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Abstract
Under the background of AI promoting precision
livestock farming, this study compared the effects
of fermentation bed and net bed systems on gosling
rearing in cold northern regions using AI-based
intelligent temperaturemonitoring. A total of 10,000
one-day-old "Dasanhua" goslings were divided into
two groups (n=5,000/group) and reared for 28 days.
An AI-driven wireless temperature sensing system
enabled real-time, high-precision monitoring of
environmental temperatures. Growth performance
(ADG, ADFI, F/G, survival rate) and economic
benefits were systematically evaluated. The AI
system revealed significant temperature differences:
the fermentation bed maintained a stable average
temperature of 30.9±0.6°C (fluctuation range
2.1°C), staying within the optimal brooding range
(28–32°C) for 98% of the time. In contrast, the net
bed averaged 22.5±1.0°C with a wider fluctuation
of 4.8°C, meeting optimal conditions only 72% of
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the time (P<0.05). The stable thermal environment
of the fermentation bed significantly improved
growth performance, with 16% higher ADG (50.8
vs. 42.5 g/bird/day), 11% lower F/G (1.98 vs.
2.2), and 2% higher survival rate (98% vs. 96%)
(P<0.05). Economically, despite higher feed costs
(4,000 yuan) and AI system amortization (200
yuan), the fermentation bed saved 3,000 yuan
in electricity and 2,000 yuan in bedding costs,
yielding an additional profit of 2,000 yuan for 5,000
goslings. In conclusion, integrating fermentation
bed rearing with AI-based temperature monitoring
provides a stable, data-driven microenvironment
for gosling brooding in cold regions. This approach
significantly enhances growth performance and
economic returns, offering a viable pathway for
intelligent and sustainable waterfowl farming.

Keywords: artificial intelligence, intelligent temperature
monitoring, gosling, fermentation bed, cold northern region,
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1 Introduction
With the rapid development of artificial intelligence
(AI) technology, precision livestock farming (PLF)
has become a core direction for the transformation
and upgrading of the global animal husbandry
industry [1]. AI-driven intelligent monitoring
systems, characterized by real-time data collection,
high precision, and automatic analysis, have
been widely applied in environmental regulation,
disease early warning, and production performance
optimization of poultry farming, effectively solving
the problems of low efficiency and poor accuracy of
traditional manual management [2, 3]. Park et al. [4]
demonstrated that AI-driven predictive monitoring
in poultry houses enables early intervention,
potentially reducing stress-related mortality and
improving overall breeding efficiency in challenging
environments.
Geese, as an important economic waterfowl with
strong cold resistance, are crucial to the livestock
industry in cold northern regions of China. However,
the harsh climate in these regions—characterized
by low temperatures, large diurnal temperature
differences, and frequent cold waves—poses severe
challenges to gosling brooding [5, 6]. Sahib et
al. [7] reported that cold stress caused by unstable
temperatures often leads to reduced feed intake,
impaired digestive function, and increased mortality
of goslings, directly affecting breeding efficiency.
Traditional rearing modes, such as net bed systems,
rely on manual temperature measurement and
passive heating, which cannot timely respond to
environmental changes and are difficult to maintain a
stable thermal environment [8, 9]. Bloch et al. [10]
found that manual temperature measurement in
poultry houses had an average error of 1.5-2.0°C,which
was insufficient to accurately evaluate the thermal
comfort of young poultry.
The microbial fermentation bed technology, an
eco-friendly rearing method, utilizes microbial
metabolism to decompose manure and produce
heat, which has shown potential in improving the
thermal environment of poultry houses [11, 12].
Previous studies have confirmed that fermentation
bed rearing can increase the daily gain of livestock
and poultry by 10-20% and reduce mortality by
2-5% [13, 14]. Li et al. [15] found that fermentation
bed farming significantly improves behavioral
expression (e.g., increased sitting, walking, preening,
and comfort behaviors, with reduced feather pecking)
and enhances stress resistance in geese (e.g., lower

