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Abstract

Poultry farm management spans all the necessary operations needed to keep the business both
sustainable and profitable. This domain however is plagued with challenges often beyond the control of
most users who do not have formal knowledge of the domain. This research, in contrast to the data-
driven machine learning methods developed and validated Al-enabled mobile expert decision support
system that integrates experts-driven models for routine feeding, treatment, biosecurity and
notifications. The models were developed based on both historical data from textbooks and internet, and
interviews from domain experts. A 56 days simulation of 50 broilers under a stocking density of
approximately 5.56 birds/m?, and 8.33 birds/m? respectively. Regression metrics were used for
evaluating REM and RTM, while classification metrics were used for RBM and RNM. Results showed
strong performance of the REM (MAE = 218.9 §, RMSE = 287.7 g, MAPE = 5.3%, R? = 0.97, with
83.9% predictions within £10% tolerance). The RTM achieved MAE = 3.4 units, RMSE = 5.5 units,
MAPE = 6.9%, R? = 0.94, with 67.9% within tolerance. RBM and RNM attained high recall values
with lower false alarm rates. The introduction of half-noise validation further improved accuracy and
pushed tolerance compliance above 90% . These findings confirm the potentials of this integrated system
in democratizing poultry management for smallholder farmers with no formal education.

Keywords: Artificial Intelligence; Poultry Farm Management; Personalized Assistant;
Decision Support System; Sustainable Agriculture.

INTRODUCTION

Poultry farm management (PFM) plays an effective role in ensuring effective day to day
administration of poultry farming. PFM covers all the activities involved in ensuring a better
and safer poultry farming; from ensuring effective farming hygiene and early disease
detection to proper feeding and treatment scheduling. In Nigeria, like many other developing
economies, poultry industry contributes to a large extent, the protein need of the country.
However, among the players in the industry, most individuals in urban and semi-urban areas
mainly do not have a formal knowledge of poultry farm management. Because of the lack of,
or inadequate formal knowledge in the domain, as well as carefree nature of some individuals,
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disease outbreaks often go unnoticed until they reach levels where they can cause significant
losses. Also, many of these persons lack access to professional assistance from veterinary
scientists, doctors or even agricultural extension workers due to either because of lack of
finance needed to access the services of such professionals or the unavailability of such
professionals. This challenge affects everyone. For instance, according to a 2024 study in
Nigeria, agriculture contributes 29.76% to the nation’s GDP (Nwankwo et al., 2024).

The aim of this research is to develop an artificial intelligence Al-based personalized
assistance framework that provides end to end support for effective management of poultry
farms. The basic research question is, ‘Can expert-level farming management be
democratized?” This research holds significance in its ability to democratize expert’s level
farming management by routing expert knowledge through the mobile applications that run
on smartphones.

