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Abstract

Precise crop load estimation is a fundamental requirement
for optimized agronomic decision-making and global food
security. However, traditional manual counting methodolo-
gies remain labor-intensive, subjective, and prone to sig-
nificant statistical variance. In this paper, we present the
AgriVision Decision Support System, an end-to-end com-
puter vision pipeline designed for high-precision wheat
head detection and yield forecasting. Utilizing a custom-
tuned YOLOvVS small (YOLOvVSs) architecture trained on the
Global Wheat Detection dataset, our system achieves robust
feature extraction across diverse field topologies and illumi-
nation gradients. To bridge the gap between pixel-level de-
tection and actionable business intelligence, we implement
a deterministic agronomic conversion engine that algorith-
mically computes spatial uniformity (CV%) and localized
yield estimates (t/ha). Experimental results demonstrate
that our architecture maintains high mean Average Preci-
sion (mAP) while overcoming common photometric chal-
lenges such as canopy shadowing. Finally, we provide a
cloud-native deployment strategy that automates executive
reporting through optimized byte-stream PDF generation,
offering a scalable solution for modern digital agriculture.

1. Introduction

The optimization of agricultural productivity is a critical
pillar of global food security. As climate change and re-
source depletion accelerate, the necessity for precise, scal-
able, and automated yield estimation has become a fun-
damental survival requirement [3]. Wheat (Triticum aes-
tivum) represents a primary source of global caloric intake,
yet in many developing nations, the agricultural pipeline re-
mains bottlenecked by intensive manual labor. Automating
the mechanical analysis of crop yields not only reduces the
margin of human error but actively reallocates human cap-
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Figure 1. The AgriVision pipeline. Top: The YOLOv8s ar-
chitecture successfully extracts features in dense, occluded field
topologies. Bottom: The deterministic agronomic engine trans-
lates bounding box data into localized metrics (¢/ha and CV%)
with automated executive reporting.

ital toward strategic agronomic development and resource
management.

Despite the rapid integration of Unmanned Aerial Ve-
hicles (UAVs) in modern agriculture, a significant techni-
cal gap remains. Current systems are highly fragmented;
they often provide rudimentary computer vision for wheat
head detection but fail to translate those spatial coordi-
nates into actionable business intelligence. Relying strictly
on bounding boxes without a secondary analytical engine
leaves farmers to manually interpret the data, effectively de-
feating the purpose of automation.

To resolve this fragmentation, we introduce the AgriVi-
sion Decision Support System: an end-to-end, deep learn-
ing pipeline designed to seamlessly convert raw drone im-
agery into localized statistical insights. Our system lever-



ages a custom-tuned YOLOVS small (YOLOvS8s) architec-
ture, specifically optimized on the Global Wheat Detection
dataset [2], to generate tight bounding boxes around wheat
heads even in dense, occluded field topologies.

Beyond strict detection, the core value proposition of
AgriVision is its deterministic agronomic engine. Our ar-
chitecture processes batch inputs of high-resolution UAV
imagery and autonomously computes critical field metrics,
including crop spatial variance (health uniformity) and yield
estimations measured in tons per hectare (¢t/ha). Further-
more, the engine features dynamic localization, supporting
automated configurations for 10 distinct national agronomic
profiles, alongside custom parameterization for specialized
fields. By bridging the gap between pixel-level detection
and macro-level analytics, this system offers a highly scal-
able, low-friction solution for next-generation digital agri-
culture.

2. Related Work

Traditional Computer Vision: Early approaches to agri-
cultural object detection relied heavily on hand-crafted
heuristic features, utilizing algorithms focused on edge de-
tection and color thresholding. While functionally simple,
these models struggled with generalization. In complex
agricultural environments, bounding features are highly un-
stable; models frequently failed when confronted with oc-
clusion, target camouflage against green canopies, and vari-
able illumination gradients.

