.3.2).

3.3.2. Post-hoc rule-aware validation with RDF/OWL

We maintain a compact knowledge graph KX=(V, E, R) with classes
Disease, Symptom and relations hasSymptom, contraindicat-
edBy. This symbolic layer provides a post-hoc audit rather than inte-
grated reasoning. Expert rules are represented as Horn clauses:

r; t Disease(d) < /\ hasSymptom(d, s), (12)
SES;

From an input x, we derive a candidate symptom set S(x) by
combining Grad-CAM saliency [5] with simple color/texture detectors
(Table 1). For a top-1 prediction d=arg max, ﬁ;cT), rule alignment and a
validity score are:

max ]l{Sj c §(x)}, 13)
rjt head(rﬂ:dA

align(zi ,X) =

valid(d, x) = align(zf, X) - H Jl{- contraindicatedBy(tf, s)}. (14)
s€§(x)
We log d, max, ﬁg), the minimal witnessing rule r;, and valid(d, x)
as a human-readable rationale.

Algorithm 3: Inference with calibrated confidence and post-hoc
rule-aware validation
Input: Image x; model (f,, W,b); temperature T*; rule base K
Output: Prediction d; confidence c; rationale; validity flag
1 Compute logits s by (1)=(6); pT < softmax(s/T*); d < arg max, ﬁch);

AT,
cemax p, 3

2 Derive S(x) from Grad-CAM and color/texture cues; find witnessing
rule r; for d if any; compute valid by (14); return (d, c, r;, valid).

Symptom cue parameters (for audit). We combine Grad-CAM with
lightweight, hard-coded color/texture/geometry detectors as follows:

Table 1

Symptom cue thresholds. These simple, hard-coded detectors are known to be
vulnerable to the same photometric corruptions (e.g., brightness shifts) as the
CNN.

Cue Definition

Leaf-edge chlorosis
Necrotic spot

CIELAB band near margin: 4a* > 7, with 7,=6.0
Local entropy H > 4.2 and mean L*<35 (16 px

windows)

Halo lesion Radial gradient sign change in 12-20 px annulus;
ratio > 0.25

Streak Morphological opening residue length > 30 px;

aspect ratio > 4:1

if L*>85 and o7, < 2.0, flag

contraindicatedBy(overexposure)

Contraindication example

Cue detector audit. Because PaddyDoctor provides only disease labels
(no symptom masks or attribute annotations), we report a weak-label
audit: for each cue, the knowledge base defines a set of diseases where
that cue is expected; we treat those expectations as binary “weak”
labels. Where an explicit expected-negative set is available, we evaluate
each cue detector as a binary classifier on a cue-specific subset contain-
ing both expected positives and negatives. For cues with only expected-
positive diseases specified, we report a positive-only audit (TP/FN), so
TN and FP are zero by construction. Table 2 reports precision, recall, F1
and the associated counts. We observe that yellowing and edge density
achieve high recall on cases where those cues are expected, while
white streak is conservative (high precision but low recall) and brownish
lesions is unreliable under our fixed thresholding. These results motivate
our emphasis on post-hoc auditing (flag-and-escalate) rather than hard
rule enforcement, and they justify prioritizing illumination-invariant
learned symptom detectors as future work.

3.4. Training and evaluation protocol

Hardware and software. Experiments are executed on a single NVIDIA
GPU with PyTorch and timm. Automatic mixed precision (AMP) is
enabled, cuDNN benchmarking is on, and all random seeds (Python/
numpy/PyTorch) are fixed and recorded with the run artifacts.

Data and preprocessing. We follow the preprocessing and leakage-
resistant split protocol described in Section 3.1. Images are resized to
256x256 and normalized with ImageNet statistics (u=[0.485, 0.456, 0.406],
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Table 2
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Weak-label audit of symptom cue detectors using knowledge-base expectations as binary labels. Counts are shown
as TP/FP/TN/FN where applicable. For cues audited on expected-positives only (no explicit expected-negative set),
TN and FP are 0 by construction. N is the number of evaluated images for the corresponding cue.