A lot of research progress has been made in adopting Al techniques, mostly machine learning
ML and deep learning DL in poultry farming. For example, predictive models have been
developed using Random Forest, XGBoost, and GAN to predict Salmonella prevalence with
over 85% Fl-score (Pillai et al., 2022). In another research, Support Vector Regression and
ANN were used to predict breast muscle and abdominal fat in broilers (Chen et al., 2023).
Also, the probability of oviposition in broilers were predicted in another research using ANN
(Neethirajan, 2022); (You et al., 2020). Still on predictive models, researchers have been able
to estimate breast muscle weight through ultrasound using MLR, LASSO, and SVM models
(Z. Li et al., 2023), and also forecast egg production in smart management platform using
XGBoost (Bumanis et al., 2022). Different ML models have also been developed by researchers
to aid monitoring of the poultry chickens as well as their environment. There has been
research breakthroughs in monitoring individual chicken behaviour using a combination of
YOLOV5 and Gradient Boosting models (Merenda et al., 2024). In another study, spatial
behaviours in laying hens were measured using YOLOv5m (G. Li & Chai, 2023), while the
behaviour and health of hen in a cage-free environments were tracked using YOLOVS5,
YOLOVS, and DeepSORT models (Yang et al., 2024). Real time tracking of floor eggs and
broiler health status have also been made possible by the use of computer vision model
(Subedi et al., 2023); Cui et al., 2023; Campbell et al., 2024). Still on tracking, (Neethirajan, 2022)
presented an automated tracking system, while Depuru (2024) utilized YOLOVS for real-time
detection. Furthermore, Random Forest and Gradient Boosting was applied by Alberts et al.
(2024) to classify hosts of influenza H3Nx viruses. Other studies include those by (Yu et al.,
2024), who used a cyclic consistent migration neural network for enhanced image detection
in caged chickens, and (Liu et al., 2025), who evaluated ML methods for genomic predictions
in yellow-feathered broilers. Speaking of employing IoT technology, Jebari et al. (2023)
combined Al and IoT in an edge-computing poultry monitoring system. Also, a study by Chen
et al.(2023) reviewed deep learning methods aimed at clinical symptom monitoring. (Nakrosis,
A. et al., 2023) used U-Net and YOLOVS to classify faecal samples for early health prediction,
and Azadeh, Saberi and Teimoury (2014) combined ANN with system dynamics for broiler
industry optimization.

Additional works include those by Trollman (2024) on supply chain failure prediction,
(Banakar et al., 2016) on vocalization-based disease detection, (G. Li & Ramirez, 2023), that
developed a faecal image classifier, (Tsiouris et al., 2024) on Al-based surveillance for Avian
Influenza, (Mohialdin et al., 2023) on behaviour classification using LightGBM, (Osagie &
Cyril-Musa, 2024) on poultry health classification using CNN, and (Zhuang & Zhang, 2021)
on sick broiler detection using deep learning. Going further, George and George (2023)
designed a holistic control system using ML for farm optimization, while Yajie, Johar and
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Hajamydeen (2023) leveraged deep learning methods to detect early signs of poultry disease.
Cakic, S. et al. (2023) developed an edge-Al solution using Faster R-CNN, while Sadeghi et
al.(2023) combined thermal imaging and ML for detecting diseases like Newcastle and Avian
Influenza. Despite this rich landscape of research in the poultry farming domain, most of the
studies focused narrowly on disease detection, behavioural and or activity tracking, or
production optimization. Although tangible progress has been made in the domain, causes
like biosecurity and treatment models have not been integrated in the available. Hence,
experts’ knowledge is partly democratized.

The novelty of this research is in its integration into applications tailored specifically for
farmers that have not accessed formal education. The research contributes in integrating
artificial intelligence in agriculture by leveraging a rule-based Al alternative to democratize
poultry farm management in the areas of feeding, treatment, and biosecurity. It developed
empirical validation of integrated poultry management under controlled noise simulations.

METHODOLOGY

Research Design

The research followed an expert system development process tailored to mimic a human
expert in its decision-making process. The development process followed three key stages:
requirements analysis, system modelling, and simulation as shown in figure 1. The research
focused at developing models for Routine Poultry Management, which further limited to
three distinct areas as follows: Routine biosecurity model, Routine Feeding Model and
Routine Treatment Model.

Requirement System . )
Analysis > Modelling H Simulation

Figure 1. Research design stages

Requirement Analysis

Expert’s knowledge was sourced from interviews with human experts, text books and the
internet. These data were harmonized and grouped according to the three areas of focus for
the system design as shown in tables one to three.