Two-Stage Deep Learning Detectors: The paradigm
shifted with the introduction of Convolutional Neural Net-
works (CNNs). Early heavyweight architectures, such as
R-CNN [4], utilized Selective Search to generate thousands
of region proposals per image, applying explicit neural net-
work training to each region. While this established a base-
line for mean Average Precision (mAP), the computational
overhead was massive. Subsequent iterations, namely Fast
R-CNN and Faster R-CNN, optimized this pipeline by shar-
ing convolutional feature maps and introducing the Region
Proposal Network (RPN). Despite achieving high local-
ization accuracy, the inherent two-stage architecture (pro-
posal generation followed by classification) remains com-
putationally expensive, failing to meet the strict ultra-low
latency requirements for real-time inference on edge de-
vices.

Single-Stage Detectors and Vision Transformers: To
achieve real-time detection, single-stage architectures like
YOLO (You Only Look Once) [6] reframed object detec-
tion as a unified regression problem, passing the full im-
age through a single network to simultaneously predict
spatial coordinates and class probabilities. While early
YOLO versions struggled with small-object detection due
to aggressive downsampling, architectures like SSD (Sin-
gle Shot MultiBox Detector) introduced hierarchical, multi-

scale feature maps to improve the receptive field. More
recently, attention-based models such as DETR [1] and
the underlying Transformer architecture [8] have achieved
state-of-the-art accuracy; however, the quadratic computa-
tional complexity of the transformer attention mechanism
makes them prohibitively slow for real-time agricultural de-
ployment.

Our Approach: To deploy an actionable agronomic sys-
tem, the selected architecture must strike an optimal Pareto
frontier between inference velocity and feature extraction
accuracy. Transformer-based models are computationally
prohibitive for Unmanned Aerial Vehicle (UAV) edge hard-
ware, and two-stage detectors suffer from latency. There-
fore, we utilize an advanced iteration of the YOLO architec-
ture, specifically optimized to handle the dense, small-scale
nature of the Global Wheat dataset in real-time.

3. Proposed Methodology

To construct the AgriVision Decision Support System, we
developed a deterministic pipeline that bridges pixel-level
feature extraction with macro-level agronomic analytics.
This section details the data preprocessing protocol, the the-
oretical framework of our selected detection architecture,
and the mathematical formulation of our decision support
engine.

3.1. Data Pipeline and Preprocessing

The foundation of our detection architecture relies on robust
feature extraction from highly variable agricultural imagery.
Dataset Characteristics and Provenance: We utilized
the Global Wheat Head Dataset (GWHD) 2020 [7], ac-
quired via the official CoDALab release. The dataset
comprises 3,422 high-resolution (1024 x 1024 pixels)
images containing 145,411 dense bounding box annota-
tions. A defining characteristic of the GWHD is its multi-
institutional provenance; data was aggregated from seven
independent research facilities across six countries.

This geographic diversity introduces profound inter-
domain variability. The dataset exhibits significant variance
in phenotypic morphology, illumination, and canopy den-
sity. EDA revealed a heavy-tailed distribution of bounding
boxes per image (u = 42.5,0 ~ 20.1), with outliers con-
taining over 100 heavily occluded instances. These outliers
were retained to train a robust, shape-dependent regression
head.

Source-Stratified Partitioning: To prevent domain
shift, we implemented a source-stratified splitting protocol.
We partitioned the dataset into an 80/20 train/test split, strat-
ified by the institutional source metadata. A subsequent
80/20 split on the training partition was performed at the
image_id level to generate the validation set, guarantee-
ing zero data leakage.
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Figure 2. Sample images from the GWHD demonstrating signif-
icant inter-domain variability. Clockwise from top left: sparse
canopy (ARVALIS), high-density clustering (ETHZ), variable il-
lumination (RRES), and phenotypic variance (INRAE).

Pipeline Validation via Faster R-CNN: Prior to pri-
mary training, we instituted a software-engineering san-
ity check. A PyTorch-based Faster R-CNN [7] utilizing a
ResNet-50-FPN backbone (pre-trained on MS COCO [5])
was deployed as a validation instrument. Monotonic loss
convergence on a minimal CPU subset verified the integrity
of the data ingestion and gradient flow.

3.2. Architecture Selection: YOLOvS8s

For the primary detection task, we selected the YOLOvS8
small (YOLOVSs) architecture. While transformer-based
detectors offer high precision, their computational complex-
ity makes them prohibitive for real-time agricultural de-
ployment on UAV hardware. YOLOvSs strikes an optimal
Pareto frontier between inference velocity and mAP.

