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    ABSTRACT

    Monitoring goat behavior in commercial farms typically relies on direct observation, which does not scale and misses conditions that develop gradually. This study deployed an eight-sensor IoT network across two zones of a slatted-floor goat pen in North Sumatra, Indonesia, and applied K-Means clustering to 49 days of sensor data. After a systematic data cleaning step that removed sensor dropouts, ADC saturation events, and an isolated methane spike, 213,704 records were retained (98.6% of raw data). K-Means with K=8 on the cleaned dataset yielded a Silhouette Score of 0.297 and Davies-Bouldin Index of 1.177, identifying eight behavioral and environmental states without a dedicated anomaly cluster. Results include two heat stress levels (THI means 90.7 and 92.1), three nocturnal resting states differentiated by waste pit gas concentration, a daytime active-vocal state, and an evening post-feeding fermentation peak.
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INTRODUCTION


Goat farming
underpins the rural economy across much of Southeast Asia. In Indonesia, the
national herd exceeded 18 million head by 2022 (BPS, 2023), spread across
predominantly smallholder operations. The typical management approach is
manual: a farmer walks the pen, looks for visible problems, and responds to
what they observe. That works at small scale but breaks down as herds grow and
weather-related stressors become harder to predict.


Precision
Livestock Farming (PLF) addresses this limitation by applying continuous sensor
monitoring and data analysis to livestock management. Most PLF work targets
cattle and poultry; goats remain underrepresented despite their economic
importance in tropical regions (Stygar et al., 2021). This study contributes to
that gap with a multi-sensor IoT deployment in a slatted-floor goat pen
analyzed using unsupervised machine learning.


The dual-zone
monitoring architecture is a distinctive aspect of this work. Generating
concurrent data on welfare conditions in the living area and gas dynamics in
the waste pit addresses two management problems simultaneously. Heat stress
conditions exceeding THI 88 during 22.7% of cleaned observations, and a
consistent post-feeding methane peak pattern, are among the findings that
purely observational approaches would not reliably detect.


The system
architecture (Figure 1) distributes eight sensors across two zones of the pen
structure: the upper animal platform and the waste collection pit below the
slatted floor. Sensor readings were transmitted at four-second intervals to
cloud storage over 49 days. Before clustering, a systematic data cleaning step
removed 3,080 anomalous records (1.42%), retaining 213,704 records for
analysis. K-Means clustering on the cleaned dataset identified eight distinct
behavioral and environmental states one more than the pre-cleaning analysis and
without a spurious artifact cluster.


 


LITERATURE
REVIEW


Precision Livestock
Farming and IoT Sensors


PLF applies
sensor technologies and data analysis to manage animals more effectively than
periodic manual checks allow. Berckmans (2014) defined it as the real-time
management of biological production processes. Neethirajan and Kemp (2021)
framed digital livestock farming as the convergence of IoT, data science, and
animal science, noting that pen-level environmental sensors can substitute for
body-worn devices in many welfare assessment contexts. Declining sensor costs
and widely available wireless connectivity have made large-scale field
deployments feasible at smallholder scale.


 


Behavioral Monitoring
in Small Ruminants


Riaboff et
al. (2022) systematically reviewed accelerometer-based behavioral monitoring
for ruminants and found the literature to be extensive for cattle but sparse
for goats. Peng et al. (2021) demonstrated that machine learning applied to
tri-axial accelerometer data from group-housed goats can classify five
behavioral states with accuracy above 90%. Environmental pen-level sensors
offer an alternative: treating the pen as the measurement unit avoids
instrumenting individual animals and scales naturally to larger herds.


Temperature-Humidity
Index and Thermal Stress in Goats


The
Temperature-Humidity Index (THI) combines temperature and relative humidity
into a single proxy for thermal load. For goats, mild stress begins near THI 84
and severe stress above THI 88 (Sejian et al., 2021). Islam et al. (2021)
reviewed heat stress in tropical goat populations and documented reductions in
feed intake, growth, and reproductive performance under chronic above-threshold
exposure. Automated THI tracking provides early warning that manual inspection
cannot reliably deliver.


