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Abstract 

Accurate spray timing is essential for reducing unnecessary pesticide use in irrigated cot-
ton production. This study developed and evaluated a locally calibrated six-stage Spray-
ing Phase (SP) scale for the Karshi/Qashqadaryo production context. The scale was estab-
lished through a two-round moderated consensus process involving 16 expert panelists 
representing this production context. A screened dataset of 14,400 non-standardized 
smartphone images was used to train and evaluate a ResNet-50 convolutional neural net-
work (CNN) for SP-stage classification. Field validation was conducted at the Karshi En-
gineering and Economics Institute during the 2023 and 2024 seasons using an internally 
controlled randomized complete block design (RCBD)-style paired comparison of SP-
based and BBCH-based spray timing. The CNN achieved 93.0% test accuracy. The mean 
number of pesticide applications was descriptively lower under SP-guided scheduling 
than under BBCH-based scheduling (3.75 versus 4.88 applications per season; −23.1%). For 
the inferentially evaluated outcomes, crop-protection cost decreased by 21.2%, the Envi-
ronmental Risk Index decreased by 21.6%, and plot-level lint-equivalent yield increased 
by 4.5%. These findings support SP-guided timing as a promising locally calibrated deci-
sion-support approach under the tested Karshi/Qashqadaryo conditions; broader use re-
quires multi-site, multi-cultivar, multi-season, device-stratified, and BBCH-level valida-
tion, together with technical deployment testing and implementation-cost assessment. 

Keywords: cotton cultivation; spraying phases; phenology; expert consensus;  
Qashqadaryo; precision agriculture; convolutional neural network; pesticide timing 
 

1. Introduction 
Cotton remains an economically important crop in Central Asia and is a central com-

ponent of irrigated agricultural systems in Uzbekistan [1,2]. At the same time, cotton is a 
high-input crop, and plant-protection decisions can strongly influence production cost, 
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environmental risk, and farm-worker exposure [3,4]. Insect pests such as cotton bollworm 
(Helicoverpa armigera) and sap-sucking pests are particularly important in regional cot-
ton systems, especially when warm summer conditions favor rapid pest development [5]. 
Integrated pest management (IPM), therefore, emphasizes timely, need-based interven-
tions rather than routine prophylactic spraying [6]. 

Phenological timing is a practical constraint in cotton crop protection. The BBCH 
scale provides an internationally recognized system for describing cotton development [7] 
within the broader BBCH framework for mono- and dicotyledonous plants [8], but it is 
not designed as a local spray-decision scale. Broad BBCH stages may be sufficient for gen-
eral communication, yet they do not always identify the field-visible intervention win-
dows that advisers and growers use during pest-management decisions. This limitation 
is relevant in the Karshi/Qashqadaryo irrigated cotton context, where short growing sea-
sons, furrow irrigation, local cultivar development, and seasonal pest pressure can narrow 
the useful spray window. 

Computer vision offers a complementary way to operationalize phenological obser-
vation. Convolutional neural networks (CNNs) have been used to classify crop growth 
stages and extract phenological information from field imagery [9–14]. However, image-
based tools require target classes that are agronomically meaningful, observable under 
routine field conditions, and sufficiently distinct for consistent labeling. A locally cali-
brated Spraying Phase scale can therefore connect expert agronomic knowledge with au-
tomated image classification. Decision-support models in crop protection provide a re-
lated example of linking biological risk or stage prediction with treatment timing [15]. 

A methodological challenge in image-based crop-stage recognition is that high test 
accuracy may partly reflect dataset-specific cues rather than transferable phenological 
recognition. Potential sources include farm or contributor background, soil and canopy 
context, device-specific color rendering, illumination, viewpoint, and uncertainty in ex-
pert labels. The present study, therefore, treated internal validity and transferability as 
separate issues: contributor-wise data partitioning, duplicate screening, independent SP-
label validation, and cautious scope language were used to reduce overinterpretation of 
model performance. 

The objective of this study was to develop and evaluate an expert-defined Spraying 
Phase (SP) scale for cotton spray-timing support under Karshi/Qashqadaryo irrigated pro-
duction conditions. The study had three linked aims: (i) we define an operational SP scale 
through structured expert consensus; (ii) we train and validate a CNN model for SP-stage 
recognition from screened smartphone images; and (iii) we compare SP-guided timing 
with BBCH-based timing in a two-season field validation. The study was not designed to 
establish national representativeness; transferability beyond the tested context requires 
additional regional validation. 

2. Materials and Methods 
The study site and agronomic context are described first. The subsequent workflow 

consisted of four sequential components: expert consensus, smartphone image screening 
and labeling, CNN training and evaluation, and two-season field validation. These com-
ponents linked the locally defined SP scale with image-based stage recognition and a con-
trolled comparison of SP-based and BBCH-based spray timing. 