The superiority of YOLOVSs for dense field detection
stems from its anchor-free detection head. By decoupling
classification and regression, the model directly predicts ob-
ject centers, which is advantageous for dense, overlapping
clusters in the GWHD. Furthermore, the Spatial Pyramid
Pooling - Fast (SPPF) module (visualized in Figure 3) en-
sures multi-scale feature awareness, allowing for the simul-
taneous detection of proximal and distal wheat heads.

4. Experiments and Results

To validate the efficacy of our proposed architecture, we
conducted a two-stage empirical study. We first established
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Figure 3. Schematic representation of the YOLOv8s architecture,
highlighting the CSPDarknet backbone, SPPF module, and decou-
pled anchor-free heads.

a baseline using default YOLOv8s configurations to iden-
tify domain-specific failure modes. Subsequently, we ap-
plied an error-driven hyperparameter tuning protocol to op-
timize the model for agricultural edge cases.

4.1. Experimental Setup

To ensure reproducibility and establish a robust control en-
vironment, all training iterations were executed on a stan-
dardized hardware stack. Experiments were conducted
within a constrained environment utilizing an NVIDIA
Tesla T4 GPU (16 GB VRAM) and 12.7 GB of system
RAM. These constraints intentionally mirror the opera-
tional envelope of resource-limited agricultural deployment
scenarios.

Initialization Protocol: Both the baseline and ex-
perimental models were initialized using the official
yolov8s.pt checkpoint, pre-trained on the MS COCO
2017 dataset. This transfer learning strategy provided cru-
cial low-level feature reuse (e.g., edge and texture gradi-
ents) and acted as an implicit structural regularizer, mitigat-
ing the severe overfitting risk associated with our domain-
specific dataset (2,190 training images, capacity-to-data ra-
tio = 5,114).

Baseline Configuration (Iteration 1): To establish the
controlled reference metric, the baseline model was trained
utilizing default Ultralytics hyperparameter values. The
network ingested imagery at the standard 640 x 640 pixel
resolution. The model trained for exactly 50 epochs with-



out early stopping, utilizing a batch size of 16, which fully
saturated the available VRAM.

The critical baseline hyperparameters, optimized via the
AdamW algorithm, are detailed in Table 1. This configura-
tion establishes the control group; any deviation in subse-
quent iterations is explicitly justified by the empirical fail-
ure modes identified in Section 4.2.

Table 1. Baseline YOLOVS8s Training Configuration (Control)

Parameter Value
Input Resolution (imgsz) 640 x 640
Epochs 50 (Full)
Batch Size 16
Optimizer AdamW
Learning Rate (1r0/ 1rf) 0.01/0.01
Weight Decay 0.0005
Box Loss Multiplier 7.5

Cls Loss Multiplier 0.5
Augmentation: Mosaic 1.0 (100%)

Augmentation: Mixup / FlipUD 0.0 (Disabled)

4.2. Baseline Evaluation and Systematic Error
Analysis

At face value, the baseline YOLOv8s model achieved
strong aggregate metrics on the GWHD validation parti-
tion, recording an mAP@50 of 0.950 and a precision of
0.925. The training trajectory exhibited textbook conver-
gence, with a tight train-validation gap (Abox = 0.048)
confirming generalization.

However, in precision agriculture, where missed de-
tections distort yield calculations, aggregate metrics like
mAP frequently mask catastrophic, localized failure modes.
A rigorous quantitative error analysis across the 23,302
ground-truth bounding boxes revealed two compounded
vulnerabilities that disqualified the baseline from opera-
tional deployment:

1. Scale Degradation of Micro-Objects: The most
prominent failure mode involved False Negatives (FN) on
distant or highly occluded wheat heads. Our diagnos-
tic pipeline extracted 416 complete detection failures (IoU
< 0.1). Crucially, the minimum FN area was 418 px?
(=~ 20 x 20 pixels).

This is an architectural ceiling, not a training failure. At
the baseline resolution of 640 x 640, the YOLOvV8 back-
bone applies a maximum convolutional stride of 32. An
object occupying 418 px? on a 1024px canvas is resized to
~ 163 px? at input, and further compressed to just 0.16 px>
at the terminal feature map. At sub-pixel dimensions, the
object is mathematically invisible to the detection head.

