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ABSTRACT

Agriculture has been the primary and major source of income in our country. Environmental
conditions change due to rising global warming and other environmental conditions. Several
environmental factors like. Temperature, humidity, soil moisture and light conditions must be
checked to take appropriate control actions. Manually checking may not always be possible
and efficient. . Hence, I used machine learning to predict suitable greenhouse control actions.
Traditional irrigation practices may not provide transparency regarding the environmental
conditions for generating control decisions. This research proposes an Explainable Artificial
Intelligence (XAI) framework for intelligent greenhouse climate control and proper decision-
making.

The study used a greenhouse climate control dataset containing 3,000 records and and seven
environmental input parameters, namely temperature, humidity, carbon dioxide concentration,
soil moisture, light intensity, external weather, and time of day. The target variable consists of
five greenhouse control actions: No Action, Turn on Heater, Open Vent, Start Irrigation, and
Turn on Light.

Random Forest algorithm is used to detect the correct greenhouse control action. Dataset is
divided into training and testing using 80: 20 ratios. The I results show an accuracy of 99.83%,
precision of 99.83%, recall of 99.83%, and F1-score of 99.83%. SHAP-based explainability is
implemented to predict the contribution of individual environmental parameters to the
prediction process.

The feature importance analysis shows that temperature is the most influential parameter. This
is followed by soil moisture, light intensity, humidity, external weather, carbon dioxide
concentration, and time of day. The proposed research shows that explainable machine
learning can support transparent and intelligent greenhouse climate control. The research
contributes to sustainable indoor agriculture by combining accurate prediction with
interpretable decision-making.
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I. INTRODUCTION

Today agriculture is facing a lot of changes with advanced technologies like Artificial
Intelligence (AI), Machine Learning (ML), Internet of Things (IoT), and other sensor-based
technologies. Traditional farming practices depended on manual monitoring and environmental
parameters. Plant productivity can be affected due to the changing environmental conditions.
Hence, regular checking and on time decision making is necessary in today’s modern
agricultural era.

Indoor agriculture provides a more closed environment than traditional open field agricultural
practices. The environmental parameters need to be checked on a regular basis. Environmental
factors like light, humidity, temperature can be controlled as per the need of the environment.
Hence proper analysis of environmental parameters and appropriate selection of control actions
is needed.

Machine learning algorithms will aid in analyzing agricultural data and help in proper decision
making. ML algorithms study the trends, patterns and relationships between environmental
factors and climate factors, thereby it predicts corresponding control actions. For example, if
the temperature is low, then the system may suggest switching on the heater , opening a vent
when ventilation is required, pumping out water when moisture of soil is low or turning on
artificial lights when the available light is not sufficient.

Even though ML models can provide high accuracy, but their decisions are not always correct.
Sometimes, they provide predictions without stating the proper reason for the decision made.
This may lead of a cause of concern In agricultural applications. Hence, an automated system
shall be needed enable to take proper control decisions which shall help the farmers and other
decision makers to understand the system.

This issue is addressed by Explainable Artificial Intelligence (XAI) which makes the
predictions of ML, models more understandable. It helps in understanding the importance of
input parameters individually in order to make a prediction. In agricultural applications, such
predicted action is directly related to varying environmental factors. So XAI explains why the
model performs a specific action and helps in proper decision making.

The paper proposes an explainable machine learning framework for greenhouse climate
control. A Random Forest classifier is used to predict the most appropriate greenhouse control
action based on environmental parameters, while SHAP (SHapley Additive exPlanations) is
used to show the importance and contribution of features towards the prediction of model.
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SHAP is mainly used to provide a deeper view of the environmental factors and its influence on
greenhouse control actions.

This paper produces an Explainable ML framework for indoor agriculture climate control. We
use Random Forest to predict the control action based on the environmental conditions. We use
SHAP(SHapley Additive explanations) to understand the contribution of individual features to
a model's prediction. The proposed framework shall provide a clear, smart and proper decision
making in indoor agriculture.

II. RELATED WORK

To address the problems faced in indoor agriculture, nowadays Al and ML are being used
rapidly. It is being used in many areas like disease detection, yield prediction, monitoring soil &
moisture and climate control. Usage of sensors and automated collection of data has led to the
increased usage of advanced technologies in today’s modern agricultural fields.