2.1. Experimental Field and Agronomic Context 

Field validation was conducted at the Karshi Engineering and Economics Institute 
(KEEI) experimental field near Karshi, Qashqadaryo province, Uzbekistan (approximate 
coordinates 38.85° N, 65.75° E). The coordinates are approximate and should not be inter-
preted as GPS-surveyed plot boundaries. The site represents an irrigated cotton-
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production context in Southern Uzbekistan, where continental-arid conditions, hot dry 
summers, and dependence on irrigation shape crop development and pest-management 
timing. Broader regional cotton-water and cotton-phenology literature provides back-
ground for this context, but the present field validation remains site-specific [16–18]. The 
regional setting of the experimental field and the location of the experimental field are 
shown in Figure 1. 

 

Figure 1. Geographic location of the experimental field. 

The experimental field has a continental, cold semi-arid climate (Köppen–Geiger 
class BSk) [19]. Long-term climate normals for the Karshi/Qashqadaryo area indicate a 
mean annual air temperature of approximately 16–17 °C, a hot and effectively rainless 
summer (mean July temperature near 30 °C, with daytime maxima frequently exceeding 
35 °C) and cool winters (mean January temperature about 3 °C) [20]. Mean annual precip-
itation is low, on the order of 250–290 mm, and falls mainly between late autumn and 
early spring, so that the April–October cotton growing season depends almost entirely on 
irrigation. These continental-arid conditions—high summer evaporative demand, a long 
frost-free period and strong dependence on furrow irrigation from Amu Darya-derived 
water—shape crop development and the timing of plant-protection interventions in the 
Karshi/Qashqadaryo irrigated cotton system. 

The field experiment used Bukhara-102, a medium-maturity Gossypium hirsutum 
cultivar. Sowing was conducted on 12–15 April 2023 and 8–10 April 2024. Row spacing 
was 60 cm, with a target final plant density of 85,000–95,000 plants/ha and final intra-row 
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spacing after thinning and stand establishment of approximately 17.5–20.0 cm. Basal fer-
tilizer consisted of 200 kg/ha NPK 10-20-20 before sowing, followed by 150 kg/ha urea 
split between SP2 and SP4. 

The soil at the KEEI experimental field was recorded in field records as typical gray 
desert/sierozem soil with loam to medium-textured loam texture, pH 7.8–8.1, electrical 
conductivity 0.8–1.4 dS/m, and organic matter 0.9–1.2%. Irrigation was by furrow method 
using Amu Darya-derived irrigation water, with 8–10 irrigations per season and an ap-
proximate seasonal irrigation volume of 5500–6500 m3/ha. Year-specific weather summar-
ies were not included as explanatory covariates; therefore, weather-related interpretation 
is restricted to the general continental-arid production context. 

The agronomic sampling frame was therefore intentionally local: one irrigated 
KEEI/Karshi experimental context, one medium-maturity cultivar, and the 
Karshi/Qashqadaryo expert and image-contributor network. 

2.2. Development of the Spraying Phase Scale 

The Spraying Phase (SP) scale was developed through two consecutive moderated 
focus-group rounds with 16 expert panelists (senior cotton agronomists) representing the 
Karshi/Qashqadaryo production context. The panel included research-station specialists, 
extension or consultancy agronomists, and large-farm managers, each with more than ten 
years of practical crop-protection experience. The same 16 panelists also served as primary 
image contributors and primary labelers, but they were distinct from the three independ-
ent validation agronomists described below. 

The first round elicited field-visible phenological markers and spray-timing rules 
used in practice. Candidate stages were proposed from repeated decision points described 
by the panelists. After the first round, structured notes were consolidated into draft phase 
definitions. The second round compared the draft stages, merged overlapping concepts, 
clarified ambiguous boundaries, and tested the definitions against field examples. For ex-
ample, the SP3-SP4 boundary was anchored to the first visible buds, while mixed-stage 
scenes were assigned according to the dominant visible cue unless a decisive later-stage 
cue, such as open flowers or hardening bolls, was present. 

Formal voting and a Delphi procedure were not used because the objective was to 
establish shared operational definitions through direct terminology calibration rather 
than to quantify anonymous preferences. Consensus was defined as the absence of unre-
solved substantive objections after discussion of boundary cases. If disagreement had re-
mained unresolved, the affected boundary would have been retained for additional field 
review rather than forced by majority vote. Final definitions were circulated after the sec-
ond round and confirmed in writing by the panelists. 

2.3. Operational SP-Stage Definitions and Approximate BBCH Alignment 

The final SP scale comprised six consecutive field-visible phases used as the reference 
standard for image labeling and spray-timing interpretation (Table 1). 

Table 1. Operational spraying phase (SP) definitions and approximate BBCH alignment. 