post-transport serum levels of stress markers such
as HSP70, HSP90, cortisol, and MDA, alongside
higher immune and antioxidant parameters). These
benefits suggest that fermentation beds can help
mitigate environmental stresses, including those in
cold conditions. However, the application of this
technology in cold northern regions remains limited
due to insufficient reliable, real-time environmental
data—traditional manual temperature measurements
fail to capture the dynamic changes and long-term
stability of fermentation bed temperatures, hindering
scientific and quantitative assessment of its thermal
insulation effects and adaptability in low-temperature
environments [16, 17]. Fournel et al. [18] highlighted
that traditional environment control strategies in
confined animal housing often suffer from limitations
in data precision and real-time monitoring, which can
lead to suboptimal thermal management—particularly
relevant for variable systems like fermentation beds in
cold regions.

Under the background of artificial intelligence,
integratingAI-based intelligentmonitoring technology
with fermentation bed systems may provide a new
solution for gosling brooding in cold regions. Recent
studies have shown that the combination of AI
monitoring and eco-friendly rearing modes can
achieve a “1+1>2” effect [19, 20]. For example, Sindhu
et al. [21] used an AI-driven wireless sensing system
to monitor the fermentation bed environment of pigs,
realizing real-time adjustment of bedding moisture
and temperature, and increasing the daily gain by
12%. However, there are few studies on the integration
of AI technology and fermentation bed systems for
gosling brooding in cold northern regions, especially
studies that systematically analyze the correlation
between AI-monitored temperature dynamics and
growth performance.

This study constructed an AI-driven wireless
temperature sensing system to conduct real-time and
high-precision monitoring of the rearing environment
of fermentation bed and net bed systems. By
analyzing the correlation between temperature
stability (monitored by AI) and gosling growth
performance, and evaluating economic benefits, this
research aims to: (1) verify the application value of AI
technology in optimizing the brooding environment
of cold regions; (2) determine the optimal rearing
mode for goslings in cold northern regions; (3)
provide technical support for the intelligent and
sustainable development of waterfowl farming in cold
regions [22, 23].
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2 Related Work
2.1 Experimental Site and Design
The experiment was conducted from June 2 to June 30,
2022 (summer, with an average ambient temperature
of 15-25°C), at a commercial goose farm in Tangyuan
County, Jiamusi City, Heilongjiang Province (46°45’N,
129°55’E)—a typical cold northern area with an
annual average temperature of -1.3°C and a minimum
temperature of -35°C in winter [24, 25]. This region
is representative of cold northern China, where the
low-temperature environment in spring and autumn
has a significant impact on gosling brooding [26].
The brooding facility was a plastic greenhouse
(50m×10m×2.5m) with north-south orientation
and natural ventilation. A total of 10,000 healthy
one-day-old “Dasanhua” goslings (average initial
weight: 89.9±0.2g) were randomly divided into
two groups with two replicates each (2,500
goslings/replicate):
• Fermentation Bed Group (FBG): Bedding was

composed of 90% rice husk and 10% sawdust
(30cm thick). Three days before gosling
introduction, the bedding was inoculated with
a microbial consortium (1×108 CFU/g, containing
Bacillus subtilis, Lactobacillus plantarum, and
Saccharomyces cerevisiae) activated with 5%
brown sugar solution, and covered with a film
to maintain a moisture content of 65±2% [27, 28].
The microbial consortium was selected based on
previous studies that confirmed its high heat
production and manure decomposition efficiency
in cold environments [29].

• Net Bed Group (NBG): Galvanized iron
net bed (0.8m above the ground, mesh
size: 1.5×1.5cm) without bedding, using
traditional infrared heating lamps for temperature
supplementation [30].

The stocking density was 10 goslings/m2 for both
groups, which was determined according to the
optimal stocking density for “Dasanhua” goslings
reported by Yin et al. [31]. The experiment lasted
for 28 days, covering the critical brooding period of
goslings [32].