 


Gas Dynamics in
Slatted-Floor Livestock Housing


Slatted-floor
systems concentrate waste in a pit directly below the animals. Biological
decomposition generates NH3, CO2, and CH4; concentrations vary with
temperature, moisture, and time elapsed since deposition (Groot Koerkamp et
al., 1998). Amon et al. (2023) reviewed measurement approaches for livestock
housing emissions and highlighted that vertical gradients within a building are
often underestimated when only one zone is monitored. Deploying sensors in both
the living zone and the waste pit begins to characterize those gradients for
small-ruminant housing.


 


Unsupervised Machine
Learning for Behavioral Pattern Discovery


K-Means
clustering groups observations by feature similarity without labeled training
data, making it practical when ground-truth behavioral annotations have not
been collected alongside sensor data. Cluster quality is measured with
Silhouette Score (Rousseeuw, 1987) and Davies-Bouldin Index. Zhao et al. (2023)
identified unsupervised clustering as an effective entry point for farms
without annotated datasets. Data quality is a recognized prerequisite: sensor
artifacts and dropout events should be removed before clustering to prevent
spurious cluster formation driven by instrument faults rather than animal
behavior (Tullo et al., 2019).


 


METHODOLOGY


System Architecture
and Dual-Zone Sensing


All eight
features were standardized to zero mean and unit variance. A random sample of
50,000 records (seed = 42) was drawn for computational efficiency. K-Means was
run for K = 2 through 8, each repeated ten times with different random
initializations. Optimal K was selected by Silhouette Score and Davies-Bouldin
Index. After cleaning, K = 8 yielded the highest Silhouette Score (0.297) and
was selected. Figure 2 shows evaluation metrics across all K values, comparing
pre- and post-cleaning results.











Clustering Procedure


Eight
features were constructed for clustering: motionStatus (binary), sound_norm
(soundAnalog / 4094, normalized after ADC ceiling removal), airQuality, and
methane. THI was computed for each zone as: THI = (1.8 x T + 32) - [(0.55 -
0.0055 x RH) x (1.8 x T - 26.8)]. Time of day was encoded cyclically as
hour_sin = sin(2pi x hour/24) and hour_cos = cos(2pi x hour/24). The temperature
difference between zones (temp_diff = temperature1 - temperature2) captured
vertical thermal stratification between the animal platform and the waste pit.


 


Feature Engineering


Raw
collection produced 216,784 records across 10 columns with no missing values.
Four anomaly categories were identified and removed. First, 697 sensor dropout
records where temperature2 and humidity2 simultaneously read zero, indicating
physical disconnection of the lower-zone sensor. Second, 1,939 records where
soundAnalog equaled 4095 — the 12-bit ADC ceiling — making the true sound level
unknown. Third, 448 records with methane exceeding 10, of which 421 were
concentrated in a single 3-hour window on October 19, consistent with an
isolated event rather than a recurring behavioral pattern. These categories had
four overlapping records, yielding 3,080 unique removed records (1.42%). The
retained dataset contained 213,704 records. Additionally, 134,898 records
(63.1%) where airQuality equaled 5.59 — the MQ135 sensor ceiling — were flagged
as right-censored and retained. Temperature readings above 45 degrees Celsius
(3.9% of cleaned records) were also retained, as they were consistent with
observed midday heat conditions and correlated strongly with the lower-zone
sensor (r = 0.95).


 


Data Collection and
Anomaly Removal


Data were
collected from a slatted-floor goat pen in North Sumatra, Indonesia. Goats
occupy the upper platform and waste falls through the perforated floor into a
covered collection pit below. Pen dimensions, herd size, and breed details will
be specified in the final manuscript.


 


Study Site


This study
used a continuous passive monitoring design over 49 days (October 4 to November
22, 2025) with no interventions to the farm routine. All analysis was conducted
offline after the collection period ended.


