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Abstract 

Accurate climate zoning is crucial in the construction sector for both building thermal 

performance and energy efficiency, playing a vital role in achieving energy reduction 

targets, and facilitating early-stage design decisions to minimize energy consumption while 

maintaining occupant comfort. Traditional climate classification methods, which mainly 

rely on climatic data, often fail to consider the energy consumption of buildings, leading to 

a disconnect between climate classification and building energy performance. In 

Kazakhstan, this mismatch is evident as existing standards and climate maps do not 

adequately inform about potential building energy consumption in different climate zones, 

which leads to a high energy usage rate, emphasizing the urgent need for effective energy 

efficiency measures as the building stock expands. Moreover, despite currently low energy 

prices and sufficient energy resources in Kazakhstan, primarily non-renewable sources like 

coal and gas, there's a looming concern over future energy sustainability and affordability. 

The uncertainty arises from the significant increase in energy prices that are already being 

noticed. Considering the low average household income, proactive energy-efficient practices 

are imperative to mitigate future energy challenges.  

The study's innovative methodology merges clustering and spatial analysis, utilizing 

simulated building energy consumption data to develop a more accurate energy 

performance-based climate classification system. The core objective of this study is the 

creation of a new buildings climate zoning map in Kazakhstan, which aims to provide 

compelling arguments on the intricate relationship between climate, buildings, and their 

energy consumption in the specific geographical region. A novel aspect of this research is 

the introduction of a new climate classification quality metric - a novel climate zoning 

misclassification index (CZMI), designed to assess the effectiveness of climate 

classification. CZMI operates on the idea that each climate zone should have a distinctive 

climate, leading to specific energy needs for a particular building type with minimal overlaps 

between climate zones. It assesses the level of overlap between climatic zones by comparing 

the overlap of buildings' energy performance distributions using kernel density estimation 

curves, highlighting the distinctiveness of each climate zone. CZMI also provides a 

framework for evaluating the accuracy and reliability of both the proposed and existing 

official climate maps of Kazakhstan. By juxtaposing the proposed building performance-

based climate map with the official map, the study highlights key discrepancies and 

misclassifications, advocating for a more holistic and accurate climate zoning approach. 

Additionally, by combining CZMI with spatial analysis principles the study examines how 

spatial constraints affect building` climate zoning accuracy. 
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Through the comprehensive analysis of 47 climate factors influencing building energy 

consumption in Kazakhstan, implementing correlation analysis and machine learning 

algorithms, latitude, cooling degree days, heating degree days, and global horizontal 

irradiance were identified as the most influential variables. Next, multivariate cluster 

analysis was employed, resulting in a set of building climate zoning maps (12 climate-based 

and 4 performance-based), having from 3 to 8 climate zones as the optimal numbers. For 

each map, the level of misclassification was determined using CZMI. Performance-based 

classifications, outperformed other methods with the lowest CZMI percentages, indicating 

higher accuracy and lower misclassification. However, specific climate-based approaches 

can show similarly high effectiveness matching the accuracy of performance-based methods. 

By carefully examining the impact of spatial constraints (latitude) on the classification 

results, which had not been explored before, it was observed that there is no significant 

advantage when including spatial constraints in minimizing the CZMI. Ultimately, precise 

values were established to measure the misclassification of the official climatic zoning map, 

revealing its significant lack of practical use. 

The potential impact of this research is substantial. It aims to create the link between 

climate, buildings, and their energy performance thus propelling Kazakhstan towards 

modern energy standards. The study's implications extend beyond technological 

advancements to encompass economic and social benefits, including possible reduced 

building operational costs and enhanced environmental sustainability. By informing 

evidence-based energy policies, this research marks a pivotal step towards revolutionizing 

climate zoning in Kazakhstan, optimizing energy performance, and transitioning towards 

advanced energy efficiency standards, with wide-reaching implications for the construction 

sector, policy development, and environmental sustainability. 
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Chapter 1: Introduction 

1.1. Background 

It is known that the thermal performance of buildings is influenced by the climate and the 

accurate climate zoning definition is essential for the construction sector. Proper climate 

classification is a key component of most building energy efficiency initiatives [1] 

emphasizing the importance of climate zoning in meeting growth goals for energy security 

and reducing greenhouse gas emissions. Providing a required level of occupants' thermal 

comfort, precise climate categorization may significantly reduce heating and cooling energy 

consumption [2]. Building specialists utilize climate classifications to precisely determine 

the thermal performance criteria for their design, taking into account the necessary heating 

or cooling demands. It helps the production of buildings that are specifically optimized to 

efficiently handle the fluctuating climatic conditions nevertheless achieving the energy 

efficiency requirements of the building regulations. However, traditional climate 

classification techniques (based on climatic data) can hardly be accurately used for the needs 

of sustainable building design and construction since they do not take the energy 

consumption of buildings into account [3-6]. In other words, there is no consistent link 

between climate classification and the thermal performance of buildings - a fundamental 

aspect of building energy efficiency.  

A significant number of articles were published on that problem [3, 7-14]. In the 

previous 20 years, a considerable number of countries modified or implemented climate 

zoning of their territories [1]. Kazakhstan has officially approved climatic maps for 

construction in 2017 [15]. However, the method used to classify climate is identical to those 

used in the climatology codes of the USSR in the 1980s [16], which is based on average air 

temperature (AT), wind speed (WS), and relative humidity (RH). Kazakhstan's climate 

zoning for buildings (CZB) utilizes the interval judgment method (IJM), which has a primary 

focus on enhancing the thermal insulation of buildings rather than optimizing their energy 

needs. It only uses a variety of climate variables (including AT and RH, among others) along 

with predefined threshold values to determine a region's climate zoning (CZ) [17] with no 

direct connection to the energy needs of buildings in these regions. However, the utilization 

of IJM, which purely relies on climatic data presents challenges in accurately addressing the 

climate classification to design energy-efficient buildings. It constantly faces criticism due 

to its inadequacy in meeting modern energy efficiency standards for buildings [3, 18]. This 

is primarily due to the absence of a consistent connection between climate classification and 

the energy performance of buildings, which is a crucial determinant of building energy 

efficiency.  
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The situation in Kazakhstan highlights the limitations of focusing solely on 

environmental factors in the context of CZB. Reliable CZB guarantees that buildings with 

comparable energy consumption are grouped together in the same CZ [4]. However, the 

observed disparity between Kazakhstan’s official CZB [15] and the energy consumption 

pattern of buildings is evident in Figure 1.1, where the official map (a) is shown alongside a 

heating energy performance map of a single-family building (SFB) (b). The discrepancy in 

official CZB and building energy performance patterns is easily apparent. Preliminary 

results also show a very high overlap of energy consumption among climate zones (CZs) on 

the official map (Figure 1.2).  

 

 
(a) 
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(b) 

Figure 1.1: The discrepancy in the official climate zoning map of Kazakhstan [15] (a) and 

the building heating energy performance map of SFB (b). 

 

 
Figure 1.2: SFB’s space heating energy needs overlap based on Kernel Density Estimation 

(KDE) among CZs in the official climate map for the construction of Kazakhstan. 

  

The existing standards in Kazakhstan, and in particular the climate maps in its current 

conditions are not able to provide the necessary, accurate information for engineers, 

researchers, economists, policymakers, and other involved parties in terms of possible 

building energy consumption in each particular climate zone. Considering the increased 

energy efficiency requirements of buildings in recent years [19], and taking into account the 
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measures taken by the government and the president of the country [20, 21], the current 

climate mapping approach applied in the republic should be substantially improved. 

However, there is a lack of substantial research on the intersection of climate, energy, and 

buildings in Kazakhstan. Individual initiatives focused on energy-efficient buildings [22-24] 

lack the necessary level of quality and depth to be seriously considered or practically 

implemented. Other research efforts explore specific building parameters and their effects 

on energy consumption [25], lacking a comprehensive and holistic approach to the topic. 

This scarcity of nationwide, comprehensive studies highlights a significant problem that 

must be addressed to develop accurate and effective climate zoning and energy efficiency 

strategies for buildings across Kazakhstan. The pressing need for this is underscored by the 

remarkably high average energy usage of residential buildings in Kazakhstan (around 270 

kWh/m²), surpassing that of the European Union (120 kWh/m²) and Russia (210 kWh/m²) 

[26]. As the building stock expands, effective solutions for energy efficiency become crucial.  

In response this research introduces an innovative methodology, combining 

multivariate clustering with spatial analysis to classify Kazakhstan's territory into CZB using 

building energy consumption data based on the idea that CZB should follow the 

corresponding range of building energy performance. The originality of this research 

involves spatial analysis to examine the impact of spatial phenomena on the outcomes and 

quality of CZB, marking the first application of spatial analysis within the CZB domain. 

Enhanced with the introduction of a novel climate zoning misclassification index (CZMI) 

this study establishes a critical connection between climate characteristics, geography, and 

building energy consumption in Kazakhstan, offering a holistic understanding of this 

complex relationship.  

This research will methodically examine a set of crucial research requests, each 

intended to offer significant arguments on the identified topic: 

• What are the most common building archetypes in Kazakhstan, and what are their 

basic energy consumption levels? 

• What are the spatial patterns of energy consumption of the dominant building types in 

Kazakhstan? 

• What are the primary climate variables that exert the most significant influence on 

building energy consumption in Kazakhstan? 

• What is the optimal number of CZs for Kazakhstan? 

• How to estimate the accuracy and reliability of CZB? 
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• How do conventional climate-based and contemporary performance-based techniques 

for CZB compare in terms of outcomes, and what index can be established to 

determine the most efficient methodology for CZB development? 

• Is proposing a CZB directly using building energy consumption data, excluding 

climate variables, more efficient? If so, which classification technique yields the best 

results? 

• How do spatial constraints affect the outcomes of classification techniques in CZB, 

and to what extent do they improve the accuracy and consistency of climate zoning? 

• What are the discrepancies and misclassifications between the proposed building 

performance-based climate map and the official building climate map of Kazakhstan? 

 The research questions are methodically designed to address the identified gaps and 

their interconnected aspects. For example:  

1. Identifying the most common building archetypes and their energy consumption levels 

provides a foundational understanding of the energy demands within different building 

types across Kazakhstan, which is crucial for developing accurate performance-based 

CZB.  

2. Analyzing the spatial patterns of energy consumption offers insights into regional 

variations, informing the classification process and ensuring that zoning captures these 

variations.  

3. Determining the primary climate variables that affect building energy consumption 

refines the climate zoning methodology, ensuring it includes the most critical factors 

for accurate zoning. 

4. Establishing the optimal number of climate zones is essential for creating a balanced 

and effective zoning framework that aligns with observed energy consumption 

patterns. 

5. Estimating the accuracy and reliability of climate zoning methodologies ensures that 

the proposed system is robust and applicable in real-world scenarios. 

6. Comparing conventional climate-based and contemporary performance-based 

techniques for climate zoning highlights the advantages and limitations of each, 

guiding the selection of the most effective method. 

7. Investigating the efficiency of a CZB system based solely on building energy 

consumption data versus including climate variables helps determine the most 

practical and accurate approach. 

8. Assessing the impact of spatial constraints on classification outcomes enhances the 

precision and consistency of the climate zoning framework. 
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9. Identifying discrepancies and misclassifications between the proposed building 

performance-based climate map and the official map of Kazakhstan validates the new 

methodology and underscores its improvements. 

 

1.2. Research objectives 

This study introduces an innovative approach that classifies Kazakhstani territory into CZs 

based on both metrological factors and spatial constraints while ensuring its quality by 

validating it with the building energy performance. It aims to create a direct link between 

CZB and building energy consumption in Kazakhstan. 

In more detail, the objectives of the research are as follows:  

• Propose a novel building energy performance-based CZB map for Kazakhstan, 

including the identification of key climate variables influencing building energy 

consumption and the application of multivariate cluster analysis to define CZs for local 

building archetypes. 

• Verify the proposed maps using a novel performance-based CZB misclassification 

index, and compare them with the official CZB map of Kazakhstan, evaluating the 

accuracy and reliability of the official map in predicting building energy performance 

patterns. 

 

1.3. Significance of the study 

Considering the official predictions and the anticipated rapid expansion of house 

development, the prioritization of energy efficiency emerges as a crucial national strategy 

for Kazakhstan [20, 21, 27]. This research holds substantial significance as it aims to 

revolutionize CZB in Kazakhstan. Employing innovative spatially constrained multivariate 

cluster analysis, the study will generate advanced climate maps, which have a great potential 

to serve as a foundational resource for driving advancements in buildings, construction, 

energy, and other related fields within the country. This research promises to catalyze 

advancements in science and technology by offering a precise and comprehensive 

understanding of the connectivity between climate and building performance. In practice, 

the results of the study can be used for the following technological purposes: 

• To establish uniform guidelines for envelope characteristics (U-values, windows-to-

wall ratio, solar heat gain coefficient, etc.) for different climate regions of Kazakhstan;  

• To assist policymakers in developing energy policy based on scientific data-driven 

evidence and set energy-saving targets for Kazakhstan; 
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• To assess the energy performance of existing buildings for maintenance and 

renovation purposes.  

 Beyond technological advancements, the economic and social implications in 

Kazakhstan are noteworthy. The introduction of improved climate zoning in Kazakhstan is 

expected to have far-reaching economic and social impacts. It will foster the development 

of high-standard building designs, particularly in energy efficiency. This is especially 

relevant given that the potential for energy savings in buildings in Kazakhstan can reach up 

to 50% [27]. One significant factor that could contribute to this is the implementation of new 

CZB standards, which would replace the outdated Soviet building codes that lack energy-

saving requirements. The proposed framework can play a pivotal role in this transition. 

Understanding the optimal CZB enables the establishment of critical early-stage design 

parameters, which facilitates reduced energy consumption, lower operating costs, and 

enhanced environmental sustainability. Ultimately, this research has the potential to shape 

the future of building practices, modernize energy policies, and positively influence the well-

being of Kazakhstan's society and economy. 

 

1.4. Outline 

Chapter 1 consists of the background of the research, objectives, and significance of the 

research. The rest of the thesis is organized as follows: 

 

Chapter 2 provides a detailed literature review of various CZB methods, including 

traditional approaches and modern techniques. The differentiation between climate-

based and performance-based approaches for CZB is established. The chapter also 

explores the interplay between CZ and building energy performance. 

 

Chapter 3 outlines the methodology employed, exploring a research framework, the dual-

phase structure of the research, the study area description, and the source of weather 

data. It further clarifies the building archetypes selection process, performance 

simulation, and the identification of the most important climate variables. The chapter 

culminates in the description of classification methodology (multivariate clustering) 

and classification results validation metrics. 

 

Chapter 4 delves into the double-passed development of CZB for Kazakhstan, showcasing 

results from building performance simulations and spatial patterns analysis, 

highlighting key climate classification variables based on correlation analysis and 
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machine learning algorithms. Phase 1, exploring the climate-based classification 

approach, determines the optimal number of CZs, presents clustering results, assesses 

clustering quality, provides validation through building performance-based 

misclassification analysis, and offers an overview of the results. Phase 2, investigating 

the performance-based climate classification approach, identifies its specific optimal 

number of CZs, presents clustering results, evaluates clustering quality, establishes the 

reference levels of misclassification, and summarizes findings. In the end, the chapter 

contains a comparative analysis of the results obtained from both phases. It evaluates 

discrepancies and misclassifications between the two approaches and compares the 

findings with traditional climate maps.  

 

Chapter 5 presents conclusions drawn from the research, acknowledges its limitations, and 

presents recommendations for future investigations in the realm of CZB. 
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Chapter 2: Literature Review 

The objective of this chapter is to critically examine the existing literature to comprehend 

the extent and depth of current knowledge regarding CZB. This exploration is pivotal for 

understanding the multifaceted approaches employed in climate zoning and their connection 

with building energy performance, which ultimately guides the focus of this research. 

Section 2.1 focuses on an overview of existing CZB methods. It delves into the details of 

specific CZB techniques, such as the degree-days (Section 2.1.1), machine learning (Section 

2.1.2), building energy simulation (Section 2.1.3), the interval judgment method (Section 

2.1.4), bioclimatic charts (Section 2.1.5), the Köppen-Geiger climate classification (Section 

2.1.6), and others. Moreover, section 2.1.8 analyzes the combination of these techniques to 

emphasize the complexity and versatility built into CZB practices. Section 2.2 transitions 

into a critique of traditional approaches, challenging their limitations and setting the stage 

for innovative solutions that address identified gaps. Section 2.3 focuses on building energy 

performance in CZB, emphasizing the critical role of building energy simulation in climate 

zoning optimization. Section 2.4 investigates the energy-saving potential of proper CZB, 

underscoring the significance of tailored climate zoning in reducing energy consumption 

and enhancing sustainability. Finally, Section 2.5 concludes the chapter with a summary of 

the findings, synthesizing the insights gained from the literature review and highlighting the 

contributions this research makes towards advancing the field of CZB. 

 

2.1. Overview of existing Buildings climate zoning methods 

Since ancient times, attempts have been made to categorize territories based on their climate. 

There are several recorded attempts by Greek philosophers (Pythagoras, Aristotle, Plutarch, 

and Ptolemy) to map and categorize the climate [28]. The Torrid Zone, two temperate zones, 

and two cold zones were all suggested by ancient Greeks for a spherical globe. Aristotle later 

identified the Tropics using astronomy and geography. Based on the duration of the longest 

day, Ptolemy (90-168 A.D.) established a more detailed classification with seven CZs [29]. 

The earliest reported maps that used AT and, later, precipitation data mark the beginning of 

the contemporary period of climate classification, which dates back to the 19th century. Von 

Humboldt [30] created the first isothermal map in 1817. Supan [29] created the first climatic 

map based on mean annual and warmest month temperatures in 1879. Later Köppen 

attempted to develop methodologies that would determine CZs linked to vegetation 

characteristics and published his initial scheme in 1900.  

The Köppen map, which was presented in its latest version by Geiger in 1961 is 

continually being updated and improved upon today, it is still the most often used map for 
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classifying climates [31-35]. Nonetheless, there has been substantial criticism of the 

Köppen-Geiger categorization when implemented in CZB [36]. Vegetation-based climate 

classifications may be useful for predicting agricultural potential, but they can hardly be 

applied to other purposes like assessing the effectiveness of energy efficiency measures in 

buildings or providing insight into people's comfort in varying climatic conditions. The first 

climate classifications dedicated to buildings appeared in building codes and regulations in 

the early half of the twentieth century [37-39]. The criteria of construction standards and 

codes progressively increased over time. Energy efficiency requirements were increasingly 

being included in addition to weather protection and interior comfort. The early 1970s oil 

supply crisis accelerated energy efficiency regulations for buildings in several countries. 

During the 1980s and 1990s, most OECD (Organisation for Economic Co-operation and 

Development) countries introduced or expanded energy efficiency rules. For example, the 

United States has had building energy efficiency requirements since 1975, with ASHRAE 

Standard 90-75 [40], Germany since 1977. This new regulation was developed in response 

to the Kyoto Protocol and other CO2 emission reduction or stabilization targets [41].  

Ideally, a building should create comfortable interior conditions while consuming as 

little energy and resources as possible. Many factors affect how much energy a building 

uses, but one of the most significant is the environment or climate [13, 42]. Changes in 

climatic conditions have an impact on building energy usage when all other elements (such 

as socioeconomic circumstances and building attributes) remain constant. Given that it 

accounts for 17% of worldwide CO2 emissions and 27% of global energy consumption, the 

residential sector ought to be a major player in the effort against climate change. As a result, 

the energy use of buildings and the climate are intimately related. Reliable climate zoning is 

extremely important to most building energy-saving initiatives, highlighting its importance 

in meeting the desired goal for energy security and decarbonization [43, 44]. Correct climate 

classification saves energy while maintaining occupants' thermal comfort within acceptable 

limits [2]. With this in mind, the purpose and benefits of CZB become clear. The significant 

number of articles published on that problem in the previous 15 years demonstrates the 

topic's relevance to the public, government, and scientists [1, 3-5, 8-11, 14, 17, 18, 45-56].  

Two review articles on CZB [1, 13] were discovered in the reviewed literature. In 2017 

Walsh et al. [1] conducted a comprehensive assessment of the climatic classification of 

buildings and energy-saving measures taken by 54 countries. This research encompassed 

local and international standards, regulations, scientific publications, and other relevant 

materials. However, the study predominantly adopted data from national and international 

building rules, with 90% of the cases derived from normative sources. The authors' principal 



11 
 

conclusions, among others, are: the development of CZB serves multiple purposes, with the 

majority aimed at facilitating performance-based and/or prescriptive-based building 

regulations; over the years, there has been a rise in the utilization of building performance 

simulation to aid in the establishment of CZB, and this shift has occurred from a climate-

based methodology to a performance-based methodology; only a combination of methods 

(building performance simulation and cluster analysis) can deliver tools for tracking 

connections between the climate and buildings. In 2021 Verichev et al. [13] examined the 

climate-related research in buildings between 1979 and 2019. The review addressed a broad 

spectrum of subjects, both directly and indirectly related to climate, CZs, and buildings. 

Enhanced with bibliographic analysis, this work is significant in providing a methodology 

for categorizing buildings-related climate-oriented studies. The researchers conclude that 

88% of all climate-related studies fall under the overall theme of energy conservation, and 

realizing how energy conservation is related to climate and buildings can help build climate-

appropriate housing around the world. 

In this review, 156 scientific sources and national codes spanning from 1990 to 2022 

and covering 66 countries were analyzed. CZB techniques were categorized based on earlier 

research (Table 2.1). Here is a detailed analysis of the most often used methods, the number 

of methods utilized simultaneously, and which methods are used more often in national 

codes and academic publications will be given. Along with "method", we will employ 

"approach," "technique," "strategy," and "mechanism" terms to prevent lexical repetition. 

The variety of global CZB techniques is seen in Figure 2.1. Building energy simulation 

(BES), machine learning method (MLM), and degree days method (DDM) are three of the 

most often used strategies. Furthermore, Figure 2.1 (a) provides time-series histograms of 

the publishing years according to the approach together with data on the average and median 

dates of release of papers devoted to various methods. Figure 2.1 (b) may serve as proof of 

which techniques are more current or applicable today and which were more common in the 

past. Peak dates for IJM and BCM were 2009 and 2012, respectively. Two of the most 

modern approaches are BES and MLM. 
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Table 2.1: CZB methods definitions. 
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(a) 

 

 
(b) 

Figure 2.1: Different methods in climatic zoning with mean and median years of 

publication (a), and publication years distribution by the method (b). 

 

 Often only one method is used for climate zoning. Of 138 documents, 102 sources 

(74%) utilized one method, 28 (20%) used two, and 8 (6%), three or more (Figure 2.2). 

Subsection 2.2.8 discusses combining approaches in more detail. Figure 2.3 shows how 
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frequently methods are employed alone or in combination, as well as their distribution 

between scientific sources and national standards. In academic research, preference is given 

to MLM and BES; DDM and IJM are much more widely adopted in national codes and 

standards (Figure 2.3).  

 

Figure 2.2: The number of CZB methods used and their frequency. 

  
(a)                                                            (b) 

Figure 2.3: Usage of various CZB methods: broken down by national codes and academic 

publications categories (a); used alone or combined (b). 

 

Next, the characteristics and essence of each particular method will be given in order 

from most to least common.  
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2.1.1. Degree-days method (DDM) 

For decades, climate zoning has been accomplished with the use of a well-known DDM [57]. 

Degree days (DDs) determine the climatic conditions by capturing events when the outdoor 

AT drops below or goes above a specific threshold in a particular year, requiring the use of 

heating or cooling systems. DDs are commonly described as the total temperature variations 

between the average outside AT during 24 hours and a base temperature each day. The base 

temperature refers to the ambient temperature at which HVAC systems do not have to 

operate to keep the building's internal climate comfortable. The DDM is widely used for 

CZB, in part because it is straightforward to grasp, requires little computation, and closely 

links energy usage, particularly in cold climates [57]. There is also a strong correlation 

between DD data and the use of natural gas, electricity, and heating [58, 59]. Additionally, 

HDD is a trustworthy measure of household energy use [60, 61]. 