2.2 AI-Based Intelligent Temperature Monitoring
System

An AI-driven wireless temperature sensing system
(model: AI-PLF-AGRI-02, developed by the Beijing
Key Laboratory of Agricultural Artificial Intelligence)

was constructed for environmental monitoring. The
system integrated three core modules, realizing the
whole-process intelligent management from data
collection to decision support [33, 34]:
1. Wireless Sensing NodeModule: 20 high-precision

temperature sensors (10 per group) with a
measurement range of -30°C to 70°C and accuracy
of ±0.1°C. The nodes were fixed on the goslings’
activity surface (FBG: bedding surface; NBG:
net bed surface) using waterproof brackets, and
collected temperature data every 10 minutes
to avoid data deviation caused by manual
operation [35]. This sampling interval was
set to 10 minutes, as intervals in this range
(e.g., 5–15 min) are widely used in poultry and
livestock environmental monitoring to effectively
balance data temporal resolution for capturing
fluctuations with reduced energy consumption
and transmission overhead for wireless sensing
systems [36].

2. AI Data Transmission and Processing Module: A
4G data gateway was installed in the greenhouse
to receive data from sensing nodes (transmission
distance: ≤150m) and upload it to the cloud
platform. The AI algorithm (LSTM neural
network) was embedded in the platform to
automatically filter abnormal data (e.g., sensor
failure) and calculate key indicators such as
daily average temperature, fluctuation range, and
time within the optimal temperature range [37,
38]. The LSTM neural network was selected
for its excellent performance in time-series data
processing, which has been widely used in
livestock environmental monitoring [39].

3. Intelligent Early Warning and Visualization
Module: The cloud platform provided real-time
temperature curves, historical data query, and
abnormal temperature alarms (threshold: <25°C
or >35°C for FBG; <20°C or >30°C for NBG).
When the temperature exceeded the threshold,
the system sent a text message reminder to
the breeder, realizing timely environmental
adjustment [40]. The alarm thresholds were
determined according to the optimal temperature
range for gosling brooding reported in previous
studies [41, 42].

2.3 Feeding and Management
All goslings were fed the same basal diet (Table 1)
formulated in accordance with the national standard
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Table 1. presents the ingredient composition and corresponding nutrient levels of the experimental diet (air-dry basis).
Ingredients Content (%) Nutrient Levels Content
Corn 59.85 Metabolizable Energy (ME) 11.2 MJ/kg
Soybean Meal 20.60 Crude Protein (CP) 18.5 %
Rice 3.50 Crude Fiber (CF) 4.5 %
Corn Gluten Meal 7.00 Calcium (Ca) 0.86 %
Methionine 0.10 Available Phosphorus (AvP) 0.45 %
Lysine 0.30 — —
Dicalcium Phosphate (CaHPO4) 1.10 — —
Limestone 1.00 — —
Saccharomyces Cerevisiae Culture 0.20 — —
Complex Vitamins1 Compound
organic trace minerals2 included in
vitamin premix

5.00 — —

Complex Organic Trace Elements Ad libitum — —
Sodium Chloride (NaCl) 0.35 — —
Compound Probiotics3 1.00 — —
Total 100.00 — —

NY/T 3645-2020 “Nutritional Requirements of
Geese” [43]. The diet was designed to meet the
growth needs of 0-28-day-old goslings, with a
metabolizable energy of 11.2 MJ/kg and crude protein
of 18.5%—this nutritional level was confirmed to be
optimal for “Dasanhua” goslings by Chen et al. [44].
• Feeding Management: Feeding was ad libitum.

In the first week, the goslings were fed 8-9 times
a day (including 2-3 night feedings); from the
second week onwards, the feeding frequency was
gradually reduced to 4-6 times a day as their
digestive capacity improved [45]. This feeding
frequency schedule was based on the digestive
physiological characteristics of goslings reported
by Yang et al. [46].

• Water Supply: Warm water (30-25°C) was
provided in the first week to avoid cold stress;
from the second week, room-temperature water
(pre-placed in the greenhouse for 24 hours) was
used [47]. The water temperature in the first week
was determined according to the study of Beasley
et al. [48], who found that 30-25°C water could
reduce cold stress in young goslings.

• Environmental Adjustment: Based on real-time
data from the AI monitoring system, the
greenhouse vents were adjusted to maintain the
target temperature. For NBG, infrared lamps
were turned on when the temperature was lower
than 20°C; for FBG, no additional heating was
needed due to the heat produced by microbial
fermentation [49, 50].

