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Abstract. Cassava is a major food commodity in Indonesia, and its production is threatened by various leaf diseases that can reduce yields
by up to 95%. Manual identification by farmers is often subjective and time-consuming, while conventional deep learning models
frequently suffer a significant drop in accuracy under field conditions with complex backgrounds and occlusion. This study proposes a
fine-tuned YOLOv12-based approach for cassava leaf disease detection under challenging field conditions. The dataset was built from two
public Kaggle repositories, the main one containing 21,397 images across five classes. A whole-leaf bounding-box annotation strategy was
adopted to provide stronger morphological context for detecting disease symptoms under occluded and visually complex conditions.
Hyperparameters were optimized by Bayesian optimization with the tree-structured Parzen estimator (TPE) in the Optuna framework. The
fine-tuned YOLOv12m model achieved a mean average precision (mAP) of 0.808 at an intersection over union (IoU) threshold of 0.5
(mAP50) and of 0.600 over IoU thresholds from 0.5 to 0.95 (mAP50-95), outperforming the YOLOv12s baseline. Although the
computational load increased from 21.5 to 67.8 giga floating-point operations (GFLOPs), the model was considerably better at
distinguishing disease features from field background noise. These findings indicate that the proposed approach improves detection
performance and resilience for cassava leaf disease detection in complex field environments.
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I. Introduction
Cassava (Manihot esculenta) is a staple food commodity
and industrial raw material in Indonesia, and it supports
progress toward the Sustainable Development Goal (SDG)
of zero hunger [1]. This strategic potential, however, faces a
severe threat from pathogens such as fungi, bacteria, and
viruses, which attack the leaves and can reduce yields by
12% to 95% [2]. Farmers currently rely heavily on manual
identification, which depends on subjective experience and
on the assistance of plant pathologists. This approach is
time-consuming and labor-intensive, and its subjectivity
makes it prone to misdiagnosis, which often results in de‐
layed or mistargeted disease management [3].

Although deep learning studies  [4], [5] have classified
plant diseases with high accuracy under controlled condi‐
tions, a significant performance gap emerges when these
models are applied to field data. Accuracy can drop sharply;
one study  [5] reported a decline from 95% in training to
76.59% in testing, mainly because field images are far more
complex than laboratory images. The main technical chal‐
lenges are cluttered backgrounds, illumination variation,
and occlusion, in which leaves overlap one another. These
factors make it difficult for models to localize disease symp‐
toms precisely and substantially degrade detection accuracy
in real agricultural settings.

To overcome these constraints, this study applies
YOLOv12, a state-of-the-art object detection architecture.

YOLOv12 introduces an attention mechanism designed to
sustain real-time performance while remaining resilient to
occlusion and to positional uncertainty of objects in dense
images  [6]. Model performance was evaluated with mean
average precision (mAP) for localization accuracy and float‐
ing-point operations (FLOPs) for computational efficiency,
with the aim of showing that YOLOv12 addresses the
accuracy degradation caused by complex backgrounds
and occlusion.

The main contributions of this study are as follows. First,
it evaluates the ability of YOLOv12, particularly its area at‐
tention mechanism, to detect cassava leaf diseases under
challenging field conditions involving occlusion, positional
uncertainty, and cluttered backgrounds. Second, it intro‐
duces a whole-leaf bounding-box annotation strategy that
uses the entire leaf, rather than only the visible symptom
area, as the detection target, so that the model captures
broader leaf-level context and misses fewer detections when
leaves overlap. Third, it applies Bayesian optimization with
the Optuna tree-structured Parzen estimator (TPE) to iden‐
tify optimal hyperparameters and augmentation settings,
and it analyzes the trade-off between detection accuracy and
computational efficiency for potential deployment on edge
devices in agriculture.

Published: September 2026

mailto:junita.amalia@del.ac.id


Conf. Proc. Sci. Manag., vol. 1, no. 1, 2026 Fine-Tuned YOLOv12 for Robust Cassava Leaf Disease Detection

89

II. Theoretical Framework

A. YOLOv12 Architecture
YOLOv12 is a recent development in real-time object de‐
tection that adopts an attention-centric design. Unlike ear‐
lier generations, which relied on standard convolutions,
YOLOv12 uses an area attention mechanism to capture
global spatial relationships efficiently [7], [8].