Cue Prec. Rec. F1 TP FP TN FN N

Yellowing 1.00 0.97 0.98 266 0 0 9 275
Edge Density 1.00 0.92 0.96 230 0 0 19 249
White Streak Or Growth 0.94 0.12 0.21 17 1 67 129 214
Brownish Lesions 0.00 0.00 0.00 0 0 0 139 139

6=[0.229,0.224,0.225]). Post-hoc calibration parameters are learned on
the calibration split only and applied unchanged at test time.

Augmentation. On the training split, we apply intentionally mild
augmentations: random horizontal flip (p 0.5), random rotation
(£15°), and ColorJitter with (brightness, contrast, saturation, hue)
= (0.1, 0.1, 0.1, 0.05). This minimal augmentation strategy is chosen
deliberately to establish a clean baseline. This allows the subsequent
robustness analysis (Section 4) to function as a diagnostic tool to iden-
tify the model’s inherent vulnerabilities (e.g., to brightness and blur),
rather than masking them with an overly aggressive augmentation
pipeline [17,18,22,23]. Validation/test use only resize+normalize.

Model and optimization. The classifier is a ResNet-34 backbone
with a CBAM block appended to the last feature map, followed by
global average pooling and a linear classification head with dropout
(p=0.2). We optimize cross-entropy with AdamW (learning rate 3x10~%,
weight decay 10~4), batch size 32, gradient-norm clipping at 1.0, and
early stopping with patience 3 based on validation loss. Training uses
AMP where available.

Calibration protocol. We perform post-hoc temperature scaling by
minimizing the calibration-split negative log-likelihood (NLL) over a
scalar T>0 using L-BFGS on logT. This protocol prioritizes the op-
timization of proper scoring rules (NLL/Brier) [20], as ECE is known
to be a less stable metric sensitive to binning choices. Reliability is
summarized by Expected Calibration Error (ECE) with M =15 equal-
width bins and by the multiclass Brier score; we report both pre- and
post-calibration metrics.

3.4.1. Uncertainty (risk—coverage) and robustness
Confidence-based selective prediction retains examples with confi-
dence > r:

— (i max 5™ _ 15
S, =1{i: max >}, coverage(r) = s (15)
. n
. 1 A
risk(r) =1 - S E ﬂ{argm/?xpl(,? =y} (16)
T

ieS,
We compute risk—coverage curves by sweeping a confidence threshold
7z € {0,0.01,...,0.99,1.0} on the maximum calibrated probability and
log confidence histograms.

For robustness, we evaluate accuracy under corruption operators
g, for corruption type ¢ and severity s€{1,...,5} [21]:

5(T)

acc(c, s) = % Z ]l{arg max p (8es(x) = y,}. a7
i=1

Robustness to common corruptions. We evaluate accuracy un-
der the six corruption families from the Hendrycks and Dietterich
benchmark [21] across five severities :

* Gaussian noise: o € {5, 10,15,25,35} (pixel scale).
 Gaussian blur: kernel size k € {3,5,7,9,11}.

» JPEG compression: quality g € {90, 70, 50,30, 15}.

* Brightness shift: A € {20,40,60, 80,100} (additive).

* Contrast scaling: « € {1.1,1.2,1.35,1.5,1.7} about mid-gray.
* Rotation: degrees € {5, 10, 15,25,35} with reflect padding.

Each corruption is applied to test images on the fly, followed by the
same evaluation transform and calibrated inference.

Latency measurement. Single-image latency (batch= 1) is mea-
sured after 10 warm-up passes over a held-out mini-pool of test images,
followed by 200 timed forward passes. We report mean, standard
deviation, and p50/p90/p95/p99 in milliseconds; peak GPU memory
is recorded via PyTorch APIs.