Table 1. Stratified sanitation scheduling for a broiler farm

Age Range (Weeks) Bird Stage Waste Output Immunity Suggested f(A)
0-2 Brooding Low Weak 1.2
3-5 Early Growth Medium Improving 1.0
6-8 Mid Growth High Moderate 1.3
9-12 Late Growth Very High Strong 1.5
>12 Adult Phase Moderate Strong 1.1

Table 1 represents the data that is needed to model the routine biosecurity system to be able
to inform the user (farmer) about the state of the birds. Notice that the age of the birds has
some relationships with the immunity level of the birds as well as the waste output size. There
is also a suggested age adjustment function f(A) which serves as a constant based on the ages
of the birds.
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Table 2. An age-based feeding frequency and feed quantity scheduling for poultry birds

Bird Species Age (weeks) Feed Type Feeding Frequency /Day Feed Quantity / Day
0-2 Broiler Starter 3 25 - 40
Broilers 3-4 Broiler Grower 2 60 - 90
5+ Broiler Finisher 2 100 - 120
0-6 Chick Starter 2 25 - 40
Cockerels 7-12 Grower Mash 2 50 - 70
13+ Finisher Mash 1-2 75 -90
0-6 Chick Starter 2-3 25 - 35
Layers 7-18 Grower Mash 2 50 - 70
19+ Layer Mash 2 100 - 120

Just like we have in table 1, table 2 also presents a stratified data on feeding based, not only
on the age of the birds but also on the specie of birds. The frequency of feeding also changes
based on the birds. These data were necessary to model the routine treatment system.

Table 3. An age-based drug administration frequency and drug dosage scheduling for poultry

birds
Species  Age Range (Days) Drug Category  Frequency (/day) Dosage per Bird (mL or g)

0-7 Antibiotic 1 0.5 mL
8-14 Multivitamins 1 0.7 mL
Broilers  15-28 Coccidiostat 1 10¢g
29 - 42 Dewormer 1 every 3 days 1.5 mL
43 - 56 Growth Promoter 1 2.0mL
0-7 Antibiotic 1 0.4 mL
Cockerels 8 -21 Multivitamins 1 0.6 mL
22 - 56 Dewormer 1 every 3 days 1.2mL
0-7 Antibiotic 1 0.6 mL
Layers 8-28 Multivitamins 1 0.8 mL
29 - 56 Dewormer 1 every 3 days 1.3 mL

Finally, table 3 shows the routine drugs that are necessary for better management of the
birds and their associated dosage. Although, the treatment comes with a caution.

System Modelling

The Al-based assistant was modelled as an aggregation of three interconnected models as
discussed in section 2.1. The expert system-driven models were based on rules that guides the
inference mechanism to take decision based on the experts” knowledge captured in section
22.

Routine Poultry Management Module
The routine poultry management module has three basic sections that are encapsulated into
the Routine Notification Modelling (RNM) as follows: RBM - Routine Biosecurity Modelling,
RFM - Routine Feeding Modelling, and RTM - Routine Treatment Modelling. Each of these
components return a binary status (0 or 1), or a weighted value depending on the condition.
The operation is modelled as in equation 1.

Ny = wpBy + weFp + wiR; 1)

Where: B, € R* : Output of the Routine Biosecurity Model at time t, F; € R*: Output of the
Routine Feeding Model at time t, R, € R*: Output of the Routine Treatment Model at time t,
wy,, W, Wy € [0,1] are weighting factors representing the relative importance or urgency of
each model, and determines when each model is activated. The system triggers a notification

when: N; > 6, where 0 is a predefined threshold for triggering notification.
2.4.1 Routine Biosecurity Modelling (RBM)
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The biosecurity model determines the baseline cleaning frequency Cr based on the number of
birds, available floor space, standard stocking density.

Let N = number of birds, S = available floor space (mz), D = standard stocking density
(birds/m?), a = biosecurity adjustment coefficient, and 4,, = bird age in weeks. The baseline
cleaning frequency C; is directly proportional to the population of the birds, (N), and
indirectly proportional to the product of available space, (S) and the stocking density, (D) as
depicted in equation 2.

6 = ax(55) )

From equation 2, the crowding ratio (N/ (S x D)) serves as a diagnostic measure. If it evaluates
to a value greater than 1, it shows that the birds are overcrowded. On the contrary, values
below 1 suggest underutilization of the available space. The adjustment coefficient (a), offers
flexibility to adapt based on local conditions and disease history. Finally, integrating bird age
(A) through the Age Adjustment Function f(4,,) ensures cleaning frequency adapts as birds
grow, aligning with expert recommendations. The model shown in equation 4 is now
modified as seen in equation 3.