B. Object Detection in Field Conditions
Object detection in agricultural environments must cope
with occlusion (partly hidden objects) and with complex
backgrounds such as soil, weeds, or shadows. Previous re‐
search indicates that deep learning models often lose perfor‐
mance when visual disease features overlap with back‐
ground elements  [4], [9]. A model that is resilient to such
visual disturbances is therefore required to minimize misdi‐
agnosis.

C. Bayesian Optimization
Bayesian optimization is a method for finding the optimal
parameters of a complex function whose internal form is
unknown, often called a black-box function. It builds a
probabilistic surrogate model that predicts the most promis‐
ing hyperparameter combinations from previous evaluation
results. This approach has proven far more efficient in com‐
putational time than conventional methods such as grid
search or random search [10], [11].

D. Object Detection Evaluation Metrics
Model performance was evaluated with mAP as the primary
measure of the balance between precision and recall. The
mAP50 metric, computed at an intersection over union
(IoU) threshold of 0.5, validates basic detection accuracy,
and mAP50-95, averaged over IoU thresholds from 0.5 to
0.95, measures spatial precision more rigorously. Together,
these metrics allow an objective assessment of the model's
ability to distinguish types of cassava leaf disease under
complex environmental conditions  [12]-[14]. FLOPs were
used to measure computational load. Measuring FLOPs is
essential for analyzing the trade-off between higher accu‐
racy and the greater feature representation capacity of larger
architectures [15].

III. Data Collection and Analysis

A. Dataset Preparation
This study combined secondary data from two public
Kaggle repositories, Cassava Leaf Disease Classification
and iCassava 2019 Fine-Grained Visual Categorization
Challenge. The Kaggle datasets were developed by the
Makerere University AI Lab and the National Crops Re‐
sources Research Institute (NaCRRI), Uganda, from cassava
leaf images captured by local farmers with mobile phones.
The main dataset contains 21,397 images from five classes
at a resolution of 800×600 pixels, and the iCassava 2019
dataset provides 9,436 additional images of varying resolu‐
tion, which were used to address class imbalance.

B. Whole-Leaf Annotation Strategy
Bounding boxes were annotated manually on the Roboflow
platform with a strategy that covers the entire leaf structure:

each bounding box encloses the complete leaf that displays
disease symptoms. This strategy gives the model full mor‐
phological context and enables consistent localization under
occlusion. A single image may contain several bounding
boxes of different classes. After visual screening to remove
blurred images and outliers, 9,511 images with a total of
18,546 bounding boxes were obtained in five classes: cas‐
sava bacterial blight (CBB), cassava brown streak disease
(CBSD), cassava green mottle (CGM), cassava mosaic dis‐
ease (CMD), and healthy. The dataset was split 70:20:10
into training, validation, and test sets, and the test set was
kept fully isolated from training.

C. Model Architecture and Hyperparameter Optimization
Two experimental scenarios were run. In the first, a baseline
YOLOv12s model was trained with the default Ultralytics
hyperparameters for 100 epochs, with a batch size of 16 and
an input resolution of 640×640 pixels. In the second,
YOLOv12m was fine-tuned with the Adam optimizer. Hy‐
perparameters were optimized by Bayesian optimization
with the TPE algorithm in the Optuna framework over 15
trials. Each trial trained the model for 60 epochs with an
early-stopping patience of 20 epochs, and the objective was
to maximize mAP50-95 on the validation set.

IV. Results and Discussion
Before the final performance evaluation, Bayesian optimiza‐
tion was used to search for the optimal hyperparameter con‐
figuration, and the resulting parameters were applied in the
YOLOv12m fine-tuning scenario. The search ranges for the
augmentation parameters and the training hyperparameters
are listed in Tables 1 and 2.