Reporting and statistics. We report overall accuracy and both
macro- and weighted-F1, per-class precision/recall/F1, confusion ma-
trices, ROC/PR curves (micro/macro), calibration metrics (ECE/Brier
pre/post), risk—coverage, and corruption robustness acc(c, s). Nonpara-
metric 95% confidence intervals for accuracy and weighted-F1 are
estimated by bootstrap with 1,000 resamples.

3.4.2. Artifact export and auditability

We export: TorchScript graph, ONNX graph (logits), and high-
resolution figures. Split indices, seeds, and file checksums are stored
alongside metrics to guarantee exact reruns.

4. Results and discussion

We report quantitative and qualitative results on the held-out test
split. In addition to headline accuracy, we focus on deployment-
relevant behavior: probability reliability, selective prediction for
triage, rule-aware auditing, robustness under common corruptions, and
inference efficiency.

4.1. Overall diagnostic performance and comparisons

Headline metrics. On the held-out test set, the calibrated model attains
95.13% accuracy and weighted F1 95.14%. The 95% bootstrap CI for
accuracy is [94.14, 96.18]%.

It is critical to contextualize this result. The original PaddyDoc-
tor benchmark reported a ~97.5% F1-score with a standard ResNet-
34 [16]. Our 95.14% F1-score is reported on a new, more rigorous
data split, described in Section 3.1, which enforces strict de-duplication
via perceptual hashing to prevent data leakage. Discrepancies in perfor-
mance across different data splits, preprocessing, and implementations
are well-documented in deep learning reproducibility studies. There-
fore, our 95.14% F1-score should be considered a strong, reproducible
baseline on this more challenging, de-duplicated data partition.

Additional factors beyond partitioning. While the stricter de-duplicated
split is a primary driver of the performance gap relative to the origi-
nal PaddyDoctor benchmark, other factors can also influence absolute
scores. These include architecture and training choices (e.g., CBAM in-
sertion, augmentation policy, optimizer and hyperparameters, training
budget/early stopping) as well as implementation details in prepro-
cessing and resizing. Accordingly, the observed difference should be
interpreted as the combined effect of (i) leakage-resistant evaluation
and (ii) potential architecture/training and implementation differences
relative to the benchmark setup (see Table 3).

Baselines and state-of-the-art comparisons. To provide quantitative com-
parisons with representative state-of-the-art (SOTA) approaches on
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Disease Confusion Matrix (Test, calibrated)

Bacterial Leaf Blight
Bacterial Leaf Streak
Bacterial Panicle Blight
Black Stem Borer
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Brown Spot

Downy Mildew

True label

Hispa

Leaf Roller

Tungro

White Stem Borer
Yellow Stem Borer

Healthy

200

150

100

Predicted label

Fig. 2. Confusion matrix (test set, calibrated).

Table 3
Disease classification on the held-out test set
(calibrated).

Metric Value

95% CI

Accuracy (%) 95.13
Weighted F1 (%) 95.14

[94.14, 96.18]
[94.31, 95.91]

the same task, we evaluated a suite of strong CNN and transformer
backbones under the same disease-label protocol and preprocessing. We
report test accuracy, macro-F1, weighted-F1, calibration error (ECE),
negative log-likelihood (NLL), and area under the risk—coverage curve
(AURC; lower is better). Each baseline was fine-tuned end-to-end with
an embedding head (global average pooled representation + linear
classifier) using the same optimizer family and a short training budget;
details and scripts are included in the released artifacts (see Table 4).

These comparisons show that the ResNet34 CNN baseline remains
highly competitive under the fixed protocol and short training budget,
while transformer baselines achieve comparable calibration character-
istics (notably lower ECE/NLL for DeiT) but generally require careful
tuning and longer schedules to close the accuracy gap, particularly
under field variability [31,32]. In our framework, this motivates future
work on stronger transformer variants combined with domain-specific
augmentation and calibration.

Confusion matrix and per-class report. The confusion matrix is diago-
nally dominant (Fig. 2). Per-class precision/recall/F1 are provided in
Table 5.