2. Dense Cluster Hallucinations (Precision Collapse):
Reversing the diagnostic to audit false positives revealed
a model operating with dangerous uncertainty. The base-
line exhibited a median prediction confidence of only 0.434.
This "reckless guessing” behavior generated 1,092 pure hal-
Iucinations (IoU = 0.0) across 95% of the validation im-
ages. These phantom detections were concentrated in mid-
tone luminance zones (100-140/255) where overlapping
leaves and soil mimicked wheat textures. Compounded
across a field survey, this hallucination rate would artifi-
cially inflate yield estimations by 4-8%.

Figure 4. The Out-of-Distribution (OOD) stress case. Confronted
with an immature green canopy, the baseline model suffers 56
combined errors (27 FPs, 29 FNs) and a collapsed average con-
fidence of 0.44. The model fails to distinguish target textures from
background camouflage.

The topological overlay of these errors confirmed a uni-
fied root cause: the combination of insufficient input resolu-
tion (640px) and photometric fragility destroyed the spatial
gradients required to discriminate micro-scale wheat heads
from background noise. These specific findings motivated
our error-driven tuning protocol in Section 4.3.

4.3. Error-Driven Hyperparameter Optimization

To resolve the systematic vulnerabilities identified in the
baseline, we eschewed arbitrary grid search in favor of a
targeted, error-driven tuning protocol. The transition from
Iteration 1 to Iteration 2 was governed by a strict method-
ological principle: no hyperparameter was modified without
a traceable justification derived from the forensic failure de-
composition.



Formally, for each identified failure mode F}, we modi-
fied a minimal set of hyperparameters 6, C O to directly
address the deficiency. Of the approximately 40 config-
urable training parameters, only 8 were altered (|6*| = 8),
ensuring that the observed performance delta is attributable
solely to these surgical interventions. The complete inter-
vention mapping is detailed in Table 2.

Resolution Scaling and the Law of Equivalent Ex-
change: The primary architectural intervention targets
Scale Degradation (F1). At a 640px input, a wheat head oc-
cupying 418 px? is mathematically annihilated in the stride-
32 terminal feature map (0.16 px?). Increasing the resolu-
tion to 1024px directly eliminates this ceiling:

2
Aﬁcle(ﬁi)re _ 418 x (1:()))22;1/1024) ~041px? (1)
More critically, the median false negative area of 3,099 px2
now maps to &~ 3.03 px? in the feature map, providing a
sufficient spatial footprint for the convolutional kernels to
extract meaningful gradient features.

However, because memory scales quadratically
(VRAM  imgsz?®), the 1024px resolution demanded a
2.56x increase in memory. To prevent out-of-memory
(OOM) failures on our 16GB VRAM hardware, we em-
ployed Automatic Mixed Precision (AMP) and delegated
batch sizing to the AutoBatch algorithm. This calibrated
the effective batch size to 6. The resulting 62.5% reduction
in batch size introduced stochastic gradient noise, which
advantageously served as an implicit regularizer against the
increased model capacity.

Photometric and Geometric Regularization Equilib-
rium: Increasing input resolution expands the network’s
informational capacity, risking severe overfitting on high-
resolution training textures. To maintain the capacity-
regularization equilibrium, we scaled the augmentation in-
tensity proportionally.

To combat mid-tone camouflage failures (F2), we ex-
panded the Value (brightness) jitter (hsv_v) to 0.6, forcing
the network to simulate lighting conditions ranging from
deep shadow to washed-out overexposure (/(0.4L,1.6L)).
Furthermore, we introduced a mixup probability of 0.2.
Mixup blends pairs of training images via a linear combi-
nation:

Z=MXx; +(1—Xzj, A~ Beta(e,q) (2)
At o = 0.2, the Beta distribution is heavily bimodal, intro-
ducing just enough visual noise to simulate the translucent
overlapping canopy layers observed in dense wheat fields.
This forces the network to detect wheat heads through a
”veil” of background noise, suppressing hallucinations (F3)
by teaching the model that soil-like textures are insufficient
evidence for detection.