Table 1. Augmentation Parameters and Search Ranges

Augmentation parameter Value range

hsv_h 0.0 to 0.02
hsv_s 0.5 to 0.8
hsv_v 0.1 to 0.5
degrees 10.0 to 20.0
translate 0.05 to 0.2
scale 0.4 to 0.9
mosaic 0.5 to 1.0
fliplr 0.3 to 0.6
mixup 0.0 to 0.15
copy_paste 0.0 to 0.3

Table 2. Training Hyperparameters and Search Ranges

Hyperparameter Value range

Initial learning rate (lr0) 1e-4 to 5e-3
Final learning rate factor (lrf) 0.01 to 0.3
momentum 0.85 to 0.98
weight_decay 1e-5 to 1e-3
dfl 1.0 to 2.0
box 6.0 to 10.0
cls 0.5 to 2.0
warmup_epochs 1.0 to 5.0

The baseline model was then compared with the
optimized model obtained with the TPE algorithm. The
evaluation results are given in Table 3.
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Table 3. Performance of the Baseline and Optimized YOLOv12
Models

Evaluation metric YOLOv12s baseline YOLOv12m fine-tuned

Precision 0.765 0.792
Recall 0.721 0.748
mAP50 0.784 0.808
mAP50-95 0.582 0.600
GFLOPs 21.50 67.80

The fine-tuned YOLOv12m model improved consistently
on all evaluation metrics over the YOLOv12s baseline. The
mAP50 increased from 0.784 to 0.808 and the mAP50-95
from 0.582 to 0.600, a relative increase of 3.09% in
mAP50-95. This gain is comparable to that reported for
CFNet-YOLOv12 [16], where integrating the coordinate at‐
tention (CoordAtt) module into YOLOv12 increased
mAP50-95 by 2.43% over the base model on self-collected
data (and by 2.59% on open-source datasets). These results
suggest that the proposed optimization strategy gives a
competitive performance gain in detecting complex plant
disease patterns under field conditions.

The improvement can be attributed to two main factors.
First, the YOLOv12m architecture has a larger representa‐
tional capacity than YOLOv12s, which allows the model to
learn more complex and diverse visual features. This is par‐
ticularly useful for subtle disease symptoms, such as the
small necrotic spots of CBB, which may overlap with the
natural texture of the leaf surface. Second, the augmentation
and hyperparameter settings optimized by Bayesian opti‐
mization produced a training setup that better represents
field conditions. Geometric augmentations such as scaling
and translation simulate variation in camera position and
distance, and mosaic augmentation simulates the density of
objects within a single frame. However, the comparison set
a default YOLOv12s baseline against a tuned YOLOv12m
model, so the observed gains mix the effects of model size
and hyperparameter tuning; no ablation study was run to
separate them.

The increase in precision from 0.765 to 0.792 indicates
that the fine-tuned model became more selective in confirm‐
ing detections and was less likely to misclassify complex
background patterns as disease features. The increase in re‐
call from 0.721 to 0.748 shows that the model detected
more of the disease objects present in the images, which
matters for partial symptoms, occlusion, and overlapping
leaves. The simultaneous gain in precision and recall sug‐
gests that the YOLOv12m configuration achieved a better
balance between reducing false positives and minimizing
missed detections.

The performance gain, however, came with a substantial
increase in computational cost, from 21.5 to 67.8 GFLOPs,
mainly because of the larger architectural scale of
YOLOv12m. Still, the consistent improvement across the
evaluation metrics indicates that the greater feature repre‐
sentation capacity of YOLOv12m brings practical benefits
for the high visual variability of cassava leaf disease images
captured in the field.

These results indicate that the fine-tuned YOLOv12m
model detected disease more reliably under challenging

field conditions, particularly in images affected by occlu‐
sion, overlapping leaves, subtle disease symptoms, and
complex background noise.

V. Conclusion
This study showed the potential of a fine-tuned YOLOv12
model, combined with a whole-leaf annotation strategy and
hyperparameter tuning by Bayesian optimization, for im‐
proving cassava leaf disease detection under field conditions
with occlusion and complex backgrounds. The fine-tuned
YOLOv12m model achieved an mAP50 of 0.808 and an
mAP50-95 of 0.600, outperforming the YOLOv12s base‐
line, which achieved 0.784 and 0.582, respectively. Preci‐
sion and recall also improved consistently. This gain came
with a computational trade-off, as the load increased from
21.5 to 67.8 GFLOPs, which must be considered for practi‐
cal implementation. Future research should expand the
dataset with variation in weather, cassava varieties, lighting,
and field backgrounds to further improve the model's gener‐
alization to real agricultural environments.
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