Class imbalance. Per-class results (Table 5) show Bacterial Leaf Blight
recall (84.62%) as the weakest. We observed improvements with mod-
est focal-loss settings and class re-weighting in preliminary trials with-
out regressions on majority classes; full results are deferred to future
work.

Ablations. We evaluate targeted ablations over three axes: (i) attention
(CBAM enabled vs. disabled), (ii) calibration (temperature scaling,

vector scaling, and Dirichlet calibration), and (iii) backbone (ResNet-
34 vs. MobileNetV3). Unless stated otherwise, ablation selection is
performed on the validation split (multi-seed) to avoid test-set tuning.
Overall, CBAM most consistently improves Macro-F1 for disease classes
exhibiting subtle, spatially localized symptoms, while vector scaling
typically reduces calibration error (ECE), occasionally at the cost of a
small NLL increase.

To verify that these component changes do not materially alter
headline test conclusions, we additionally run a paired test-set com-
parison between the best-performing ablation setting and the main
configuration. McNemar’s test indicates no statistically significant dif-
ference in paired correctness (mid-p=0.595). We therefore retain the
main configuration throughout the manuscript to ensure a single, con-
sistent reference model and fully reproducible artifact release (see
Table 6).

Interpretation and comparison to prior splits. The headline scores should
be interpreted in the context of data hygiene and evaluation proto-
col. The original PaddyDoctor benchmark reports higher F1 values for
standard ResNet backbones [16]; our results are reported on a stricter
de-duplicated split (Section 3.1) designed to reduce leakage from near-
duplicate images. This difference is expected in public agricultural
datasets where repeated captures and re-encoding can otherwise inflate
performance.

4.2. Calibrated confidence and reliability

Temperature scaling improves probability reliability on the cali-
bration split: Expected Calibration Error (ECE) drops from 1.65% to
1.35%; Brier score from 0.0867 to 0.0864. Reliability curves and con-
fidence histograms pre/post are shown in Fig. 3. An overlay comparison
appears in Fig. 4. Table 7 summarizes the pre-post deltas.

Calibration baselines (calibration split + artifact-derived test results)
Beyond temperature scaling, we evaluated vector scaling (class-

wise) and Dirichlet calibration on the calibration split. As shown in

Table 8, vector scaling can reduce ECE relative to temperature scaling
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Table 4

Representative strong baselines (CNN and transformer) on the rice disease task. Lower is better for
ECE/NLL/AURC.

Backbone Acc Macro-F1 W-F1 ECE (%) NLL AURC
ResNet34 0.9524 0.8759 0.9524 7.17 0.2315 0.00850
DeiT-Small 0.9445 0.8685 0.9444 4.24 0.2028 0.00802
Swin-Tiny 0.9193 0.8494 0.9193 4.54 0.2990 0.02406
ViT-Small 0.8955 0.8217 0.8942 5.03 0.3468 0.01978
ConvNeXt-Tiny 0.8401 0.7622 0.8381 5.55 0.5080 0.03666

Table 5

Per-class precision, recall, F1, and support for disease classification (test set, calibrated). Values

are percentages.

Class Precision (%) Recall (%) F1 (%) Support
Bacterial Leaf Blight 90.16 84.62 87.30 65
Bacterial Leaf Streak 89.09 98.00 93.33 50
Bacterial Panicle Blight 95.56 95.56 95.56 45
Black Stem Borer 96.15 98.04 97.09 51
Blast 95.67 94.04 94.85 235
Brown Spot 99.17 95.24 97.17 126
Downy Mildew 85.71 96.55 90.81 87
Hispa 96.23 94.88 95.55 215
Leaf Roller 94.50 93.64 94.06 110
Tungro 95.45 96.92 96.18 195
White Stem Borer 99.15 92.13 95.51 127
Yellow Stem Borer 91.14 94.74 92.90 76
Healthy 97.12 98.33 97.72 240
Overall accuracy: 95.13%