SP Stage Operational Field Cue 
Approximate 

BBCH Interval Decision Relevance 

SP1 Emergence of the first true leaf 09–11 
Early establishment and early sap-sucking pest 

observation 

SP2 
Vegetative leaf growth and first lateral 

shoots 12–34 Canopy development and early pest scouting 

SP3 Stem elongation and leaf closure 35–50 Canopy closure and changing spray penetration 
SP4 First visible flower buds/squares 51–59 Bud-stage intervention window 
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SP5 First open flowers to mid-flowering 60–69 Flowering-stage protection window 

SP6 
Boll development until the first boll 

opening 70–80 Early boll protection and maturation window 

2.4. Smartphone Image Dataset, Screening, and Labeling 

Images were collected from April to October in 2023 and 2024 by the 16 expert pan-
elists acting as primary contributors and primary labelers. The collection consisted of non-
standardized smartphone images taken during routine fieldwork. Device models in-
cluded Xiaomi Redmi Note 12 Pro (Xiaomi Corporation, Beijing, China), Samsung Galaxy 
A54 (Samsung Electronics Co., Ltd., Suwon-si, Republic of Korea), iPhone 13 (Apple Inc., 
Cupertino, CA, USA), and similar smartphones. Images were recorded as JPEG files; more 
than 95% of retained images had a resolution of at least 3000 × 4000 px, and the average 
file size was approximately 2.8 MB. This smartphone-only design was distinct from 
UAV/aerial cotton-imaging studies [21,22]. 

The initial image pool contained 14,887 smartphone images. Technical screening, vis-
ual interpretability screening, and deduplication removed 487 images (approximately 
3.3%). Removed images included 312 duplicate or near-duplicate images and 175 images 
with severe blur, strong shadow, incorrect plant object, or insufficient interpretability. 
Blur/sharpness screening used the variance of the Laplacian; images with variance below 
80 were flagged for severe blur and technical exclusion when visual interpretability was 
also inadequate. The final screened dataset contained 14,400 images. 

Primary labels were assigned by the contributing expert panelists using the SP defi-
nitions in Table 1. The final class distribution was SP1: 2290; SP2: 2400; SP3: 2170; SP4: 
2680; SP5: 2500; and SP6: 2360 images. The 70/20/10 split was implemented as a realized 
image-level target under the constraint of farm/contributor-wise non-overlap. Images 
from the same farm/contributor collection unit were not distributed across training, vali-
dation, and test subsets. The final split contained 10,080 training images, 2880 validation 
images, and 1440 test images. 

The dataset included 16 farm/contributor collection units. The mean number of re-
tained images per unit was 900, with a minimum, median, and maximum of 680, 905, and 
1120 images, respectively. The largest contributor represented 7.8% of the final dataset, 
reducing the risk that a single farm/contributor dominated model evaluation. 

The farm/contributor-wise split was used as both a leakage-control and environmen-
tal-bias mitigation step. Deduplication and near-duplicate removal were completed be-
fore final partitioning so that visually similar images could not inflate held-out perfor-
mance across subsets. Images from the same farm/contributor collection unit were con-
fined to a single partition, which reduced the possibility that the test set measured mem-
orization of the same field background, soil color, irrigation geometry, or contributor-spe-
cific image style. This procedure reduces, but does not eliminate, environmental back-
ground bias because all collection units came from the same Karshi/Qashqadaryo produc-
tion context. 

Device model, JPEG compression, illumination, and viewpoint variability were 
treated as part of real-field image acquisition rather than as fully controlled experimental 
factors. Complete stage-wise distributions of device model, exposure, illumination cate-
gory, and camera angle were not available; therefore, robustness across these factors was 
evaluated indirectly through contributor-wise hold-out testing and is treated as a trans-
ferability limitation. 

  



Agriculture 2026, 16, 1417 6 of 15 
 

https://doi.org/10.3390/agriculture16131417 

2.5. Independent SP-Label Validation 

A separate panel of three independent validation agronomists was used to evaluate 
SP-label consistency. These validators were not involved in SP-scale development, pri-
mary image collection, or primary labeling. They are referred to as Validator A (university 
agronomist, 18 years of experience), Validator B (plant-protection specialist), and Valida-
tor C (senior large-scale farm agronomy consultant, 22 years of experience). 

The validation subset contained 300 images, stratified at approximately 50 images 
per SP class. Images were presented in randomized order under blinded conditions. No 
CNN predictions, dates, farm identifiers, or metadata were shown, and validators used 
only the written SP-stage definitions. Each validator assigned one SP label to each image. 
Inter-rater agreement was quantified with pairwise Cohen’s kappa. Disagreements were 
resolved through criteria-based adjudication anchored to the written SP definitions and 
the dominant visible phenological cue. 

Pairwise Cohen’s kappa values were 0.83, 0.87, and 0.85, giving a mean kappa of 0.85. 
Twenty-seven of 300 images (9.0%) required adjudication. Disagreements were concen-
trated mainly at transitional boundaries: 12 cases at SP3-SP4, 9 cases at SP5-SP6, and 6 
cases at other boundaries. 