Cr= Cr. f(Aw) )

Where f(A) is a piecewise function defined in equation 4
(1.2 if0<A, <2
1.0 if2<A, <5
f(A)={13 if5<A4, <8 (4)
15 if8<A, <12
11 if A, > 12

The final output of the RBM B, is proportional to the adjusted cleaning frequency C¢

Routine Feeding Model (RFM)

The Routine Feeding Model (RFM) takes into account the age of the birds, the number of birds,
and the species of birds (broilers, cockerels or layers). Let S € {Broiler, Cockrel, Layer}
represent the species of the birds, A,, represent age in weeks, N represent number of birds.
The feed type selection function is defined as:

Tf = (p(sp'Aw) (5)

Where ¢ effectively relates the bird species and age to the appropriate class of feed.

To calculate the daily feed quantity,

Let q(Sp,, Ay) represent the feed quantity needed for each bird per day (grams), and f(S,, A,,)
represent the feeding frequency per day. Then, the total daily feeding requirement in grams
is computed as shown in equation 6.

Qa= N -Q(Sp:Aw) (6)

The total daily feed intake in kilogram is computed using equation 7.
Qg = 2L (7)

Hence, the REM output designated by F; is derived from Q, and feeding frequency f,

Routine Treatment Modelling (RTM)

The Routine Treatment Model (RTM) considers bird species, age, population, drug types,
dosage, and frequency, in integrating expert’s knowledge to determine appropriate drug type,
dosage function, and administration frequency, as depicted in equation 8.
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Drug Determination Function DDF

The drug type specified for treatment is represented as a set D, and each drug for a

recommended age is based on expert’s knowledge.

D ={dy,d;,..,d,} = Set of drugs required for (Sp,AW).

D(Sp, A,,) is defined based on veterinary protocols. For example, the model of equation 8 is

set for broilers B with age 4,,,.
{Antibiotic, Multivitamin}, ifA<?2

D(B,A,) = {{Coccidiostat} if2<A<4 8)

{Dewormer, Growth Promoter}, if A = 4

The DDF is computed as using equation 9, where N is the number of birds, d;is the Drug i, in
the list D(B, 4,,), and 1 () is the recommended dosage per bird for drug d; on-species S (in mL
or grams). Hence, the total quantity of drug needed is computed using equation 10.

Qi(Sp, Aw,N) = 1;(S) X N X f; )
Qtotar = Zg:aN X T (Sp'd) X fi(d) (10)

If f; = frequency of administration of drug, d; per day is defined as
1, for Antibiotics, Coccidiostat
Q; = 1, for multivitamin during stress (11)
0.33 for Dewormers (every 3 days)

The combined Routine Treatment Model can thus be defined as a function in equation 12.
( Feed Type: F(S, A)

dy : {Q1 = 11(5).N, f times/day}
dy : {Qz = 12(S).N, f, times/day}

RTM(S, A, N) = (12)

Drug Schedule:

dy : {Qn = T(S).N, £, times/day}

Ethical Use of Antibiotics

Although the model is able to predict notify users when there is need to administer drugs and
the expected dosage, users are also advised on the ethical use of antibiotics in raising birds
due to its side effects.