Macro Avg 94.24 94.82 94.46 1622
Weighted Avg 95.24 95.13 95.14 1622

Table 6

Ablations (validation). We report Macro-F1; ranges reflect multiple seeds.
Variant Macro-F1 ECE (%) Notes
ResNet34 + CBAM + Temperature (main) 0.856-0.867 1.3-1.6 stable, simple
ResNet34 + CBAM + Vector 0.867 lower best val ECE
ResNet34 (no CBAM) + Temperature 0.842-0.856 1.5-1.9 CBAM helps
MobileNetV3-Large + Vector 0.93-0.94 low efficient backbone

Table 7
Calibration (calibration split): pre- vs. post-temperature
scaling. Lower is better.

Metric Pre Post A (post-pre)
ECE (%) 1.65 1.35 -0.30
Brier 0.0867 0.0864 —0.0003

in some runs; however, the relative ranking depends on both the
metric (ECE vs. NLL/Brier) and the random seed. Dirichlet calibration
is more expressive but may be less stable under limited calibration
data, which is reflected by degraded NLL/Brier in our artifact-derived
runs. However, as outlined in our protocol (Section 3.4), our objective
was to optimize for proper scoring rules (NLL/Brier), which are more
stable than the binning-dependent ECE metric. We therefore retained
Temperature Scaling, which is simpler, more stable, and consistently
produced favorable NLL/Brier scores.

Reporting provenance. Table 8(B) summarizes the released artifact-
derived, multi-seed calibration comparison runs computed from ex-
ported logits and per-example outputs. Table 9 reports the primary
manuscript run used for the headline pre/post temperature-scaling
summary. We include both to support reproducibility and to make the
calibration trade-offs explicit across evaluation contexts.

Test-set reliability. On the held-out test split, the learned temperature
is T* = 1.0691. As shown in Table 9, the calibration successfully im-
proved the primary proper scoring rules (NLL: 0.1573—0.1566; Brier:
0.0760—0.0758). We note this came at the cost of a minor increase
in the test-set ECE (0.82%—0.94%), a well-documented trade-off when

optimizing for NLL/Brier over the less-stable ECE metric [12,20]. The
post-calibration reliability diagram is shown in Fig. 5.

4.3. Auditable explanations and triage

Rule-aware auditing: quantitative analysis. We quantify the post-hoc
rule-aware validator along four axes: (i) rule-alignment rate (fraction of
cases whose prediction is consistent with at least one encoded rule),
(ii) contradiction rate (fraction that violates any contraindication), (iii)
accuracy/F1 on aligned vs. non-aligned subsets, and (iv) the effect of
abstaining on rule-contradicted cases in terms of coverage vs. risk.

Definitions. Let D={(x;, y,-)}f':1 be the test set, y; the calibrated top-1
prediction, and let A; € {0,1,NA} denote the rule-alignment indicator
logged by the validator:

1, if 3r € K s.t. r witnesses (J;, x;)
A; =10,

i (18)
NA,

ifany s € §(x,-) contraindicates J;
if no validator output is available

The alignment rate is align = z 1{A;=1} and the contradiction

Mog it A;#NA
rate is contr = Y, 1{A,=0}, where m,=¥, 1{4, # NA}.
Mog i A, ZNA
Accuracy/F1 are reported on Dy;,,={i : A;=1} and D,,,={i : A;=0}.
For abstain-on-contradictions, coverage and risk are
coverage, . = 2\ Pnonl
rule |D| >
1 (19)
risk =]- — 1{p. =y:}.
rule |D \ Dnonl {y, Yi }

i€Dnon
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Fig. 3. Reliability and confidence (calibration split).

Table 8

Calibration baselines. Top: calibration split (existing values as reported). Bottom: test split (artifact-

derived numeric results; lower is better).