SP labels were treated as expert-derived operational reference labels rather than di-
rect physiological ground truth. The independent validation step was therefore used to 
quantify label consistency and to identify boundary regions where subjective interpreta-
tion could affect model training. The concentration of adjudicated cases at SP3-SP4 and 
SP5-SP6 was consistent with gradual phenological transitions rather than random label 
instability. 

2.6. CNN Training and Evaluation 

A ResNet-50 convolutional neural network pretrained on ImageNet was fine-tuned 
to classify the six SP stages. The final classification layer was replaced with a six-class 
output head corresponding to SP1–SP6. All images were resized to 512 × 512 px, converted 
to RGB if necessary, normalized, and processed using the screened train/validation/test 
partitions described above. Smartphone-image screening and preprocessing, CNN fine-
tuning, SP-label agreement analysis, and model-evaluation metric calculation were imple-
mented in Python (v3.12.12) using PyTorch (v2.12.1), torchvision (v0.27.1), OpenCV-Py-
thon (v4.13.0.92), and scikit-learn (v1.9.0). 

Training used the Adam (adaptive moment estimation) optimizer with an initial 
learning rate of 1 × 10−4, batch size of 16, dropout of 0.3 in the classifier head, and early 
stopping based on validation loss. Conservative augmentation was applied only to the 
training set and included random horizontal and vertical flips, rotations of ±10°, and mild 
brightness/contrast jitter. Model performance was evaluated on the held-out SP-label test 
set using accuracy, macro F1-score, precision, recall, and class-wise support. 

Augmentation was intentionally conservative to avoid generating visually implausi-
ble phenological cues. The resulting performance should therefore be interpreted as SP-
stage classification under the screened contributor-wise test design, not as evidence that 
all possible device, illumination, viewpoint, and canopy-architecture conditions have 
been simulated. 

2.7. SP-BBCH Alignment and Interpretation Boundary 

The SP scale was aligned conceptually with BBCH stages to support interpretation 
against an established phenological framework. Each SP stage was mapped to an approx-
imate BBCH interval using the field-visible boundary points in Table 1. This alignment 
was used to compare decision windows, not as a direct BBCH-level CNN validation. 
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Consequently, the CNN result should not be interpreted as BBCH-stage recognition. 
The image model evaluated recognition of the locally defined SP scale, whereas the field 
comparison evaluated SP-guided timing against BBCH-based timing under matched 
spray protocols. Direct SP-to-BBCH tool comparison at the image-classification level re-
quires image-level CNN predictions linked to BBCH labels and remains future work. 

2.8. Field-Validation Design and Spray Protocol 

Field validation used a 4-ha experimental block at the KEEI experimental field over 
the 2023 and 2024 seasons. The design was an internally controlled timing comparison 
framed as an RCBD-style paired field validation (Figure 2 and Table 2). 

 

Figure 2. Representative schematic of the 4-ha field-validation layout. Note: The area comprising 
four ≈1-ha blocks, each divided into two adjacent ≈0.5-ha plots assigned to SP-based and BBCH-
based spray timing (RCBD-style paired design), with furrow irrigation from an Amu Darya-derived 
supply channel and cotton rows at 0.60 m spacing (cv. Bukhara-102). The schematic is illustrative 
and not to survey scale; block, plot and treatment positions do not depict the exact in-field random-
ization. Blocks I–IV denote the four RCBD-style field-validation blocks; each block contained one 
SP-based timing plot and one BBCH-based timing plot. 

Table 2. Field-validation setup. 

Item Description 

Location KEEI experimental field, near Karshi, Qashqadaryo province, 
Uzbekistan 

Approximate coordinates 38.85° N, 65.75° E 
Experimental area 4 ha 
Blocks Four approximately 1-ha blocks 
Plot arrangement Two adjacent approximately 0.5-ha plots per block 
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Treatments SP-based timing vs. BBCH-based timing 
Seasons 2023 and 2024 
Replication 8 block-year replicates 

Controlled factors 
cultivar, planting density, fertilization, irrigation, product 
set, per-application dose, sprayer, nozzle configuration, op-
erator, and plot management 

Variable factor spray-timing strategy 

The same AMAZONE UF 2001 rear-mounted field sprayer (AMAZONE Technologie 
GmbH & Co. KG, Bramsche, Germany) was used for all applications. The sprayer had an 
18 m boom with 36 Lechler ID 120° air-inclusion flat-fan anti-drift nozzles (Lechler GmbH, 
Metzingen, Germany) at 50 cm spacing. The exact nozzle size code was not recorded. 
Spray pressure was 3.0–3.5 bar, water volume was 250 L/ha, and travel speed was 6.5 
km/h. Product doses were diluted in the standard 250 L/ha spray volume. Before each 
application, calibration included nozzle-discharge checking, pressure-stability checking, 
and travel-speed checking. 