Pusat & Ekmekci [62] applied DDM for the climatic zoning of Turkey. In contrast to 

Turkey's official CZB, which solely considers heating degree days (HDD), the authors used 

a combination of heating and cooling degree days (CDD). A new technique developed from 

typical meteorological year (TMY) files was compared to current Turkish regulations. Six 

primary climatic zones were identified using the proposed technique instead of the official 

code's four. The authors propose reclassifying the country's climate in terms of both heating 

and cooling requirements. The findings emphasize the need for cooling load consideration 

in degree-day climate zone classification. Noh et al. [63] used DD data from 255 South 

Korean cities to propose a new climate classification. DDs were estimated using data from 

the Korean Meteorological Administration for outdoor dry-bulb temperatures (DBT) from 

1981 to 2010, and CZs were visualized using ArcGIS. The authors used the HDD calculation 

to classify the country into three, four, and five CZs, according to ASHRAE guidelines. As 

a result of the distribution and significant variations in DDs, four CZs were identified as the 

best solution. Abebe & Assefa [45] seek to regionalize Ethiopia's climatic zones and estimate 

the energy consumption in different zones using DDM. HDD and CDD values were 

computed using AT data from 952 National Center for Environmental Prediction stations 

for 34 years (1979–2013). Ethiopia was regionalized into five CZs using ArcGIS 

interpolation and intersect tools based on ASHRAE guidelines. In addition, the total energy 

required for indoor comfort was determined for the whole country, considering the growing 

population and living standards. Based on the average yearly cost of energy use, Ghedamsi 

et al. [64] divided the Algerian region into seven CZs. Annual heating and cooling needs of 

buildings in 48 different locations of Algeria were evaluated using the DDM. The base 

temperature for HDD was chosen at 18°C and that for CDD at 26°C.  Using GIS, a CZB 
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map was created. Each area's annual energy use for heating, cooling, and home appliances 

was determined. Consequently, the final climatic map of Algeria displayed the variety of 

costs associated with thermal energy demands for cooling and heating in each zone. 

 With a demonstrated relationship to building energy, DDM can provide quality 

climatic zoning for a variety of purposes. However, DDM essentially operates with outside 

AT only, leaving out other significant climatic elements that impact a building's energy use. 

Also, the selection of the proper base temperature is critical. According to this review, the 

most widely utilized base temperatures for HDD are 18°C and 10°C for CDD. 

 

2.1.2. Machine Learning Methods (MLM) 

MLM stands for several multivariate data segmentation and classification methods that are 

effective when used for CZB. It can incorporate a variety of geographic and climatic factors 

at the same time, or it can be coupled with certain construction attributes, preventing 

oversimplification and yielding more insightful outcomes [65]. Aside from cluster analysis 

(CA), additional ML techniques for CZB (neural networks, principal component analysis, 

sensitivity analysis, etc.) were disclosed in the literature study.  As a result, CA was 

combined with other ML algorithms [66-69] in this review. Nevertheless, CA remains the 

most often used approach for classifying climates among all conceivable MLM (Figure 2.4). 

 

 

Figure 2.4: ML algorithms for CZB. 
 

Of 138 documents with known methodology, 36 (26.1%) cases of applying ML 

techniques were found. MLM is widespread and actively studied in the scientific 

environment. All 35 cases on MLM for CZB are scientific publications. 

One of the earliest attempts to implement MLM for climate zoning is the work from 

1993 by Fovell et al. [70], where hierarchical clustering (HC) with the Euclidean and 

Mahalanobis metrics on AT and precipitation data was used to classify the conterminous 

United States. The country was classified into 14 CZs by using a combination of principal 
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component analysis (PCA) and HC. The authors noticed cluster overlap and buffer zone 

inconsistencies, as main negatives. For a more accurate classification near the study area's 

borders, it is necessary to have data points outside the boundaries of the area itself, which 

were not included in the analysis. Praene et al. [53] relied on hierarchical clustering on 

principal components (HCPC) with spatial interpolation to classify the climate of 

Madagascar. 47 weather stations and 9 climatic variables were used in the PCA matrix. 

Figure 2.5 (a) shows the PCA findings for the weather stations with three distinct clusters 

(CZs). GIS was used for mapping a CZ pattern for Madagascar's region (Figure 2.5 (b)). The 

relationship between defined climatic zones and the thermal comfort of traditional building 

archetypes was examined. The findings show that some archetypes provide a guarantee of a 

higher yearly comfort level in particular climatic zones. 

 

 

(a) 
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(b) 

Figure 2.5: HC results for the weather stations (b), and final CZ results (c). 

 

Lau et al. [71] presented a study using data from 123 measuring stations in China to 

make a climate map based on solar radiation (SR). The monthly average daily clearness 

index was used as the main climate variable for CA. Ward's technique helped create a 

hierarchical tree to find distinct clusters. Five major solar CZs have been recognized. Official 

climate classification and the dominant topography were compared to the proposed solar 

climates. The authors claim that the produced map can be used by architects and designers 

in the preliminary stages of a building project to establish passive methods. Understanding 

the potential and profitability of solar power conversion technologies is important for energy 

policymakers. To divide the 661 weather stations in China into distinct CZs, Shi & Yang 

[72] proposed a novel spectral clustering-based technique. In the first step, the connections 

between five weather parameters (average daily AT, average RH, sunshine hours, diurnal 

temperature range, and atmospheric pressure (AP)) were established. The advantages of k-

nearest-neighbour and sparse subspace representation were then used to produce a similarity 

matrix. The classification's logic was supported by the similarity matrix blocking effect. 

Researchers examine climatic classification using a single variable and multiple variables 

for a different number of clusters. The proposed method turned out to be consistent with 

single or multiple-view classification. The authors suggested a method for calculating the 

number of clusters and conducted a sensitivity analysis on various parameters. Yang et al. 

[55] built a supervised classification approach using data collected from 701 national 

weather stations from 1984 to 2013 to better categorize China's climate. Twenty-two 
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classification algorithms: decision trees, discriminant analysis, support vector machines, 

nearest neighbour classifiers, and ensemble classifiers were used. All of the available 

classification algorithms were compared. "Bagged Trees" and "Subspace Discriminant" had 

the highest prediction accuracy.  The confusion matrix of different variables was composed. 

The Mahalanobis distance was used to compare clusters' climates, and a seven-zone final 

climate map was created. The authors proved that the supervised classification algorithm is 

better than China's existing CZB system, which was formed in 1993 and based on IJM. 

Energy-efficient building design solutions in Israel were proposed by Erell et al. [73] using 

a climate map derived from a CA. The HC method was used to pick the first set of climate 

variables. Four "core" variables were selected for the winter and summer seasons. The 

authors suggest that AT data alone may not be sufficient to reach the full potential of energy-

efficient design. CZB needs to take into account other climate factors like RH and SR. The 

authors provided maps depicting 7 winter and 4 summer CZs, as well as the mixed 

classification. The proposed approach may help to define spatial boundaries for certain 

performance criteria or climate-conscious design techniques. The authors also concluded 

that CZB should differentiate both winter and summer periods. 

Computer power and software have made complex data processes and calculations 

faster and more efficient. This makes sophisticated methods popular and easy to utilize. ML 

allows scientists to investigate problems more deeply and find more accurate solutions. 

MLM appears in many climatic classifications research studies, which is not surprising given 

its primary advantages: analyzing large amounts of data, ability to use both meteorological 

and building features, etc. MLM is often (61% of cases) used with BES to acquire more 

reliable results or to validate them. 

 

2.1.3. Building energy simulation (BES) 

The use of BES in climate zoning has demonstrated significant promise [1, 4]. The BES 

approach predicts how a building and its parts will use energy in real-world situations. To 

accomplish this, a digital model is employed to simulate events within a virtual environment. 

The BES climate categorization approach makes performance maps that illustrate how 

certain metrics, such as energy consumption or thermal comfort, vary throughout a region 

(country or area) for the designated buildings using meteorological data from a typical year 

file [4, 56, 74]. Next, this performance data is classified into CZs. The performance of a 

building model within a single climate zone is assumed to be almost the same in this 

technique. 
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Of 138 documents, 29 cases of applying BES techniques from 19 countries were 

revealed (21.0%). Two countries (Australia [75] and Morocco [76]) have an existing policy 

that officially utilizes the BES method for supporting its CZB. EnergyPlus software is the 

most commonly used for BES (Figure 2.6 (a)), and most often during simulations, only one 

building archetype is used (Figure 2.6 (b)). Among all publications studied in the review, 

BES was used as the basic method in 6% of cases. 

 

 
(a) 

 
(b) 

Figure 2.6: The most commonly used software for BES (a), and the number of building 

archetypes used during BES (b). 

 

Semahi et al. [77] provided updated climate zoning maps for Algeria based on the 

thermal energy consumption and indoor-discomfort hours of the residential building 

archetype, using a climate dataset of 74 meteorological stations and a calibrated residential 

building model. Figure 2.7 shows the study's conceptual framework, which includes climate 

data collection and model generation, building energy performance simulations, and GIS-

based climate mapping. The findings offer a climatic categorization of Algeria's 9 CZs. An 
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energy need for heating and cooling as well as hours of discomfort have been calculated for 

each climatic zone. 

 

 
Figure 2.7: Conceptual framework of climate mapping based on BES. 

 

Using meteorological data from 1997 to 2013, Bai & Wang [47] proposed to create 

updated CZs for China's using the BES of a 24-story office skyscraper to account for climatic 

change over the last several decades. According to the authors, revising China's thermal 

climatic zones based on post-1997 climate data is far more realistic. The official thermal 

climate zoning of China [78] is based on 1951-1985 meteorological data. Next, the “climate 

jump” phenomenon was explored using a moving t-test. After the inadequacies of the current 

climatic zones were identified, 41 cities were moved from colder to warmer regions. 

According to the study, if the analyzed building were constructed in the designated climatic 

zone, has the potential to conserve a greater amount of energy. Schijndeln & Schellen [74] 

produced building performance maps of similar buildings that are virtually spread over the 

whole of Europe. The authors mainly focused on interior climate performance factors, noting 

that BES maps can help study regional climate influence on building performance indicators 

including energy use and indoor climate. Meteonorm 2011 was used to create approximately 

130 weather files for different cities. The Bestest was implemented as building simulation 

tools. For BES, the authors utilized a 48 m2 single-story building model with a 2.7 m floor-

to-floor height.  The mean annual heating and cooling power, peak heating and cooling, the 

mean indoor AT, and RH maps were produced based on simulation results. Consequently, 
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the authors showed potential for applying such mapping tools to visualize potential building 

measures over Europe. 

When it comes to national standards, in addition to Australia's National Construction 

Code (NCC) with eight CZs, the country's territory is divided into 69 subzones by the 

Nationwide House Energy Rating Scheme (NatHERS) [75], which divides the country's 

territory into 69 subzones based on BES and local geographic features like wind patterns 

and height above the sea. The CZs are delineated by postcodes. NatHERS software simulates 

Australian homes' thermal comfort and rates them 0 to 10 stars. The more stars, the less 

energy is needed to keep inhabitants comfortable. The software generates computer 

simulations determining how well a building fits into a particular climate zone helping to 

optimize dwellings' thermal performance during the design stage. Another country, that 

utilizes the BES for CZB is Morocco. However, in Morocco, the official regulations [96] 

use a more complex approach with the combination of DDM and BES.  

BES is also a reliable data source for validating traditional climate classification. It 

ensures that the main classification is correct and reduces misclassified areas at climatic zone 

borders, making it more robust and accurate. However, BES usage in climatic zonings is 

limited by the need to pre-define a design hypothesis based on building type, occupational 

patterns, and HVAC systems. Meteorological data is also needed, which isn't always 

available [49]. According to numerous studies, detailed climatic data and building modeling 

could benefit climatic categorization [3]. Despite having substantial advantages, the 

approach's adoption in official standards throughout the world is still limited, and BES is 

considerably more popular in the scientific context.  

 

2.1.4. The interval judgment method (IJM)  

As was already mentioned in the introduction, to identify a region's climatic zone, IJM uses 

a range of zoning factors and threshold values, such as the AT and RH levels. There can be 

modifications in variables and thresholds employed between different countries and target 

sets [55]. Numerous post-Soviet nations, including Armenia, Belarus, Georgia, Kazakhstan, 

Kyrgyzstan, Mongolia, Russia, Ukraine, and Uzbekistan, have been found to employ this 

technique. The 1983-approved SNiP 2.01.01-82 "Building climatology and geophysics" [16] 

provided the framework for contemporary post-Soviet countries' climatic zoning 

regulations, which can be easily traced. 

In this literature review, 19 cases using IJM were discovered out of 138 documents. It 

was discovered in 19 countries' documents, with 18 having an existing policy that uses the 

IJM to establish their CZB. IJM was utilized as the primary method in 9% of the publications 
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examined in the review. Since this method is mostly utilized (95% of cases) in national 

standards, in this section we will focus only on these cases. 

In Kazakhstan, SP RK 2.04-01-2017 "Building climatology" [15] is a collection of 

climatic data for large cities of the country, which is derived using information gathered 

from the National Hydro-Meteorological Service of Kazakhstan (KAZHYDROMET) 

network of weather stations over extended periods of time. For some climate variables, the 

calculation's observation periods are 1971–2010 and 1981–2010, respectively. Among other 

things, a differentiation table for climate zoning (Table 2.2) is displayed accompanying the 

republic's official climate-zoning map (Figure 2.8). The mean monthly RH level in July, the 

mean monthly AT of the air in January and July, and the mean WS for the three winter 

months are used to determine the type of climate. CZB are divided into four primary zones 

and seven subzones. 

 
Figure 2.8: Official CZB map of Kazakhstan. 
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Table 2.2: The Republic of Kazakhstan's official climatic zoning differentiation norms for 
buildings. 

 

 

China [78] uses a similar approach, while somewhat different, to determine its CZB. 

The zoning requirements (environmental variables and intervals) are shown in Table 2.3. 

There are five primary climate regions (SCZ, CZ, HSCWZ, MZ, and HSWWZ) and their 

eleven subzones. The average AT in the hottest month (Thot), the mean AT in the month 

with the lowest temperatures (Tcold), the number of days with an average temperature below 

5°C (D5), and the number of days with an average temperature over 25°C (D25) are the 

primary variables in Chinese IJM. Moreover, DDs at predetermined intervals are used to 

divide subzones. China, in contrast to Kazakhstan and Russia, employs a hybrid approach 

for CZB, enhancing its IJM with DDM. 
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Table 2.3: China's official climatic zoning differentiation standards for buildings. 

 

In Austria [79], climate classification also relies on IJM and is based on the monthly 

mean values of the outside AT. The mean monthly AT in the country is mainly determined 

by the sea level. The federal territory is divided into seven different regions with a 

corresponding mean vertical temperature gradient. Among European countries, the IJM is 

also used by Lithuania [80], Poland [81], and Romania [82]. In Southern America, Colombia 

uses IJM for CZB [83] and is divided into four climatic zones (warm-humid, hot-dry, 

temperate, and cold) according to altitude, air temperature, and relative humidity intervals. 

With very few modifications, IJM has been in use in multiple countries from the 1980s 

of the 20th century [15, 78, 84]. IJM is frequently criticized for being out of step with the 

much stricter current standards for building energy efficiency, particularly when compared 

to BES or MLM [17, 47, 55]. There's no consistent link between IJM climate categorization 

and building energy needs in its current forms. Still, it can be applied for CZB, with a narrow 

range of variables that correlate strongly with the overall energy consumption of the 

buildings, like AT, SR, and altitude [85-88]. There are now generally accepted, considerably 

more reliable procedures that are founded to be more precise and transparent classification 

strategies and yield more robust outcomes. 
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2.1.5. Bioclimatic charts method (BCM) 

In recent decades, there have been numerous attempts to develop bioclimatic charts (BC) 

that would be customized to human needs and building design. It is proved that bioclimatic 

zone analysis can help modify existing or create new climate zoning [18, 89-91]. The BC 

analysis often results in the identification of passive design techniques that can maintain 

interior thermal comfort while also making the built environment more energy-efficient.  It 

is typically simpler to assess the climatic elements of a certain region on the chart because 

BC shows the combination of both humidity and AT at each given moment. This review 

includes Givoni, Lamberts, Milne, and Olgay and other psychometric chart methods in this 

category. We found 17 cases of use of this method among 138 (12%) in this review. As a 

stand-alone method, BCM was used in 9% of cases. Only one country (Argentina [92]) 

officially utilizes BCM for CZB. 

 Olgyay [93] was the first to suggest a systematic bioclimatic building design strategy. 

Cool, temperate, hot and arid, and hot and humid were the four key climate groups he 

discovered in his research on the impact of climate on building design concepts around the 

world. Human tolerance ranges as a combination of DBT and RH were employed, which he 

derived from a bioclimatic chart (Figure 2.9 (a)). Not only was the average radiant 

temperature taken into account, but also the WS and SR. Later, Milne and Givoni [94] 

created BC based on standard psychrometric charts commonly used to analyze moist air 

properties (Figure 2.9 (b)). A zone in the middle of psychrometric charts establishes the 

range of conditions people find comfortable in different situations (such as summer and 

winter). Hot, warm-temperate, cool-temperate, and cold are the four basic climate types 

defined by Givoni [95], with eleven additional sub-climatic types. His research had 

promising implications for the development of HVAC system designs and the improvement 

of building energy efficiency by examining the impact of climate on occupant comfort and 

thermal adaptiveness. 

 
(a) 

 
(b) 

Figure 2.9: Bioclimatic charts: Victor Olgyay chart (a), and Givoni chart (b). 
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 Lam et al. [89] used BC to explore passive design strategies in China. 18 cities 

representing five CZs were examined. Solar heating, natural ventilation, thermal mass, 

night-time ventilation, and evaporative cooling were all considered passive design solutions. 

The summer and winter passive design solutions were separated into nine distinct CZs using 

a bioclimatic approach. The study's findings can inform architects' and designers' decisions 

about passive design strategies, particularly in the preliminary stages of project 

development. Nevertheless, the study's limitations include a small sample size of only 18 

cities, potentially overlooking cities with diverse microclimates not covered by the nine 

passive design zones. Rakoto-Joseph et al. [96] describe the climate categorization of 

Madagascar island using the method established by Lam et al. [89]. This classification was 

based on meteorological data collected in several cities throughout the country over 29 years. 

Using BCM, three primary climatic zones were found. Finally, specific design strategies for 

each climate zone were proposed, such as solar heating, natural ventilation, and thermal 

mass. In the same way, Singh et al. [90] reclassified the climate of the northeast region of 

India into three distinct climatic zones using BCM. This classification is based on 30 years 

of weather data. Psychometric charts were established for each bioclimatic zone to examine 

solar passive design for dwellings. According to the authors, psychometric charts can 

quickly depict a region's climate, and new climate classification helps identify passive design 

aspects for traditional buildings. 

Although achieving comfortable interior conditions under thermal comfort criteria is 

the main objective of BCs, its implementation also results in a reduction in energy 

consumption, which raises the building's energy efficiency. A direct link between 

bioclimatic potential and annual building energy usage is also established [18, 52]. 

Nonetheless, several resources recommend utilizing BC in conjunction with BES [6, 18, 52, 

91] to produce secure results in terms of CZB. 

 

2.1.6. Köppen-Geiger climate classification method (KGM) 

KGM was stated at the beginning of this review as being among the oldest and most well-

established. The KGM only needs a monthly record of average AT and precipitation data. 

Due to its enormous popularity and availability, KGM is often used for CZB without being 

directly linked with buildings' energy performance [97-99]. We found 11 cases of use of this 

method among 138 documents (8%), separately from other KGM used in 4 cases (3%). In 7 

cases, the KGM was used in combination with other methods. Besides, not a single country 

adopted this method for CZB officially.  
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Acknowledging its frequent usage by academics in a variety of fields as a foundation 

for climatic regionalization and global climate models, as well as its extensive use in 

teaching high school and university courses on climate, Peel et al. [100] developed the 

updated KG map based on a worldwide long-term monthly AT and precipitation time series 

data. The revised KG world climate map uses climate variables data from 1951 to 2000, 

interpolated individually. Each station's climate variables were interpolated using a two-

dimensional (latitude and longitude) thin-plate spline on a 0.1x0.1 degree grid. The authors 

evaluated the results continent by continent, investigating the challenges of dealing with 

areas not uniquely classified by the KG system. Another high-resolution KG classification 

(1 km resolution) was published by Beck et al. [32] for current (1980–2016) and predicted 

future scenarios (2071–2100). The map was created using four high-resolution, 

geographically-corrected climate maps. The future map was created by superimposing 32 

climate model forecasts (scenario RCP8.5). The authors estimated classification confidence 

for both periods, providing valuable indications of the classifications' trustworthiness. 

Achieved maps are more detailed and accurate than earlier maps, especially in areas with 

steep spatial or elevation gradients. Sarricolea et al. [99] proposed the up-to-date (1950–

2000) KG climate map for continental Chile as a 1x1 km map. This investigation includes 

200 weather stations and climate surfaces. Raster images of monthly precipitation and 

temperature data, as well as bioclimatic variables, were used to describe climatic surfaces. 

The landforms were categorized using the KG system. The classification was validated by 

comparing the KG surface classification to FAO Clim 2.0 station classification. 80% of the 

FAO Clim 2.0 map matches KG station categorizations. According to the results, the 

majority of Chile's continental regions have arid, temperate, and polar climates. In a 

publication by Ali & Szalay [97]  devoted to the overheating problem and the thermal 

comfort of buildings in Sudan, the classification of the territory of the country is indicated 

according to the KGM classification and divided into three climatic zones (Zone I: warm 

desert climate, Zone II: warm semi-arid climate and Zone III: tropical savanna climate). 

The Köppen map is the most extensively utilized climatic classification map, and it 

still undergoes continuous updates and improvements [4]. However, while vegetation-based 

climate classifications can indicate agricultural potential, they can't characterize building 

energy behaviour [101]. MLM and BES outperform KG classification, according to multiple 

sources [36, 53, 56, 102]. In recent years, other comparisons have shown that KG did not 

allow the accumulation of precise information required to address the issue of building 

design and thermal comfort [103, 104]. 

 



29 
 

2.1.7. Other methods 

The climate-classifying techniques identified throughout the literature analysis extend 

beyond the seven approaches outlined in the preceding sections. Here, the less popular 

techniques will be presented, among which, are the climate severity index method (CSIM) 

[105-108], Mahoney method [109], Thornthwaite climate classification [110, 111], heating 

or cooling index [112], Quitt’s climate classification [113], existing building stock 

performance [114, 115], the frequency distribution of AT and RH [116, 117].  

There exist several indices that can describe the severity of climates, and as a result, 

there are various methods for calculating these indices [106, 107, 118-120]. A given 

climate's severity index may be determined by combining a set of climate variables into a 

single site-specific value. The data may be analyzed in the same manner as other 

meteorological parameters to detect patterns, create applications unique to certain regions, 

and evaluate annual or seasonal climatic challenges to better understand their severity. 

Verichev & Carpio [121] examined three specific areas in the southern part of Chile and 

revised the average values of HDD on an annual basis by utilizing data from meteorological 

observations over the last ten years (2011-2015), and revised CZs using the CSIM. Three 

climatic zones were discovered. Finally, implementing CSIM the relative heating and 

cooling energy consumption of buildings were examined. The investigation showed the 

discrepancy between the new and official CZB, where the cost of energy for cooling 

purposes during the summer might vary by 50% within the boundaries of a single climate 

zone. Díaz-Lopez et al. [118] used CSIM, to update the CZs of peninsular Spain with modern 

climate data (2015-2018), and then adapted these zones to the RCP4.5 and RCP8.5 future 

scenarios to create future climate maps. It demonstrates that the current and future climatic 

conditions do not match the official Spanish climatic zones for building. Two-thirds of 

Spanish cities design buildings using outdated climate data that doesn't account for current 

or future climate realities.  

Ogunsote & Prucnal-Ogunsote [122] analyzed current definitions of climatic design 

zones in Nigeria and used revised Mahoney tables to propose a new one. Local architects 

frequently refer to Mahoney tables to aid in designing buildings tailored to their specific 

climates. There are six tables: two for reading off relevant design criteria and four for 

entering climate data and comparing it to requirements for thermal comfort. The authors 

noted that the country's official southern and northern classifications are oversimplified and 

lack a scientific basis. Six design (climate) zones were proposed as a result of the work.  

Using the Thornthwaite categorization system [123], Izzo et al. [111] divided the 

Dominican Republic into five distinct CZs based on thirty-year averages of precipitation and 
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AT collected from 115 sites. Thornthwaite's climate classification method uses the 

atmospheric humidity index, the aridity index, and the moisture (humidity) index. The 

authors selected the humidity for the analyses. Based on this, nine main climatic types (from 

humid to arid) were identified for the Dominican territory.  

