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This study presents an intelligent machine learning 

framework for electricity loss analysis in power 

transmission networks. The proposed approach 

combines a two-stage cascade prediction algorithm 

with an adaptive post-processing mechanism based 

on interquartile range (IQR) statistics. The regression 

model estimates electricity losses, while the 

classification model identifies their causes using the 

predicted loss value as an additional feature. An 

adaptive post-processing algorithm ensures 

consistency with physical constraints and generates 

interpretable explanations for each prediction. The 

proposed framework improves prediction accuracy, 

provides reliability estimation, and enhances model 

transparency, making it suitable for practical 

applications in energy systems. 
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Electricity losses in transmission networks represent a significant technical and economic 

problem for modern power systems. Reducing these losses is essential for improving the 

efficiency of electricity distribution and ensuring reliable grid operation. Traditional 
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approaches to modeling electricity losses rely mainly on physical equations describing 

electrical processes in conductors. Although these models are useful, they often fail to capture 

complex nonlinear relationships and temporal patterns that occur in real operational data. 

With the development of data-driven technologies, machine learning methods have become 

an effective tool for modeling complex energy systems. However, in most existing studies 

regression models for predicting the magnitude of losses and classification models for 

identifying their causes are developed independently. As a result, the classification model 

cannot use information about the predicted amount of electricity loss, even though the 

magnitude of losses is often directly related to their cause. 

To overcome this limitation, this research proposes a new machine learning architecture 

based on a cascade structure. In the proposed approach, the predicted electricity loss obtained 

from a regression model is used as an additional input feature for the classification model. 

This mechanism allows information to flow between the two models and improves the 

accuracy of identifying the causes of electricity losses. In addition to the cascade prediction 

mechanism, an adaptive post-processing algorithm is introduced. The algorithm automatically 

calculates statistical boundaries using interquartile range statistics and generates natural 

language explanations describing the reasons for the predicted losses. Such interpretability is 

particularly important for practical decision-making in energy systems. 

1. Mathematical Model of Electricity Losses 

To formally describe the transmission network, the observation object is defined as the 𝑖-

th transmission line during the 𝑡-th observation period. Let 

L = {l1, l2, … , ln} 

denote the set of transmission lines, and 

T = {t1, t2, … , tm} 

denote the set of observation periods. 

Each observation is represented by a vector of input variables describing operational and 

environmental conditions. The main variables include: 

Egen– generated or input energy (kWh) 

Edel– delivered energy (kWh) 

Lkm– transmission line length (km) 

Qavg– average current load (A) 

Tamb– ambient temperature (°C) 

Hrel– relative humidity (%) 
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dw– day of week 

M – month 

 dy– day of year 

idline – line identifier 

According to the law of conservation of energy, the observed electricity loss can be 

calculated as 

Elost = Egen − Edel 

The loss ratio is defined as 

ρ =
Elost

Egen

 

Thermal energy losses in conductors follow Joule’s law: 

P = I2R 

where 𝐼 is the current and 𝑅 is the resistance of the transmission line. 

Combining these relationships with the energy variables leads to the following 

formulation: 

Elost = ρspec ∙ Lkm ∙ Qavg
2 ∙ ∆t + ε 

Where ρspec is the resistivity of the conductor, ∆t is the observation period duration, ε 

represents additional losses influenced by environmental conditions such as temperature and 

humidity. 

Traditional physical models describe a static state and do not capture temporal patterns in 

electricity transmission. However, electricity demand and operational conditions vary over 

time. To incorporate temporal dynamics, several calendar-based features are introduced: 

dω ∈ {0,1, … ,6} 

M ∈ {1,2, … ,12} 

dy ∈ {1, … , 365} 

These variables allow the model to capture weekly and seasonal patterns in electricity 

transmission. 

The final feature vector used by the machine learning model is expressed as 

xaug = [x1, x2, … , xd] 

Where d = 10 + k, and k represents the number of encoded categorical line identifiers 

generated by OneHotEncoder. 

For statistical analysis of model features, the following statistics are calculated for each 

numerical variable f: 
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IQR = Q3 − Q1 

Based on the boxplot rule, adaptive boundaries are defined as 

Thigh = Q3 + β ∙ IQR 

Textreme = Q3 + γ ∙ IQR 

where 𝛽 and 𝛾 are adjustable hyperparameters. 