The same trained operator performed all applications across both treatments and 
both seasons. Controlled factors included sprayer, nozzle configuration, operator, water 
volume, pressure range, travel speed, product set, per-application product dose, cultivar, 
fertilization, irrigation, and plot management. Treatments differed only in spray-timing 
strategy and the resulting application frequency. 

Products, per-application doses, timing windows, and targets are summarized in Ta-
ble 3a,b. 

Table 3. (a) Plant-protection products and per-application doses used in both treatments. (b) Timing 
windows and main target groups for the plant-protection products. 

(a) 
Product Active Ingredient Product Dose Active-Ingredient Dose 

Actara 240 SC thiamethoxam 0.15 L/ha 36 g a.i./ha 
Karate Zeon lambda-cyhalothrin 0.50 L/ha 50 g a.i./ha 

Proclaim emamectin-benzoate 0.40 kg/ha 8 g a.i./ha 
Ampligo chlorantraniliprole + lambda-cyhalothrin 0.30 L/ha 30 + 15 g a.i./ha 

(b) 
Treatment Timing Window Product Main Target 

Both SP1/corresponding early BBCH stage Actara 240 SC thrips, aphids 
Both SP3-SP4/BBCH 35–51 Karate Zeon lepidopteran larvae 
Both SP4-SP5/BBCH 51–60 Proclaim bollworm 
Both SP5-SP6/BBCH 60–70 Ampligo bollworm, aphids 

Note: The product set and per-application product doses were identical in both treatments. Seasonal 
active-ingredient totals are not reported because a product-specific seasonal active-ingredient-total 
table was not retained in a publication-ready form. The retained plot-level ERI outcome was ana-
lyzed as the environmental risk endpoint. 

2.9. Yield Determination and Lint-Equivalent Yield Estimation 

At harvest, cotton from the harvestable area of each plot was recorded separately by 
year, block, treatment, and harvest event. Where more than one picking was conducted, 
plot-level harvest records were summed before yield calculation. Plot-level seed-cotton 
yield was first calculated from harvested seed-cotton mass and harvested plot area. Be-
cause complete plot-specific ginning turnout was not available for all plots, lint-equivalent 
yield was calculated using the retained KEEI harvest records and the available KEEI gin-
ning documentation at the treatment-year or aggregate record level. The resulting values 
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should therefore be interpreted as plot-level lint-equivalent yield estimates. Because the 
absolute lint-equivalent yield level reflects high-yield irrigated experimental plots, it 
should be interpreted as a KEEI/Karshi field-validation outcome rather than as a regional 
or national production average. 

2.10. Environmental Risk Index (EIQ/ERI), Statistical Analysis, and Economic Interpretation 

Environmental risk was quantified using the Cornell Environmental Impact Quotient 
(EIQ) field-use approach and the versioned Cornell IPM EIQ active-ingredient database 
[23]. For each application, field-use EIQ was calculated for each active ingredient and 
summed across applications to obtain a plot-level Environmental Risk Index (ERI). Equa-
tions (1) and (2) define the calculation structure. 𝐸𝐼𝑄ி௎ோ,௜,௞ = 𝐸𝐼𝑄௜ × 𝑅௜,௞௔.௜ (1)𝐸𝑅𝐼 = 𝛴௜ୀଵ௡ 𝛴௞ୀଵ௠೔ 𝐸𝐼𝑄ி௎ோ,௜,௞ (2)

In Equation (1), 𝐸𝐼𝑄ி௎ோ,௜,௞ is the field-use EIQ value for active ingredient i in appli-
cation k; 𝐸𝐼𝑄௜ is the published Environmental Impact Quotient for active ingredient i; and 𝑅௜,௞௔.௜  is the active-ingredient application rate for active ingredient i in application k. In 
Equation (2), n is the number of active ingredients, mi is the number of applications for 
active ingredient i, and ERI is the plot-level seasonal sum of field-use EIQ values. EIQ and 
ERI are unitless comparative indices. Because 𝑅௜,௞௔.௜ is already defined as an active-ingre-
dient application rate, Equation (1) does not include an additional active-ingredient frac-
tion multiplier. 

Field outcomes were analyzed across eight block-year replicates. Treatment effects 
for cost, lint-equivalent yield, and ERI were evaluated using the reported RCBD-style 
model outputs, with treatment as the main fixed effect and block-year replication used for 
field-validation inference. Application frequency is reported descriptively because prod-
uct-specific replicate-level application counts were not available for a separate inferential 
test. RCBD-style inferential analyses for crop-protection cost, plot-level lint-equivalent 
yield, and ERI were performed in R (v4.6.1; R Foundation for Statistical Computing, Vi-
enna, Austria) using the base stats package included with R. 