Evaluation Method

To assess the predictive capacity of the proposed poultry management models —Routine Feed
Model (RFM), Routine Treatment Model (RTM), Routine Biosecurity Model (RBM), and
Routine Notification Model (RNM) —a 56-day simulation was conducted using a flock of 50
broilers at a stocking density of 10 birds per square metre. Two pen sizes (9 m? and 6 m?) were
considered, with an adjustment coefficient (a) of 3 applied. Ground-truth (GT) values for feed
intake, drug dosage, cleaning frequency, and notification scores were generated from
deterministic functions aligned with poultry management standards. Predicted values were
obtained by perturbing GT with Gaussian noise (7-10% for feed and treatment; 5-6% for
biosecurity and notifications), and further tested at half noise levels. The aim of the
perturbations was to help us observe the behaviour of the model in dynamic conditions. The
following regression metrics: MAE, RMSE, MAPE, relative MAE, and R? —were computed for
the RFM and RTM. The predictions were assessed against a £10% tolerance of GT. The RBM
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and RNM on their own were evaluated using Precision, Recall, False Alarm Rate, and
Timeliness.

RESULTS AND DISCUSSION

The performance metrics used in evaluation of RFM and RTM are as shown in table 4. For the
RTM, the mean absolute error MAE of ~219 g/ day, the root means square error RMSE of ~288
g/ day, and the mean absolute percentage error MAPE of ~5.3% corresponding to a Relative
MAE of 0.05, indicate a very strong predictive relationship between what was predicted and
the ground-truth. About 83.9% of prediction fell within the GT of £10% tolerance range, while
the R2 value of 0.97 shows that there is an excellent fit. This shows that the feeding model to
a great extent accurately models the feeding requirements of the birds based on their age,
specie and population. The high accuracy properly fits into a structured feeding schedules
associated with poultry production. Similarly, same structured pattern is also observed in
predictive studies of broiler growth and feeding behaviour using machine learning models
(Chen et al., 2023). Same idea has also been demonstrated smart poultry farm management.
In the same way, although with a slight reduction in accuracy, RTM performed well too. The
model recorded an MAE of about 3.4, RMSE of 5.53, MAPE of 6.9%, and an R2 value of 0.94,
with roughly 67.9% of predictions within the £10% tolerance range. This low performance can
be attributed to the irregular nature of treatment schedule. While feeding has a deterministic
sequence, medications are administered periodically. This produces zero-inflated dosage
patterns, which naturally increase prediction variability. Similar variability has been observed
in disease-management modelling where treatment intervals are not continuous (Banakar et
al., 2016; Sadeghi et al., 2023). That notwithstanding, the high R? value explains most of the
variation in dosage requirements.

Table 4: Regression Metrics (RFM & RTM).

Scenario Model MAE RMSE MAPE Rel. R2 % Within
(%) MAE 110%
Full RFM (Feed) 218.90 287.70 5.29 0.0535 0.967 83.93%
Noise
RTM 3.40 5.53 6.90 0.0659 0.938 67.86%
(Treatment)
Half RFM (Feed) Improved values (= Much <3% ~0.02 >0.98 >90%
Noise half errors) lower
RTM Improved values (~ half = Lower ~3-4% ~0.03 >0.96 >80%

(Treatment) | errors)

Further evaluation showed that the model performance was improved when the additional
noise was reduced by half. Prediction error was significantly reduced and tolerance
compliance exceeded 90% during feeding predictions and 80% for treatment predictions. This
shows that the model remains stable under moderate environmental uncertainties.
Classification metrics such as precision, recall, and false alarm rate (Table 5) were used to
evaluate the RBM and RNM. Both models recorded relatively high recall values around 0.89-
0.95 with low false alarm rate as shown in table 5. This shows that alerts were triggered
approximately when necessary, and mostly without excessive wrong notification. Results also
show that more notifications were recorded in the smaller pen (6 m?) than in the larger pen (9
m?). This implies that density leads to faster waste accumulation and increase risk of bird’s
diseases.

This finding confirms the previous Al-based monitoring studies, which show that

environmental conditions and flock behaviour can provide early signals of health risks in
poultry farms (Campbell et al., 2024; Merenda et al., 2024). However, disease detection has

Erike A. 1., lkerionwu C. O., Azubogu A. C., DUJOPAS 12 (1e): 227-237, 2026 233



Engineering an Al-Enabled Mobile Expert Decision-Support System for Integrated Poultry Farm Operations

been the major focus in many existing systems. In contrast, the present framework lays
emphasis on routine management tasks such as feeding, treatment scheduling, and
biosecurity enforcement.