Sensors and IoT devices are being used rapidly in smart agriculture for collecting data about
environmental factors. It monitors environmental factors like CO2, moisture of soil,
temperature, humidity etc. ML techniques are used to analyse the dataset collected to predict
the trends and patterns and thereby support decision making.

Random Forest is mostly used amongst ML algorithms because of its ability to handle complex
relationships between input data and provide better classification. It combines the predicted
results of several decision trees and gives the final prediction. So, the model can give better
prediction accuracy and reduce overfitting compared to other algorithms.

ML can handle the selection of particular control action based on environmental conditions.
Based on the observed environmental condition, the model may suggest operating the heater
on, open ventilation, start irrigation, switching on the artificial light etc. So such automated
control actions can help the greenhouse to react more quickly as per the changes in the
environmental conditions.

We cannot rely on a particular ML algorithm only seeing its high accuracy. We should
understand why the model selected the control action. This is really important in agriculture
since environmental conditions and control actions can affect the plant growth and usage of
water and energy.

We use Explainable AT as it helps study the ML models in a better way. We used SHAP as it
tells us the importance of individual features and its role in model prediction and hence
identifies the environmental parameters that have the greatest influence on a specific decision.

Explainable AI can provide more support in automated control systems in indoor agriculture.
We not only get to know about the control action but also understanding of the environmental
factors that played a major role for that prediction.

Vol 15 Issue 11, Nov 2026 ISSN 2456 - 5083 Page 93



International Journal for Innovative

€ngineering and Management Research

PEER REVIEWED OPEN ACCESS INTERNATIONAL JOURNAL

wWWwWw.ijiemr.org

The research paper used Random Forest with SHAP to provide a framework for indoor
agriculture climate control. This framework emphasizes on prediction of control action and
importance of the feature that played a greater role in indoor agriculture control decisions.

III. PROPOSED METHODOLOGY

3.1 Overview of the Proposed Framework

The research paper is aimed to identify the climate control action based on the environmental
condition. The methodology begins with data collection, preprocessing and ends with model
interpretation using SHAP.

The main steps of the proposed framework is as below:

Collection of data and data loading
Preprocessing of data

Environmental parameters selection
Training and testing data

Random forest model training
Greenhouse control actions prediction
Performance evaluation

Feature analysis

L ® N o ok~ W

SHAP based Al analysis

The overall workflow of the proposed system can be represented as follows:

Data collection
l
Data Preprocessing
l
Feature Selection

l

Random Forest Classification model
l

Greenhouse control Action Prediction
1

Performance Evaluation

1

SHAP-Based Explainable AI analysis
l

Results
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The environmental factors are analyzed in the model. Data is preprocessed and the selected
environmental features are given to the Random forest model. The trained model identifies the
possible control action. The model is evaluated using various performance metrics. Feature
importance and SHAP based Al analysis are done to study the role of different environmental
features in the model’s prediction process.

3.2 Dataset Description

The dataset has been downloaded from Kaggle comprising 3000 records and 8 attributes. Seven
features represent the environmental features and the remaining attribute represents the
greenhouse control action.

Input features in the dataset are:

* Temperature
*  Humidity
* (CO, concentration
* Soil Moisture
» Light Intensity
» External Weather
* Time of Day
Action represents the target variable which represents the greenhouse control action associated

with the environmental conditions.

Table 1: Dataset attributes

Attribute Description
Temperature Represents temperature inside the indoor farm
Humidity Humidity level
Cco, Carbon dioxide
Soil_Moisture Soil Moisture level
Light_Intensity Represents the light available
External_Weather Information about weather condition outside
Time_of_Day Represents the time
Action Required greenhouse climate control action
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3.3 Greenhouse Control Actions

The proposed model is aimed to predict the correct control actions based on the environmental
conditions.

The dataset contains five control actions:

¢ No_Action

¢ Turn_On_Heater
* Open_Vent

» Start_Irrigation

e Turn_On_Light

These 5 actions represent the output variable of the model. The control action is predicted based
on the environmental conditions. The model may predict when ventilation, irrigation, heating is
required.

3.4 Data Preprocessing

After data collection, the data is preprocessed in ML model. Data is analyzed and its data types,
missing values, null values etc. are determined and handled. 7 environmental parameters are
used as input features and Action variable is used as target output. The dataset is checked for
null values, missing values, incorrect values etc.