(A) Calibration split (as reported in this manuscript)

Method ECE (%) Brier Notes

Temperature (scalar 7) 1.35 0.0864 chosen (stable; optimizes NLL)
Vector (per-class) 1.2-1.3 similar lower ECE; more parameters
Dirichlet 1.3-1.6 similar flexible; slightly higher ECE
(B) Test split (artifact-derived; per-seed)

Method ECE (%) NLL Brier

Seed 1

Temperature Scaling 1.8491 0.1732 0.0819

Vector Scaling 1.1818 0.1905 0.0801

Dirichlet Calibration 3.5782 0.4065 0.1053

Seed 2

Temperature Scaling 1.1690 0.1981 0.0824

Vector Scaling 1.2443 0.1815 0.0792

Dirichlet Calibration 4.0066 0.4738 0.1159

Seed 3

Temperature Scaling 1.6864 0.1890 0.0846

Vector Scaling 1.1966 0.1952 0.0849

Dirichlet Calibration 4.1897 0.5715 0.1233

As-run results (updated). With the ontology/KB loader fix, the valida-
tor now logs per-case witness_rule and kb_valid flags. On the
test set (n=1622), alignment is 81.8% and contradiction is 15.8%.

Accuracy on the aligned subset exceeds the non-aligned subset, and
abstain-on-contradictions reduces residual risk at a small coverage cost.
We also compare confidence-only vs. rule-gated selection: the area under
the risk—coverage curve (AURC) improves from 0.00813 (confidence
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Fig. 4. Reliability overlay (before vs. after temperature scaling).

Test-set calibration summary: pre- vs. post-temperature scaling.

Metric Pre Post A (post-pre)
Accuracy (%) 95.13 95.13 +0.00
NLL 0.1573 0.1566 —-0.0007
Brier 0.0760 0.0758 —-0.0002
ECE (%) 0.82 0.94 +0.12
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Fig. 5. Reliability diagram on the test set (post-calibration).

only) to 0.00690 (rule-gated). Concrete thresholds for operations are
reported below (see Table 10).

Selective prediction for triage (risk—coverage). The risk—coverage curve
(Fig. 6) shows risk approaching zero with modest abstention, enabling
practical triage policies. Quantitatively, the confidence-only area under
the risk—coverage curve (AURC) is 0.00813. At a strict operating point
Pmax =>0.937, the model retains 78.9% coverage with empirical residual
risk < 1%; a looser threshold p,,, > 0.840 yields 87.1% coverage at
residual risk < 2% (Table 11).

Representative errors and audit examples. To aid audit, we include a grid
of representative misclassifications (Fig. 7), capped at 25 images, with
true/predicted labels overlaid. For each case in deployment, the system
also logs a human-readable, rule-linked rationale alongside calibrated
confidence.

Error attribution by rule status and confidence. To further attribute the
errors shown in Fig. 7, we analyze misclassified test examples by the
rule validator state (aligned vs. contradicted).! Fig. 8 reports the frac-
tion of errors that occur under each validator state for a representative
run (seed 1). While many residual errors are rule-aligned (i.e., the
detected cues do not contradict the predicted class), a smaller but
important fraction occurs under rule-contradiction. This supports the
intended role of the validator as an audit/triage mechanism: contradic-
tion flags highlight higher-risk cases for human review, even when the
underlying classifier remains competitive.

Interpretation. Table 12 complements Fig. 8 by quantifying confi-
dence patterns in addition to error counts. In particular, contradicted
cases exhibit lower mean confidence than aligned cases, and errors
under contradiction tend to occur at comparatively lower p, ... This
further validates the validator’s intended use as a practical audit/triage
signal: contradicted and low-confidence predictions can be prioritized
for escalation to expert review.

Section Summary. The model delivers a strong accuracy baseline
on our rigorous, de-duplicated split. It demonstrates the trade-offs of

! The validator state is the logged indicator A; (Section 4.3); “aligned”
indicates at least one witnessing rule is satisfied, while “contradicted” indicates
a contraindication is triggered.
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Fig. 6. Risk-coverage on the test set (selective prediction).
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Table 10

Post-hoc rule-aware validator: per-case logging and triage impact (test).
Quantity Value Notes
Alignment rate 81.8% consistent with at least one rule
Contradiction rate 15.8% flagged by contraindications
AURC (confidence-only) 0.00813 select by p,., only
AURC (rule-gated) 0.00690 gate by rule consistency
Low-risk policy (1%) Prmax =0.937 coverage 78.9%
Low-risk policy (2%) Prmax >0.840 coverage 87.1%

Table 11

Suggested operating points derived from risk—coverage sweeps.