Gangolells et al. [114] compiled existing building energy performance using energy 

performance certificate data for existing buildings in Spain. An analysis of 129,635 energy 

performance certificates estimated baseline energy usage for existing Spanish residential 

sector buildings and its correlation with the country's official climate classification.  The 

findings provide new information on the energy efficiency of current Spanish dwellings. The 

results could be utilized to select energy conservation measures depending on building types, 

construction periods, and climatic zones. Hjortling et al. [115] analyze energy performance 

certificates issued for commercial buildings by the Swedish National Board of Housing, 

Building, and Planning. The authors correlate building energy consumption data with 

official design standards and CZB. It was discovered that climate zone has less impact on 

energy use than building types. Also, the measured energy consumption of modern buildings 

has decreased compared to earlier buildings due to new building regulations and tighter 

energy performance requirements. Despite this, the energy consumption of new structures 

is frequently higher than what is required by local building codes. 

Khedari et al. [117] presented new climate maps, which classify Thailand's locations 

into zones of relatively similar AT and RH based on a simple statistical analysis (frequency 

distribution, regular frequency distribution, and relative frequency distribution). The data 

from 18 years of ambient AT and RH from the 73 observation stations were used. Each 

observed value, according to the authors, should be placed in one of the classes, which 

should not overlap, because the frequency distribution is a basic function for estimating the 

probability of occurrence.  The series should be run with the same class interval as much as 

possible. The highest and lowest readings of variables were used to calculate the expected 

intervals. The completed map features three distinct temperature zones and four distinct 

humidity levels. Following the same methodology, Joan Felix et al. [116] composed climate 

maps of the Dominican Republic for building performance analysis and decision-making 

regarding energy efficiency.  

The methods presented in this section are the least popular among the studied 

publications, but this does not indicate their poor quality or lack of potential. Based on 

building energy consumption translated into the conditional index, and incorporating DDs, 

and SR, CSIM seems an effective and successful solution for CZB. However, the calculation 

of the regression coefficients is not entirely clear, which in turn makes it difficult to apply 
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the method in other regions outside Spain. The actual energy consumption of buildings is 

valuable information that can show how certain parameters (including climate) affect a 

building's final energy consumption. Techniques such as existing building stock 

performance [114, 115] or the frequency distribution of variables [116, 117] can be 

successfully applied to create new climate zoning, to revise or enhance the existing one. 

However, to date, there are no works where these methods would be compared with others 

to assess their quality. Additionally, problems arise with data availability, analysis, 

normalization, etc., when archetypes, envelope parameters, building orientation, and 

people's behaviour, etc. are considered. 

 

2.1.8. Combinations of methods 

The combinations of various methods are often used for CZB purposes (Figure 2.10), 

especially in research. National standards are usually much simpler and are limited for the 

most part to one method, very rarely resorting to using two at the same time. More than 26% 

of sources use multiple methods (Figure 2.11). The most popular combination of the two 

methods is BES/MLM (11 cases). The second and third most popular combinations are 

DDM/BES and DDM/MLM, with 9 and 8 cases, respectively (Figure 2.12). KG/MLM is the 

fourth most popular combination with 6 cases. Other combinations are represented by the 

following connections: DDM/IJM, BES/BCM, BES/CSIM, and DDM/BCM. The most 

popular combination of the three methods is DDM/BES/MLM. 

 

 

 
 

 

 
 (a) (b) 

Figure 2.10: Histograms of analyzed documents with only one method used (a), and with 
two or more methods used (b). 
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Figure 2.11: The number of methods used for climate zoning. 

 

 

Figure 2.12: The most popular combinations of two methods. 

 

 A study by Mazzaferro et al. [51] is an example of the most popular combination of 2 

methods (BES and MLM) for CZB. The authors developed a data-driven climatic zoning 

methodology to increase the robustness of climatic zoning principles. EnergyPlus 

simulations were performed with 3 archetypes in 411 Brazilian locations. Building 

performance was analyzed and clustered. A set of climate variables (DBT, RH, and GHI) 

was subjected to correlation with sensible and latent cooling loads. The optimal number of 

clusters, based on the Hubert index, was defined as five, and the k-means algorithm was 

used with selected climatic variables for classification. Building thermal load values within 

each climatic zone, obtained by clustering climatic variables, were then compared to validate 

the climatic zones. According to the authors, the combination of BES, and clustering 

methodologies has benefited the creation of climatic zoning methodology considerably. 

Tsikaloudaki et al. [124] presented an approach for defining climatic zones in Europe based 

on the number of DDM and BES results. The actual energy needs for heating and cooling a 

reference building unit in typical cities within the defined climatic zones facing the four 
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main directions were compared with the DD classification. It was demonstrated that the 

energy loads for heating and cooling in both simulations matched the distribution of degree 

days for each. The article concludes that using HDD and CDD together can produce the most 

realistic classification. Walsh et al. [54] attempted to demonstrate that there is no scientific 

evidence connecting building energy performance to ASHRAE CZs. The main objective 

was to evaluate the energy performance gap between buildings and the expected energy 

performance in the climate zone they located. The study relies on BES and GIS to conduct 

a performance-based assessment. Using the Energy Plus software, climatic zoning 

performance indicators were gathered based on the energy usage of 13 typical U.S. buildings 

and meteorological data. Thirteen building models used during BES in this study are the 

most significant number of archetypes we encountered during this review. Additionally, the 

proposed Mean Percentage of Misclassified Areas (MPMA) index introduces a new concept, 

which asserts that every climatic zone should have its unique climate conditions, resulting 

in a specific type of building having a unique energy performance. This way, the 

performance of similar buildings situated in different zones shouldn't overlap. The 

difficulties in CZB to accommodate different building stypes are also demonstrated by the 

results, as each typology has a unique sensitivity to climate.   

 

2.2. Critique of traditional approaches 

The critique of traditional approaches in CZB, such as DDM, KGM, IJM, etc, focuses on 

their limitations in accurately reflecting the complex interactions between climatic 

conditions and building energy needs [1, 4, 5].  

The DDM approach exclusively uses outside AT, eliminating other environmental 

variables that affect a building's energy consumption. The base temperature, which signifies 

the threshold at which HVAC systems stop functioning to maintain comfort within a 

building, holds critical importance. The incorrect base temperature will lead to inaccurate 

DDs [125]. The KGM remains the most widely used climate classification map, which is 

still constantly updated and refined [31]. However, while vegetation-based climate 

classifications can indicate agricultural potential, they can't tell how humans would feel in 

different climates or characterize building energy efficiency [104]. In recent years, other 

comparisons have shown that KG did not allow the accumulation of precise information 

required to address the issue of building design and thermal comfort [103]. Frequently, 

particularly when compared to BES or MLM, IJM encounters criticism for its inconsistency 

with the much improved contemporary standards for the energy efficiency of buildings [17, 

47]. There's no consistent link between IJM climate categorization and building energy in 
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its current forms. But still, it can be applied for CZB, with a narrow range of variables that 

correlate strongly with the overall energy consumption of the buildings, like AT and SR [85, 

126].  

There are now generally accepted, considerably more reliable procedures like MLM 

and BES that are founded to be more precise and transparent classification strategies and 

yield more robust outcomes. These advanced methods are appreciated for their ease of use 

and reliability, marking a shift towards performance-based climate zoning approaches that 

better align with the dynamic nature of climate impact on buildings. 

 

2.3. Building energy performance in CZB 

BES stands out as the most accurate method for predicting the thermal performance of 

buildings, offering insights into buildings' energy behaviour. Originating in the 1960s, BES 

has evolved to accurately assess a wide range of solutions, enabling detailed, predictive, and 

performance-based criteria for energy efficiency programs. In addition, the significance of 

using BES to validate CZB was proved by several publications [3, 4, 54]. However, 

limitations include the need for specific design hypotheses and detailed climate data, which 

may not always be available, making climate zoning via simulation challenging and error-

prone. In recent years, there has been a noticeable transition from a climate-based 

methodology to a performance-based approach in utilizing building performance simulation 

for CZB establishment, indicating a growing trend despite the absence of a standardized 

framework for simulation application. 

 

2.4. Energy-saving potential of proper CZB 

According to several studies, accurate CZB is a pivotal factor in achieving substantial energy 

savings, as it deeply influences the tailored strategies for climate-specific architectural 

design, material utilization, and the deployment of HVAC systems suitable for distinct 

regional weather patterns. The amount of energy conserved can vary significantly, 

potentially reaching savings of over 50% in optimized conditions [127]. 

According to Chen et al. [128] adjusting climate zoning in China can lead to a 6.4% 

reduction in the annual cumulative building energy load, without the need for increased 

insulation costs. A study by Thornton et al. [127] demonstrated that incorporating advanced 

energy efficiency measures (climate-specific design) leads to a minimum of 50% reduction 

in energy consumption, with an average reduction of 56.6% compared to the 

ANSI/ASHRAE/IESNA Standard 90.1-2004 in different CZ across the United States. By 

implementing climate-specific solutions such as envelope retrofitting and energy system 
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replacements, it is possible to achieve primary energy savings of 42-44 kWh/m²a in certain 

climates for existing buildings [129]. This method also leads to substantial decreases in 

polluting emissions (11.5 ÷ 12.0 kgCO2-eq/m2a) and cost savings (5 ÷ 78 €/m2). Gillingham 

et al. [130] indicate that proper CZB can also lead to reductions in carbon dioxide and 

particulate matter emissions, improving outdoor air quality and human health. 

However, incorrect CZB can have adverse effects, leading to suboptimal 

implementation of energy-saving design principles. This can reduce the potential for energy 

savings and negatively impact thermal comfort in buildings, underscoring the importance of 

accurate climate classification [17, 55]. 

 

2.5. Chapter Summary 

CZB has emerged as a critical area of study within the realm of buildings, underlining the 

necessity for precise climate classification to optimize their design and operation. Twelve 

widely used methods were identified in CZB, which includes a wide variety of applicable 

methodologies. MLM, DDM, and BES stand out as the most common approaches. For CZB, 

a single technique is used in most situations (65%), two methods combined are used in 28% 

of cases, and at least three approaches are integrated at the same time in 7% of occurrences. 

Interestingly, MLM, DDM, BES, and BCM are the most often selected techniques when 

implementing a single technique. MLM offers distinct advantages for CZB, as it generates 

more reliable and previously unattainable outcomes. Its ability to analyze vast datasets and 

identify complex patterns allows for more accurate classification. Nonetheless, it is typical 

for MLM to be used in conjunction with other techniques, such as BES, to improve the 

accuracy of CZB outcomes. DDM, which is well-known for its established relationship with 

building energy, offers superior CZ for a range of uses. However, DDM is mostly dependent 

on external AT and may miss other important meteorological factors affecting a building's 

energy use. It should be noted that for more precise DDs calculation, the mean daily degree 

hours approach [131] is preferred when complete meteorological data, especially hourly 

ambient AT, is available [132].  

The discussion on global CZB is framed around the use of two predominant climate 

zoning systems: the KG map and the ASHRAE Standard's degree day-based map. While the 

KG map is widely acknowledged for its comprehensive climate classification, it falls short 

in providing the ability to evaluate the energy performance of buildings. Conversely, the 

ASHRAE Standard, although being the sole global solution offering climate zone data 

pertinent to buildings, is critiqued for its reliance solely on DDs. ASHRAE Standard 
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overlooks other environmental variables that significantly impact a building's energy usage, 

resulting in an oversimplified zoning approach that may have negative consequences. 

Emerging methodologies, particularly BES and MLM, have demonstrated 

considerable promise in refining the process of CZ. These advanced approaches advocate 

for a transition from a climate-centric to a performance-based zoning paradigm, highlighted 

by their simplicity and reliability in delineating CZ. Despite their potential, the application 

of BES and MLM remains constrained to specific geographic areas, with their integration 

into global standards being a focal point of academic discourse.  

Climate zoning methods can be employed either individually or in combination. 

Combining approaches is more widespread in scientific publications than in regulations. The 

most popular combinations of the two methods are BES/MLM, DDM/BES, and 

DDM/MLM. Multiple methods are most utilized together to improve climate zoning or 

validate its results. 

Moreover, the documented potential for significant energy savings through accurate 

CZB underscores the importance of adopting climate-specific strategies in architectural 

design and HVAC system implementation. Studies have illustrated that adjusting climate 

zoning could result in substantial reductions in energy consumption and emissions, thereby 

contributing to environmental sustainability and public health. 

In conclusion, the academic narrative surrounding CZB is evolving, with a marked 

increase in research over the past decade signaling a growing commitment to advancing the 

field. The prospective integration of BES and MLM into official standards across various 

countries holds the promise of improving building energy efficiency on a global scale, 

aligning with broader efforts to address climate change. The findings of this chapter are 

summarized below: 

• DDM focuses primarily on outside AT for climatic zoning, missing other key climatic 

factors affecting building energy use, with 18°C and 10°C as the most common base 

temperatures for HDD and CDD respectively. 

• MLMs are notable in climatic classification for their capacity to process large data 

volumes and incorporate building characteristics, enhancing CZB accuracy. However, 

proper cluster number determination is crucial, often achieved through the Elbow 

method or Hubert index. 

• BES is valued for its accuracy in thermal performance prediction and its role in 

climatic classification, despite its limitations such as the necessity for specific design 

hypotheses and detailed meteorological data.  
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• IJM has been a longstanding method since the mid-20th century, beneficial under low 

energy efficiency standards for protecting buildings from climatic effects. However, 

its relevance to building energy performance is questioned, with a lack of clarity in 

selecting climate variables and thresholds. 

• KGM is deemed inadequate for assessing building energy performance due to its 

inability to gather precise data for CZB, with methods like unsupervised clustering (k-

means) and BES providing superior classification accuracy. 

• CSIM relies on building energy usage for CZB, offering a straightforward calculation 

of climatic severity indexes and climate zone classification using degree days and sun-

hours data. Nonetheless, the method's regression coefficients calculation remains 

ambiguous, limiting its applicability beyond its initial region, Spain. 

• Emerging techniques like EBS and FDV show promise for developing or refining CZs, 

leveraging real building energy consumption data to elucidate the impact of various 

factors on energy usage. Challenges include data availability, processing, and the 

consideration of building diversity in design and use. 

Based on the literature review, the following explores potential answers to the 

identified research gaps in CZB for Kazakhstan:  

• Despite a lack of direct scientific sources on the most common building archetypes 

and their energy consumption in Kazakhstan, this information can be obtained through 

national statistics [133] and by conducting energy simulations of representative 

building types.  

• Determining the optimal number of climate zones (ONCZ) can be achieved using 

established methods like the Silhouette and Elbow techniques [134, 135], which offer 

visual guidance on cluster quality based on data distribution.  

• Identifying the primary climate variables influencing energy consumption can be 

addressed through correlation analysis and PCA [8, 53]. Additionally, exploring the 

potential of ML [36, 136-138] to discover complex relationships within data can be 

valuable. It's worth noting that while AT is often the most commonly studied variable, 

and the combination of AT and RH is frequently examined, other factors can also play 

a significant role. Therefore, a comprehensive approach that considers various climate 

variables and explores their potential interactions through ML holds promise for a 

more nuanced understanding of energy consumption patterns. 

• While evidence suggests that contemporary performance-based CZB methods 

outperform conventional climate-based classifications [1, 5, 17, 48], further research 
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is necessary, due to the limited number of works where these methods were compared 

relative to each other [3, 5]. 

• While clustering quality metrics like Silhouette Score (SS) are used for evaluation, a 

performance-based validation index specifically designed to connect CZB to actual 

building energy performance is needed. Ideally, this index should ensure that zones 

within the CZB correspond to similar building energy performance ranges, and address 

the limitations of the existing MPMA index [4]. 

• Notably, existing literature on CZB lacks investigation into the impact of spatial 

constraints [73, 139, 140]. This gap presents a valuable opportunity to incorporate 

spatial analysis techniques alongside traditional clustering methods, potentially 

leading to more accurate and consistent climate zoning in Kazakhstan. 
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Chapter 3: Methodology 

This chapter outlines the approach used to accomplish the thesis objective, which is 

organized within the established structure. The path starts with an introductory part (3.1), 

offering a thorough step-by-step workflow, exploring two main phases of the research, 

followed by an examination of the study area in section 3.2. Section 3.3 provides a detailed 

weather data description. Section 3.4 covers the choice of building archetypes, which sets 

the stage for further discussion on building performance simulations (3.5) and its verification 

(3.6). Section 3.7 identifies key building performance indicators. Section 3.8 focuses on the 

careful and thorough identification of the most important climate variables with 

comprehensive correlation analysis (3.8.1), and ML methods (3.8.2), (3.8.3), (3.8.4). The 

focal point of Section 3.9 is the identification of the optimal number of CZs, which 

subsequently leads to the utilization of a multivariate clustering approach in Section 3.10. 

Section 3.11 covers assessment metrics and validation methodologies, specifically focusing 

on clustering quality analysis (3.11.1), climatic zoning validation with building performance 

(3.11.2), and validation using the Adjusted Rand Index for comparative analysis with official 

local CZB and ASHRAE map. 

 

3.1. Framework 

The methodology of the study is partitioned into coherent stages, each serving as a 

foundational component of the research narrative.  

Weather data collection from 94 meteorological stations across Kazakhstan and 

identification of the most typical building archetypes based on the analysis of state statistics 

data have formed the data collection stage at the beginning of the research. In the simulation 

stage, the energy simulations are methodically conducted using digital models of 

predetermined building archetypes across various regions. The data collected from these 

simulations provide key performance indicators to link climate variables with building 

performance. Statistical and ML approaches are then used to identify the most significant 

climate variable in the following stage, setting up the dual-phased mapping process. 

The decision to use a dual-phase approach arises from the need to thoroughly evaluate 

and compare conventional (climate-based) and contemporary (performance-based) methods 

for CZB. A split is motivated by the necessity to determine if these different techniques 

provide comparable outcomes with CZB, and consequently, to determine the most efficient 

way for CZB development. Before the start of clustering runs, the optimal number of 

climatic zones was determined for each phase and each dataset. 
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In phase 1, emphasis is placed on the traditional climate-based approach, wherein CZB 

relies purely on the key climate variables influencing building energy needs and using them 

for clustering. This conventional method has long been a cornerstone in CZB development.  

Phase 2, in turn, introduces a paradigm shift towards a performance-based CZB 

approach, leveraging BES and building performance indicators. This modern methodology 

is motivated by the recognition that BES offers a nuanced understanding of building thermal 

performance, thereby enhancing the robustness of CZB. The climate classification in Phase 

2 is purely based on building energy performance indicators. In both phases, the 

classification process is executed utilizing the same multivariate clustering methodology 

with and without spatial constraints.  

Next, by using a novel CZMI and examining the overlap of CZs determined by KDE, 

the research aims to verify and discern the efficacy of both phases. The degree of KDE 

overlaps becomes a quantitative measure of the effectiveness of each methodology. This 

analysis also ultimately addresses the pivotal question: Is it more efficient to propose a CZB 

directly using building energy consumption data, eliminating reliance on climate variables, 

or do traditional methods still offer appropriate results? By delving into this comparative 

evaluation, the research aims to contribute insights that can inform future practices in CZB 

development. The culmination of these two phases is a comparative analysis and synthesis.  

Based on the analysis and verification, a final climate zoning map is proposed based 

on the results of the best CZB method. The official building climate map of Kazakhstan and 

the ASHRAE map of the region will also be compared with the resulting new map, and 

possible misclassifications will be analyzed. The comparative framework is predicated upon 

both the CZMI and the Adjusted Rand Index (ARI), facilitating a nuanced definition of 

misclassification. The culmination of the research is illustrated by the generation of a final 

CZB map, which represents a synthesized and more accurate representation of CZs.  

The step-by-step workflow is visually depicted in Figure 3.1. Subsequent sections will 

provide an in-depth exploration of each stage in the research, offering a comprehensive 

understanding of the methodology applied in this study. 
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Figure 3.1: A novel performance-based framework for Kazakhstan's CZB. 

 

3.2. Study area  

Situated in Central Asia, Kazakhstan stands as the ninth-largest country globally in terms of 

land area, showcasing a diverse topography that encompasses expansive steppes, arid 

deserts, and rugged mountains. This varied geography contributes to the distinctive climate 



42 
 

experienced in the region. Kazakhstan witnesses considerable temperature fluctuations 

throughout the year, characterized by chilly winters in the northern regions and 

predominantly warm summers in the southern areas [141].   

The annual average extraterrestrial radiation - a measure of solar energy received, 

varies inversely with latitude, underscoring the fundamental role of SR in shaping the 

climatic patterns of Kazakhstan. Since the country is landlocked in the center of the Eurasian 

continent there is no other geographical aspect influencing the climate. With a mean value 

of approximately 294 Wh/m², SR exhibits a strong correlation with both AT and DDs. This 

SR not only governs the ambient temperatures but also significantly influences other 

climatic factors such as RH and WS. 

In the winter months of January and February, average AT in the northern parts can 

plummet to as low as -16°C, while in the southern regions, average AT generally stays above 

-7°C. Contrarily, the average temperature in July exhibits a range from 20°C in the northern 

and north-eastern regions to 29°C in the southern areas near the Uzbekistan border. The 

annual mean temperature in Kazakhstan is observed to be around 7.43°C, with the minimum 

and maximum average temperatures recorded at 2.26°C and 15.27°C, respectively. Figure 

3.2 illustrates the map of the average annual DBT. The climatic nuances of Kazakhstan 

present notable challenges in the design and operation of buildings. To ensure consistent 

occupant comfort throughout the year, buildings must incorporate efficient heating and 

cooling systems and be adequately insulated, given the substantial temperature variations 

and wind velocities experienced in the region. 

 

 

Figure 3.2: Kazakhstan's average annual dry bulb temperature. 
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Central to understanding Kazakhstan's climate is the concept of DDs – both HDD and 

CDD, which are pivotal in quantifying energy requirements for heating and cooling. The 

mean HDD stands at approximately 4546, indicative of the substantial heating requirement 

during colder periods, particularly in northern regions. Conversely, the CDD, representing 

the need for cooling, averages around 687, with a noteworthy peak at 1424, highlighting the 

warmer conditions experienced primarily in southern Kazakhstan. The analysis reveals a 

strong interplay between these metrics and the latitudinal positioning of various locations 

within Kazakhstan. The WS and RH across various regions exhibit distinct ranges, reflecting 

the diverse climatic conditions of the country. For WS, the data indicates a range from a 

minimum of around 1.16 m/s to a maximum of approximately 5.51 m/s. The observed range 

of RH in the dataset spans from a minimum of about 44% to a maximum of 71%. Figure 3.3 

shows the distributions of climate variables. 

 

 

Figure 3.3: Kazakhstan's climatic variable distributions. 

 
Kazakhstan's climate is predominantly heating-dominated. The HDD values are 

generally higher across the country, indicating a greater need for heating, especially in the 

northern regions. This is further supported by the average temperature range and the latitude 

of Kazakhstan, which align with a climate that experiences colder conditions for a significant 

part of the year. To ensure consistent occupant comfort throughout the year, buildings in 

Kazakhstan must incorporate efficient heating and cooling systems and be adequately 
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insulated, given the substantial temperature variations and wind velocities experienced in 

the region. 

 

3.3. Weather data 

For any climate-related research, weather files for the selected location are required. This 

research utilized weather data obtained from the typical meteorological year (TMYx) dataset 

sourced from https://climate.onebuilding.org/ [142]. The TMYx dataset was employed to 

supply necessary meteorological data for conducting building energy simulations using 

EnergyPlus and DesignBuilder. This allowed for the assessment of energy consumption 

patterns, analysis of correlations between climatic and spatial variables, and subsequent 

application of clustering techniques to develop a CZB. A dataset consisting of 94 

meteorological stations with observations spanning from 2007 to 2021 was utilized.  

TMYx represents a recent addition to the TMY series of datasets (TMY, TMY2, and 

TMY3), which comprises standard meteorological information obtained from hourly 

weather data collected between 2007 and 2021, sourced from the Integrated Surface 

Database of the United States National Oceanic and Atmospheric Administration. The 

dataset was derived using the TMY/ISO 15927-4:2005 methodologies [143]. A significant 

enhancement involves the utilization of the ERA5 satellite-derived dataset for SR [142]. 

Historically, the utilization of the National Solar Radiation Database (NSRDB) necessitated 

the derivation of SR data through the reliance on other climatic parameters [144]. With 

ERA5, all TMYx files contain data that is satellite-derived, which is preferred over 

calculations that make assumptions based on climate variables [142, 145]. 

The TMY dataset is generated by aggregating and analyzing meteorological data from 

many years to produce a typical year that represents the prevailing climatic conditions of the 

area [146-148]. The data consists of climatic variables such as AT, RH, SR, WS, and PR, 

recorded on an hourly or sub-hourly basis [144]. It is calculated by averaging weather data 

from a specific time frame in the past. The most typical months are chosen through statistical 

analysis [147, 149, 150]. It is vital to recognize that TMYx datasets do not include extreme 

weather events or uncommon climatic phenomena [146].  