2. Two-Stage Cascade Prediction Algorithm 

The main contribution of this research is the proposed Two-Stage Cascade Prediction 

Algorithm (TSCPA), which integrates regression and classification models in a unified 

framework. 

The algorithm consists of two connected pipelines: 

Preg: x → Êlost 

Pcl f: x̃aug → y 

The extended feature vector used by the classification model includes the predicted 

electricity loss: 

x̃aug = [x, Êlost] 

This predicted value acts as a bridge feature connecting the regression and classification 

stages. 

In the first stage, electricity losses are predicted using a Random Forest Regressor. Random 

Forest is an ensemble learning method consisting of multiple decision trees. The regression 

output is defined as 

Êlost =
1

B
∑ Tb(x)

B

b=1

 

where 𝐵 is the number of trees and Tb(x) is the prediction of the 𝑏-th tree. 

The regression model is trained using the Mean Squared Error loss function: 

MSE =
1

Nval

∑(yi − ŷi)
2

Nval

i=1

 

In the second stage, a Random Forest classifier determines the probable cause of electricity 

loss. The classifier outputs a probability vector 

p(y x) = [p1, p2, … , pk] 

The final classification decision is determined by majority voting among all trees. 

To estimate prediction reliability, a new metric based on tree variance is proposed. 

Individual tree predictions are represented as 
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Êb(x) 

The variance of predictions is 

σpred
2 = Var(Êb(x)) 

The reliability function is defined as 

reliability(x) =
1

1 +
σpred

σtrain

 

and the final confidence score is 

con freg = 50 + 50 ∙ reliability(x) 

If the predictions of all trees are similar, the variance approaches zero and the reliability 

approaches one, indicating a highly reliable prediction. 

3. Adaptive Post-Processing and Interpretation 

Machine learning models may sometimes produce predictions that contradict known 

physical constraints. To address this issue, this study proposes an adaptive post-processing 

algorithm called IQR-Adaptive Domain-Informed Postprocessing (IADIP). During training, 

statistical characteristics of each feature are stored, including the median, quartiles, and 

interquartile range. These statistics are used to define adaptive thresholds for different 

operational conditions. 

The loss ratio defined earlier 

ρ =
Elost

Egen

 

is used as the main metric for identifying abnormal conditions. Depending on its value 

relative to adaptive thresholds, the loss can be classified as normal, high, or extreme. Another 

innovation of the algorithm is the automatic generation of explanations for each prediction. 

The influence score of feature 𝑓 for observation 𝑗 is calculated as 

score(f, j) = importancecl f(f) ∙
|xf,j − medf|

IQRf

 

The two features with the highest scores are selected as the main factors influencing the 

prediction. Based on these values, the system generates an explanation describing the cause 

of electricity loss in natural language. For example, the generated explanation may include 

the predicted cause of the loss, the estimated loss value, the predicted loss ratio, and the model 

confidence level. Such explanations increase the transparency of the model and make it easier 

for energy specialists to interpret the results. 
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The proposed framework therefore provides not only accurate predictions but also 

interpretable insights into the factors contributing to electricity losses. 

This study proposed an intelligent machine learning framework for analyzing electricity 

losses in power transmission networks. The framework combines a two-stage cascade 

prediction algorithm with an adaptive post-processing mechanism based on statistical 

analysis. The cascade architecture integrates regression and classification models by 

transferring predicted electricity loss as an additional feature for the classification stage. This 

approach improves the accuracy of identifying the causes of electricity losses, particularly in 

cases involving abnormal or extreme loss values. A new reliability estimation method based 

on the variance of predictions in Random Forest ensembles was also introduced. This metric 

allows quantitative assessment of prediction confidence. Furthermore, the adaptive post-

processing algorithm automatically determines statistical thresholds using IQR statistics and 

generates human-readable explanations for model predictions. 

The proposed approach demonstrates that combining physical knowledge, statistical 

analysis, and machine learning techniques can significantly improve the analysis and 

interpretation of electricity losses in modern power transmission systems. 
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