Economic interpretation used a local farm-gate lint cotton price of 1850 USD/t from 
local procurement records. The partial-budget interpretation combined additional gross 
lint-equivalent value with crop-protection cost savings. This calculation represents a par-
tial-budget advantage before additional implementation, advisory, or digital-deployment 
costs and should not be interpreted as a complete profit estimate. 

3. Results 
The two-round expert process produced six operational SP stages anchored to field-

visible cues (Table 1). The final definitions were accepted through written confirmation 
after boundary-case discussion. Results are reported without repeating the full opera-
tional definitions already given in Section 2.3. 

Technical screening reduced the initial 14,887-image pool to 14,400 retained 
smartphone images. The exclusion of 487 images (approximately 3.3%) was mainly due 
to duplicates, near-duplicates, severe blur, strong shadow, incorrect plant object, or insuf-
ficient interpretability. The final dataset maintained broad SP-stage representation and 
avoided dominance by a single farm/contributor collection unit. 

Independent SP-label validation showed high inter-rater agreement. Pairwise Co-
hen’s kappa values ranged from 0.83 to 0.87, with a mean of 0.85. Adjudication was re-
quired for 27 images (9.0%), primarily at SP3-SP4 and SP5-SP6 boundaries, consistent with 
gradual phenological transitions. 
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3.1. CNN SP-Stage Classification 

The CNN achieved 93.0% overall accuracy on the held-out SP-label test set (n = 1440). 
Class-wise metrics were high across all six SP classes, and residual errors were concen-
trated mainly between adjacent stages (Table 4). 

Table 4. CNN performance metrics for SP1–SP6 classification on the held-out test set (n = 1440). 

SP Class Precision (%) Recall (%) F1-Score (%) Support (n) 
SP1 95.0 94.0 94.6 229 
SP2 94.0 97.0 95.5 240 
SP3 96.0 90.0 92.9 217 
SP4 97.0 92.0 94.4 268 
SP5 93.0 95.0 94.0 250 
SP6 92.0 91.0 91.5 236 

Total/average 94.5 93.2 93.8 1440 

The SP-BBCH alignment remained a phenological interpretation tool rather than a 
BBCH-level CNN validation. Direct BBCH-level confusion metrics were not calculated 
because image-level CNN predictions linked to BBCH labels were not available in the 
revision dataset. 

These metrics evaluate SP-stage classification on held-out farm/contributor units. 
They should therefore be read as an internal contributor-wise validation of the SP-label 
recognition task, not as external validation across other Uzbek provinces, cultivars, device 
distributions, or BBCH categories. Accordingly, no BBCH-stage classification accuracy, 
BBCH-level precision, recall, F1-score, or BBCH confusion matrix is reported or claimed 
in this study. 

3.2. Field-Validation Outcomes 

Yield values reported in Tables 5 and 6 represent plot-level lint-equivalent yield es-
timates, not seed-cotton field weight and not directly measured recovered lint mass for 
every plot. SP-guided scheduling showed a descriptive reduction in the mean number of 
pesticide applications from 4.88 to 3.75 applications per season, corresponding to a 23.1% 
reduction in application frequency relative to BBCH-based scheduling. The same product 
set and per-application product doses were used in both treatments; therefore, the ob-
served difference reflects timing strategy and resulting application frequency rather than 
a change in product selection or per-application dose. Table 5 provides a concise descrip-
tive overview of the field-validation outcomes for SP-guided and BBCH-based timing, 
including mean application frequency, crop-protection cost, plot-level lint-equivalent 
yield, ERI, and the corresponding relative changes. Application frequency is presented 
descriptively, whereas crop-protection cost, plot-level lint-equivalent yield, and ERI were 
evaluated inferentially. 

Table 5. Average plot-level outcomes comparing SP-guided and BBCH-based timing in the 4-ha 
field validation. 

Metric SP Timing BBCH Timing Relative Change 
Mean pesticide applications per season 3.75 4.88 −23.1% 

Crop-protection cost (USD/ha) 113.38 143.88 −21.2% 
Plot-level lint-equivalent yield (t/ha) 3.56 3.40 +4.5% 

Environmental risk index 0.66 0.84 −21.6% 
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Note: Application frequency is descriptive. Cost, plot-level lint-equivalent yield, and ERI values are 
field-validation outcomes; ERI = Environmental Risk Index. Relative changes were calculated from 
unrounded values; displayed means are rounded for readability. 

Reported RCBD-style model outputs showed significant treatment effects for crop-
protection cost (F(1,7) = 24.83, p = 0.0016), lint-equivalent yield (F(1,7) = 27.36, p = 0.0012), 
and ERI (F(1,7) = 28.98, p = 0.0010). The lint-equivalent yield difference was +0.154 t/ha 
(95% CI +0.084 to +0.223 t/ha). Based on F(1,7) = 27.36, the partial eta squared for lint-
equivalent yield was 0.796, indicating a large treatment effect within this field-validation 
dataset. Table 6 presents the corresponding RCBD-style inferential summary for crop-pro-
tection cost, plot-level lint-equivalent yield, and ERI, including treatment means, standard 
deviations, standard errors, 95% confidence intervals, between-treatment differences, and 
p values. 