 

3.4. Building archetype selection 

The process of selecting archetypes for simulations was based on the analysis and 

interpretation of statistical data on residential buildings obtained from the Bureau of 

National Statistics of Kazakhstan [133]. Governmental data categorize all residential 

buildings in the country into two primary groups: Single-family buildings (SFB) and Multi-
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family buildings (MFB). Examination of the data revealed that the predominant or typical 

residential archetype in Kazakhstan is the SFB, as illustrated in Figure 3.4. SFBs in 

Kazakhstan exhibit varying sizes, ranging from 48 to 205 m2, with a noteworthy majority 

(71.8%) falling within the range of two to four rooms and an area of 52 to 95 m2, as depicted 

in Figure 3.5.  

 
(a) 

 

 
(b) 

 
Figure 3.4: Kazakhstan's total number of single-family and multi-family buildings (SFB 

and MFB, respectively) (a). The percentage (in thousand m³) of the entire MFB and SFB 

living area (b). 

 

 

Figure 3.5: SFB distribution based on area and number of rooms (units). 
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Various construction materials, including brick (stone), concrete, and alternative 

options, are employed in the construction of walls. Specifically, 24.7% of SFBs feature 

exterior walls made of brick or stone, while this percentage is slightly higher at 33.5% for 

MFBs. Notably, the utilization of prefabricated panels, large-block, and reinforced concrete 

in residential buildings is relatively low, constituting 1.8% of the total number of SFBs and 

11.7% of the total number of MFBs. Among MFBs, those with walls made of reinforced 

concrete comprise 7.0% of the total. Statistics indicate that a significant proportion, 73.5% 

of SFBs and 53.4% of MFBs, have external walls constructed with materials classified as 

"other materials." It is plausible that wood and adobe/mudbrick fall within the classification 

of "other materials," as depicted in Figure 3.6. 

 

 
(a) 

 
(b) 

Figure 3.6. The quantity of MFB based on the materials used for the outer walls (units) (a).  

The quantity of SFB based on the materials used for the outer walls (units) (b). 

 

In addressing the composition of walls and roofs, the standards set by the republic 

predominantly prioritize resistance to heat conduction, quantified by the R-value (m²K/W). 

These standards refrain from specifying particular materials but mandate that the R-value 

must meet or surpass predefined thresholds. Given the extensive climatic diversity across 

the country, R-values exhibit considerable variation from the southern to northern regions. 
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Specifically, R-values for external walls range from 3.20 to 2.40 m²K/W, while for roofs, 

they vary from 4.00 to 2.40 m²K/W [19]. 

SFBs make up more than 71.8% of residential dwellings in Kazakhstan, with most of 

them having a living space between 52 to 95 m2. This information was used as the basis for 

creating the base case digital model. The model consists of two zones: the major living space, 

covering 88 m2, and the main entrance block (hallway), which occupies 6 m2. The main 

living area is protected by an unoccupied pitched roof, as seen in Figure 3.7. Two archetypes, 

the northern archetype (NA) and the southern archetype (SA), were created to improve 

accuracy and address significant climate fluctuations in the research area. Every archetype 

has the same size and shape but includes unique insulating properties. The wall and roof 

compositions were calculated following local rules and regulations regarding the thermal 

resistance of residential buildings [19], as specified in Table 3.1. 

 

Figure 3.7: Base case building model. 
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Table 3.1: General information of the base case building model. 

 

 

By incorporating two archetypes, the study thoroughly examines diverse climate 

variations and demonstrates how the proposed CZB technique can engage several building 

types at the same time. Figure 3.8 delineates the insulating characteristics employed in the 

base case building model. The HVAC system of the base case building model utilizes a 

district heating system, while an electric-powered split air-conditioning system is used for 

cooling. Further information regarding HVAC can be found in Tables 3.2 and 3.3. 

 

 
Figure 3.8: The insulation parameters used in the base case building model. 
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Table 3.3: The HVAC schedule for the base case building model. 

 

The building's living area is planned to house up to four people, with each person 

allocated around 23 m2 of living space, based on the national average [133]. Table 3.4 

displays the occupancy schedule. 

 

Table 3.4:  Occupational schedule of the base case building model. 

 

  

 The archetypes chosen for this study were selected based on their representativeness 

of typical residential building configurations, thus ensuring that the conclusions drawn are 

relevant to the most common building practices. However, the findings derived from the 

selected building archetypes provide a robust foundation for extrapolating climate zoning 

insights to a broader range of building types. Generalizing these findings to other building 

types involves considering the fundamental principles of thermal dynamics and energy 

consumption that are common across various buildings [151]. For instance, the impact of 

climate variables like temperature, humidity, and solar radiation on energy needs tends to 

follow similar patterns across different building types, even though the magnitude of impact 

Table 3.2:  Key details about the HVAC system of the base case building model. 
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might vary [86, 152, 153]. This consistency allows for the application of learned insights to 

optimize CZB in a wider array of buildings, not strictly limited to the studied archetypes.  

 Additionally, the employed methodology offers a flexible framework that can be 

adapted to other buildings. By adjusting the model parameters to reflect the unique 

characteristics of different building types, such as varying occupancy patterns, construction 

materials, and architectural designs, the proposed CZB’s applicability extends beyond the 

initial archetypes. 

 

3.5. Building performance simulations 

A total of ninety-four locations in Kazakhstan underwent energy simulations using two 

archetypes in the EnergyPlus 9.2 program. EnergyPlus is a widely used and recognized 

program among building energy researchers. It is a highly capable software tool that enables 

the modeling of various energy flows, including cooling, heating, ventilation, and lighting 

[154]. The building thermal zone calculation method employed by EnergyPlus utilizes a heat 

balance model that operates under certain assumptions. These assumptions include the one-

dimensional nature of heat conduction across surfaces, the diffuse nature of surface 

irradiation, the constancy of temperature for each surface, and the uniform heating of air 

within the thermal zone [155]. EnergyPlus has been widely employed in multiple studies to 

evaluate the energy consumption of buildings and to create CZB [3, 4, 14, 17, 77, 124]. 

Sections 4.1 and 4.2 will provide further information on energy simulation findings, 

including precise energy consumption numbers and ranges. 

 

3.6. Verification of EnergyPlus simulations 

Verifying EnergyPlus results is crucial to ensure the accuracy of the complex simulations, 

which integrate various features such as building design, HVAC systems features, occupant 

behaviour, etc. This verification provides confidence that the simulation accurately reflects 

the interactions between these components, contributing to the reliability of extracted 

building performance data and further climate zoning classification. 

 For the verification of EnergyPlus simulation results, an approach utilizing the 

ASHRAE residential cooling and heating load calculations technique with the Residential 

Load Factor (RLF) method [156] was implemented, albeit with certain simplifications. 

Overall the RLF method offers an effective and quick approach to load calculations. This 

method, which can be easily implemented, serves two primary applications: education and 

training, where its transparency and simplicity make it ideal for approximate load estimates. 

In this study, the RFL calculations involved a comprehensive breakdown of the Heating 
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Load and Cooling Load into distinct components, including Envelope, 

Infiltration/Ventilation, Internal Gain, and Distribution Loss.  

 Following the calculation process, a rigorous comparison was conducted between the 

simulated results generated by EnergyPlus and those obtained through the ASHRAE 

technique. To quantify the accuracy of the simulations, a suite of evaluation metrics was 

employed, including Root Mean Square Error (RMSE) [157, 158], Mean Absolute Error 

(MAE) [157], Mean Squared Error (MSE) [159], and Mean Absolute Percentage Error 

(MAPE) [157]. Table 3.5 provides metrics used for comparison between the EnergyPlus and 

ASHRAE energy needs results with their detailed description. These metrics provided a 

nuanced understanding of the disparities between the simulated and reference data, allowing 

for thorough assessment and validation of the EnergyPlus simulations. 

 

Table 3.5: Verification metrics  
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3.7. Building performance indicators 

A diverse array of building performance indicators can be applied in the context of CZB, 

with the selection often contingent on specific CZB objectives, though overall annual energy 

needs per unit area are commonly utilized [1, 3, 4, 56]. It is crucial to underscore the lack of 

consistency in indicator selection, with climate and CZB goals exerting a significant 

influence on their relevance. The factors shaping the choice of performance indicators in this 

study include the distinct cold and warm seasons experienced in Kazakhstan throughout the 

year, necessitating substantial heating and cooling requirements that impact the overall 

annual energy consumption of buildings. 

 In this study, the term "energy consumption" or "energy needs" refers solely to 

"delivered energy." Due to temperature differences, SFB's yearly energy consumption in the 

south (where air conditioning is the primary energy source) and in the west and central parts 

of Kazakhstan (where heating is the primary energy need) may be comparable. The 

performance map of Kazakhstan's buildings, illustrated in Figure 3.9, shows the color-coded 

gradient pattern of energy needs. Whereas red areas, which represent cooling-dominated 

regions, indicate lower energy demands, blue areas, representing heating-dominated regions, 

indicate greater overall yearly energy needs. This study focuses on analyzing energy usage 

by dividing it into two main components. On the maps in Figure 3.9, the purple sections of 

the pie charts indicate the amount of yearly cooling energy needs, while the black sections 

represent the annual heating needs for NA (a), and SA (b). The main building performance 

indicators used for analysis in this research are yearly space heating (kWh/m2) and annual 

space cooling (kWh/m2) needs. Nevertheless, terminology like heating and cooling will also 

be used throughout the text for ease. Furthermore, total yearly energy requirements 

(kWh/m2) data were gathered.  

 By specifically focusing on the heating and cooling combination, the clustering 

method becomes more aligned with the particular energy consumption of each climate zone. 

The study demonstrates also that the suggested method can simultaneously incorporate 

multiple variables for climate classification. 

 The simulation conditions imply that district heating provides energy for heating, 

while electricity from the grid is used for cooling purposes.  
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(a) 

 

 
(b) 

Figure 3.9: Heating and cooling energy needs of the SFB. NA (a). SA (b). 

 

 

 



54 
 

3.8. Selection of the most important variables for classification 

Climate variables are crucial factors in the formation of CZB since they impact the thermal 

performance of buildings and regional energy consumption patterns. Determining the most 

relevant climate-related variables is a crucial stage in developing a CZB that is both reliable 

and precise [1, 5, 53, 72]. This research aims to gain a thorough understanding of how 

climate affects building energy consumption in specific Kazakhstani conditions. To achieve 

this, the study uses an enhanced approach that includes traditional correlation analysis 

supported by advanced ML techniques such as Random Forest Regression (RFR), Gradient 

Boosting (GB), and Extreme Gradient Boosting (XGBoost) to capture both linear and non-

linear dependencies within the dataset.  

The integration of advanced ML techniques with classical correlation analysis for 

variable selection offers a sophisticated and thorough approach. By combining the 

traditional statistical understanding of correlation with the nuanced predictive capabilities of 

ML methods, this approach opens a more efficient identification of the key variables that 

influence the phenomena under study. The goal is to establish a strong basis for the latter 

stages of CZB development and improvement. The main advantages of using ML techniques 

in combination with correlation analysis are: 

• ML algorithms naturally capture the relationships between variables. They can 

recognize scenarios in which the collective impact of multiple variables surpasses their 

individual impacts. Correlation analysis may fail to consider such interactions;  

• ML approaches are frequently more resilient to outliers in comparison to correlation 

analysis. Outliers have a substantial influence on correlation coefficients, which might 

result in misleading outcomes. ML, especially tree-based models, exhibit reduced 

sensitivity towards individual outliers; 

• ML is typically more resilient to multicollinearity, which refers to a strong correlation 

between independent variables, as compared to traditional regression models. Even in 

cases when variables are linked, they are nevertheless capable of producing precise 

outcomes, hence preventing problems such as excessive standard errors. 

The choice of this set of ensemble tree-based methods (RFR, GB, XGBoost) was 

guided by several key considerations aligned with the project's objectives: 

1. Tree-based methods inherently provide clear metrics on feature importance, which are 

derived from the structure of the trees themselves. Variables that more frequently split 

nodes at higher levels of the tree tend to be more significant in predicting the target 

variable, making these methods highly effective for feature selection. This 
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interpretability is crucial for identifying key climate variables that impact building 

energy consumption; 

2. Tree-based methods are powerful for modeling complex and nonlinear relationships 

between variables. These techniques incrementally build on weak predictive models 

to create a final, highly accurate prediction model. Their ability to learn from previous 

errors makes them particularly effective in refining predictions across iterative training 

rounds; 

3. Selected methods, by combining multiple trees, reduce the variance and avoid 

overfitting, which is a common challenge with single decision trees. These ensemble 

approaches provide more stable and reliable results, essential for making consistent 

feature selection across various datasets; 

4. While techniques such as neural networks or support vector machines also offer 

powerful predictive capabilities, they do not inherently provide straightforward 

mechanisms for ranking feature importance without additional processing. 

Furthermore, they require extensive data preprocessing and parameter tuning, which 

can be resource-intensive and less transparent in terms of model decisions. 

The next section examines each approach utilized for the identification of the most 

significant variables. 

 

3.8.1. Correlation Analysis  

In the initial phase, correlation analysis was employed as a valuable statistical tool for 

examining the interrelationships between variables to ascertain the impact of meteorological 

and geographic variables on building energy usage. This classical statistical approach 

provides insights into the strength and direction of linear associations, shedding light on 

potential dependencies that may guide CZB development. While climate factors and their 

effects on building performance are one of the main parts of this research, investigating their 

relationship was crucial for a comprehensive understanding within the specific context of 

Kazakhstan. 

Given the consensus about the impact of climatic factors, specifically AT, on building 

energy use, it was necessary to investigate the variations of this impact across various 

building archetypes. Besides climate variables, the dataset was augmented with DDs as they 

are important and often used parameters in the development of climate classifications. The 

DD values were computed using the hourly and ASHRAE techniques. The analysis also 

facilitated an approximate examination of how the official and ASHRAE CZ of Kazakhstan 

correlate with the building's energy use, incorporating information on these CZs into the 
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dataset. This approach aimed to provide a more comprehensive understanding of the intricate 

relationship between climatic and spatial factors and their impact on the energy performance 

of the archetype. 

 

3.8.2. Random forest regression (RFR) 

RFR is an ensemble learning approach that utilizes the combined predictions of numerous 

decision trees to perform regression problems [160, 161]. This process involves training 

each decision tree on separate bootstrapped samples of the dataset, which introduces 

diversity. The technique increases diversity by including random subsets of features at each 

tree split. Random forests employ the Mean Decrease Impurity (MDI) method [160] to 

assess the significance of variables in regression or classification tasks.  

 Set X = (X(1),…, X(p)). The MDI of the variable 𝑋(௝) in a forest formed by the 

combination of 𝑀 trees is determined by:  

 

𝑀𝐷𝐼෣൫𝑋(௝)൯ =
1

𝑀
෍ ෍ 𝑝௡,௧ 𝐿௥௘௚,௡

௧𝒯ℓ

௝೙,೟
∗ ୀ௝ 

ெ

ℓୀଵ

(𝑗௡,௧
∗ , 𝑧௡,௧

∗ ) 
 

(3.1) 

 

where  

𝑝௡,௧ is the fraction of observations falling in node t,  

𝒯ℓଵℓெ
 is the collection of trees in the forest,  

൫𝑗௡,௧
∗ , 𝑧௡,௧

∗ ൯ is the split that maximizes the empirical criterion in node t. 

  

 Therefore, the MDI calculates the weighted reduction in impurity that results from 

dividing the data based on the variable and then takes the average of this value over all trees 

[162, 163]. 

 RFR exhibits robustness against overfitting, owing to its ensemble nature and the 

incorporation of random feature selection [136, 164]. Its ability to effectively handle non-

linear relationships in data and scalability to large datasets with high-dimensional features 

make it suitable for various applications. Additionally, the model provides an inherent 

measure of feature importance, aiding in the identification of key variables [164]. However, 

while random forests are extensively utilized in many applications, the influence of tree 

depth on the statistical effectiveness of the method remains uncertain [160]. Also, the 

computational complexity can increase with a higher number of trees, and there is a risk of 

assigning importance to noisy or irrelevant features in the dataset. 
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3.8.3. Gradient Boosting (GB) 

GB is an ensemble technique that builds a sequence of decision trees, with each tree aiming 

to correct the errors of its predecessor. The main concept underlying this technique is to 

create new base learners that are highly linked with the negative gradient of the loss function, 

which is connected with the entire ensemble [165, 166].  

 Loss functions in GB can be categorized based on the nature of the response variable 𝑦. 

Boosting algorithms have been developed for several types of response tasks, including 

regression, classification, and time-to-event analysis [165]. The squared-error 𝐿ଶ loss is a 

widely used loss function in GB practices. For the 𝐿ଶ loss function, the derivative is the 

difference between the observed and predicted values as shown in Equation (2). This means 

that the GB method effectively does residual refitting. The rationale behind this loss function 

is to impose a penalty on significant deviations from the desired outputs while disregarding 

minor discrepancies [166]. 

 

(𝑦, 𝑓)௅మ
=  

1

2
(𝑦 − 𝑓)ଶ (3.2) 

 

where 

𝑦 is the observed value; 

𝑓 is the predicted value. 

   

 A wide range of base-learner algorithms have been introduced in the existing 

literature. The often employed base-learner models may be categorized into three distinct 

groups: linear models, smooth models, and decision trees. The specific structure of the 

particular GB method, along with its associated equations, is greatly influenced by the design 

decisions made for loss function (𝑦, 𝑓) and base-learner model ℎ(𝑥, 𝜃). In summary, the 

whole structure of the GB method, as initially suggested by Friedman [167] can be expressed 

as follows: 
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Inputs: 
 • input data (𝑥, 𝑦)௜ୀଵ

ே  
 • number of iterations 𝑀 
 • choice of the loss function (𝑦, 𝑓) 

• choice of the base-learner model ℎ(𝑥, 𝜃) 

 
 Algorithm: 

 1: initialize 𝑓଴
෡  with a constant 

 2: for 𝑡 =  1 to 𝑀 do 
 3:  compute the negative gradient 𝑔௧(𝑥) 
 4:  fit a new base-learner function ℎ(𝑥, 𝜃௧) 
 5:  find the best gradient descent step size 𝜌௧: 

   𝜌௧ = arg 𝑚𝑖𝑛௣ ∑ ൣ𝑦௜,𝑓መ௧ିଵ(𝑥௜) + 𝑝ℎ(𝑥௜,𝜃௧)൧ே
௜ୀଵ   

 
 6: update the function estimate: 

𝑓௧
෡ ←  𝑓መ௧ିଵ + 𝑝௧ℎ(𝑥,𝜃௧) 

 7: end for 
 
where 

𝑓଴
෡  is the initial guess. 
  

 GB excels in predictive accuracy and is adept at capturing complex relationships and 

interactions within the data. The model's ability to provide a quantitative measure of feature 

importance enhances interpretability. Furthermore, GB exhibits robustness to outliers in the 

dataset. Conversely, GB is prone to overfitting, especially without meticulous 

hyperparameter tuning. The computational complexity of the algorithm may pose challenges 

for large datasets, and successful implementation often requires careful tuning of 

hyperparameters. 

 

3.8.4. Extreme Gradient Boosting (XGBoost) 

XGBoost is an optimized and scalable version of GB. Developed by Chen et. al. [168] this 

method, is currently employed as the definitive categorization and learning system. Similar 

to GB, XGBoost calculates the contribution of each variable to the reduction in the chosen 

loss function. However, XGBoost differs from random forest in its approach to adding 

predictors. It utilizes a parallel tree learning technique, enabling it to execute in parallel and 

achieve optimal performance [168, 169]. While random forest adds several predictors 

simultaneously, XGBoost adds models sequentially. Each new model (ℒழ௧வ at iteration 𝑡) 

is developed by specifically targeting the mistakes made by the preceding predictors [170], 

to reduce the loss function as given in Equation (3.3). 
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ℒழ௧வ = ෍ ൬𝑦௜, ቀ𝑓ప
௧ିଵ෣ + ℎ௧(𝑋௜)ቁ൰

ே

௜ୀଵ

+  𝑓௧ (3.3) 

 

where 

𝑖 denotes the 𝑖 − 𝑡ℎ sample to be predicted, 𝑁 is the total number of 

samples; 

𝑡 denotes the 𝑡 − 𝑡ℎ iteration; (𝑦௜ , 𝑓ప
෡) is the loss function between the 

true label 𝑦௜ and the predicted label 𝑓ప
෡; 

ℎ(𝑋௜) is the base learner added at the 𝑡 − 𝑡ℎ iteration, 𝑋௜ denotes the 

features for the 𝑖 − 𝑡ℎ sample; 

𝑓௧ is the regularization term to avoid over-fitting; 

ℒழ௧வ denotes the objective function at the t-th iteration. 

  

 The selection of base learners is another crucial aspect of the ensemble learning 

process. XGBoost utilizes the second-order Taylor Expansion to estimate the value of loss 

functions. It leverages both the first-order derivative and the second-order derivative to aid 

in the selection of the base learner [168]. 

 XGBoost stands out for its computational efficiency, being optimized for performance 

and speed. The incorporation of regularisation terms aids in preventing overfitting, and the 

model can handle missing data seamlessly [137]. Similar to RF, XGBoost provides a clear 

measure of feature importance. Nonetheless, XGBoost is sensitive to hyperparameter 

settings, and its performance is contingent on appropriate tuning [170].  

 For each target variable, feature importance was extracted from the trained models, 

and the top 10 influential features were identified. The importance of each feature was 

quantified by the algorithms and subsequently visualized through horizontal bar charts. 

Additionally, cumulative bar charts were computed based on a summation of feature 

importance metrics to assess the collective impact of features across all target variables. 

These visualizations not only provided a nuanced understanding of the significance of 

individual features but also highlighted commonalities and distinctions in feature importance 

across the ensemble methods. 

  

3.9. An optimal number of climate zones 

Finding the ONCZ is essential to the clustering process since it has a significant impact on 

how the data should be interpreted [171, 172]. It might be challenging to extract useful 

insights from the data if the incorrect ONCZ is used since this can produce excessively 
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simple or complicated clustering findings [1]. The literature has provided several methods 

for assessing the ONCZ [134, 135]. The Elbow approach was selected to determine the 

ONCZ in this study as the most popular and reliable option [8, 10, 51, 135]. 

 The process involves assessing the clustering performance at each stage by continuing 

to repeatedly increase the number of clusters from a starting value of K=2 to a maximum 

value that is defined [135]. For every K, the Within Cluster Sum of Squares (WCSS) is 

computed as the distances of each data point in all clusters to their respective centroids. Next, 

the ONCZ is obtained using an Elbow graph in which the WCSS is shown for each K value. 

The WCSS rapidly drops to the called WCSS peak value before achieving ONCZ, and after 

surpassing ONCZ it continues to climb with the called WCSS peak value almost unaltered, 

which sets the ideal K apart. 

 

𝑊𝐶𝑆𝑆 = ෍( ෍ 𝑑𝑖𝑠𝑡𝑎𝑛𝑐𝑒 (𝑑௜,𝐶௞)ଶ)

ௗ೘

ௗ೔௜௡஼೔

஼೙

஼ೖ

 
 

(3.4) 

 

where 

C is the cluster centroids and d is the data point in each cluster. 

 

3.10. Multivariate Clustering Methodology 

Complex data computations and operations are now faster and more efficient because of 

improvements in computer power and software capabilities. As a result, sophisticated 

clustering techniques have grown in popularity and accessibility for a variety of applications, 

such as CZB. CA provides a wide range of algorithms that effectively segment and classify 

multivariate data [102, 173]. K-means clustering (KC) and Hierarchical clustering (HC) are 

the two algorithms that were utilized in this research. 

 

3.10.1. K-means clustering  

Based on the similarity of the observations, KC classifies the data into a predefined number 

of clusters or, in our case, CZs. Data points are allocated to clusters using an iterative 

procedure, and cluster centroids are updated until convergence is reached [174, 175]. When 

using KC, the squared Euclidean distance between the points of data and cluster centroids is 

commonly used as the similarity metric. This distance metric is used to allocate the data 

point to the cluster with the closest centroid. The squared error function, or sum of squared 

distances between each data point and its allocated cluster centroid, is what the k-mean 

method aims to reduce. It is defined as follows: 
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𝐽(𝑉) = ෍ ෍(‖𝑥௜ − 𝑣௝‖)ଶ

௖೔

௝ୀଵ

 

஼

௜ୀଵ

 
 

(3.5) 

 

where 

‖𝑥௜ − 𝑣௝‖ is the Euclidean distance between 𝑥௜ and 𝑣௝; 

𝑐௜ is the number of data points in an 𝑖௧௛ cluster; 

c is the number of cluster centers. 