Table 5: Notification Evaluation (RBM & RNM).

Scenario Space TP FP FN TN Precision Recall FAR
Full Noise 9.0 18.0 2.0 1.0 35.0 0.9 0.947368 0.054054
6.0 18.0 3.0 1.0 34.0 0.857143 0.947368 0.081081
Half 9.0 18.0 2.0 1.0 35.0 0.9 0.947368 0.054054
Noise 6.0 17.0 0.0 2.0 37.0 1.0 0.894737 0.0

The graphs of figures 2a to 5b indicate a close alignment between the predicted and ground-
truth values with slight deviations that were caused by the simulated noise. In the same way,
the RBM plots indicate that the cleaning frequency increased with higher stocking density.
Also, the RNM plots indicates that the notification scores increase with increase in stocking
density - crowded conditions. Therefore, integrating expert knowledge into a rule-based Al
driven mobile application can effectively daily poultry farm management. The system would
have the potential to provide practical assistance to smallholder farmers, particularly those
with limited access to veterinary expertise or formal training by embedding feeding,
treatment, and biosecurity guidance into a mobile decision-support platform.

Feed: GT vs Prediction (Half Noise) Feed: Ground Truth vs Prediction (Total feed grams/day)
6000 Feed GT (0) 6000 Feed_GT (g)
Feed_Pred (g) Feed_Pred (g)
5000 5000
3 4000 2 4000
o o
3 b
3000 3000
2000 2000
0 10 20 30 20 50 0 10 20 30 10 50
Day Day
Figure 2a Feed: GT vs Prediction at half noise Figure 2b: Feed: GT and Prediction at initial noise
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RNM: GT vs Pred (Half Noise, Space 6 m2)
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Figure 5a RNM: GT vs Prediction at half noise Figure 5b RNBM: GT vs Prediction at initial noise

The RBM and RTM follow the same path - with half noise, there were little deviations in the
notifications unlike with full noise. In all things, the models are able to provide expert-level
assistance to farmers. In comparison with existing systems, this research focused only on
democratizing expert-level management operations in poultry farming. Hence, instead of just
providing information on disease outbreak, it provides routine management guidance that
has capacity to prevent and manage disease outbreak using the RBM and RTM modules.
Other Al-driven solutions were mainly diagnostic in nature but less of administrative.

CONCLUSION

In conclusion the study designed and validated a framework for engineering Al-driven
decision support application for poultry farm management. The system collected and curated
expert’s knowledge from interviews, textbooks and the internet. Using expert’'s knowledge
development process, the research developed a rule-based system based on the curated data
of expert’s knowledge to model the three arms of the system - the Routine Biosecurity Model
(RBM), Routine Feeding Model (RFM), and Routine Treatment Model (RTM) into a unified
Routine Notification Modelling (RNM). A simulation test was carried over a 56 days period
using a flock of 50 broilers at a stocking density of 10 birds per square meter, considering two
pen sizes - (9 m? and 6 m?). Performance results reveal the ability of the model to adequately
assist farmers in their day-to-day management of their farms based on expert’s knowledge.

The novelty of this work lies in its holistic, user-centred integration of multiple expert-driven
models into a mobile application tailored for smallholder farmers. We therefore recommend
that these models be integrated in already existing Al-driven application that is tailored to
poultry farmers. Although the framework has proven technically feasible, we recommend that
future work should prioritize pilot testing in real farm settings to evaluate usability, adoption,
and long-term impact, ultimately strengthening sustainable poultry production, food
security, and rural livelihoods.

Funding: This work was funded under the Nigeria Artificial Intelligence Research Scheme
(NAIRS) by the National Information Technology Development Agency (NITDA). Grant
number: NITDA/HQ/RG/ Al4082284416
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