• Bed Maintenance: FBG bedding was manually
turned once a day to ensure microbial activity;
NBGmanure was cleaned twice a day to maintain
environmental hygiene [51, 52].

The compound vitamin premix provided per kilogram
of diet: Vitamin A, 12,000 IU; Vitamin D3, 3,500 IU;
Vitamin E, 30 IU; Vitamin K3, 3 mg; Vitamin B1, 2.5
mg; Vitamin B2, 8 mg; Vitamin B6, 5 mg; Vitamin
B12, 0.025 mg; Niacin, 60 mg; Pantothenic acid, 15
mg; Folic acid, 1.2 mg; Biotin, 0.2 mg. The compound
organic trace minerals provided per kilogram of diet:
Cu (as copper sulfate), 8 mg; Fe (as ferrous sulfate), 80
mg; Mn (as manganese sulfate), 100 mg; Zn (as zinc
sulfate), 80 mg; I (as potassium iodide), 0.7 mg; Se (as
sodium selenite), 0.3 mg. The compound probiotics
contained Clostridium butyricum, Bacillus subtilis,
Bacillus licheniformis, etc., with a total viable count ≥
5.0 × 109 CFU/g.

2.4 Sampling and Measurement Indicators
2.4.1 Temperature Dynamic Analysis
Based on the data from theAImonitoring system, three
key temperature indicators were analyzed:Average
Temperature: Daily average temperature of the activity
surface, calculated from 144 data points per sensor (24
hours × 6 samples/hour) [53].
Temperature Fluctuation Range: The difference
between the daily maximum and minimum
temperatures, reflecting the stability of the thermal
environment. Time Within Optimal Temperature
Range: The proportion of time that the surface
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temperature stays within the optimal brooding range
(FBG: 28-32°C; NBG: 25-28°C) per day, evaluating the
suitability of the environment [54].
These indicators were selected to comprehensively
evaluate the thermal environment, as recommended
by the International Commission on Agricultural
Engineering (CIGR) for poultry environmental
assessment [55].

2.4.2 Growth Performance Determination
At the beginning (day 0) and end (day 28) of the
experiment, 100 goslings were randomly selected
from each replicate (200 goslings per group) and
weighed after 12 hours of fasting to determine the
initial weight (IW) and final weight (FW) [56]. The
daily feed intake of each replicate was recorded to
calculate the following indicators:Average Daily Gain
(ADG) = (FW - IW) / Number of Goslings / Brooding
DaysAverage Daily Feed Intake (ADFI) = (Total Feed
Intake - Residual Feed) / Number of Goslings /
Brooding Days, Feed Conversion Ratio (F/G) = ADFI
/ ADG Survival Rate (%) = (Number of Surviving
Goslings / Initial Number of Goslings) × 100% These
growth performance indicators are the core evaluation
parameters for poultry rearing, as defined by theWorld
Organization for Animal Health (OIE) [57].

2.4.3 Economic Benefit Analysis
The economic benefits were calculated based on the
local market prices in 2022, including the amortized
cost of the AI system (the total cost of the system
was 10,000 yuan, amortized over 5 years, and the
cost for this experiment was 200 yuan) [58, 59]. The
cost and revenue items were determined according
to the "Guidelines for Economic Benefit Evaluation
of Livestock and Poultry Breeding Projects" issued
by the Ministry of Agriculture and Rural Affairs of
China [60].

2.5 Statistical Analysis
The temperature data processed by the AI system
and the growth performance data were analyzed
using SPSS 26.0 software [61]. Normality test and

homogeneity of variance test were conducted before
analysis. Independent-samples t-test was used to
compare the differences between the two groups [62].
Origin 2023 was used for data visualization [63].
The results were presented as mean ± standard
error (SE), and P<0.05 was considered statistically
significant [64].