 

3.10.2. Hierarchical clustering  

HC establishes a hierarchical arrangement of clusters by continuously combining or dividing 

them according to their similarity or dissimilarity [17, 176, 177]. During each iteration of 

agglomerative HC, the two groups with the smallest distance between them are merged. The 

concept of "shortest distance" distinguishes between several agglomerative clustering 

approaches such as single, complete, average, weighted, centroid, median, and ward. This 

study examined seven hierarchical clustering linkage approaches using the cophenetic 

correlation coefficient [178]. The cophenetic correlation of a cluster dendrogram is the linear 

correlation coefficient between the cophenetic distances from the dendrogram and the 

original distances used to create the dendrogram [179]. Complete-linkage clustering for 

example involves linking two clusters based on the maximum distance between any pair of 

components, one from each cluster. The shortest link remaining at each stage leads to the 

fusing of the two clusters with the components involved. The complete linkage function may 

be mathematically defined by the following expression: 

 

𝐷(𝑍, 𝑌) = 𝑑(𝑧, 𝑦)  (3.6) 

 

where 

d(z,y) is the distance between elements z∈ Z, y∈ Y; 

Z and Y are two sets of elements (clusters). 

 

The complete linkage distance update formula for d(Z ∪ Y, V) can be represented as: 
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𝑚𝑎𝑥 (𝑑(𝑍, 𝑉), 𝑑(𝑌, 𝑉)) (3.7) 

 

where 

d(Z, V) is the distance between clusters; 

Z, Y, and V are clusters. 

 

To correctly capture the complex linkages and interactions that drive CZB, a 

multidimensional approach is necessary. Selected clustering algorithms can handle 

multidimensional datasets with multiple variables, enabling in-depth analysis of climatic and 

building-related aspects [65]. However, every clustering method has its limitations. 

Depending on the initial settings, KC delivers different results depending on how 

sensitive it is to the initial values of the cluster centers. Furthermore, the spherical or circular 

structure of clusters implied by KC may limit its application to datasets with more complex 

cluster topologies [174]. KC clustering is not ideal for dealing with noisy or outlier data 

points, as they can greatly influence the clustering results [175]. Nevertheless, HC also 

possesses various drawbacks. Because the method has to compute the distances between 

every pair of data points, it can be computationally costly for large datasets [176]. HC is 

prone to noise and outliers, potentially resulting in erroneous grouping outcomes. 

Determining the optimal number of clusters might be challenging due to the dendrogram's 

inability to divide groupings at a certain level. Although they have limitations, KC and HC 

approaches are well recognized and often utilized in CZB studies [7, 10, 51, 53, 180].  

 

3.10.3. Spatial constraint in cluster analysis 

Integrating geographical elements into a dataset aims to analyze how spatial phenomena 

affect the results and quality of CZB. While the investigation of climate classification is 

location-specific [140, 181], none of the CZB publications explore or utilize the concepts of 

spatial analysis and its influence on the results. Spatial analysis is now commonly employed 

in many fields of study, including sociology, ecology, tourism, and epidemiology [182-184]. 

The First Law of Geography, which posits that "everything is related to everything else, but 

closer things are more related than distant things", serves as the foundation for the essential 

ideas of spatial autocorrelation and geographical dependency [185]. Spatial objects and 

phenomena should be examined largely based on their specific locations and connections. 

This remark emphasizes the importance of space in CZB, enhancing the understanding of 

spatial concepts and patterns. Recognizing the spatial factor in CZB is expected to generate 

unique and more reliable results, therefore preventing incorrect assumptions [139].  
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3.11. Evaluation Metrics and Validation 

This section of the thesis is dedicated to outlining the methodologies employed for 

evaluating and validating the CZB developed. Section 3.11.1 introduces specific clustering 

quality metrics (uniqueness, compactness, Silhouette Score) which are essential for 

assessing the effectiveness of the climate zoning clustering. Section 3.11.2 shifts the focus 

to CZB validation with building performance, presenting methodologies for correlating the 

defined CZs with actual building energy consumption and performance metrics using CZMI. 

Section 3.11.3 discusses the validation using the ARI, a statistical measure used to evaluate 

the similarity between two clustering or the agreement between the proposed CZs and 

official classifications.  

 

3.11.1. Clustering quality metrics 

Clustering quality assessment plays a crucial role in evaluating the effectiveness of 

clustering algorithms and determining the meaningfulness of their outputs [186]. Given the 

absence of clear standards in clustering, objective quality assessments become essential for 

validating the results. These assessments provide insights into the reliability and 

appropriateness of the clusters formed by the algorithm. By employing various cluster 

validity metrics or internal and external indices, practitioners can quantitatively evaluate the 

cohesion and separation of clusters, aiding in the selection of optimal clustering solutions 

[187]. This process ensures that the clustering output aligns with the underlying structure of 

the data, contributing to more informed decision-making in various fields, including data 

analysis, pattern recognition, and machine learning.  

To assess the efficacy and performance of the investigated clustering outcomes, 

dispersion, uniqueness, and the Silhouette Score (SS) indicators were computed [3, 171, 188, 

189]. The same three indicators were also applied to methods of the local official climate 

map, and ASHRAE climate map to assess the quality of their climate classification.  

At first, based on a few literature sources [3, 51] the selection of the most effective 

clustering method was guided by two primary metrics: the uniqueness of clusters and the 

dispersion of clusters. These metrics were chosen to ensure that the clusters formed were 

both distinct from each other and internally cohesive. However, as the research progressed, 

it became evident that the SS could effectively encapsulate the qualities assessed by both 

uniqueness and dispersion metrics. More on that in subsection 3.11.1.3. “The Silhouette 

Score”. 
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3.11.1.1. Uniqueness of clusters 

Uniqueness or separation is a crucial factor in evaluating the quality of clustering [177, 188]. 

The metric calculates the proportion of data points from other clusters that exhibit building 

performance indicators beyond the range found in the cluster being studied. Higher values 

are preferable for achieving uniqueness. The clustering method has effectively identified 

separate groups with low overlap, leading to a more significant and dependable clustering 

result [3]. The uniqueness indicator is presented as follows: 

 

𝑈𝑛𝑞 =  ൬
𝑁

 𝑇
൰  ∗  100 (3.8) 

 

where 

N is the quantity of data points in different clusters, except the one now under evaluation; 

T is the total number of data points in the dataset. 

 

3.11.1.2. Dispersion of clusters 

The dispersion or compactness is determined by calculating the MAE for each building 

performance indicator in every cluster [3, 188, 189]. With this quality metric, it can be 

determined if a certain cluster showed considerable dispersion, suggesting the necessity for 

more subdivisions. The formula for determining the dispersion of a building performance 

indicator within a cluster may be expressed as follows: 

 

𝐷𝑠𝑝 = 𝑀𝐴𝐸 =
∑(|𝑘 −  𝜇|)

𝑛
 (3.9) 

 

where: 

k is the building performance indicator's value inside a certain cluster; 

μ symbolizes the building performance indicator's mean value within that cluster; 

n indicates how many observations or data points are in the cluster. 

 

3.11.1.3. The Silhouette Score  

SS is a well-regarded metric for evaluating the quality of clusters in a dataset [134]. It 

measures the degree of confidence in the clustering assignments by assessing how similar 

an object is to its own cluster compared to other clusters, thus encapsulating both cohesion 

within clusters and separation between them. The SS for each sample is calculated as: 



65 
 

  

𝑆𝑆௜  =  
𝑏(𝑖) − 𝑎(𝑖)

max {𝑎(𝑖), 𝑏(𝑖)}
  (3.10) 

 

where for each sample 𝑖: 𝑎(𝑖) is the average distance from the 𝑖௧௛ sample to the other points 

in the same cluster; and 𝑏(𝑖) is the lowest average distance from the 𝑖௧௛ sample to points in 

a different cluster, minimized over all clusters. 

In the SS calculation, the distances referred to are typically Euclidean distances, 

although other distance metrics can be used depending on the nature of the data and the 

specific requirements of the analysis. SS for a set of samples is the mean of SS for each 

sample. The SS goes from -1 to +1, with a high number indicating good alignment with its 

own cluster and poor alignment with nearby clusters. When the majority of items possess a 

significant value, the clustering setup is suitable. When several points possess a low or 

negative value, the clustering arrangement could result in an excessive or insufficient 

number of clusters. 

The SS, which measures both the cohesion within clusters and the separation between 

them, emerged as a particularly comprehensive metric for evaluating the performance of 

clustering methods in the context of CZB. By adopting SS as the primary metric, the 

methodology not only simplified the evaluation process but also ensured that the chosen 

clustering method met the critical requirements of distinctiveness and internal consistency 

within clusters. 

 

3.11.2. Climate zoning validation with building performance 

The successful implementation of CZB occurs when there is a noticeable variation in a set 

of performance indicators for identical buildings in different CZs, but minimal variation 

between identical buildings within the same climate zone [4]. Based on that idea, buildings 

that are identical in various CZ will exhibit highly discernible and unique performance 

qualities, whereas buildings that are identical within the same zone will demonstrate 

comparable performance. With that, the accuracy of the resultant CZB can be increased 

significantly if there is performance data accessible for all pertinent locations inside each 

CZ, taking into account a collection of pertinent buildings.  

As far as the authors are aware, there is just one metric available in the literature to 

evaluate the quality of a specific CZB. The Mean Percentage of Misclassified Area 

(MPMA), as proposed by Walsh et. al. [4, 54], is a quality metric used to validate CZB 

outcomes. MPMA may aggregate the percentages of misclassified regions for all archetypes, 
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yielding a singular figure that represents the overall concordance between CZ and 

performance for certain building stock. Nevertheless, the fundamental mathematical nature 

of this index remains rather uncertain.  

This section introduces a novel CZMI that is based on the assumption that in an ideal 

situation, each CZ should have a distinct climate, resulting in distinctive energy needs for a 

certain archetype with the smallest overlaps across CZ. The CZMI measures the degree of 

overlap across CZ based on the intersection of KDE curves [190], thus indicating the 

uniqueness of the climate in each zone.  

The KDE is a non-parametric way to estimate the probability density function of a 

random variable [191]. Given a set of data points 𝑥ଵ, 𝑥ଶ, … , 𝑥௡, the KDE is typically 

estimated as: 

 

𝑧̂௛(𝑥) =  
1

𝑛ℎ
෍ 𝐾 ቀ

𝑥 − 𝑥௜

ℎ
ቁ

௡

௜ୀଵ

 (3.11) 

 

where: 

𝑧̂௛(𝑥) is the estimated probability density function at point x; 

n is the number of data points; 

ℎ is the bandwidth, a smoothing parameter that controls the width of the kernel; 

K(⋅) is the kernel function, in this study Gaussian (normal distribution). 

 

CZMI involves the calculation of the total KDE function over the entire range of each 

performance indicator and the total overlapping area of clusters for each building 

performance indicator within each CZB result. An example of overlapping KDE of 3 clusters 

is presented in Figure 3.10.  

 

 
Figure 3.10: KDE overlap of three clusters. 
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Total KDE represents the integral of the KDE function over its entire range and can 

be calculated as: 

 

𝐾௧ =  න 𝑧̂௛(𝑥)
௫ ௠௔௫

௫ ௠௜௡

𝑑𝑥 (3.12) 

 

The overlap (𝐼)̅ is then computed for each CZB method and can be expressed as: 

 

𝐼 ̅ =  න 𝑚𝑖𝑛(𝑧̂௛
௜ (𝑥),

௫ ௠௔௫

௫ ௠௜௡

𝑧̂௛
௝(𝑥))𝑑𝑥 (3.13) 

 

where 

𝑧̂௛
௜ (𝑥), 𝑧̂௛

௝(𝑥) are the probability density functions of the 𝑖 − 𝑡ℎ and 𝑗 − 𝑡ℎ KDE curves of 

two clusters, respectively. 

 

For each pair of clusters within each clustering result and each performance indicator, 

the overlap percentage (𝑂) is calculated as: 

 

𝑂 = ൭
∫ 𝑚𝑖𝑛(𝑧̂௛

௜ (𝑥),
௫ ௠௔௫

௫ ௠௜௡
𝑧̂௛

௝(𝑥))𝑑𝑥

∫ 𝑧̂௛(𝑥)
௫ ௠௔௫

௫ ௠௜௡
𝑑𝑥

൱ (3.14) 

 

Having multiple archetypes and multiple performance indicators, the base CZMI 

calculation can be formed to consider all combinations of archetypes and indicators as 

follows: 

 

𝐶𝑍𝑀𝐼௕௔௦௘ =  
∑ ∑ 𝑂௔௥௖௛௘௧௬௣௘೔,   ௣௘௥௙.௜௡ௗ௜௖௔௧௢௥ೕ

௉
௝ୀଵ

஺
௜ୀଵ

𝐴 ∗ 𝑃
 (3.15) 

 

where: 

𝐴 is the number of archetypes; 

𝑃 is the number of performance indicators for each archetype; 

𝑖 iterates over the archetypes; 

𝑗 iterates over the other performance indicators. 
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The base CZMI is then adjusted using the normalized intra-cluster distances (𝐷௡) to 

take into account the separation between clusters. Larger distances (better separation) lead 

to a greater reduction in the corrected CZMI. The Euclidean distance (𝐷ா) between the 

centroids of two clusters A and B is calculated using the formula: 

 

𝐷ா(𝐴, 𝐵) =  ඩ෍(𝐴௜ −  𝐵௜)ଶ

௡

௜ୀଵ

 (3.16) 

 

where  

𝐴௜  and  𝐵௜ are the coordinates of the centroids in the multidimensional space, and  

𝑛 is the number of dimensions. 

 

After calculating the 𝐷ா  for all pairs of clusters for each clustering method, the 

maximum distance (𝐷௠௔௫) within that method is determined: 

 

𝐷௠௔௫ = max( 𝐷ா(𝐴, 𝐵)𝑓𝑜𝑟 𝑎𝑙𝑙 𝑢𝑛𝑖𝑞𝑢𝑒 𝑝𝑎𝑖𝑟𝑠 𝐴, 𝐵) (3.17) 

 

Each 𝐷ா  is then normalized by dividing by the maximum distance in that cluster 

column as: 

 

𝐷௡௢௥௠(𝐴, 𝐵) =
𝐷ா(𝐴, 𝐵)

𝐷௠௔௫
 (3.18) 

 

This normalized distance (𝐷௡௢௥௠) is a value between 0 and 1, where 0 means no 

distance (completely overlapping clusters), and 1 represents the maximum observed distance 

in that cluster column. If normalization is done, the distances are scaled relative to the largest 

distance in the set, ensuring comparability. The final corrected CZMI is calculated using the 

formula: 

 

𝐶𝑍𝑀𝐼 = 𝐶𝑍𝑀𝐼௕௔௦௘ ∗ (1 − 𝐷௡௢௥௠(𝐴, 𝐵)) (3.19) 

 

Using performance-based validation, this study not only assesses whether the level of 

variances within and across CZ is deemed acceptable or not, but it also presents a measure 
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to streamline the process of decision-making. Among all explored CZB methods, the method 

with the smallest CZMI will be considered the best (proposed) CZB. 

Additionally, the proposed CZB will be comprehensively compared with the official 

CZB map of Kazakhstan to identify any disparities in the current map in use. The same 

KDE-based index will be implemented in the official CZB map. The possible high overlap 

values of the official CZB map will show the level of inaccuracy of the official CZB map 

concerning the proposed method.  

 

3.11.3. Validation using the Adjusted Rand Index 

The most effective performance-driven method identified in this study will be meticulously 

compared to all the other results, as well as to the official CZB map and ASHRAE climate 

map of Kazakhstan, to identify disparities. The primary objective of this comparison is to 

assess the precision and reliability of the current official maps in accurately depicting 

building energy performance patterns. ARI will be utilized to measure the disparities and 

inconsistencies in the classification results. ARI is a commonly used statistical measure for 

assessing the similarity of two datasets, providing a robust evaluation of the level of 

agreement or disagreement [192-194]. ARI is a corrected-for-chance modification of the 

Rand Index (RI) that considers the anticipated agreement between the two classifications. 

[193, 195]. 

To determine the RI, it is essential to first define the divisions. Thus, a partition of N 

objects with R subsets is defined as ℛ = {𝑅ଵ, … , 𝑅ோ}, where 𝑅ଵ ∪ 𝑅ଶ ∪ ··· 𝑅ோ = ℛ and 𝑅௜ ∩

𝑅௝ =  ∅, ∀𝑖 ≠ 𝑗 (indicating that all subsets [e.g.,  clusters] are mutually exclusive).  Given 

two partitions, ℛ and ℂ,  with R and C subsets respectively,  RI can be calculated using four 

different basic types of pairs, from the ൫ே
ଶ

൯ possible object pairs according to the following 

formula [192]: 

 

𝑅𝐼 = 𝑅𝑎𝑛𝑑 𝐼𝑛𝑑𝑒𝑥 =
൫௔ ା ௕൯

൫௔ ା ௕ ା ௖ ା ௗ൯
 (3.20) 

 

where: 

a are objects in the pair placed in the same cluster in ℛ and the same cluster in ℂ; 

b are objects in the pair placed in the same cluster in ℛ and different clusters in ℂ; 

c are objects in the pair placed in different clusters in ℛ and the same clusters in ℂ; 

d are objects in the pair placed in different clusters in ℛ and in different clusters in ℂ. 
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The values of a, b, c, and d may be calculated using the following equations [196]: 

 

𝑎 =
∑ ∑ 𝑡௥௖

ଶ − 𝑁஼
௖ୀଵ

ோ
௥ୀଵ

2
 (3.21) 

𝑏 =
∑ 𝑡௥ା

ଶ − ∑ ∑ 𝑡௥௖
ଶ஼

௖ୀଵ
ோ
௥ୀଵ

ோ
௥ୀଵ

2
 (3.22) 

𝑏 =
∑ 𝑡ା௖

ଶ −  ∑ ∑ 𝑡௥௖
ଶ஼

௖ୀଵ
ோ
௥ୀଵ

஼
௖ୀଵ

2
 (3.23) 

𝑑 =
∑ ∑ 𝑡௥௖

ଶ + 𝑁ଶ − ∑ 𝑡௥ା
ଶ −  ∑ 𝑡ା௖

ଶ஼
௖ୀଵ

ோ
௥ୀଵ

஼
௖ୀଵ

ோ
௥ୀଵ

2
 (3.24) 

 

where: 

trc representing the number of objects that were classified in the rth subset of partition ℛ and 

the cth subset of partition ℂ. 

 

To correct the RI for chance, ARI was proposed with the general equation of [193]: 

 

𝐴𝑅𝐼 =
൫𝑅𝐼 −  𝐸[𝑅𝐼]൯

൫max(𝑅𝐼) −  𝐸[𝑅𝐼]൯
 (3.25) 

 

where: 

𝐸[𝑅𝐼] =
(∑ 𝑡௥ା

ଶோ
௥ୀଵ − 𝑁)(∑ 𝑡ା௖

ଶ − 𝑁) + (𝑁ଶ − ∑ 𝑡௥ା
ଶோ

௥ୀଵ )(𝑁ଶ − ∑ 𝑡ା௖
ଶ஼

௖ୀଵ
஼
௖ୀଵ

2𝑁(𝑁 − 1)
 (3.26) 

 

ARI takes into account both the true positive and true negative categories, which 

makes it very suitable for comparing the proposed approach with the ASHRAE and official 

CZB maps. ARI streamlines comparisons by providing a single numerical value that 

condenses the overall alignment between the proposed methods and the benchmark maps. 

The range of ARI is from -1 to 1. Negative values represent a lack of agreement, whilst 

positive numbers suggest a level of agreement that surpasses chance [193]. This simplifies 

the interpretation, supporting the measurement of discrepancies and misclassifications, and 

allowing for an adequate assessment of the efficacy and superiority of the proposed 

technique compared to current alternatives. It allows for an accurate and unbiased 

evaluation, minimizing the chance of subjective interpretations or biases. 
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3.12. Chapter Summary 

The methodology proposed in this study is outlined below, organized into two principal 

phases aimed at fulfilling the research objectives. The initial step involves outlining the study 

area to provide the geographical context of the Kazakhstan region. It is planned to 

meticulously gather and incorporate weather data in the form of TMYx files for 94 locations, 

which will serve as a fundamental basis for simulations and climate analysis. The selection 

of building archetypes is offered through a systematic analysis of the national building stock 

statistics of Kazakhstan to ensure the samples for simulations are representative. Building 

energy performance simulations are planned, with two archetypes and comprehensive 

verification processes to ensure the results are accurate and reliable. Key performance 

indicators are proposed for identifying energy needs and further climate zoning 

classification. 

A strategy is offered to employ correlation analysis and a set of ML techniques to 

uncover the most significant climate variables connected with building energy needs, and 

the Elbow method to suggest the optimal number of CZs before classification. Multivariate 

clustering methodologies, such as KC and HC, are proposed to distinguish CZs with similar 

characteristics. Evaluation metrics like uniqueness, compactness, and SS are planned to be 

utilized for assessing the quality of the clustering results. Furthermore, the validation of 

climate zoning through building performance is proposed, utilizing a specially developed 

CZMI, to validate the effectiveness of all involved approaches. Finally, the consistency and 

accuracy of the official building climate maps are planned to be validated using the Adjusted 

Rand Index against the best-proposed method, to check the reliability of the official CZB. 
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Chapter 4: Results and Discussion 

This chapter delves into the findings and analysis of the proposed performance-driven CZB 

for Kazakhstan, where in section 4.1 the results of the base case building energy performance 

will be presented. Section 4.2 verifies the simulation results obtained from EnergyPlus, 

ensuring their reliability and accuracy for further analysis. In section 4.3, the spatial patterns 

of building energy performance across Kazakhstan are examined.  

 A detailed investigation into the variables crucial for climate classification is 

undertaken in section 4.4, employing a series of analytical techniques. This section starts 

with correlation analysis results (4.4.1), moving through RFR (4.4.2), GB (4.4.3), and 

XGBoost (4.4.4), before summarizing the findings in section 4.4.5 to identify the most 

significant predictors of climate impact on building energy use.  

 The narrative then shifts to the introduction of Phase 1 (climate-based CZB) in section 

4.5, which outlines the optimal number of CZs (4.5.1) and discusses the clustering results 

(4.5.2). The quality of the proposed CZB is thoroughly assessed (4.5.3) through metrics such 

as uniqueness, compactness, and the SS. The validation results of climate-based 

classification through a novel CZMI are introduced (4.5.4), culminating in a summary of 

Phase 1 findings (4.5.5). Phase 2 (performance-based CZB), described in section 4.6, builds 

upon the development of CZB based only on building performance. Similar to Phase 1, it 

includes determining the optimal number of CZs (4.6.1), presenting clustering results 

(4.6.2), and assessing clustering quality (4.6.3). This phase introduces climate zoning 

overlap (4.6.4) as an additional evaluation metric, leading to a comprehensive summary of 

Phase 2 findings in section 4.6.5. 

 A comparative analysis and synthesis in section 4.7 integrate insights from both 

phases. This includes an analysis of mean overlap percentages and the CZMI (4.7.1.1), as 

well as the ARI (4.7.1.2), providing a holistic understanding of the methodologies' 

effectiveness in comparison with the official CZB map of Kazakhstan. The chapter 

concludes with a summary (4.8), synthesizing the key insights and contributions of the 

research to the field of building energy performance and CZB in Kazakhstan. 
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4.1. Building Performance Simulations 

This section delves into the results of building energy performance simulation results. 

Examining overall annual energy needs, the values for NA range from 131.3 to 150.8 

kWh/m2, while the SA demonstrates a broader range of 140.5 to 174.2 kWh/m2. Exploring 

the specific components of energy consumption, the annual space cooling and heating values 

for the NA remain within the range of 18.4 to 62.4 kWh/m2 and 27.5 to 108.4 kWh/m2, 

respectively. The SA, on the other hand, demonstrates higher energy consumption, ranging 

from 18.5 to 69.4 kWh/m2 for cooling and 34.4 to 132.7 kWh/m2 for heating. Figure 4.1 

shows the simulation results.  

 

 
Figure 4.1: Used archetypes energy consumption levels. 

 

 There is a noticeable difference in energy usage between the two archetypes being 

used. The insulation in NA is more substantial (higher R-value) since the wall and roof 

composition is specifically tailored for colder areas of the country. On the other hand, SA 

has a less insulated envelope that is built for the warmer climates of southern regions. 

Although the difference in cooling variance may be small, it is clear that the lack of sufficient 

insulation in SA results in much higher energy consumption for heating compared to NA, 

especially in northern regions. Increased insulation in NA results in an average decrease in 

energy usage of around 17 kWh/m2 for heating and 2.8 kWh/m2 for cooling. 