X represents the input features

* Temperature

*  Humidity

+ CO,

* Soil_Moisture

+ Light_Intensity

+ External_Weather
* Time_of_Day

Y = Action , which represents the target variable

3.5 Random Forest Classification

The Random Forest is selected for this research due to its ability to handle multiple input
variables and complex relationships amongst environmental features and control actions. The
model was built with 200 estimators and fixed random state so that results can be reproduced.
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3.6 Training and Testing

The dataset was divided into training and testing sets in 80:20 ratio. We chose stratified
sampling to maintain the proper class distribution across training and testing datasets. The
model was built using the training data and later was evaluated using testing data.

3.7 Explainable Artificial Intelligence Using SHAP

SHAP based Al explained the importance of individual features and thereby aided in the
prediction process. It helped to study the importance of environmental features that played a
major role in the decision-making process of the model. SHAP also explains the reasons behind
specific control action in the decision-making process.

IV.  RESULTS AND DISCUSSION

4.1 Performance Evaluation

The model was evaluated using the metrics like accuracy, precision, recall, and F1-score. It
helped the model to predict the proper control action based on the environmental conditions.

Table 2: Performance metrics

Metric Value

Accuracy 0.998333
Precision 0.998347
Recall 0.998333
F1-Score 0.998333

Accuracy of 99.83% was achieved. 99.83% was the value for precision, recall, and F1-score

4.2 Class-Wise Performance

The model was evaluated separately for each greenhouse control action.
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Table 3: Performance metrics for control actions

Indoor control Action Precision Recall F1-Score Support
No_Action 0.99 1.00 1.00 120
Open_Vent 1.00 1.00 1.00 120
Start_Irrigation 1.00 0.99 1.00 120
Turn_On_Heater 1.00 1.00 1.00 120
Turn_On_Light 1.00 1.00 1.00 120

The model performed well across all the control actions. Perfect values close to 1.00 were
achieved by the classes Open_Vent, Turn_On_Heater, and Turn_On_Light .

Compared to other classes, No_Action and Start_Irrigation classes showed lesser precision or
recall values. But their F1-scores showed values close to 1.00

4.3 Feature Importance Analysis

Feature analysis showed that temperature was the most influential feature in the model
prediction process amongst all other input features.

Table 4: Feature analysis

Feature Importance
Temperature 0.410451
Soil_Moisture 0.206601
Light_Intensity 0.178164
Humidity 0.127104
External_Weather 0.048610
Cco, 0.017146
Time_of_Day 0.011924

Results (Output from Google Colab)

UPLOAD THE FILE: greenhouse_climate_control_dataset.csv
greenhouse_climate_control_dataset.csv(text/csv) - 327309 bytes, last modified:
4/10/2025 - 100% done

Saving greenhouse_climate_control_dataset.csv to greenhouse_climate_control_dataset
(1).csv
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DATASET NAME: greenhouse_climate_control_dataset.csv
DATASET LOADED SUCCESSFULLY
FIRST FIVE ROWS:

Temperature Humidity CO02 Soil_Moisture Light_Intensity \
(0] 24,363503 87.042858 958.794548 51.906094 2404.167764
1 16.452090 81.970569 841.003511 59.565080 1185.260449
2 35.811066 42.740347 463.642470 22.838316 3738.180187
3 15.576561 61.486480 659.874875 13.266596 9763.799670
4 30.459650 52.947719 1184.907797 42.673403 8739.463661
External_Weather Time_of_Day Action
0 2 22 No_Action
1 1 23 Turn_On_Heater
2 1 11 Open_Vent
3 2 14 Turn_On_Heater
4 2 20 No_Action

DATASET SHAPE:

(3000, 8)

COLUMN NAMES:

['Temperature', 'Humidity', 'CO02', 'Soil_Moisture', 'Light_Intensity',
'External_Weather', 'Time_of_Day', 'Action']

DATASET INFORMATION

<class 'pandas.core.frame.DataFrame'>

RangeIndex: 3000 entries, 0 to 2999

Data columns (total 8 columns):