Loss Function Re-weighting for Single-Class Tasks:
In a binary detection task (wheat vs. background), the clas-
sification branch is inherently trivial. By increasing the
bounding box CloU penalty (box) to 9.0 and suppress-
ing the Binary Cross-Entropy classification weight (c1s)
to 0.3, we doubled the effective loss ratio:
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This profound shift in the optimization landscape forced
the network to prioritize extreme geometric precision. It
successfully converted the model from a reckless guesser”
(baseline median confidence 0.434) into a highly decisive
detector, aggressively penalizing zero-IoU false positives
during backpropagation.

Information Saturation and Early Stopping: The It-
eration 2 training loop was governed by an early stopping
patience mechanism monitoring the mAP@50-95 met-
ric. The tuned model triggered termination at epoch 35 of
150. This early stop signifies information saturation rather
than undertraining. By evaluating the total information ex-
posure:

Infouned ~ 35 x 10242 x 2.4 ~ 88.1 x 10° px-epochs (4)
Infope & 50 x 6402 x 1.5 ~ 30.7 x 10° px-epochs (5)

We confirm the tuned model processed nearly 2.87x more
visual information than the baseline’s full 50-epoch run.
The patience mechanism successfully halted training the
moment the network reached its architectural capacity ceil-
ing, preventing texture memorization and preserving gener-
alization.

4.4. Comparative Performance Analysis and De-
ployment Validation

A superficial analysis of the aggregate metrics suggests
near-identical performance between the baseline and tuned
models. However, deep forensic evaluation reveals a funda-
mental behavioral transformation, shifting the architecture
from a mathematically indecisive state to a highly confi-
dent, operationally viable deployment target. The compar-
ative metrics across the 548-image validation partition are
detailed in Table 3.

The Confidence Paradigm Shift: While the tuned
model exhibits a recall regression (0.974 to 0.906), this
reduction is an engineered suppression of uncertain pre-
dictions rather than an algorithmic failure. The base-
line achieved its 97.4% recall through aggressive, low-
confidence guessing, polluting the output with 1,092 zero-
IoU phantom detections.

By contrast, the tuned model achieved a massive +39.4%
increase in median prediction confidence (from 0.434 to
0.605). The decision distribution underwent a phase tran-
sition: the rightward shift in confidence density indicates



Table 2. Targeted Hyperparameter Interventions mapping architectural modifications to baseline failure modes.

Parameter Baseline Tuned A Causal Failure Mode & Engineering Rationale

imgsz (Resolution) 640 1024 +60% F1: Scale Degradation. Preserves micro-object spatial data through stride-32 layers.
hsv_v (Brightness) 0.4 0.6 +50% F2: Photometric Fragility. Destroys mid-tone luminance thresholds.

flipud (Vertical Flip) 0.0 0.5 +00 F2: Photometric Fragility. Exploits rotational invariance of nadir drone captures.
mixup 0.0 0.2 +00 F2 + F3: Camouflage & Hallucination. Simulates dense, overlapping canopies.

box (Regression Loss) 7.5 9.0 +20% F3: Hallucination. Heavily penalizes imprecise spatial localization.

cls (Class Loss) 0.5 0.3 —40% F3: Hallucination. Redirects gradient bandwidth away from the trivial single-class task.
batch 16 -1 Adaptive  Compute Constraint. AutoBatch reduces to 6 to fit 16GB VRAM at 1024px.
workers 8 2 —75% Compute Constraint. Matches 2-core CPU limits to prevent thread starvation.

Table 3. Head-to-head performance metrics. The tuned model
traded marginal recall for a massive increase in operational confi-
dence under a significantly harder evaluation regime.

Metric Baseline (640px) Tuned (1024px) A
mAP@50 0.950 0.944 -0.006
mAP@50-95 0.569 0.563 -0.006
Precision 0.877 0.873 —0.004
Recall 0.974 0.906 —0.068
Median Confidence 0.434 0.605 +39.4%
Epochs 50 35 (Early Stop) -30%

that when the tuned model emits a bounding box, it does
so with high mathematical certainty. In precision agricul-
ture, where hallucinated bounding boxes artificially inflate
yield projections by 4-8%, a confident 90.6% recall is oper-
ationally superior to a 97.4% recall contaminated by back-
ground noise.