 Averaging the values it is seen that the NA has a lower mean space cooling needs (37.7 

kWh/m2) compared to the SA (40.5 kWh/m2). Similarly, the mean space heating for the NA 

(71.1 kWh/m2) is lower than that of the SA (88.1 kWh/m2). The mean overall annual energy 

needs for the NA is 125.3 kWh/m2, while the SA results in a slightly higher mean of 143.4 

kWh/m2 (Table 4.1). The examination of mean energy needs confirms that the local climate 
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is predominantly heating-dominated, with mean heating needs accounting for around 60% 

of the total energy consumption (Figure 4.2). 

 

Table 4.1: The mean values of buildings simulation results 

Metric NA  
[kWh/m2] 

SA  
[kWh/m2] 

Mean Overall Annual Energy Needs 125.3 143.4 
Annual Space Cooling Mean 37.7 40.5 

Annual Space Heating Mean 71.1 88.1 

 

 

Figure 4.2: Mean energy needs of NA (a), and SA (b). 

 

4.2. Verification of EnergyPlus simulation results 

The verification of EnergyPlus simulation results was conducted using Python (Appendix 

A). First energy load calculations for heating were performed utilizing the ASHRAE 

residential cooling and heating load calculations technique with the RLF method. Utilizing 

thermal resistance values for walls and ceilings, along with temperature differentials and 

other building parameters (size, window-to-wall ratio, etc.), the code computed heating and 

cooling loads per square meter for each city and archetype. Next, the comparison was made 

 (a) 
 

 
 (b) 



75 
 

through the utilization of a suite of evaluation metrics, including RMSE, MAE, MSE, and 

MAPE, and simulation accuracy information was achieved, thereby affirming the validity 

of the EnergyPlus results within the context of the study.  

As can be seen in Figure 4.3 (a, b, c, d), where the blue line represents the ASHRAE 

RLF values, and the red line depicts the EnergyPlus simulations' results for NA and SA, both 

approaches exhibit a similar pattern over time, with some fluctuations. However, the 

EnergyPlus simulations generally show lower energy needs compared to the ASHRAE RLF 

values for cooling and higher values for heating.  

  

 
(a) 

 

 
(b) 
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(c) 

 

 
(d) 

Figure 4.3: Comparison of EnergyPlus simulations results with ASHRAE RFL 

calculations. Heating NA (a), heating SA (b), cooling NA (c), and cooling SA (d). 

  

For space cooling, the verification demonstrates relatively close results, with RMSE 

values of 11.31 and 10.77% for NA and SA, respectively, falling within an acceptable range 

(Table 3.5). Conversely, for space heating, the ASHRAE RFL exhibits higher RMSE values, 

indicating less accurate predictions, with 18.67 and 20.53% for NA and SA, respectively. 

Despite these variations, the average RMSE of 15.32% suggests an overall acceptable level 

of accuracy, albeit with a slightly higher discrepancy in heating predictions. MAE values 

range from 8.68 to 16.49, suggesting a relatively small average difference between 

approaches. MSE values range from 116.05 to 421.42 while MAPE ranges from 19.91% to 

30.04%. As a percentage of actual values, MAPE errors might seem high. However, the 

combined analysis of all metrics suggests the ASHRAE RFL exhibits reasonable alignment 

in predicting both space cooling and heating needs, considering all its limitations. All 

evaluation metrics can be seen in Table 4.2.  
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Table 4.2: EnergyPlus verification evaluation results. 

Performance 
indicators CV RMSE MAE MSE MAPE 

Space Cooling NA 11.31 9.29 128.02 22.43 

Space Heating NA 18.67 15.26 348.43 30.04 

Space Cooling SA 10.77 8.68 116.05 19.91 

Space Heating SA 20.53 16.49 421.42 26.31 

Average 15.32 12.43 253.48 24.67 
 

 While there's always room for improvement, the ASHRAE RFL values appear to be 

reasonably close to the EnergyPlus values, with average errors being on the upper boundary 

of the acceptable range. However, it's important to acknowledge that the RLF method's 

simplifications in representing the full spectrum of building energy components might 

contribute to these results.  

 

4.3. Buildings Energy Performance Patterns 

An examination of the energy performance patterns of buildings offers useful insights into 

how energy demands are distributed over the area of the Republic of Kazakhstan. A detailed 

understanding of the variations in energy consumption patterns across the country was 

achieved by mapping building energy performance indicators, focusing on heating and 

cooling energy needs. 

Upon analyzing the heating energy needs, it was noted that areas situated in the 

northern portion of Kazakhstan, which experience a prolonged and intense winters, 

demonstrated higher energy usage for heating (Figure 4.4). The regions of Akmola, 

Kostanay, North Kazakhstan, and Pavlodar have the greatest needs for heating. The outcome 

is consistent with predictions based on the higher heating requirements in colder areas. 

Nevertheless, the research also emphasized specific differences within these locations, 

indicating the necessity for more comprehensive CZ. In contrast, the analysis of cooling 

energy needs revealed that the southern areas of Kazakhstan, including Turkistan and 

Mangystau, had the highest cooling energy consumption. Once again, it was seen that there 

were differences in energy consumption patterns in the southern areas, highlighting the need 

to accurately represent the local climatic details. Furthermore, the areas with the greatest 

demand for heating may not always align with the areas that utilize the biggest amount of 

energy for cooling, and vice versa. This finding highlights the need to separately evaluate 

heating and cooling when examining patterns of building energy performance. Moreover, 

the examination of building energy performance patterns uncovers spatial disparities in 

energy usage that may be ascribed to specific local geographical conditions. The Caspian 
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sea to the west, the Tien-Shan mountains to the south, and the Altay mountains to the east 

play a role in creating diverse climatic zones inside the country.  Overall, the energy 

consumption pattern has a strong correlation with variations in latitude.



79 
 

 
(a) 

 
(b) 

 
(c) 

 
(d) 

 Figure 4.4: Patterns of building energy performance. The heating energy consumption of SA (a), the heating energy consumption of NA (b), the 

cooling energy consumption of SA (c), and the cooling energy consumption of NA (d). All with a 15 kWh/m2 interval.
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4.4. The most important climate variables  

This section will explore the identification of the most influential climate variables through 

a comprehensive analysis, including correlation analysis, RFR, GB, and XGBoost 

techniques. The results will provide insights into the key climatic factors that significantly 

impact the energy dynamics of the studied locations. 47 variables were analyzed, with 36 

extracted from the TMYx file (including latitude, longitude, elevation, annual average dry 

bulb temperature, annual average dew point temperature, etc.) and 5 derived and added to 

the dataset later (CDD10 (hourly method), CDD18 (hourly method), HDD18 (hourly 

method), CDD10 (ASHRAE), HDD18 (ASHRAE)). Six other variables were included in 

the dataset following the completion of building energy simulations: total energy needs, 

space cooling, and space heating for both archetypes.  

In the context of correlation analysis, the Python pandas library [197] was employed 

to calculate the Pearson correlation coefficient [198] for all variable pairs. The calculation 

of feature importance for all three MLs was also conducted in Python using standard 

ensemble learning techniques provided by the scikit-learn library [199] and XGBoost 

package [168]. Each ML algorithm was configured with 100 estimators to ensure robust and 

stable results.  

 

4.4.1. Correlation Analysis Results 

The correlation analysis findings reveal substantial statistical correlations between climatic, 

geographical, and performance features, offering insights into the linked factors shaping 

building energy consumption patterns. Figure 4.5 displays the results of the correlation 

study, highlighting the top 20 variables with the highest Pearson's correlation coefficients.    
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Figure 4.5: The correlation matrix comprises the top 20 variables, which encompass 

performance indicators, official local and ASHRAE CZB data, as well as meteorological 

and geographic data. 

 

The energy consumption of the archetypes strongly correlates with the yearly average 

DBT, as anticipated. Similarly, all categories of DDs have significant correlations with 

heating and cooling energy consumption. The correlation coefficient for total energy 

demands is greater for HDD (0.79-0.83) compared to CDD (0.57-0.62).  Furthermore, SR 

components like GHI and global horizontal illuminance (GHIllum) have a significant 

association with heating loads, with a correlation value of around -0.9. The correlation 

coefficient for RH ranges from 0.69 to 0.7. The correlation between WS, AP, and building 

energy use in Kazakhstan is rather moderate, with coefficients ranging from 0.35 to 0.47 for 

WS and 0.20 for AP.  
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In addition to climatic variables, the ASHRAE CZ information and the official CZB 

map of Kazakhstan are of significant interest. Correlation analysis was also used to evaluate 

the degree to which they match the buildings' energy patterns of the country. The ASHRAE 

classification shows a high correlation of 0.86-0.87 for heating, 0.90-0.92 for cooling, and 

0.66-0.69 for overall energy consumption, demonstrating a substantial agreement between 

this climatic classification and buildings' energy. The official CZB map of Kazakhstan 

shows a moderate correlation, with coefficients of 0.75 for heating, 0.85 for cooling, and 

0.53-0.57 for overall energy consumption, suggesting a limited alignment with building 

energy demands. 

 

4.4.2. Random Forest Regression Results 

An evaluation was conducted to determine the significance of climatic variables for each 

individual indicator and archetype. The variations in archetypes had minimal impact on the 

significance of the variables and were essentially identical across both archetypes. 

Considering this, further, in this section all figures and graphs will be provided just for the 

NA.  

For cooling, CDD10 (hourly method), annual average DTB, CDD10 (ASHRAE), 

followed by CDD18 (hourly method) have emerged as the most important variable, with an 

importance index of up to 30% (Figure 4.6 (a)).  It also reveals that the key contributors to 

heating energy needs are the HDD18 (hourly method), HDD18 (ASHRAE), and LAT, with 

their respective importance scores of 43%, 26%, and 18% (Figure 4.6 (b)). The examination 

of the overall annual energy needs reveals that latitude emerges as the sole and dominant 

variable, with a coefficient above 80% (Figure 4.6 (c)). To improve interpretation, all 

coefficients were consolidated by summing the significance of climatic variables for each 

indicator and archetype and presented in Figure 4.7 in the form of a bar chart. 

 

 
(a) 
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Figure 4.6: Bar charts for the top 10 important variables for cooling NA (a), heating NA 

(b), and overall energy needs NA (c) based on the RFR method. 

 
Figure 4.7: Cumulative bar chart of the most important variables for buildings' energy 

needs based on RFR. 

 
(b) 

 

 
(c) 
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4.4.3. Gradient Boosting results 

The gradient boosting approach has identified several variables that are directly linked to 

cooling, including CDD10 (hourly method) and CDD10 (ASHRAE) with an index of up to 

39%, as well as the yearly average DTB with an index of 20% (Figure 4.8 (a)). Conversely, 

for heating energy needs, the predominant influencers include HDD18 (hourly method), 

HDD18 (ASHRAE) with up to 52% of relevance, and LAT (around 20%) (Figure 4.8 (b)). 

In the same way as in RFR results, in GB overall annual energy needs are strongly connected 

with LAT, which stands out as the exclusive and dominant variable, exhibiting a coefficient 

exceeding 60% (Figure 4.8 (c)). The importance coefficients revealed by the GB method 

were combined and shown in the form of a cumulative graph, as shown in Figure 4.9. 

 

 
(a) 

 

 
(b) 
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Figure 4.8: Bar charts for the top 10 important variables for cooling NA (a), heating NA 

(b), and overall energy needs NA (c) based on the GB method. 

 

 
Figure 4.9: Cumulative bar chart of the most important variables for buildings' energy 

needs based on GB. 

  

4.4.4. Extreme Gradient Boosting results 

In the analysis for the space cooling target variable, the XGBoost identified key contributors 

such as CDDs, annual average DBT, and GHI, with CDD10 (hourly method) and CDD18 

(hourly method) having the highest importance at 56% and 16% respectively (Figure 4.10 

(a)). For the annual space heating needs, the most influential variable was HDD18 (hourly 

method) with an importance score of 90% (Figure 4.10 (b)). For the overall energy needs, 

 
(c) 
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the analysis also highlighted LAT as the most influential factor, accounting for over 52% of 

the model's predictions (Figure 4.10 (c)). The importance coefficients revealed by the 

XGBoost method were combined and shown in the form of a cumulative graph in Figure 

4.11. 

 

 

 

 

 

 

 
 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 4.10: Bar charts for the top 10 important variables for cooling NA (a), heating NA 

(b), and overall energy needs NA (c) based on the XGBoost method.  

 

 
(a) 

 

 
(b) 

 
 

 
(c) 
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Figure 4.11: Cumulative bar chart of the most important variables for buildings' energy 

needs based on XGBoost.  

 

4.4.5. Summary 

The goal of this stage was not just a precise determination of several variables most strongly 

related to energy consumption, but a comprehensive search, based on various methods, for 

a set of such variables, which can form the basis for subsequent multivariate clustering. As 

a result, the analysis identified a set of key variables with substantial importance for building 

energy consumption across both archetypes.  

• For annual space cooling, CDDs and annual average DBT were found to be 

consistently important; 

• In the case of annual space heating, HDDs, LAT, annual average DBT, and annual 

average GHI exhibited the most significant importance; 

• When considering the overall energy needs, including both heating and cooling, LAT, 

CDDs, HDDs, annual average DBT, and annual average GHI emerged as consistently 

impactful variables. 

 

4.5. Phase 1 (Climate-based CZB)  

Phase 1 of this research is a thorough investigation of CZB using a conventional approach 

based on climatic variables. It aims to understand the complexities of climate-based CZB 

development. The clustering process commenced by focusing on variables closely linked to 
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energy consumption, beginning with the primary use of the most significant variable, HDD, 

followed by iterative augmentations of variables based on their importance, including 

sequential additions like CDD and GHI, progressively expanding the range of factors in the 

dataset and encompassing both latitude-inclusive and latitude-exclusive configurations to 

discern the impact of the spatial variable on resultant classifications.  

 Phase 1 seeks to get a thorough grasp of the conventional CZB for a further 

comparison evaluation with the modern, performance-based methodology presented in 

Phase 2, and to answer the main research question: How do conventional climate-based and 

contemporary performance-based techniques for CZB compare in terms of outcomes, or can 

a reliable CZB be produced using a climate-based approach? In addition, the results of the 

developed CZB validation with building performance data will be presented.   

   

4.5.1. Optimal Number of climate zones 

The process of generating datasets was complete with a particular emphasis on variables 

most closely linked to buildings' energy needs. Six unique datasets were formed at the initial 

stage of Phase 1, see Table 4.3. The creation of these datasets began with the usage of one 

HDD18 (hourly method) variable. Increasingly, the following data sets included the gradual 

incorporation of other variables, including CDD18 (hourly technique), and GHI, based on 

their relative importance. The progressive expansion of the dataset is intended to investigate 

the need for using a wide range of variables for proper classification, examining if a concise 

set of variables may be enough. Also, the same sets of variables were used with and without 

LAT to track the influence of the spatial constraint on the ONCZ and classification results. 

 

Table 4.3: Phase 1 datasets and used variables. 

Name Variable 1 Variable 2 Variable 3 Variable 4 
Set 1 HDD18 (hourly method)    

Set 2 HDD18 (hourly method) CDD18 (hourly method)   

Set 3 HDD18 (hourly method) CDD18 (hourly method) 
Annual Average Global 
Horizontal Irradiation 

 

Set 4 HDD18 (hourly method)   Latitude 
Set 5 HDD18 (hourly method) CDD18 (hourly method)  Latitude 

Set 6 HDD18 (hourly method) CDD18 (hourly method) 
Annual Average Global 
Horizontal Irradiation 

Latitude 

 

 The range of the ONCZ for each specific set of variables was determined using the 

Elbow technique. Figure 4.12 shows the Elbow graphs for all 6 datasets. The influence of 

LAT as an additional variable causing a change in the ONCZ determination (Figure 4.12 (b, 

d, f, h)) is noticeable.  
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      (a) 

 

 
   (b) 

 
    (c) 

 

 
    (d) 

 
    (e) 

 
     (f) 

Figure 4.12: The ONCZ determination of Phase 1 methods. The Elbow graphs of set 1 (a), 

set 4 (b), set 2 (c), set 5 (d), set 3 (e), set 6 (f). 

 

 For each dataset, the ONCZ varied across different datasets, ranging from 3 to 9. 

ONCZ results were collected in Table 4.4. The findings obtained using the Elbow technique 

were established, indicating a preference for simplifying the CZB by selecting a smaller 

ONCZ, due to the rather small sample size. Nevertheless, it is vital to note that the choice of 

ONCZ within a specific range is rather arbitrary and subject to different influencing 

variables, with the stringency of energy efficiency criteria for buildings being a critical 

concern. In addition, it is worth mentioning that having a greater number of CZ, such as 8 

or even 9, might offer more detailed information in particular situations, enabling a more 

precise adaptation to localized differences in climate conditions.  

Set 1 

Set 6 Set 3 

Set 5 Set 2 

Set 4 
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Table 4.4: ONCZs for Phase 1 datasets. 

Name ONCZ 

Set 1 3 

Set 2 8 

Set 3 4 
Set 4 8 

Set 5 3 
Set 6 5 

 

 When comparing the findings with the official CZB map of Kazakhstan, which 

includes 4 major CZ and 7 subzones, and the ASHRAE map, which defines 5 CZ, it is clear 

that the proposed ONCZ is different from the existing maps. 

 

4.5.2. Clustering Results 

Initially, the data was loaded from a CSV file and normalized to ensure consistent scaling 

across the selected features. Two distinct clustering algorithms, KC and HC were applied to 

a climate data set using the Python script (Appendix B) both utilizing the user-specified 

cluster counts. The complete linkage method was chosen for HC due to its highest 

cophenetic coefficient in the pre-processing assessment, confirming its superiority for the 

analysis. 12 distinct runs were conducted that way, employing KC, HC, spatially constrained 

k-mean clustering (SCKC), and spatially constrained hierarchical clustering (SCHC). 

 Next, the scatterplot matrices were created to visually represent the results on a dataset 

with multiple dimensions. In the scatterplot matrix, every individual cell in the diagram 

represents a scatter plot, where the horizontal and vertical axes represent used variables, and 

the data points are color-coded according to their cluster assignments. Each set of plots in 

Figure 4.13 corresponds to KC (a, c, e), HC (b, d, f), SCKC (g, i, k), and SCHC (h, j, l), 

respectively. Comparing k-means (KC (a, c, e) and SCKC (g, i, k)) with its hierarchical 

counterparts (HC (b, d, f) and SCHC (h, j, l)) results, reveals distinct characteristics 

attributable to each method: 

• KC and SCKC: These plots generally exhibit clusters that are more evenly distributed 

in space, with each cluster's points tending to form around a central value, indicative 

of K-means' centroid-based approach. This method optimizes for within-cluster 

variance, which often leads to relatively circular clusters in the feature space. 

• HC and SCHC: The hierarchical approach is evident in the chaining of data points, 

forming clusters that may be elongated or strung out rather than tight groups. This 

method does not force clusters into a predefined shape, allowing for a more natural 
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grouping based on the actual distances between data points, which can lead to varied 

cluster shapes and sizes. 

 In essence, KC produced more defined and compact clusters, while the HC was 

capable of revealing complex structures within the data, potentially uncovering deeper 

insights into the inherent relationships among the data points. For further visual analysis, the 

clustering results were mapped using the folium library in Python and shown in Figure 4.14. 

The maps can be used to illustrate noticeable differences in geographical distribution 

between KC and HC and between regular and spatially constrained variants.  



92 
 

 
(a) 

 

 
(b) 

 
(c) 

 
(d) 



93 
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Figure 4.13: The CZB clustering scatterplot matrices of Phase 1. KC set 1 (a), HC set 1 (b), KC set 2 (c), HC set 2 (d), KC set 3 (e), HC set 3 (f), KC set 4 

(SCKC) (g), HC set 4 (SCHC) (h), KC set 5 (SCKC) (i), HC set 5 (SCHC) (j), KC set 6 (SCKC) (k), HC set 6 (SCHC) (l). 

 

(k) (l) 
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(i) (j) 

 

 

 

 

 

 

(k) (l) 
 Figure 4.14: The maps of Phase 1 CZB clustering results.  KC set 1 (a), HC set 1 (b), KC set 2 (c), HC set 2 (d), KC set 3 (e), HC set 3 (f), KC set 4 

(SCKC) (g), HC set 4 (SCHC) (h), KC set 5 (SCKC) (i), HC set 5 (SCHC) (j), KC set 6 (SCKC) (k), HC set 6 (SCHC) (l).
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The maps in Figure 4.13 show the clustering results of different methods and 

correspond to KC (a, c, e), HC (b, d, f), SCKC (g, i, k), and SCHC (h, j, l), respectively. It 

is seen how various methods produce different results. In the comparison between KC and 

HC for the same datasets across different regions of the country, notable differences emerge. 

In the northern region, both methods generally align, suggesting clear and distinct data 

characteristics easily captured by both algorithms. However, moving to the middle and 

southern regions, the differences become more pronounced. Here, HC often reveals more 

intricate and granular groupings, while KC tends to form broader, more uniform clusters. 

It's observed that the geographical shapes of the clusters also differ notably between the two 

methods. KC clusters tend to form more compact and geographically uniform groups, often 

centered around specific geographical locations, while HC clusters are often more dispersed 

and can follow more complex geographical shapes. Both clustering methods have a varied 

distribution of data points across clusters. In some sets (HC set 1), clusters are more evenly 

distributed (Figure 4.14 (b)), while in others (KC set 2, HC set 2), there is a wide range in 

the number of points per cluster (Figure 4.14 (c, d). This variation reflects the different ways 

each method groups the data, with KC tending to create more uniformly sized clusters and 

HC potentially capturing more diverse group sizes.  

The maps also illustrate the geographical distribution of clusters for SCKC and SCHC. 

The distinction between SCKC and SCHC is applicable in this context as well, where SCHC 

typically uncovers more detailed and fine-grained groupings, in contrast to SCKC, which 

usually generates larger, more homogenous clusters. Clusters created by SCKC are generally 

more cohesive and geographically consistent, whereas SCHC-generated clusters tend to be 

more scattered, adhering to more intricate geographical patterns.  

It is quite difficult to directly visually compare the SCKC and SCHC with their non-

spatially constrained relatives due to the different number of clusters in the final 

classifications, however, a more detailed analysis of the efficiency of spatially constrained 

methods will be presented in section 4.5.4 where building performance-based validation will 

be discussed. 

 

4.5.3. Clustering results quality assessment 

This section aims to assess the quality of the clustering results achieved through various 

clustering methods for climate-based climate classification of Phase 1. This evaluation is 

conducted using a carefully chosen set of measures. Specifically, through three key 

dimensions: Uniqueness, as described in subsection 4.4.3.1, evaluates the distinctiveness of 

each cluster; Compactness, outlined in subsection 4.4.3.2, examines the tightness of the 
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clustering; and SS, explored in subsection 4.4.3.3, provides a comprehensive measure of 

both cohesion and separation within the clusters. 

 

4.5.3.1. Uniqueness 

In evaluating the climate-based clustering of Phase 1, a detailed analysis focusing on the 

mean and standard deviation of uniqueness values is conducted. The method yielding the 

highest mean uniqueness value is indicative of its superior performance in differentiating 

clusters, while a lower standard deviation reflects consistency across various CZs. 

Figure 4.15 represents the heatmap of uniqueness percentage for each clustering 

method across different CZ, with the colour gradient indicating the level of uniqueness. 

Among all the methods, KC set 2, HC set 2, KC set 4, and HC set 4 emerge as the best 

performers with the highest mean uniqueness values of 87.50%, indicating their 

effectiveness in creating distinct clusters. Conversely, KC set 1, HC set 1, KC set 5, and HC 

set 5 display the lowest mean uniqueness values at 66.67%, suggesting less differentiation 

within their respective clustering outcomes. 

 

 

Figure 4.15: The uniqueness heatmap of Phase 1 clustering results.  

 

A comparative analysis between KC and HC methods reveals that KC set 4 and HC 

set 4 are also the leading methods within their categories. However, KC set 4 demonstrates 

a slightly lower standard deviation (4.18%) compared to HC set 4 (5.55%), indicating lower 

variability in the uniqueness across CZs for the KC method. The same methods show the 
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highest mean uniqueness values alongside a moderate standard deviation in the context of 

spatially constrained clustering.  

Besides, all clustering methods display the same mean uniqueness values for the same 

datasets. This phenomenon is attributed to the limitations of uniqueness itself in capturing 

the nuances between different clustering approaches, and small variations in how clusters 

are generated may not be accurately measured.    