Policy Selector Coverage Residual Risk
Auto-serve (strict) Prax =0.937 78.9% <1%
Auto-serve (looser) Prmax > 0.840 87.1% <2%
Escalate to expert rule contradiction OR p,,,, below threshold ~15.8% human review

Error Attribution [MAIN_DEDUP_seed1]

0.8 1

Fraction of test errors
© © o © © ©
N w B wm ()] ~
1 1 1 1 1 1

o
=
1

0.0 -

Conflict

Aligned

Fig. 8. Error attribution on the deduplicated split (seed 1): decomposition of misclassified test examples by validator state (aligned vs. contradicted).

Table 12

Confidence statistics by validator state (artifact-derived from per-example logs). p,,,, denotes the maximum calibrated probability. “Errors-
only” restricts statistics to misclassified samples. Counts are reported per run (seed) on the logged subset for which validator outputs and
per-example confidence were available; therefore, totals may be smaller than the full test set size.

Seed Rule state n n errors Err rate Mean p,,. Median p,,, Mean p,,,, (err)
1 Aligned 483 23 0.0476 0.9423 0.9946 0.5933
1 Contradicted 289 17 0.0588 0.9145 0.9893 0.5367
1 NA 626 36 0.0575 0.9355 0.9945 0.6803
2 Aligned 491 29 0.0591 0.9476 0.9967 0.6345
2 Contradicted 287 14 0.0488 0.9274 0.9918 0.5969
2 NA 620 29 0.0468 0.9425 0.9945 0.7183
3 Aligned 484 24 0.0496 0.9442 0.9950 0.6907
3 Contradicted 294 23 0.0782 0.9251 0.9899 0.5734
3 NA 620 32 0.0516 0.9323 0.9905 0.6858

Note. The validator state is defined when cue extraction and KB checks succeed; examples without a logged validator outcome are treated as NA or

excluded depending on the logging configuration in the released artifacts.

post-hoc calibration (improving NLL/Brier at the cost of ECE) and
supports triage via risk-coverage. The robustness analysis successfully
performed its diagnostic function, identifying critical failure modes
(brightness, blur) that should be addressed in future work with domain-
specific augmentations. The system sustains real-time inference. All
figures and tables in this section are generated from the released run
artifacts to ensure exact reproducibility.

11

Implications for decision support. Taken together, calibrated confidence
and rule-aware auditing support a practical “flag-and-escalate” work-
flow. High-confidence, rule-aligned cases can be auto-served to end
users, while low-confidence or rule-contradicted cases can be routed
to expert review (Table 11). This is especially relevant in field set-
tings where symptom overlap and image quality variability can make
overconfident misdiagnosis costly.
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Corruption robustness snapshot at severity 5 (family means also reported).

Corruption (sev=>5)

Accuracy (%)

Comment

Jjpeg compression 86.15
contrast shift 77.09
brightness 47.72
gaussian_blur 32.13

Most resilient in this snapshot
Robust at high severity
Severe failure mode

Severe degradation

Family means (acc): blur 57.52% (worst), brightness 75.48%, noise 83.57%,
contrast 88.31%, rotation 89.02%, JPEG 91.81%.

Disease Accuracy under Corruptions

gaussian_noise - 0.95
gaussian_blur 0.87
jpeg A 0.95
brightness 0.95
contrast 0.94
rotation A 0.95 0.93
T T
1 2 3 4 5
Severity

Fig. 9. Accuracy under corruptions (higher is better).