Table 6. RCBD-style summary statistics for cost, plot-level lint-equivalent yield, and ERI. 

Metric SP Mean ± SD (SE; 95% CI) BBCH Mean ± SD (SE; 95% CI) Delta (95% CI) p 
Cost (USD/ha) 113.38 ± 9.84 (3.48; 105.15–121.60) 143.88 ± 12.44 (4.40; 133.48–154.27) −30.50 (−44.97; −16.03) 0.0016 

Plot-level lint-equivalent yield (t/ha) 3.56 ± 0.20 (0.07; 3.39–3.72) 3.40 ± 0.14 (0.05; 3.29–3.52) +0.154 (+0.084; +0.223) 0.0012 
Environmental risk index 0.66 ± 0.07 (0.03; 0.59–0.72) 0.84 ± 0.05 (0.02; 0.79–0.88) −0.180 (−0.259; −0.101) 0.0010 

For clarity, the term plot-level lint-equivalent yield in Tables 5 and 6 denotes yield calculated from 
plot-level seed-cotton harvest records and the available KEEI harvest/ginning documentation. It is 
not the field weight of seed cotton and should not be interpreted as directly measured recovered 
lint mass for every plot. Because complete plot-specific ginning turnout was not available for all 
plots, the values should be interpreted as lint-equivalent plot-level yield estimates under the con-
trolled irrigated KEEI/Karshi experimental conditions. 

At a local farm-gate lint cotton price of 1850 USD/t, the observed lint-equivalent yield 
advantage corresponded to approximately 285 USD/ha in additional gross lint-equivalent 
value. Combined with the reported crop-protection cost saving of 30.5 USD/ha, this im-
plies a partial-budget advantage of approximately 315 USD/ha before accounting for any 
additional implementation, advisory, or digital-deployment costs. This value should not 
be interpreted as a complete profit estimate. 

4. Discussion 
The field validation indicates that SP-based timing can improve crop-protection effi-

ciency under the tested Karshi/Qashqadaryo irrigated cotton conditions. The key agro-
nomic effect was not a change in product choice or per-application dose, but a reduction 
in application frequency while maintaining the same product set and spray protocol. This 
distinction is important because it isolates timing as the main management factor evalu-
ated in the field comparison. 

The reductions in crop-protection cost and ERI are consistent with the lower applica-
tion frequency. Because ERI was calculated from EIQ field-use values, it should be inter-
preted as comparative risk potential rather than a direct measurement of ecological im-
pact. The field validation nevertheless suggests that better temporal alignment between 
crop stage and intervention window can reduce unnecessary applications and lower rel-
ative environmental risk under otherwise matched conditions. 

The observed lint-equivalent yield increase was modest in relative terms but statisti-
cally and economically meaningful within the field-validation dataset. The partial eta 
squared for lint-equivalent yield was 0.796, and the yield difference translated into ap-
proximately 285 USD/ha in additional gross lint-equivalent value at the local farm-gate 
lint cotton price used for the partial-budget calculation. This interpretation remains partial 
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because implementation, training, advisory, and digital-deployment costs were not in-
cluded. 

The absolute lint-equivalent yield level observed in both treatments is high and 
should not be generalized to average Uzbek cotton production. The comparison is inter-
nally interpretable as a paired field-validation contrast because the same harvest-record 
and lint-equivalent conversion procedure was applied in both treatments, and because 
cultivar, planting density, irrigation, fertilization, product set, per-application dose, 
sprayer, nozzle configuration, operator, and plot management were held constant. How-
ever, because complete plot-specific ginning turnout was not available for all plots, the 
absolute lint-equivalent values should be interpreted cautiously. The practical interpreta-
tion should focus primarily on the within-experiment treatment difference (+0.154 t/ha) 
and the associated partial-budget calculation rather than on extrapolating the absolute 
yield level to broader regions. 

4.1. CNN-Based SP Recognition, Bias Control, and Decision-Support Feasibility 

Several potential sources of model bias remain relevant when interpreting the CNN 
result. Contributor-wise splitting and duplicate removal reduced leakage from near-iden-
tical images and limited farm-specific background memorization, but they do not prove 
robustness to other provinces, cultivars, soil backgrounds, irrigation layouts, camera pipe-
lines, or lighting regimes. The 93.0% test accuracy should therefore be interpreted as per-
formance on held-out SP-labeled contributor units within the Karshi/Qashqadaryo sam-
pling frame. 

Device and illumination bias are also possible because smartphone models differ in 
sensor properties, automatic white balance, sharpening, compression, and color render-
ing. Similarly, outdoor illumination, shadows, dust, canopy density, and viewpoint may 
affect the visibility of buds, flowers, and bolls. Future model evaluation should therefore 
include device-stratified and illumination-stratified tests, stronger color normalization, 
random cropping, viewpoint perturbation, and domain-adaptation experiments. 