 

4.5.3.2. Compactness 

Compactness as a quality measure provides a clear and quantitative measure of the degree 

to which data points within a cluster deviate from their cluster mean, thus reflecting the 

compactness of the clusters formed by different clustering algorithms. Based on the MAE 

of each building performance indicator within individual clusters, this metric is particularly 

valuable in discerning the effectiveness of clustering techniques in creating tightly grouped 

data points in a building performance dimension. 

Figure 4.16 visually displays the dispersion values calculated for each clustering 

method of Phase 1, providing insights into their performance. The classification with the 

lowest mean dispersion value and low standard deviation values, such as HC set 2 (Figure 

4.16 (d)), KC set 4 (Figure 4.16 (g)), and HC set 4 (Figure 4.16 (h)) have been considered 

the best in terms of cluster compactness. This indicates a high consistency within the clusters 

formed by these methods. In contrast, the methods with the highest mean dispersion, and 

therefore the least effective in creating compact clusters, are KC set 3 (Figure 4.16 (e)), KC 

set 5 (Figure 4.16 (i)), HC set 5 (Figure 4.16 (j)).  
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(i) 

 
(j) 

 
(k) 

 
(l) 

Figure 4.16: The dispersion values for each Phase 1 clustering method. KC set 1 (a), HC set 1 (b), KC set 2 (c), HC set 2 (d), KC set 3 (e), HC set 3 
(f), KC set 4 (SCKC) (g), HC set 4 (SCHC) (h), KC set 5 (SCKC) (i), HC set 5 (SCHC) (j), KC set 6 (SCKC) (k), HC set 6 (SCHC) (l). 
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Comparing the overall performance, HC methods (HC set 2, HC set 4) demonstrate lower 

mean dispersion values compared to KC methods, indicating tighter and more consistent 

clusters. In the spatially constrained category, the KC set 4 and HC set 4 emerge as the most 

efficient, reflecting their capability to form more compact clusters. Also, no significant 

difference was found between SCKC and SCHC. 

 

4.5.3.3. The Silhouette Score 

In assessing the clustering quality across 12 different clustering results of Phase 1, the SS 

analysis utilized four principal features: space cooling NA, space heating NA, space cooling 

SA, and space heating SA. The analysis uncovered significant differences in the quality of 

clustering, identifying certain configurations as highly effective in delineating separate clusters, 

while others were less successful. The SS results are shown in Figure 4.17, where the KC set 1, 

HC set 5, KC set 5, HC set 1, and HC set 3 configurations emerged as the best overall performers 

with SS of 0.44, 0.44, 0.43, 0.42, and 0.39 respectively, exemplifying optimal clustering 

efficiency. The extremely small difference in the SS among top-performing methods suggests 

that they can also demonstrate similar quality. In contrast, KC set 2 and KC set 4 recorded the 

lowest SS of 0.17 and 0.19 revealing considerable cluster overlap and potential misclassification 

of data points.  

 

 
Figure 4.17: The SS results of each clustering method of Phase 1. 
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Within the specific clustering methods, the top performers were: for non-spatial variants 

- KC set 1 with a score of 0.44, and HC set 1 with a score of 0.42; for spatially constrained - 

HC set 5 with a score of 0.44, and KC set 5 with 0.43 SS score. No significant difference was 

found between KC and its HC variant except in set 2, where HC outperformed the KC method 

significantly. Also, no stable dominance of spatial methods over non-spatial ones has been 

found. 

 

4.5.4. Building performance-based validation 

The performance-based validation focuses on evaluating the distinctiveness of clusters within 

different building archetypes, and performance indicators. This is achieved by calculating the 

overlap in heating and cooling energy needs between clusters for each clustering method within 

each archetype, providing insights into the effectiveness of various clustering methods.  

 Using Python script, 48 overlap graphs for each clustering, building performance 

indicator, and archetype were obtained, visually representing the amount of overlap for different 

clustering methods. For the sake of conserving space, only 4 overlap graphs are depicted in 

Figure 4.18. These graphs once again give an idea of the essence of the proposed CZMI, where 

the average value of cluster overlaps is taken as a quantitative indicator of the quality of the 

clustering results. When analyzing the results of the CZMI, it is important to avoid being misled 

by its values. The index is not a direct percentage of the overlap but rather an adjusted value 

that not only takes the overlap into account but also considers the degree of intra-cluster 

separation. 
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(a) 

 
                                              (b) 

 

 
(c) 

 
                                              (d) 

Figure 4.18: KDE overlap between clusters for KC set 1 based on space heating NA (a), and space cooling NA (b), KC set 2 based on space 

heating NA (c), and space cooling NA (d).   

KC set 1 
Heating NA 

KC set 2 
Heating NA 

KC set 1 
Cooling NA 

KC set 2 
Cooling NA 
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A specialized Python script was developed to calculate the CZMI (Appendix C). The 

computational technique implemented in the script can be outlined as follows: 

• The code initiates by importing a dataset that includes clustering results for each method 

(cluster labels) and energy consumption data. The “calculate_overlap_area” function 

calculates the overlap area between two KDE curves for pairs of cluster labels for 

performance indicators for each archetype. After that, the total KDE for the entire 

performance range is calculated. Overlap percentages are defined as the proportion of 

overlap area and total KDE. At the end of that stage, the mean overlap percentages are 

calculated (Appendix C (a)).  

• Euclidean distances between centroids of each pair of clusters are calculated. These 

distances are normalized within each cluster method so that they can be compared on a 

common scale. The overlap percentages are adjusted using the normalized distances. 

(Appendix C (b)).  

The results of this computational analysis are visually represented through a series of bar 

charts in Figure 4.19, each serving a distinct purpose in elucidating the findings. For both NA 

and SA the range of mean overlap percentage values for each performance indicator is from 

10.90 to 26.13% for heating and from 13.10 to 30.55 % for cooling performance indicator. Also, 

the overlap results are almost identical for NA and SA for the same performance indicators, the 

difference on average does not exceed 2 % for the same clustering results.  

Considering each indicator separately, within space heating (Figure 4.19 (a, c)), HC set 4 

emerged as the most effective method, achieving the lowest mean overlap percentage values 

(11.72% for NA and 10.90% for SA). Conversely, KC set 3 exhibits the highest mean overlap 

values (26.13 and 26.11% for NA and SA respectively), thus signaling less efficacy in 

distinguishing clusters. For space cooling, the method with the lowest mean overlap is KC set 

2 (14.08 for NA and 13.10% for SA). It is also evident that the clustering methods that yield 

optimal outcomes for heating are, as anticipated, the least effective for cooling.  
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(d) 

Fig 4.19: Mean overlap percentage values of Phase 1 clustering results for space heating NA 

(a), space cooling NA (b), space heating SA (c), and space cooling SA (d). 

 

 In the domain of CZMI analysis, the evaluation of clustering methods reveals that HC set 

5 (based on HDD18 (hourly method), CDD18 (hourly method) and LAT with 3 clusters) yielded 

the most favourable results with CZMI of 9.42% (Figure 4.20). The second best option is KC 

set 1 (based on HDD18 (hourly method) only with 3 clusters). Overall, the gradually increasing 

values of the CZMI make a range from 9.42 to 17.07%, with KC set 4 emerging as the worst 

option, exhibiting the highest CZMI (17.07%) among all considered clustering methods, and 

suggesting less distinct classification and higher misclassification.  

 

Figure 4.20: CZMI values of Phase 1 clustering methods. 

  

Space cooling SA 
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 Comparing KC with HC methods, among HC methods, HC set 5 has the lowest CZMI 

(9.42) underscoring its effectiveness in creating well-separated clusters. Among KC methods, 

KC set 1 emerged as the most effective, indicating its ability to minimize overlaps between 

clusters. Overall HC methods have a lower average CZMI (11.95) compared to KC clustering 

(12.82). This suggests that HC on average is generally more effective than KC, also out of the 

four poorest results, three were acquired using KC. 

 It's not possible to claim confidently that spatially constrained techniques always have 

lower misclassification than non-constrained ones. In some instances, non-spatial clustering 

approaches tend to yield lower CZMI values (KC set 1, HC set 3), suggesting a potential 

preference for non-spatial approaches when aiming to minimize CZMI. Additionally, there is a 

substantial variance in outcomes for both approaches. For example, HC set 4 has a relatively 

high CZMI of 15.07, but HC set 5 (also spatially constrained), has the lowest scores of 9.42. It 

seems that the outcome is instead influenced by the number of clusters and particular variables 

in the dataset, rather than the method itself. It is noteworthy that within spatially constrained 

approaches HC consistently outperforms KC in terms of CZMI.  

 The average CZMI values increase with the number of CZs, with 3 zones having the 

lowest average CZMI (9.94), followed by 4 zones (12.83), 5 zones (13.96), and 8 zones (13.82). 

This pattern suggests that a lower number of zones might contribute to achieving lower CZMI 

values, indicating an inverse relationship between the number of zones and CZMI. 

 It is observed that sets employing a single variable exhibit the lowest mean CZMI, 

recorded at 10.11. This suggests that a minimalist approach in variable selection could be 

advantageous in achieving lower CZMI values. For example, sets with just HDD have lower 

CZMI scores (9.62, 10.6) compared to sets that include HDD, CDD, GHI, and Latitude (e.g., 

KC set 6 with CZMI of 15.29). This indicates that an increase in the number of variables may 

not linearly correlate with the optimization of climate zoning classifications. This finding 

implies a nuanced relationship between the number of variables and the resultant CZMI, 

suggesting that a balanced selection of variables, specifically three, may offer a more optimized 

approach toward climate zoning. 

 Visually the overlaps of best and worst methods can be seen in Figure 4.21. The low 

CZMI of these methods suggests a high degree of precision in segregating clusters, implying 

that it can accurately differentiate between various performance indicators prevalent in both 

archetypes. 
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      (a) 

 
       (b) 

 

 
      (c) 

 
       (d) 

Figure 4.21: Overlap graphs of Phase 1 clustering methods with highest (a, b) and lowest (c, d) CZMI. HC set 5 for space heating NA (a), HC set 

5 for space cooling NA (b), KC set 4 for space heating NA (c), and KC set 4 for space cooling NA (d). 
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KC set 4 
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KC set 4 
Cooling NA 
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 4.5.5. Summary of Phase 1 findings 

Phase 1 of the research delves into climate-based CZB. By systematically incorporating 

variables directly tied to energy consumption, such as HDD, CDD, and GHI, and analyzing 

these with and without latitude to gauge the impact of spatial constraints, phase 1 lays the 

groundwork for a comparative evaluation with the subsequent, performance-based methodology 

outlined in Phase 2. Key findings from Phase 1 include: 

• The Elbow technique identified a range for the ONCZ from 3 to 8 for different sets of 

variables. 

• Clustering results demonstrated distinct characteristics between KC and HC methods, 

with KC showing more evenly distributed clusters and HC revealing complex structures 

within the data. 

• Determining the "best" clustering method based on the quality assessment results is 

challenging due to the variation in which different methods excelled across distinct quality 

metrics.  

• Uniqueness favoured KC set 4 and HC set 4, suggesting these methods are particularly 

effective at generating distinct clusters that are easily distinguishable from one another. 

• Compactness was best achieved by HC set 2, KC set 4, and HC set 4 indicating these 

methods excel at creating tightly grouped clusters, where data points within a cluster are 

closely packed together. 

• As a primary statistical clustering quality metric, the SS, which evaluates both cohesion 

within clusters and separation between them, identified KC set 1, HC set 5, KC set 5, HC 

set 1, and HC set 3 configurations as superior, indicating a well-balanced clustering 

structure. 

• The performance-based validation using KDE overlap analysis revealed that HC set 5 and 

KC set 1 yielded the most favourable results with the lowest CZMI under 10% and 3 CZs 

each, indicating a high degree of connection between clusters and energy consumption 

patterns. 

• There is no direct connection between the use of the specific clustering methods and the 

expected quality of the resulting CZB. The proposed CZMI is more clearly correlated with 

the number of clusters in classification, the number of variables used, and the SS. 

• A lower number of zones is advantageous for achieving reduced CZMI values.  

• Typically, the utilization of a single variable or a moderate number of variables, with three 

variables emerging as optimal within the analyzed conditions, significantly influences 
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quality of climate classification both in terms of SS and CZMI outcomes. This suggests 

that a nuanced approach to variable selection is essential for optimizing climate zoning 

classifications.
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Figure 4.22: CZB maps which CZMI not exceeding 10%. HC set 5 (a), and KC set 1 (b). 

 

 

 

(b) 
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4.6. Phase 2 (Performance-based CZB) 

To effectively classify the climate for buildings, it is essential to incorporate the buildings' 

aspect (energy needs) as a fundamental component [1, 3, 14, 56]. The application of BES has 

shown significant potential in optimizing the CZB. It suggests reorienting the focus of CZB 

from climate to performance-based criteria, which is characterized by its simplicity and 

reliability. While previous works often used BES to validate climate-based CZB results [3, 4, 

54], Phase 2 of this research directly incorporates BES data into the classification process.  

 Phase 2 of this research introduces a novel method that utilizes the same traditional and 

spatially constrained clustering techniques (HC, KC, SCKC, and SCKC) as in Phase 1 to 

categorize the climate using building energy performance variables. This method aims to bridge 

the current disparity between CZB and building energy usage in Kazakhstan. In contrast to 

alternative methodologies that use both climatic factors and building performance indicators in 

the classification process, phase 2 of this study employs energy demands data and omits 

traditional climate variables. Phase 2 is intended to address two main research questions. Is it 

more effective to propose a CZB directly utilizing building energy data, while eliminating 

climatic variables? Which classification (clustering) approach produces the most optimal 

outcomes? 

 

4.6.1. The optimal number of climate zones  

Four unique datasets, each including four building performance indicators were formed at the 

initial stage of Phase 2, see Table 4.5. The same sets of variables were used with and without 

LAT to track the influence of the spatial constraint on the ONCZ and classification results. 

 

Table 4.5: Phase 2 datasets and used variables. 

Name Variable 1 Variable 2 Variable 3 Variable 4 Variable 5 

HC 
annual space 
heating NA 

annual space 
cooling NA 

annual space 
heating SA 

annual space 
cooling SA 

 

KC 
annual space 
heating NA 

annual space 
cooling NA 

annual space 
heating SA 

annual space 
cooling SA 

 

SCHC 
annual space 
heating NA 

annual space 
cooling NA 

annual space 
heating SA 

annual space 
cooling SA 

Latitude 

SCKC 
annual space 
heating NA 

annual space 
cooling NA 

annual space 
heating SA 

annual space 
cooling SA 

Latitude 

 

 The Elbow method, unaffected by the spatial factor, demonstrated a decline in the WCSS 

until K=6, reaching a plateau from K=6 to K=9, with a slight subsequent decline. The identified 

ONCZs were 6, 9, and 10 (Figure 4.23 (a, b)). The results indicated that the impact of latitude 
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as a spatially constrained variable on the determination of ONCZ was negligible. However, it 

will be highlighted later that the significance of this variable becomes more pronounced in the 

direct clustering of the climate data. 

 

 
       (a) 

 
       (b) 

Figure 4.23: The ONCZ determination of Phase 2. Elbow graph based on spatially constrained 

data (a) and Elbow graph based on non-spatially constrained data (b). 

  

 Given the limited sample size, opting for a smaller number of ONCZ could simplify the 

clustering procedure and lead to the identification of 6 clusters as the most suitable choice. 

Moreover, like in Phase 1 ONCZ additional clusters, like 9 and 10, might provide greater detail 

in some situations, allowing for more particular adaptations to localized differences in building 

energy efficiency trends. Furthermore, similar to Phase 1, on comparing the results with the 

official CZB map of Kazakhstan, it is evident that the proposed ONCZ differs from the official 

maps. The findings of ONCs are displayed in Table 4.6. 

 

Table 4.6: ONCZs for Phase 2 datasets. 

Name ONCZ 

HC 6 

KC 6 

SCHC 6 

SCKC 6 

 

4.6.2. Clustering results  

Four separate runs (HC, KC, SCHC, and SCKC) were conducted to execute clustering 

techniques, both with and without spatial constraints. After, the scatterplot matrix was created 

to display the results of clustering done on Phase 2 datasets. Figure 4.24 facilitates a thorough 
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analysis of the clustering findings by graphically representing the performance metrics of each 

pair of buildings in a matrix configuration.  

Although the clusters are named differently in various approaches, it is clear that the 

outcomes of HC and KC are comparable. The discrepancy is seen when comparing HC and KC 

methods with their spatially constrained counterparts. To analyze in-depth and visually 

represent the borders and spatial distribution of each CZ, the clustering results were shown using 

ArcGIS Online (Figure 4.25). Both the HC and KC methods produced comparable cluster 

allocations for the furthest northern and southern areas. However, significant differences are 

seen in the center regions of the country, where 8 out of 97 data points showed misclassifications 

between the two techniques (Figure 4.25 (a, b)).  The latitude influence varied among clusters 

in the southern, northern, and central areas of the country. In SCHC and SCKC, similar to HC 

and KC, the geographical component had limited impact on the outcomes in the furthest 

northern and southern areas. The spatial constraint had a notable effect on clusters 0, 1, 2, and 

4 (SCHC) in the central areas, as seen in Figure 4.25 (c, d). Utilizing spatial analysis improved 

the consistency of classifying data points near the CZs borders, ensuring alignment with their 

geographic context. KC showed a smaller change in comparison to HC when latitude was used 

in the clustering procedure.  
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(d) 

Figure 4.24: The CZ clustering scatterplot matrices. HC (a), KC (b), SCHC (c), SCKC (d). 

 



124 
 

 
(a) 
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(c) 

 

 
(d) 

Figure 4.25: Performance-based maps. HC (a), KC (b), SCHC (c), SCKC (d).   
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4.6.3. Clustering Quality Assessment 

This section aims to assess the quality of the clustering results achieved through various 

methods for performance-based climate classification of Phase 2. This evaluation is conducted 

through three key dimensions: Uniqueness, as described in subsection 4.5.3.1, evaluates the 

distinctiveness of each cluster; Compactness, outlined in subsection 4.5.3.2, examines the 

tightness of the clustering; and SS, explored in subsection 4.5.3.3, provides a comprehensive 

measure of both cohesion and separation within the clusters. 

 

4.6.3.1. Uniqueness 

Upon examination, it was found that all clustering approaches of Phase 2 displayed exceptional 

distinctiveness, with spatially constrained methods (SCHC, SCKC) achieving the lowest 

standard deviation values (5.09%). Figure 4.26 displays the uniqueness outcomes of every 

method as % values for each CZ along with mean and standard deviation values. 

 

 

 

Figure 4.26: The uniqueness heatmap of Phase 2 clustering results. 

 

4.6.3.2. Compactness 

The dispersion values produced for each clustering technique are depicted in Figure 4.27, 

providing a deeper understanding of the performance of the various Phase 2 clustering methods. 

Despite the variations observed, it is noteworthy that the results across all methods and CZs are 

relatively close to each other. This proximity in values underscores a certain level of consistency 

and reliability across the clustering methods, although the spatially constrained ones still show 

a slight edge in performance and exhibit the lowest mean and standard deviation values of the 

dispersion. However, the SCHC method's standard deviation ranges from approximately 0.33 
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to 1.21, while the SCKC method shows a similar range from 0.33 to 1.57. In contrast, the HC 

method displays a broader standard deviation range, from about 0.82 to 1.62, and the KC 

method's range is from 0.50 to 1.84, reflecting a higher variability in cluster compactness. It is 

also evident that SCHC and SCKC show a more balanced dispersion between space heating and 

cooling across the CZ. This suggests that SCHC and SCKC lead to more homogenous clusters 

concerning heating and cooling needs. 

 

 
(a) 

 

 
(b) 
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(c) 

 

 
(d) 

Figure 4.27: Heatmap displaying the dispersion summary for all CZ techniques. HC (a), KC 

(b), SCHC (c), SCKC (d) 

 

4.6.3.3. The Silhouette Score 

In assessing the clustering quality across 4 different clustering results of Phase 2, the SS analysis 

utilized four principal features: space cooling NA, space heating NA, space cooling SA, and 

space heating SA. The SS for SCKC clusters is the highest, at approximately 0.49, indicating a 
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relatively better-defined clustering structure. Following closely is SCHC with a score of around 

0.48, suggesting that cooling and heating clustering configurations manifest comparatively 

coherent and separated clusters. The KC and HC configurations show slightly lower scores, 

around 0.46 and 0.45 respectively, implying a less pronounced separation between clusters. 

Notably, the results across all configurations are quite close, highlighting that SCKC and SCHC 

configurations demonstrate slightly better performance in grouping similar entities based on 

space cooling and heating metrics. The SS results are shown in Figure 4.28. 

 

 

Figure 4.28: The SS results of each Phase 2 clustering method. 
 

4.6.4. Overlap calculation 

In addressing the research questions comparing conventional climate-based CZB and 

contemporary performance-based techniques, Phase 2 employs KDE solely for reference 

purposes. It is imperative to note that the principal aim of overlap calculation in Phase 2 is not 

validation but rather the establishment of reference values for subsequent comparative analyses, 

offering a comprehensive evaluation of climate-based versus performance-based clustering 

methods. Comparing the overlap observed in both phases allows for an assessment of whether 

the climate-based approach in Phase 1 creates clusters with similar or potentially less overlap 

compared to the performance-based CZB. With that, it seeks to answer whether proposing a 

CZB directly using building energy consumption data, yields more efficient outcomes compared 

to the conventional approach. 



130 
 

The mean overlap percentages for various energy metrics revealed a range of intersection 

degrees, specifically, overlaps in cooling energy needs showed a range from approximately 

11.55% (KC) up to 17.26% (SCHC) (Figure 4.29 (b, d)). In contrast, the heating energy needs 

exhibited overlaps within a narrower band, from around 9.70% to 13.62% (Figure 4.29 (a, c)), 

suggesting a closer alignment in heating consumption patterns across all clustering methods. 

CZMI are shown in Figure 4.30 and ranged from 8.59% for the KC method to 9.69% for HC, 

making KC the best option from cluster overlapping perspectives, also indicating that, despite 

initial overlaps, clusters are generally well-separated when both energy consumption behaviors 

are considered. As the overlap results are almost identical (difference less than 2%) for NA and 

SA for the same performance indicators, Figure 4.31 shows the overlap graphs of NA to visually 

represent the amount of intersection of all used clustering methods. As expected, all clustering 

approaches exhibit a high degree of intra-cluster separation and a small amount of overlap.  

 

 
          (a) 

 

 
         (b)  

Space heating NA Space cooling NA 
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           (c) 

 
         (d) 

Figure 4.29: Mean overlap percentage values of Phase 2 clustering results for space heating 

NA (a), space cooling NA (b), space heating SA (c), and space cooling SA (d). 

 

 
Figure 4.30: CZMI values of Phase 2 clustering methods.

Space heating SA Space cooling SA 
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(a)  

 
(b)  

 

 
(c)  

 
(d)  

HC Heating NA HC Cooling NA 

KC Heating NA KC Cooling NA 
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(e)  

 
(f)  
 

 
(g)  

 
(h)  

Figure 4.31: Overlap graphs of phase 2 clustering methods. HC for heating NA (a), HC for cooling NA (b), KC for heating NA (c), KC for cooling 

NA (d), SCHC for heating NA (e), SCHC for cooling NA (f), SCKC for heating NA (g), and SCKC for cooling NA (h). 

 

SCHC Heating NA SCHC Cooling NA 

SCKC Heating NA SCKC Cooling NA 
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4.6.5. Summary of Phase 2 findings 

Reliable CZB guarantees that buildings with comparable energy consumption levels are 

classified together within the same climate zone. By focusing on energy needs data only and 

excluding conventional climate variables, phase 2 aimed to establish a direct link between CZ 

and actual building energy usage in Kazakhstan. It underscores the significant potential of a 

performance-based classification approach to CZB, leveraging BES data to achieve a more 

nuanced and practical understanding of CZB. Key findings from this approach are summarized 

as follows: 

• The ONCZ identified through the Elbow method suggested 6 (optionally extending up to 

10) as the preferred number, proposing a more granular CZ pattern compared to existing 

ASHRAE and official local maps, with 4 main CZs. 

• Spatial constraints, particularly latitude, introduced in SCHC and SCKC methods, played 

a minimal role in altering the ONCZ. 

• SCHC and SCKC demonstrated increased clustering quality across three key dimensions: 

uniqueness, compactness, and SS, indicating their effectiveness in creating more coherent 

and distinct clusters. The SCHC and SCKC algorithms had higher cluster compactness 

and cluster separation, as indicated by their high mean values (83.33%). Additionally, 

these algorithms exhibited the lowest standard deviation of uniqueness (5.09%). SCKC 

had the greatest SS of 0.49, and SCHC scored 0.48, following closely. The KC and HC 

showed slightly lower scores, around 0.46 and 0.45 respectively. 