3 Results
3.1 Temperature Dynamics Monitored by AI

System
3.1.1 Real-Time Temperature Variation
The AI-driven wireless temperature sensing system
(measurement accuracy ±0.1°C, sampling interval
10 minutes) achieved continuous and high-precision
recording of environmental temperature, overcoming
the limitations of traditional manual measurement
(low frequency, human error) [1, 2]. Throughout the
28-day experiment, the fermentation bed group (FBG)
maintained a stable temperature within the optimal
brooding range (28-32°C), while the net bed group
(NBG) exhibited significant temperature fluctuations
synchronized with ambient changes.

On day 15 (a typical cloudy day in cold northern
regions), the ambient temperature dropped sharply
from 22.3°C (day 14) to 17.5°C [3]. The AI system
recorded that FBG temperature only decreased by
1.2°C (from 31.1°C to 29.9°C) and remained within
the optimal range, while NBG temperature decreased
by 3.8°C (from 24.5°C to 20.7°C), falling below the
lower threshold (25°C) and triggering the system’s
abnormal alarm. After adjusting infrared lamps, NBG
temperature took 2 hours to recover to 25°C, whereas
FBG temperature naturally returned to 30.5°C within
30 minutes without additional heating [4]. During the
experiment, FBG had no alarm records, while NBG
triggered 8 abnormal alarms (6 low-temperature, 2
high-temperature), with an average recovery time of
1.8±0.3 hours per alarm.

Table 2. Temperature indicators of different rearing systems (mean ± SE).

Group/Environment Average
Temperature (°C)

Temperature
Range (°C)

Time Within
Optimal Range (%)

Night Temperature
Change (°C)

P-value
(vs. FBG)

Fermentation Bed (FBG) 30.9±0.6a 29.8-31.9 98±1.2a +0.6±0.1a -
Net Bed (NBG) 22.5±1.0b 20.2-25.0 72±2.5b -2.7±0.2b 0.05

Ambient Environment 19.8±1.1c 17.5-22.3 - -3.2±0.3c 0.05
Note: Different lowercase letters (a, b, c) indicate significant differences (P<0.05). Optimal range: FBG (28-32°C),
NBG (25-28°C).
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3.1.2 Temperature Stability Indicators
As shown in Table 2, AI system data (144 daily data
points per sensor) revealed significant differences
between groups (P<0.05). FBG’s average temperature
was 30.9±0.6°C, 8.4°C higher than NBG (22.5±1.0°C)
and 11.1°C higher than ambient (19.8±1.1°C). FBG’s
daily temperature fluctuation range was only 2.1°C
(29.8-31.9°C), 56.25% narrower than NBG (4.8°C,
20.2-25.0°C) [6].
Notably, the AI system captured a unique diurnal
pattern: FBG temperature increased slightly
(0.5-0.8°C) at night (20:00-06:00) due to enhanced
microbial anaerobic fermentation, compensating
for ambient cooling. In contrast, NBG temperature
decreased by 2.3-3.1°C at night, requiring continuous
infrared heating [7]. The “time within optimal
range” (calculated by the system’s LSTM algorithm)
further confirmed FBG’s advantage: 98±1.2% of FBG’s
time was within 28-32°C, while NBG only reached
72±2.5% [8].

3.2 Growth Performance of Goslings
As shown in Table 3, FBG’s stable thermal environment
(supported by AI data) significantly improved
growth performance (P<0.05). Initial weights were
similar (FBG: 89.8±0.3g; NBG: 90.1±0.2g, P>0.05),
but FBG’s final weight (1,513±25.6g) was 18.3%
higher than NBG’s (1,279±21.3g). FBG’s ADG
was 50.8±1.2g/bird/day, 16% higher than NBG’s
42.5±1.0g/bird/day [9].

Table 3. Growth performance of goslings (mean ± SE).
Index Fermentation

Bed Group (FBG)
Net Bed

Group (NBG) P-value
Initial Weight (g) 89.8±0.3 90.1±0.2 0.05
Final Weight (g) 1,513±25.6a 1,279±21.3b 0.05

ADG (g/bird/day) 50.8±1.2a 42.5±1.0b 0.05
ADFI (g/bird/day) 100.4±2.1a 92.4±1.8b 0.05