The CNN results show that the expert-defined SP stages were visually learnable from 
non-standardized smartphone images collected under routine field conditions. The 93.0% 
test accuracy and high class-wise F1-scores indicate that canopy, bud, flowering, and early 
boll cues were sufficiently distinctive for SP-stage classification. The validation result 
should be interpreted specifically as SP-label classification, not as direct BBCH-level CNN 
validation. 

The dataset-screening information adds practical context to the model results. Most 
retained images had high native smartphone resolution, but acquisition conditions were 
not standardized. Screening removed only a small proportion of images, including severe 
blur and uninterpretable cases. These robustness issues should be addressed in future ex-
ternal validation. The present study supports the feasibility of SP recognition, but it does 
not validate a complete on-device advisory system. Practical deployment would require 
offline image capture or delayed upload where network coverage is inconsistent, model 
compression or server-side inference depending on device capacity, user-interface testing, 
extension-worker training, feedback mechanisms, implementation-cost assessment, and 
local responsibility rules for advisory recommendations. 

4.2. Comparison with BBCH-Based and Other Timing Approaches 

The BBCH framework remains valuable for standardized phenological communica-
tion, but the SP scale was designed for local spray-timing decisions. The SP-BBCH align-
ment, therefore, should be read as a conceptual bridge between an operational local scale 
and an international descriptive scale. Direct tool comparison at the CNN level will 
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require image-level predictions linked to BBCH labels so that mapped confusion metrics 
can be calculated. 

The present field comparison, therefore, evaluates two timing logics under matched 
agronomic and spray-management conditions; it should not be read as a direct image-
classifier comparison between SP and BBCH. 

Comparisons with threshold-based spraying in Mali, sensor-guided application in 
Brazil, and growth-stage-based disease management in rice support the broader principle 
that interventions are more efficient when aligned with biological need [24–31]. However, 
the transferability of just-in-time application depends on the cropping system, pest com-
plex, irrigation regime, climate, cultivar maturity, farm size, pesticide regulation, and ex-
tension support. The current results should therefore be treated as evidence from one ir-
rigated cotton context rather than proof of broader geographic performance. 

4.3. Limitations, Transferability, and Future Research 

Several limitations define the interpretation of this study. Field validation was con-
ducted at a single KEEI/Karshi site over two seasons using one medium-maturity cultivar 
and one locally defined expert and image-contributor network. The results, therefore, sup-
port internal validity within the tested Karshi/Qashqadaryo irrigated cotton context, but 
they do not establish national representativeness. The image dataset reduced leakage 
through contributor-wise splitting and duplicate screening, but external robustness to 
other provinces, cultivars, farm backgrounds, device pipelines, lighting conditions, and 
canopy architectures remains untested. CNN performance was evaluated against SP la-
bels; direct BBCH-level CNN consistency and confusion analysis were not available for 
this revision. Similarly, the study did not include device-stratified or illumination-strati-
fied external validation, complete brightness/exposure distributions, on-device deploy-
ment testing, or a complete profit analysis. The spray protocol was described from avail-
able field records, but the exact nozzle size code and some formulation-label details were 
not available beyond the recorded product and active-ingredient rates. Seasonal active-
ingredient totals were not reported because product-specific seasonal application counts 
were not retained in publication-ready form. Finally, the reported yield values represent 
plot-level lint-equivalent yield estimates derived from plot-level harvest records and the 
available KEEI harvest/ginning documentation; they should therefore be interpreted to-
gether with the high-yield irrigated experimental context and not generalized as directly 
measured plot-level lint yield or as a regional production average. 

Future work should validate the SP scale across additional farms, provinces, culti-
vars, pest-pressure regimes, and seasons. It should also test dose adjustment, alternative 
active ingredients, biological control integration, resistance-management strategies, and 
direct comparison of SP- and BBCH-level CNN predictions. 

5. Conclusions 
This study developed and evaluated an expert-defined SP scale for cotton spray-tim-

ing support under Karshi/Qashqadaryo irrigated production conditions. The CNN model 
classified SP stages from screened smartphone images with 93.0% test accuracy under a 
contributor-wise validation design, and SP-guided field scheduling reduced application 
frequency, crop-protection cost, and ERI while modestly increasing plot-level lint-equiv-
alent yield relative to BBCH-based timing. The findings support SP-guided timing as a 
locally calibrated decision-support concept with internal validity under the tested 
KEEI/Karshi conditions, but not as proof of national-scale performance or operational de-
ployment readiness. Multi-site, multi-cultivar, multi-season, device-stratified, illumina-
tion-stratified, and BBCH-level validation, together with harvest/ginning transparency 
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and implementation-cost assessment, is required before broader recommendations are 
made. 
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