Crowd-Scene Immunity and Spatial Persistence:
Sub-image error forensics confirmed the tuned model’s ro-
bustness. Plotting ground-truth density against False Neg-
atives revealed a near-flat trend line with a slope of 0.033.
This demonstrates crowd-scene immunity; introducing 30
additional wheat heads into a dense canopy increases the
expected FN count by merely ~ 1. Furthermore, even
in images experiencing critical hallucination severity (;10
FPs), the Jaccard Index remained above 0.50, proving the
remaining false positives are predominantly minor spatial
misalignments rather than the zero-IoU ghost predictions
generated by the baseline.

The Irreducible Domain Boundary: We subjected the
tuned model to a rematch against the baseline’s hardest
Out-of-Distribution (OOD) case: a dense, immature green
wheat canopy (previously identified in Figure 4). The tuned
model yielded exactly the same result: 56 combined errors
with an average confidence of 0.444. This persistent fail-
ure establishes the model’s irreducible domain boundary.
The error is semantic, not architectural; the network cannot
distinguish green wheat heads from green leaves because
the training corpus predominantly features mature, golden-
brown phenotypes. Resolving this phenological bound-
ary necessitates corpus augmentation across the complete

BBCH growth scale, identifying a clear vector for future
work.

Edge-Computing Viability: The ultimate validation of
the AgriVision pipeline is its deployment viability on CPU-
constrained edge hardware. The tuned YOLOVS8s architec-
ture encapsulates 11.2M parameters in a lightweight 22.6
MB weight file. Operating at the native 1024 x 1024 in-
put resolution on an Intel i3-class CPU, the forward pass
achieves an inference latency of 2-4 seconds per image.

To prevent cascading out-of-memory exceptions during
sequential batch processing, the inference wrapper imple-
ments aggressive memory management, explicitly flushing
the PyTorch prediction tensor graph prior to downstream
metric extraction. While 2-4 seconds prevents live drone-
feed processing on CPU hardware, it easily satisfies the
throughput requirements for post-flight offline surveying,
successfully bridging the gap between pixel-level detection
and actionable agronomic intelligence.

5. Conclusion

The development of the AgriVision Decision Support Sys-
tem represents a comprehensive evolution from a funda-
mental computer vision detection task into an operational
agronomic tool. Addressing the profound inter-domain
variability of the GWHD—characterized by extreme fluctu-
ations in illumination, canopy density, and scale that chal-
lenge even human visual perception—required a rigorous,
end-to-end engineering approach.

Our baseline evaluations revealed that default architec-
tures struggle significantly under field conditions, exhibit-
ing scale degradation on micro-objects, mid-tone camou-
flage failures, and reckless low-confidence hallucinations.
By substituting arbitrary parameter search with a targeted,
error-driven optimization protocol, we successfully trans-
formed the model. While aggregate metrics appeared su-
perficially stable, the tuned architecture delivered a criti-
cal +39.4% increase in operational confidence, converting
a fragile detector into a decisive pipeline suitable for real-
world yield estimation.

Despite these successes, our forensic analysis explicitly
identifies an irreducible domain boundary. The model re-



Iteration 2: Error Distribution Analysis

FP vs FN Distribution

Baseline (640 px) vs. Tuned (1024 px) — Model Comparison Showdown

The Ha

Figure 5. Confidence density distributions. The tuned model
(green) shifts the peak density from ~ 0.40 to ~ 0.65, effectively
eliminating the “reckless guessing” tail mass present in the base-

line (red).

mains highly vulnerable to Out-of-Distribution (OOD) do-
main shifts, specifically failing on immature green wheat
phenotypes and imagery captured outside the standard 75°—
90° nadir UAV acquisition angle.

For future research, we recommend expanding the train-
ing corpus to encompass multi-phenological data across the
complete BBCH growth scale and integrating multi-angle
UAV capture geometries. Furthermore, continued optimiza-
tion for ultra-low latency on edge-compute hardware will
be necessary. Ultimately, bridging the gap between pixel-
level bounding boxes and deterministic agronomic intelli-
gence establishes systems like AgriVision as scalable, crit-
ical infrastructure for global precision agriculture and food
security.
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