 


Research Design


The system
followed a five-layer pipeline (Figure 1). Layer 1 deployed eight sensors
across two physical zones of the pen. The above-zone (animal platform) held a
DHT22 temperature-humidity sensor, a KY-038 analog sound detector (12-bit ADC,
0-4095), and a PIR HC-SR501 motion sensor. The below-zone (waste-collection
pit, located directly beneath the slatted floor) held a second DHT22, an MQ135
gas sensor sensitive to NH3, CO2, and NOx, and an MQ4 methane sensor. Layer 2
processed readings on a NodeMCU ESP8266 microcontroller, which timestamped and
transmitted data at approximately four-second intervals via WiFi. Layer 3
stored all records in a cloud database with REST API access. Layers 4 and 5 
data preprocessing and behavioral inference were executed offline on the
accumulated dataset.
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Figure 1. System
Architecture: Dual-Zone IoT Sensor Fusion Pipeline for Goat Behavioral Pattern
Recognition


 


RESEARCH
RESULT


Model Selection


Silhouette
Score and Davies-Bouldin Index for K = 2 to 8 are shown in Figure 2, comparing
pre- and post-cleaning datasets. Before cleaning, K = 6 was optimal (SS =
0.298); one of those clusters captured sensor dropout events. After removing
anomalous records, K = 8 produced the highest Silhouette Score (SS = 0.297, DBI
= 1.177). The shift from K = 6 to K = 8 reflects the removal of the
artifact-driven cluster and the model gaining resolution on previously merged
behavioral states. Table 1 summarizes the metrics for the cleaned dataset.


Table 1. Evaluation
Metrics





 
  	
  Scores

  
  	
  Criteria

  
 

 
  	
  50,00 – 100,00

  
  	
  Low

  
 

 
  	
  100,01 – 150,00

  
  	
  Medium

  
 

 
  	
   

  
  	
  High

  
 







Pit
methane at its post-cleaning maximum (mean CH4 = 5.81, max = 9.96). Low motion (0.15),
elevated sound (772). Occurs exclusively 19:00-22:00, consistent with peak
anaerobic fermentation several hours after evening feeding. Figure 6 shows gas
concentration distributions across all clusters.











Cluster 0: Active
Morning + High Pit Gas (14.6%)


Lowest sound
(mean = 15), lowest motion (0.32), lowest pit gas (airQ = 0.18, CH4 = 1.05),
comfortable THI (80.0). Dominant 01:00-06:00. This is the undisturbed baseline
resting state.


 


Cluster 1: Resting
Night + High Pit Gas (12.1%)


Zero motion,
moderate sound (547), comfortable THI (80.1), moderate pit gas (airQ = 5.58).
Peak at 03:00. The largest single cluster — the dominant overnight condition.


 


Cluster 2: Moderate
Heat Stress (8.6%)


Highest sound
outside anomalous records (mean = 1,411/4,094), moderate motion (0.38), THI =
83.0 approaching mild stress threshold, low pit gas (airQ = 0.07). Peak at
noon. Consistent with feeding and social interaction.


 


Cluster 3: Quiet
Resting Baseline (16.3%)


Figure 4
shows the hourly proportion of each cluster. Baseline quiet resting (C3)
dominates pre-dawn hours (01:00-06:00). The two heat stress clusters (C2, C6)
emerge sharply from 09:00 and peak between 12:00 and 15:00. The post-feeding
gas peak (C7) appears in the 19:00-22:00 window. Nocturnal high-pit-gas
clusters (C1, C5) occupy overnight hours but differ in gas concentration
profile.


 


Cluster 4:
Active-Vocal Daytime (11.9%)


Zero motion,
moderate sound (481), comfortable THI (81.7), pit gas at the MQ135 sensor
ceiling (airQ = 5.59). Peak at 22:00. Distinguished from C5 by reaching the
sensor detection limit.