4.4. Robustness diagnostics under field-like corruptions

As established in our methodology (Section 3.4), the robustness
benchmark was run as a extbfdiagnostic tool to identify the model’s
inherent failure modes, not as a demonstration of complete robustness.
The results are summarized in Fig. 9 and Table 13.

Across the Hendrycks-Dietterich corruptions, the model remains
comparatively resilient to JPEG compression (86.15% accuracy at
severity 5). However, performance extbfdegrades substantially un-
der severe extbfbrightness shifts (47.72%) and extbfGaussian blur
(32.13%). This level of degradation indicates that robustness to photo-
metric changes and blur is not yet adequate for unconstrained field de-
ployment. The observation is consistent with our extitintentionally mild
augmentation strategy (Sec. efsec:setup) and motivates domain-specific
augmentation and robustness interventions (e.g., stronger
brightness/contrast jitter and blur-aware training). The mean corrup-
tion accuracy (mCA) is extbf80.95%.

4.5. Efficiency and qualitative analysis

Grad-CAM qualitative localization. Fig. 10 shows Grad-CAM overlays
highlighting lesion clusters and margins across representative test im-
ages. Saliency aligns with agronomic symptom descriptions and com-
plements rule-aware rationales by indicating where the network fo-
cused when producing calibrated predictions.

Latency and memory footprint. Batch-1 latency and memory are modest.
Fig. 11 shows the latency distribution; Table 14 reports summary
statistics.

Limitations and future directions. While the proposed pipeline improves
transparency and enables practical triage, several limitations remain.

1. Generalization beyond the benchmark. Even with de-
duplication, PaddyDoctor is a single public corpus; additional

12

Table 14
Inference efficiency (batch = 1, post-warmup).
Statistic Value Notes
Median latency (ms/image) 4.57 Real-time on commodity GPU
Mean latency (ms/image) 4.51
95th percentile (ms/image) 4.93
Peak GPU memory ~395 MB From runtime logs

evaluation across seasons, devices, and geographic regions is
needed to quantify deployment shift.

2. Robustness gaps under photometric/blur shift. The corrup-
tion diagnosis identifies brightness and blur as critical failure
modes; production deployment would require domain-specific
augmentation and/or robustness training [17,23].

3. Calibration trade-offs. Temperature scaling improves proper
scoring rules but can slightly worsen ECE on the test split; more
expressive class-wise calibration (vector/Dirichlet) is a promis-
ing direction when sufficient calibration data are available [15].

4. Validator brittleness. The current symptom cues are simple,
threshold-based detectors and can inherit sensitivity to illumi-
nation changes; learning symptom attributes (or integrating rule
constraints more tightly) is a key next step.

Future work will focus on (i) stronger field-aware augmentation and
domain adaptation, (ii) calibration strategies validated under deploy-
ment shift, and (iii) learned symptom detectors that better bridge visual
evidence to symbolic rules for more reliable auditing.

5. Conclusion
We presented a diagnostic analysis of an attention-augmented CNN

for rice disease diagnosis, coupled with post-hoc probability calibration
and a post-hoc rule-aware validator. On a rigorously de-duplicated
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Fig. 10. Grad-CAM overlays (test samples). Titles show predicted class and calibrated confidence
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Fig. 11. Inference latency histogram (batch = 1).
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held-out test set, the model attains 95.13% accuracy (weighted F1
95.14%), establishing a new, challenging baseline for this public
dataset. The analysis surfaced three key gaps: (i) calibration method
choice trades ECE against NLL/Brier [12,20], (ii) large performance
drops under brightness/blur highlight the need for domain-specific
augmentation [17,23], and (iii) the symbolic validator is post-hoc and
brittle to photometric shifts [6,7]. We release artifacts to catalyze
rigorous, reproducible comparisons in agricultural Al

By pairing calibrated neural predictions with explicit agro-
nomic rules, the system supports safer field deployment: ex-
tension workers can set confidence thresholds, auto-escalate
uncertain or rule-inconsistent cases, and audit decisions. This
reduces misdiagnosis risk, improves input stewardship, and
strengthens traceability.
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