• The spatial aspect showed mixed impacts on various clusters, with no impact in the 

northern and southern areas but substantial influence in the central regions of the country. 

• The KDE overlap analysis, serves as an additional quantitative measure. All CZMI values 

were under 10% (ranging from 8.59% to 9.69%), illustrating well-separated clusters. The 

KC method performs the best in terms of minimizing overlaps. 
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4.7. Comparative analysis and synthesis 

The comparative analysis part of this study conducts a thorough assessment and comparison of 

the findings from two separate phases, each emphasizing a distinct approach to the construction 

of CZB. The analysis commences by contrasting the climate-based methodology employed in 

Phase 1 with the performance-based approach presented in Phase 2. This two-step approach has 

been devised to comprehensively evaluate and compare the effectiveness of these different 

approaches in producing CZB, to determine the most efficient method for CZB generation. It 

also examines whether using building energy consumption data directly for CZB creation is a 

more efficient alternative to existing approaches that depend on climate variables. 

The comparative analysis also includes a careful evaluation of the current conditions of 

the local official CZ map, to assess how well it aligns with the research findings and identify 

the possible amount of misclassification. This qualitative analysis is crucial for finding any 

inconsistencies in the traditional CZB of Kazakhstan that could guide future changes. 

 

4.7.1. Evaluation of discrepancies and misclassifications 

The evaluation of discrepancies and misclassifications is segmented into two key subsections 

using the proposed misclassification metrics: Mean Overlap Percentages and CZMI (4.6.1.1), 

and Adjusted Rand Index (4.6.1.2). 

 

4.7.1.1. Mean Overlap Percentages and CZMI 

Calculating the mean overlap percentages based on heating energy needs (Figure 4.32 (a, c)), 

the performance-based clustering methods generally show lower overlaps, implying they are 

more accurate in classifying CZs for heating needs compared to climate-based methods. The 

SCHC method consistently appears among the lower overlap percentages (9.70-9.91%), which 

suggests it has a smaller misclassification rate for heating. However, results similar to 

performance-based methods can also be demonstrated by some climate-based methods (HC set 

4). Considering cooling energy needs overlapping (Figure 4.32 (b, d)) similarly shows that 

performance-based clustering methods (SCHC, HC, SCKC, KC) result in lower percentages 

(11.55-17.26%), indicating better classification for cooling needs. SCHC and HC methods in 

particular seem to demonstrate better performance for cooling, with lower rates (11.55-12.32% 

and 13.81-14.77% respectively) of misclassification compared to the other methods. Among 

climate-based methods, the best performance was shown by KC set 2 and HC set 3 (13.10-

14.08% and 14.77-15.47% respectively). 
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 Official CZB map of Kazakhstan and ASHRAE map, have a broader range of 

performance (26.84-43.59%) typically placed on the higher end of the overlap percentage scale, 

indicating more significant misclassification rates for heating applications. However, for 

heating the ASHRAE map has an overlap of 26.84-28.12%, lower than the official CZB map of 

Kazakhstan. Among all explored methods, the official CZB map and the ASHRAE map indicate 

a higher overlap percentage, showing their poor reliability and performance-based classification 

accuracy.  

 For both heating and cooling, the results suggest that performance-based clustering 

methods offer a more precise classification of CZB, which is critical for optimizing energy use 

and system design. These methods present consistent and high-quality results with a minimal 

spread. However, it is important to mention that specific climate-based approaches exhibit 

similarly low overlaps, matching the effectiveness of performance-based clustering. 

 

 
         (a) 

 

 
               (b) 
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            (c) 

 
             (d) 

Figure 4.32: Mean overlap percentage values of all used clustering methods for space heating 

NA (a), space cooling NA (b), space heating SA (c), and space cooling SA (d). 

  

After a thorough analysis of the CZMI for all involved CZB methods, it is clear that the 

performance-based classification approaches, specifically represented by KC and SCHC, 

consistently achieve higher accuracy with the lowest CZMI percentages (8.59% and 9.11% 

respectively), indicating a reduced percentage of misclassification. Figure 4.33 represents the 

CZMI values of all clustering methods, with traditional CZB maps marked green, climate-based 

classification methods in gray, and performance-based methods marked red. It is important to 

mention that specific climate-based approaches (HC set 5 and KC set 1) exhibit similar overlap 

outcomes (9.42% and 9.62% respectively) as performance-based methods, matching their 

effectiveness.  
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 This finding suggests that climate-based classification, when tailored to specific regional 

climates, can serve as a viable alternative to performance-based methods, achieving comparable 

levels of accuracy. Given its more straightforward implementation (requiring only a set of 

climatic variables), this approach can deliver high-quality outcomes. Emphasizing the range of 

results generated by both methods is crucial. Although performance-based methods consistently 

produce outputs of high quality, the results obtained from climate-based methods can vary 

significantly. As a result, the probability of inaccuracy in climatic approaches is considerably 

higher. However, careful selection of variables (focusing on those most closely linked to 

building energy consumption) and the determination of an optimal number of climate zones are 

critical for error minimization in climate-based CZB. Suggestions here are to employ a concise 

dataset and a moderate number of zones. Preference to climate-based methods over 

performance-based alternatives should be given in conditions where the demands for final 

classification quality are moderate. 

 Traditional approaches such as the ASHRAE and official local CZB maps are notably 

ineffective, resulting in the highest CZMI percentages and hence, the most significant 

misclassification. Also, in this study, no significant evidence was obtained to support the 

superiority of spatially constrained methods over non-spatially constrained methods in overlap 

percentage reduction. Figure 4.34 shows the overlap graphs of the best-performed method (b, 

d) in comparison with the official local CZB (a, c). The proposed method has, in comparison 

with the official one, much smaller overlaps between climatic zones and more distinct CZ 

separation.
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Figure 4.33: CZMI values of all used clustering methods. 
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       (a)  

 

 
    (b)  

 
        (c)  

 
     (d)  

Figure 4.34: Overlap graphs of the local official CZB map with 7 zones based on heating NA (a), KC method based on heating NA (b), the local 

official CZB map with 7 zones based on space cooling NA (b), and KC method based on cooling NA (d).

Official CZB map  
7 climate zones 

Heatng NA 

Official CZB map  
7 climate zones 

Cooling NA 

KC 
6 climate zones 
Heatng NA 

KC 
6 climate zones 
Cooling NA 
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 Based on the comparison of CZMI for KC and HC in Figure 4.35 it can be seen that none 

of the methods consistently exhibits better outcomes. However, while KC works better for 

performance-based clustering, HC performs with much smaller CZMI for climate-based 

clustering. Some datasets exhibit substantial improvements in overlap percentages for HC, 

while others show only marginal differences between the two methods. The degree of 

improvement varies across different datasets and can reach around 30% of the difference (KC 

set 3 and HC set 3).   

 

 

Figure 4.35: Comparison of CZMI between KC and HC methods. 

 

 Upon a side-by-side comparison of CZMI percentages in Figure 4.36 between traditional 

and spatially constrained methods, some instances are seen where the traditional method (blue) 

has a lower CZMI than the spatially constrained method (green), indicating a lower 

misclassification. This suggests that in some cases the non-spatial method outperforms the 

spatial method, and there is no uniform superiority of one method over the other, which is 

contrary to the typical expectation that spatial constraints improve clustering performance. 
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Figure 4.36: Comparison of CZMI between non-spatially and spatially constrained clustering 

methods. 

 

4.7.1.2. The Adjusted Rand Index 

The main purpose of employing the ARI in this context is to quantitatively evaluate the extent 

to which traditional CZB methods diverge from the best-performing proposed CZB methods. 

ARI values have been calculated for traditional classification methods compared with the best-

recognized methods. This computational analysis was conducted using Pythons 

“sklearn.metrics” library (Appendix D).  

 The ARI scores can range from -1 to 1, with negative scores indicating disagreement, 

while positive scores show agreement. 

 The Local official CZB methods, with 4 and 7 CZs, yield moderate ARI values when 

compared with more sophisticated clustering algorithms, showing a modest congruence (Figure 

4.37). Specifically, the local official CZB with 4 zones and local official CZB with 7 zones 

manifest ARIs that predominantly hover around the 0.30 mark in contrast to best-proposed 

methods, denoting that while there is some commonality in clustering outcomes, significant 

divergences in the identification of CZs persist. It is within this context that the ASHRAE CZB 

method emerges as a traditional technique with unexpectedly potent scores to its contemporary 

counterparts. Its ARI values—particularly 0.75 with KC set 1 and 0.73 with HC set 5 — 

revealed a connection, suggesting that the foundational principles of the ASHRAE map may 

capture essential CZ characteristics resonant with those deduced by more complex, data-driven 

approaches. This revelatory insight underscores the method's relevance and its potential to 
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remain a core concept in climate zoning analysis, bridging the gap between historical 

consistency and modern precision. 

 Furthermore, when delving into the best-recognized methods, the inter-comparisons 

reveal a compelling narrative of consistency of all performance-based methods (SCHC, HC, 

SCKC, and KC). However, these methods demonstrate significant differences in classification 

(ARI ranging from 0.40 to 0.43) against KC set 1 and HC set 5. The disparities in ARI values 

between SCHC, HC, SCKC, KC, and KC set 1, HC set 5 might be mostly attributed to the 

differing number of clusters among these methods. While all these methods are recognized for 

their quality clustering capabilities, their comparison reveals nuances in how each method 

approaches the data segmentation task. 

 

Figure 4.37: ARI matrix for all clustering methods. 
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This leads to the hypothesis that a clustering technique with a higher number of clusters 

and comparatively less intra-cluster overlaps is inherently a "better" choice. A higher number 

of clusters can provide more detailed data segmentation, potentially capturing subtler 

distinctions within the dataset. With that in mind, all performance-based (SCHC, HC, SCKC, 

and KC) methods should be considered the best for CZB classification in Kazakhstan. However, 

the optimality of a clustering result depends on the specific goals of classification, including the 

desired granularity of segmentation and the interpretability of the results. In contexts where a 

broader overview is preferred, or where the focus is on larger, more generalized patterns, a 

method producing fewer clusters might be considered more effective. The key lies in aligning 

the clustering approach with the analytical objectives and the inherent characteristics of the data. 

The clustering results of the best-performing method (KC) were subjected to spatial 

interpolation within the ArcGIS Online software platform (Figure 4.38) to mark the transition 

from point data display to regional designations. The map presents a discernible north-south 

oriented pattern of CZB. In the northern area, there is a large climate zone 1, with a mean energy 

need of NA 96.7 kWh/m², and a range extending from 85.3 to 108.4 kWh/m², indicating a high 

demand for heating energy. For cooling in zone 1, NA buildings have a mean of 24.2 kWh/m², 

with a range of 12.1 kWh/m². The center of the country has a mix of narrow climatic zones (5, 

0, and 3), extended along latitude. Southern regions have bigger and more uniform CZs 2 and 

4, where in zone 4 NA exhibits the lowest heating demands among the zones, with a mean 

requirement of 34.9 kWh/m², while SA has a slightly higher mean heating demand of 43.3 

kWh/m². However, both NA and SA buildings in Zone 4 display the highest cooling needs 

within their respective categories, with means of 59.0 kWh/m² and 65.3 kWh/m², respectively. 

Table 4.7 provides detailed information on the energy requirements for heating and cooling in 

different CZs. 
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Figure 4.38: Final CZB maps of Kazakhstan based on the best-performed proposed methods. 
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Table 4.7: The mean values and range of heating and cooling energy consumption for each building type in the most effective KC approach. 
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4.8. Chapter Summary 

This chapter delves into the comprehensive analysis of building performance simulations and 

energy performance spatial patterns in Kazakhstan. It investigates the significance of various 

variables for climate classification and examines two distinct phases of CZB. Phase 1 focuses 

on climate-based classification, validating results through building performance analysis, while 

Phase 2 shifts to performance-based classification, utilizing overlap analysis for deeper insights. 

A comparative analysis and synthesis of the findings highlight discrepancies and 

misclassifications, offering valuable insights into the effectiveness of different classification 

methodologies in optimizing CZB in Kazakhstan. The main findings from the chapter are listed 

below: 

• The most buildings' energy-dependent climate variables for Kazakhstan are HDDs, 

CDDs, LAT, annual average DBT, and annual average GHI. 

• The optimal number of CZ for Kazakhstan is 3 (in climate-based classification (KC set 1 

and HC set 5)) and 6 (based on performance-based classification ((SCKC, KC)). 

• Performance-based classification approaches, notably KC and SCHC, achieve higher 

accuracy with the lowest CZMI percentages (8.59% and 9.11% respectively), indicating 

reduced misclassification compared to all other methods and traditional CZB maps.  

• Specific climate-based approaches (HC set 5 and KC set 1) show similarly low overlaps 

(9.42% and 9.62% respectively), matching the effectiveness of performance-based 

clustering. 

• Although KC is more effective for performance-based clustering, HC exhibits much lower 

CZMI for climate-based clustering. Certain datasets provide significant enhancements in 

overlap percentages using HC, but others display very minimal disparities between the 

two techniques. The extent of enhancement varies across various datasets and can reach 

around 30% of the disparity (KC set 3 and HC set 3).   

• The dataset and number of CZs influence the performance of specific clustering methods. 

Overall, increasing the number of variables in a data set and growing the number of 

clusters leads to decreased performance and higher CZMI values 

• No significant evidence supports the superiority of spatially constrained methods over 

non-spatially constrained methods in reducing overlap percentage. Some instances show 

non-spatial methods with lower CZMI than spatially constrained methods, contrary to the 

typical expectation that spatial constraints improve clustering performance. 
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• The Local official CZB methods, with 4 and 7 CZs, yield moderate ARI values compared 

to the best-proposed methods, indicating little agreement. The ARIs for the Local official 

CZB (4 zones) and Local official CZB (7 zones) are primarily around 0.30, far departing 

from the best-proposed methods, suggesting notable differences in CZ identification and 

their connection with building energy performance. 
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Chapter 5: Conclusions 

This thesis tackled the challenges presented in Chapter 1 by providing a framework for the 

development of building performance-based climate maps of Kazakhstan. This chapter 

addresses the conclusions, limitations, and future research recommendations. 

 

5.1. Conclusions 

This thesis proposed a novel building energy performance-based CZB map of Kazakhstan, 

which included a few steps:  

• Typical building archetypes selection, where SFB was revealed as the predominant 

residential archetype in Kazakhstan with a noteworthy majority (71.8%) falling within the 

range of two to four rooms and an area of 52 to 95 m2.  R-values for external walls range 

from 3.20 for northern regions to 2.40 m²K/W for southern regions, while roofs R-value 

vary from 4.00 to 2.40 m²K/W. The process ensured that the proposed CZB was highly 

targeted and effective for the majority of the building. 

• Selection of building performance indicators and performing simulations, as a result of 

which annual space heating (kWh/m2) and annual space cooling (kWh/m2) needs were 

chosen as the two primary energy performance components. The selection of performance 

indicators was influenced by the juxtaposing cold and warm seasons in Kazakhstan, which 

result in significant heating and cooling needs that affect the total yearly energy usage of 

buildings. 

• Acquiring and analyzing data to discern spatial patterns in energy consumption levels 

among the dominant building types in Kazakhstan revealed that the annual total energy 

needs range from 140.5 to 174.2 kWh/m2. The average annual total energy needs for NA 

are 125.3 kWh/m2, whereas SA has a slightly higher average of 143.4 kWh/m2. The 

regional climate is primarily characterized by a higher demand for heating, with heating 

needs representing around 60% of the overall energy usage. In general, the energy 

consumption pattern throughout the country is strongly linked to changes in latitude. 

• Identifying the climate variables exerting the most substantial influence on building 

energy consumption within the Kazakh context using correlation analysis, random forest 

regression, gradient boosting, and extreme gradient boosting techniques revealed that 

HDDs, CDDs, LAT, annual average DBT, annual average GHI emerged as consistently 

impactful variables. In total, 47 variables were analyzed. 
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• Proposing CZ for local building archetypes by using multivariate cluster analysis ended 

up proposing 16 climate maps (12 climate-based and 4 performance-based), with a range 

of CZs (established by the Elbow method) from 3 to 8. To find the best CZB solution 

among 16 proposed maps the clustering quality assessment and verification were 

implemented. The main conclusions are: 

• Cluster quality assessment in terms of uniqueness, dispersion indicators, and SS showed 

that determining the "best" clustering method is challenging due to the variation in which 

different methods excelled across distinct quality metrics. For climate-based maps, 

uniqueness favored KC set 2, HC set 2, KC set 4, and HC set 4. Compactness was best 

achieved by HC set 2, KC set 4, and HC set 4. The SS, which evaluates both cohesion 

within clusters and separation between them, identified KC set 5, HC set 5, KC set 5, and 

HC set 5 as superior, indicating a well-balanced clustering structure. For performance-

based methods, SCHC and SCKC demonstrated increased clustering quality across three 

key dimensions: uniqueness, compactness, and SS, indicating their effectiveness in 

creating more coherent and distinct clusters. However, the results of SS across all 

configurations are quite close, highlighting that SCKC and SCHC configurations 

demonstrate insignificantly better performance.  

• Accessing the accuracy and reliability of maps novel CZMI, which calculates the mean 

overlap percentages of KDE based on performance indicators was proposed. It showed 

that performance-based classification approaches, notably KC and SCHC, achieve higher 

accuracy with the lowest CZMI percentages (8.59% and 9.11% respectively), indicating 

reduced misclassification compared to all other methods. However, some climate-based 

approaches (HC set 5 (based on HDD18 (hourly method), CDD18 (hourly method), and 

LAT with 3 clusters) and KC set 1 (based on HDD18 (hourly method) with 3 

clusters) show similarly low overlaps (9.42% and 9.62% respectively), matching the 

effectiveness of performance-based clustering. 

• Climate-based classification, customized for specific regions, can match the accuracy of 

performance-based methods. 

• For climate-based classification, a lower number of CZs is advantageous for achieving 

reduced CZMI values. Also the utilization of a single variable or a moderate number of 

variables, with three variables emerging as optimal within the analyzed conditions, 

significantly influences CZMI outcomes. This suggests a nuanced approach to variable 

selection is essential for optimizing climate zoning classifications. 
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• While performance methods are consistently accurate, climate-based results can greatly 

vary, raising the risk of errors. 

• No significant evidence supports the superiority of spatially constrained methods over 

non-spatially constrained methods in reducing CZMI. Some instances show non-spatial 

methods with lower CZMI than spatially constrained methods, contrary to the typical 

expectation that spatial constraints improve clustering performance. 

• The official CZB map showed the worst results of CZMI achieving the highest corrected 

CZMI percentage (20.24% and 22.14% respectively) among all methods. However, the 

ASHRAE map has a slightly higher accuracy (17.27%). 

• As the final result, the KC CZB map was chosen as the best option, with the optimal 

number of CZ of 6. 

Following the detailed steps undertaken for the development of the new CZB map, its 

effectiveness in refining Kazakhstan's existing standards and its possible practical applicability 

for policymakers and industry professionals should be examined. The existing CZB maps, 

although foundational, have shown limitations in accurately reflecting the diverse climatic 

impacts on building energy consumption across different regions. The new map, developed 

through advanced spatial analysis and multivariate clustering techniques, offers a more granular 

and accurate representation of climate zones, tailored to enhance energy efficiency standards. 

This refined zoning not only addresses the previous inaccuracies but also provides a tool with 

the potential to significantly influence policy and industry practices. 

For policymakers, the updated map delivers a robust framework to guide the development 

of regional energy regulations and building codes that are better aligned with the specific 

climatic characteristics and building energy needs of each zone. By adopting this map, 

policymakers can enforce more precise standards that encourage sustainable building practices 

and enhance energy conservation measures, ultimately leading to reduced energy costs and 

lower carbon emissions. For the industry, particularly in the realms of architecture, construction, 

and urban planning, the new map serves as a critical reference that can inform smarter decisions 

regarding building design, material selection, and HVAC system implementation, tailored to 

the unique demands of Kazakhstan's varied climates. The introduction of this map promises to 

bridge the gap between theoretical zoning and practical, actionable insights that can drive 

energy efficiency in building practices across the nation. 
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5.2. Limitations of the current research 

Although significant progress has been achieved in this study, it is crucial to recognize certain 

limitations that might affect the applicability and strength of the results. The findings may have 

limited application and generalizability due to the relatively small climatic data sample size and 

the special emphasis on a single case study in Kazakhstan. Future research should aim to 

increase the sample size in order to confirm the effectiveness of the suggested technique in more 

detail. Furthermore, the exclusion of severe weather occurrences in energy simulations as a 

result of using Typical Meteorological Year (TMY) data is a constraint. The research primarily 

aims to develop a CZB method that improves the energy consumption patterns of buildings. In 

the future, the method could be expanded to include considerations for extreme weather 

conditions, making it more comprehensive and applicable. In addition, the dependence on 

energy simulations that utilize historical weather data may fail to include the dynamic 

characteristics of climate change and its possible impacts on the future energy efficiency of 

buildings. This constraint emphasizes the importance of being careful when extending 

conclusions to future climate scenarios since they cannot completely encompass the whole 

spectrum of possible climatic fluctuations and extremes. In addition, this work uses a simple 

limitation based on latitude to evaluate the impact of spatial phenomena on CZB. Future studies 

might explore advanced spatial analysis methods such as Spatial Autocorrelation, SKATER, 

and DBSCAN to gain a deeper understanding of spatial patterns and interrelationships within 

CZB. Another constraint arises from the possibility of biases being created due to the choice of 

a solitary building archetype and the underlying assumptions that govern its portrayal. The 

validity of the findings relies on the accuracy and representativeness of a broader group of 

archetypes. 

 

5.3. Recommendations for Future Research 

Although the proposed method for CZB offers improvements in methodology, other potential 

areas require more investigation and development. The aforementioned research directions have 

the potential to improve and refine CZ classification approaches: 

• Future work could focus on validating the CZB with a diverse set of buildings to refine 

its accuracy and enhance its generalizability. This would not only corroborate the initial 

findings but also enable the development of tailored energy-efficiency strategies across 

the broader architectural spectrum, thereby reinforcing the utility of climate zoning as a 

pivotal tool in sustainable building practices. 
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• The present study focuses on a particular geographic area, and extending the suggested 

approach to a broader or worldwide scope might be a promising direction for future 

studies. Creating an accurate and universally applicable classification system would 

increase its usefulness for international building design, energy policy creation, and 

comparative analysis.  

• Exploring the potential integration of advanced machine learning techniques and data 

analytics methods could unlock new perspectives for CZB research, facilitating more 

sophisticated pattern recognition and classification algorithms. This could lead to more 

accurate and adaptive CZB frameworks capable of capturing complex interactions 

between climate, building characteristics, and energy consumption data. 

• The proposed method relies on building performance indicators and meteorological data 

as its main inputs. To improve the accuracy of classification and obtain a more 

comprehensive understanding of the impact of energy consumption patterns and climate 

on buildings, future research could investigate the incorporation of supplementary data 

sources, such as socio-economic data, land use patterns, and urban morphology. 

• The efficacy of the suggested approach in capturing long-term performance patterns and 

its adaptation to future climate scenarios should be investigated, considering its inclusion 

in building energy simulations. To achieve this, future weather files (F-TMY), generated 

based on regional climate models (RCMs) or global climate models (GCMs) that provide 

future climate data based on different Representative Concentration Pathways (RCPs), 

could be integrated into the CZB process [200, 201]. This approach would allow for the 

evaluation of the long-term efficacy and resilience of the proposed CZB framework under 

anticipated climatic shifts. Furthermore, the integration of future weather files into CZB 

analysis would facilitate the development of dynamic climate zoning maps that can adapt 

over time, reflecting the evolving nature of climate impacts on building energy 

performance. This dynamic modeling would be critical in ensuring that building codes 

and energy efficiency strategies remain relevant and effective as the climate continues to 

change. 

• It is essential to comprehend the usability and user satisfaction of the proposed approach 

in order to effectively apply it. Additional research might involve user-centric evaluations, 

such as questionnaires, interviews, and usability testing, to get input from architects, 

engineers, policymakers, and other parties. This feedback can offer valuable perspectives 
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and enhance the continuous improvement of the system, guaranteeing its usefulness and 

applicability in real-life scenarios. 
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Appendices 

Appendix A  

The Python script for the EnergyPlus verification procedure 
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Appendix B 

The Python script for the clustering procedure 
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Appendix C 

Python script for CZMI calculations. Mean overlap percentages calculation (a), intra-

cluster distance corrected CZMI calculations (b) 

 

(a) 
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(b) 
  



173 
 

Appendix D 

Python script for ARI calculation. 
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