F/G 1.98±0.03b 2.2±0.04a 0.05
Survival Rate (%) 98±0.5a 96±0.8b 0.05

Correlation analysis showed that temperature stability
directly affected ADG: during NBG’s temperature
fluctuation period (day 14-16), its ADG decreased
by 12.3% (from 43.2g to 37.8g), while FBG’s ADG
remained stable (50.5-51.2g)—consistent with Bloch et
al.’s [10] conclusion that cold stress inhibits weight
gain. In feed utilization, FBG’s ADFI (100.4±2.1g)
was 8.7% higher than NBG’s (92.4±1.8g), but its
F/G (1.98±0.03) was 11% lower, indicating improved
digestive efficiency [11].
FBG’s survival rate (98±0.5%) was 2% higher than

NBG’s (96±0.8%). Post-mortem analysis showed
65% of NBG’s deaths were cold-stress-related (ascites,
diarrhea), while 70% of FBG’s deaths were accidental
injuries—confirming that stable temperature reduces
stress-related diseases [12].

3.3 Economic Benefits
As shown in Table 4, integrating AI monitoring,
FBG’s economic benefits were superior to NBG’s.
For 5,000 goslings, FBG’s total cost was 66,200 yuan
(including 200 yuan AI system amortization, total
system cost 10,000 yuan over 5 years), slightly higher
than NBG’s 65,000 yuan. However, cost structures
differed significantly:
• Energy Cost: FBG’s electricity cost (3,000 yuan)

was 50% lower than NBG’s (6,000 yuan), due to
stable fermentation heat (AI-verified) [13].

• Bedding Cost: FBG’s bedding/microbial agent
cost (6,000 yuan) was 2,000 yuan lower than
NBG’s net bedmaintenance/manure cleaning cost
(8,000 yuan).

• Veterinary Cost: FBG’s cost (4,000 yuan) was
20% lower than NBG’s (5,000 yuan), due to fewer
stress-related diseases [14].

Table 4. Economic benefits comparison (10,000 yuan, 5,000
goslings).

Item Fermentation
Bed Group (FBG)

Net Bed
Group (NBG)

Difference
(FBG-NBG)

Total Cost 6.62 6.5 +0.12
Total Revenue 13.72 13.44 +0.28
Net Profit 7.1 6.9 +0.2

In revenue, FBG’s total revenue (137,200 yuan) was
2,800 yuan higher than NBG’s (134,400 yuan), driven
by higher survival rate and final weight (234g heavier
per gosling, 0.1 yuan/100g premium). FBG’s net profit
(71,000 yuan) exceeded NBG’s (69,000 yuan) by 2,000
yuan. Even with full AI system cost (10,000 yuan),
FBG’s long-term annual profit (71,000 yuan) remained
higher than NBG’s [15].

4 Discussion
4.1 AI Monitoring Enhances Environmental

Evaluation Accuracy
Under AI background, the system’s high-precision
(±0.1°C) and high-frequency (10-minute interval)
monitoring solved the “data inaccuracy” problem
of traditional manual measurement [16]. Unlike
previous studies [17] that only measured temperature
1-2 times/day, this study’s AI system captured
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FBG’s night temperature increase (0.5-0.8°C)—a key
advantage for cold-region brooding, as it avoids night
heating.
The AI system’s early warning function also improved
management timeliness. NBG’s 8 alarms allowed
timely heating adjustments, reducing potential
mortality by an estimated 1.5-2%. These results
confirm AI’s value in cold-region poultry farming: it
provides reliable data for evaluating fermentation bed
effectiveness and optimizes management efficiency.

4.2 Mechanisms of Fermentation Bed Improving
Growth Performance

TwoAI-supportedmechanisms explain FBG’s superior
performance:
• Stable Temperature Reduces Cold Stress: AI

data showed FBG stayed in the thermoneutral
zone (28-32°C) for 98% of the time. In
this range, goslings avoid energy consumption
for thermoregulation, directing nutrients to
growth—explaining FBG’s 16% higher ADG [19].
NBG’s frequent fluctuations caused repeated cold
stress, reducing ADG by 12.3% during unstable
periods, aligningwithMishra et al.’s [20] research.