 


Cluster 5: Resting
Night + Moderate Pit Gas (18.6%)


Full motion
rate (1.00, highest in dataset), moderate sound (499), comfortable THI (80.8),
elevated pit gas (airQ = 5.55). Peak at 07:00. Morning activity begins before
residual nighttime pit gas has cleared.


 


Cluster 6: Severe
Heat Stress + Active (14.1%)


THI mean 90.7
in the upper zone (maximum 101.8). Motion moderate (0.50), sound near zero (6),
pit gas low (airQ = 0.09). Active 09:00-17:00, peak at 15:00. Animals are quiet
but moving consistent with heat avoidance behavior under moderately severe
thermal load. Figure 5 shows THI distributions across all clusters.


 


Cluster 7:
Post-Feeding Waste Gas Peak (3.8%)


THI mean 92.1
(maximum 101.7), motion 0.49, moderate sound (488), high pit gas (airQ = 5.53).
Confined to 09:00-17:00, peak at noon. The combination of extreme THI, active
movement, and elevated pit gas distinguishes C6 from the moderate stress
cluster C2.











Hourly Temporal Patterns


Figure 3
shows the proportion of records in each of the eight clusters. Three nocturnal
resting clusters (C1, C5, C3) together account for 46.9% of observations. The
two heat stress clusters (C2 moderate, C6 severe) together represent 22.7%, all
within daytime hours. The active clusters (C0 and C4) make up 26.5% combined,
and the post-feeding gas peak (C7) is the smallest at 3.8%.


 


Cluster Distribution


Table 2. K-Means Evaluation
Metrics Cleaned Dataset (n=50,000 sample)



 
  	
  K

  
  	
  Inertia

  
  	
  Silhouette Score (SS)

  
  	
  Davies-Bouldin Index (DBI)

  
  	
  Note

  
 

 
  	
  2

  
  	
  345,008

  
  	
  0.260

  
  	
  1.658

  
  	
   

  
 

 
  	
  3

  
  	
  285,864

  
  	
  0.288

  
  	
  1.474

  
  	
   

  
 

 
  	
  4

  
  	
  241,447

  
  	
  0.286

  
  	
  1.365

  
  	
   

  
 

 
  	
  5

  
  	
  215,500

  
  	
  0.274

  
  	
  1.379

  
  	
   

  
 

 
  	
  6

  
  	
  187,459

  
  	
  0.287

  
  	
  1.197

  
  	
   

  
 

 
  	
  7

  
  	
  171,917

  
  	
  0.291

  
  	
  1.272

  
  	
   

  
 

 
  	
  8

  
  	
  158,525

  
  	
  0.297

  
  	
  1.177

  
  	
  ★
  Selected

  
 




★ K=8 selected
based on highest Silhouette Score (SS=0.297). Cleaned dataset: 213,704 records
after removing 3,080 anomalous records (1.42%). Sample: 50,000 records, random
seed=42.
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Figure 2. K-Means
Model Selection (Silhouette Score and DBI, K=2 to 8) — Before vs After Data
Cleaning
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Figure 3. Behavioral
Cluster Distribution  K=8, Cleaned Dataset (n=213,704)
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Figure 4. Hourly
Distribution of Behavioral Clusters (Proportion per Hour)
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Figure 5. THI
Distribution per Behavioral Cluster Upper (Goat Living) Zone
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Figure 6. Waste Pit
Gas Concentrations per Behavioral Cluster Lower Zone


 


DISCUSSION


The data cleaning
step had a direct and measurable impact on cluster structure. Before cleaning,
K=6 included a dedicated anomaly cluster (0.3%) driven by sensor dropout
events; the remaining five clusters likely merged states the cleaned K=8 model
separates. Removing 3,080 records (1.42%) shifted the optimal K from six to
eight. The ADC saturation records (soundAnalog = 4095) deserve particular
attention: retaining them would have distorted sound-based features in every
cluster that included active periods, potentially masking the vocal
distinctions that separate C4 (Active-Vocal) from other daytime clusters.