# Column Non-Null Count Dtype
0 Temperature 3000 non-null float64
1 Humidity 3000 non-null float64
2 Cco2 3000 non-null float64
3 Soil_Moisture 3000 non-null float64
4 Light_Intensity 3000 non-null float64
5 External_Weather 3000 non-null int64
6  Time_of_Day 3000 non-null inté64
7 Action 3000 non-null object

dtypes: float64(5), int64(2), object(1)

memory usage: 187.6+ KB

None

MISSING VALUES

Temperature

Humidity

co2

Soil_Moisture

Light_Intensity

External_Weather

Time_of_Day

Action

dtype: int64

DATASET SHAPE AFTER REMOVING MISSING VALUES:

(3000, 8)

INPUT FEATURES

['Temperature', 'Humidity', 'CO02', 'Soil_Moisture', 'Light_Intensity',
'External_Weather', 'Time_of_Day']

TARGET VARIABLE

Action

AVAILABLE GREENHOUSE ACTIONS:

['No_Action' 'Turn_On_Heater' 'Open_Vent' 'Start_Irrigation'
'Turn_On_Light']

DATA SPLITTING COMPLETED

TRAINING DATA SIZE: (2400, 7)

TESTING DATA SIZE: (600, 7)

[cl ol oNoNoNoNoNo)
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TRAINING RANDOM FOREST MODEL

MODEL TRAINING COMPLETED SUCESSFULLY
GREENHOUSE ACTION PREDICTION COMPLETED
MODEL PERFORMANCE

Accuracy 0.9983333333333333
Precision: 0.9983471074380165

Recall 0.9983333333333333
F1 Score 0.9983333043976457
PERFORMANCE TABLE
Evaluation Metric Value
0 Accuracy 0.998333
1 Precision 0.998347
2 Recall 0.998333
3 F1 Score 0.998333
CLASSIFICATION REPORT
precision recall fil-score support
No_Action 0.99 1.00 1.00 120
Open_Vent 1.00 1.00 1.00 120
Start_Irrigation 1.00 0.99 1.00 120
Turn_On_Heater 1.00 1.00 1.00 120
Turn_On_Light 1.00 1.00 1.00 120
accuracy 1.00 600
macro avg 1.00 1.00 1.00 600
weighted avg 1.00 1.00 1.00 600

CONFUSION MATRIX
<Figure size 1000x800 with 0@ Axes>
Confusion Matrix for Greenhouse Climate Control Action Predicltzign

No_Action
100

Open_Vent
80

Start_lrrigation 60

True label
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Turn_On_Heater
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Turn_On_Light

o
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Figure 1: Confusion matrix

ACTUAL VS PREDICTED ACTIONS

(0]
1
2
3
4
5
6
7
8
9

10
11
12

Actual Action
Start_Irrigation
No_Action
No_Action
Start_Irrigation
Turn_On_Light
Open_Vent
Start_Irrigation
Turn_On_Light
Turn_On_Heater
Open_Vent
Start_Irrigation
Start_Irrigation
Start_Irrigation

Predicted Action
Start_Irrigation
No_Action
No_Action
Start_Irrigation
Turn_On_Light
Open_Vent
Start_Irrigation
Turn_On_Light
Turn_On_Heater
Open_Vent
Start_Irrigation
Start_Irrigation
Start_Irrigation
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13 No_Action No_Action
14 Open_Vent Open_Vent
15 Turn_On_Light Turn_On_Light
16 Open_Vent Open_Vent
17 Turn_On_Light Turn_On_Light
18 Open_Vent Open_Vent
19 Turn_On_Light Turn_On_Light

FEATURE IMPORTANCE
Feature Importance

0 Temperature 0.410451
3 Soil_Moisture 0.206601
4 Light_Intensity 0.178164
1 Humidity 0.127104
5 External_Weather 0.048610
2 (o{0)] 0.017146
6 Time_of_Day 0.011924

Feature Importance for Greenhouse Climate Control Action Prediction

Temperature

Soi_ Moisture

Light Intensity

Humidity

External Weather

Greenhouse Environmental Parameters

Time_of Day

000 005 010 015 020 025 030 035 040
Importance Score

Figure 2: Feature importance

GENERATING SHAP EXPLANATIONS
SHAP VALUES GENERATED SUCCESSFULLY
SHAP SUMMARY PLOT

Light_In... Soil_Moi... Humidity coz2 Temperature

Light_Intensity -“.‘

Humidity *

Temperature ’-—n*-. .--p-*..