• Microbial Metabolism Promotes Gut Health:
FBG’s microorganisms (Bacillus, Lactobacillus)
secrete digestive enzymes and probiotics.
Goslings’ bedding pecking introduces these
into the gut, improving digestion—reflected in
FBG’s 11% lower F/G [21]. Sindhu et al. [21]
similarly found fermentation beds increase
intestinal Lactobacillus by 2-3 times, enhancing
feed efficiency.

4.3 Sustainability of AI-Fermentation Bed
Integration

Economically, AI’s initial investment is offset by
long-term savings: FBG’s 3,000 yuan electricity
saving and 2,000 yuan labor saving exceed the 200
yuan annual AI amortization [23]. For large-scale
farms (100,000 goslings), this translates to 40,000
yuan annual profit increase—critical for cold-region
farming [24].
Environmentally, FBG’s in-situ manure decomposition
(AI-monitored microbial activity) eliminates manure
discharge, aligning with “double carbon” goals [25].
NBG’s daily manure cleaning generates 1.2 tons of
waste per 5,000 goslings, while FBG’s bedding becomes
organic fertilizer after use—reducing environmental
impact [26].

4.4 Limitations and Future Directions
This study was conducted in summer; future research
should verify AI-fermentation bed performance in
winter (lower ambient temperature). Additionally,
integrating AI with other sensors (humidity,
ammonia) could comprehensively optimize the
brooding environment [27]. Finally, developing
low-cost AI systems (e.g., 5G-enabled sensors)
would promote widespread adoption in small-scale
farms [28].

5 Conclusion
Under the background of artificial intelligence (AI)
promoting the upgrading of precision livestock
farming, this study systematically compared the
application effects of fermentation bed and net bed
rearing modes on gosling brooding in cold northern
regions, with the support of an AI-driven intelligent
temperature monitoring system. The results clearly
confirm that the integration of AI-based temperature
monitoring and fermentation bed technology is
the optimal solution for improving gosling rearing
efficiency in cold regions, and its core conclusions are
as follows:

First, the AI intelligent temperature monitoring
system effectively solves the limitations of traditional
manual measurement. With high precision (±0.1°C),
high-frequency sampling (10-minute intervals),
and real-time early warning functions, the system
accurately captured the dynamic differences in
the thermal environment between the two rearing
modes. It not only verified that the fermentation bed
maintained a stable temperature (30.9±0.6°C) within
the optimal brooding range (28-32°C) for 98% of the
time but also timely warned of temperature anomalies
in the net bed group, providing reliable data support
for evaluating the adaptability of rearing modes in
cold regions.

Second, the fermentation bed rearing mode
significantly improves gosling growth performance
by creating a stable microenvironment. Compared
with the net bed group, the fermentation bed group
achieved a 16% higher average daily gain (ADG),
an 11% lower feed conversion ratio (F/G), and a
2% higher survival rate. This is mainly due to two
mechanisms: on the one hand, the stable thermal
environment of the fermentation bed avoids energy
consumption of goslings for temperature regulation,
directing more nutrients to growth; on the other
hand, the functional microorganisms in the bedding
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promote intestinal health of goslings and enhance
feed digestion efficiency.
Third, the integration of AI and fermentation
bed technology realizes a win-win situation for
economic benefits and environmental sustainability.
Economically, although the fermentation bed group
bears the amortized cost of the AI system, it saves
3,000 yuan in electricity costs (relying on microbial
self-heating) and 2,000 yuan in bedding-related costs,
resulting in an additional net profit of 2,000 yuan
for rearing 5,000 goslings. Environmentally, the
fermentation bed decomposes manure in situ through
microbial metabolism, avoidingwaste discharge, while
the net bed group requires daily manure cleaning,
which increases environmental pressure. This is in
line with the development direction of “intelligent and
eco-friendly” animal husbandry in cold regions.
In summary, the combination of AI-based intelligent
temperature monitoring and fermentation bed rearing
mode not only provides a feasible technical path for
solving the problem of unstable gosling brooding
environment in cold northern regions but also sets
a typical example for the integration of AI technology
and traditional eco-friendly rearingmodes in precision
livestock farming. It has important promotion
value for accelerating the intelligent and sustainable
development of waterfowl farming in cold regions.
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