Two sensor
limitations constrain further differentiation. The MQ135 airQuality ceiling at
5.59 affects 63.1% of cleaned records, making high and very high pit gas
concentrations indistinguishable. Clusters C0, C1, C5, C6, and C7 all register
airQuality near or at the ceiling and cannot be further separated on this
feature alone. Replacing the MQ135 with a higher-range electrochemical sensor
in future deployments would resolve this. Similarly, humidity2 saturated at
100% during 36.9% of records the pit was frequently at the DHT22 measurement
limit overnight, indicating that the actual humidity may have been even higher.


Cluster 7
provides specific timing information for waste management. Methane peaks in the
19:00-22:00 window, several hours after feeding, consistent with anaerobic
fermentation lag in freshly deposited waste. Cluster 0 adds a practical
observation: full animal activity begins at 07:00 while pit gas from the
previous night is still elevated, creating a window where ventilation would
simultaneously serve thermal and gas management goals.


The three
nocturnal clusters (C1, C5, C3) differentiate resting states by pit gas
concentration. C3 shows the lowest gas levels and represents undisturbed
baseline resting. C5 and C1 show progressively higher pit gas, with C1 reaching
the MQ135 sensor ceiling. Amon et al. (2023) noted that gas accumulation in
livestock housing follows predictable cycles tied to temperature and organic
load; the nightly progression from C3 to C5 to C1 is consistent with that
pattern. Because the gas sensors are in the pit rather than at animal head
height, these readings describe conditions below the slatted floor; whether
they translate to welfare-relevant concentrations at goat level was not
directly measured.


The two heat
stress clusters (C2 and C6) together affected 22.7% of cleaned records, all
within the 09:00-17:00 window. C6 (severe, THI mean 92.1) shows active movement
alongside extreme heat, while C2 (moderate, THI mean 90.7) shows near-zero
sound and quieter motion a pattern consistent with earlier-stage heat avoidance
before animals reach peak agitation. Islam et al. (2021) documented that
sustained above-threshold THI in tropical goat populations reduces feed intake
and reproductive performance. Separating these two heat states gives farm
managers a graduated response: moderate ventilation for C2 conditions, active
misting or forced cooling for C6.


 


CONCLUSIONS AND
RECOMMENDATIONS


After
removing 3,080 anomalous records (1.42%) from a 49-day IoT dataset, K-Means
clustering with K=8 identified eight behavioral and environmental states in a
slatted-floor goat pen without a spurious anomaly cluster. The five-layer
system architecture dual-zone sensing, edge processing, cloud storage,
preprocessing, and inference provides a reproducible deployment template at
smallholder scale.


Two heat
stress clusters (THI means 90.7 and 92.1) collectively affected 22.7% of
records within the 09:00-17:00 window. Three nocturnal resting clusters were
separated by pit gas concentration. A morning active cluster coincides with
residual nighttime pit gas, and an evening cluster captures post-feeding
fermentation dynamics in the waste pit.


Practical recommendations:
enforce forced ventilation or misting during 09:00-17:00 (targeting C6 first,
then C2); schedule pit cleaning before the afternoon feed to reduce overnight
methane accumulation; replace the MQ135 with a higher-range gas sensor to
resolve the 63.1% saturation ceiling; and add gas sensors in the goat living
zone to establish whether pit concentrations reach welfare-relevant levels
above the slatted floor.


 


ADVANCED RESEARCH


Four
extensions would strengthen this work. First, direct behavioral observation
alongside sensor collection would provide verified labels for supervised
classification, validating or correcting the cluster interpretations proposed
here. Second, replacing the MQ135 with a higher-range or electrochemical gas
sensor would resolve the 63.1% saturation ceiling that limits differentiation
among high-gas clusters. Third, gas and humidity sensors in the goat living
zone at animal head height would establish whether pit concentrations reach
welfare-relevant exposure levels above the slatted floor. Fourth, multi-site,
multi-season, and multi-breed replication would test the generalizability of
these eight behavioral states beyond the single-pen, 49-day deployment reported
here.
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