0.5 00 05 -05 00 05 -0.5 00 05 -05 0.0 05 -05 0.0 05
SHAP interaction value

Figure 3: SHAP summary plot
SHAP FEATURE IMPORTANCE
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Soil_Moisture

Humidity
External_Weather mmm Class 0
. mmm Class 2
Time_of_Day I mmm Class 4
coz I mmm Class 1
mmm Class 3
0.0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8

mean(|SHAP value|) (average impact on model output magnitude)

Figure 4: SHAP feature importance

RESULT FILES SAVED SUCCESSFULLY
1. greenhouse_action_predictions.csv
2. greenhouse_model_performance.csv
3. greenhouse_feature_importance.csv
PROJECT COMPLETED SUCCESSFULLY

V. SUSTAINABILITY IMPLICATIONS

Efficient usage of resources like water, energy can contribute to sustainable agriculture in smart
indoor systems. The research paper gives a framework that uses environmental parameters to
predict proper control actions, which shall optimize the proper usage of resources.

5.1 Efficient Water Management

In the proposed model, soil moisture is one among the most important features as it can aid in
decisions on irrigation by providing information about the water requirements of the medium.

We use ML techniques to predict the situation when irrigation is needed. By giving proper
decisions related to irrigation, it shall aid in reducing water consumption and thereby contribute
to efficient usage of water.

5.2 Energy Management

In our proposed system, temperature and humidity are considered the most essential
environmental features. These features are directly contributing to the operation of equipment
like heating systems and artificial lighting.

Energy can be managed more efficiently by predicting correctly when these actions are
required in indoor systems. This can prevent continuous operation of equipment and also avoid
manual monitoring. It can provide recommendations based on environmental conditions.

5.3 Controlled Resource Utilization

Proper and automated decision making can lead to efficient usage of the resources available.
When the system monitors the environmental conditions, then equipment like irrigation
systems, heaters, ventilation systems, lighting systems can be made functional depending upon
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the environmental conditions. This technique shall lead to better and efficient usage of water
and other energy resources.

5.4 Transparent Decision-Making

When advanced technologies are incorporated into the model, then it is essential to understand
the automated decisions. Efficient usage of resources alone does not matter. SHAP based Al
shall enhance transparency of teh system which shall help the users to understand the
environmental features and respective control actions. So it becomes easier to interpret the
recommendations and enhances the confidence of the users in ML based models.

5.5 Support for Sustainable Indoor Agriculture

The research paper integrates ML model-based prediction, environmental parameters
monitoring and SHAP based Al. These all together provide a smart indoor agriculture system.
Predicting control decisions in a timely manner along with explanations provide a better
prediction. This led to the development of an efficient indoor agriculture system.

VI. CONCLUSION

The research provided a framework using Explainable Al for smart indoor agriculture with
emphasis on automatic green house control actions. The research paper has used 7
environmental conditions like temperature, humidity, carbon dioxide concentration, soil
moisture, light intensity, external weather, and time of day to identify the greenhouse control
actions.

We have used Random Forest to predict the 5 possible control actions: No_Action,
Turn_On_Heater, Open_Vent, Start_Irrigation, and Turn_On_Light. We divided the dataset
into training and testing sets and we evaluated the performance using accuracy, precision, recall
and F1 score.

The results from the research showed overall good performance with accuracy of 99.83%. The
performance metrics like precision, recall, and F1-score values were around 99.83%. These
results showed that model performed consistently across all the evaluation metrics.

Temperature was found to be the most dominating factor by feature analysis in the training
model. Soil moisture, light, humidity also contributed likely in the prediction process. The
results show that the environmental factors involved in the research helped to predict the
correct control actions depending upon the environmental conditions.

Along with these performance metrics, SHAP based AI also contributed to enhance the
prediction process of the Random forest model. SHAP helped in identifying the feature that
played a major role in the prediction process among other features. This resulted in making the
framework more transparent in identifying the greenhouse control action.
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We have combined Random forest model with SHAP based AI for greenhouse control action
prediction. This approach aided in decision making and provided insight into the factor that
played significantly in the prediction process. These technologies can be used for developing
smart indoor agricultural systems in today’s modern era.

In the future, we can evaluate the framework using real time sensor data collected from real
agriculture fields. IoT based monitoring systems can be integrated and we can compare the
performance of the Random forest model with other ML, deep learning algorithms. We can also
test the research for different crops, other greenhouse conditions and real-world environmental
conditions.
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