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Abstract

District heating networks are commonly addressed in the literature as one of the most effective solutions for decreasing the 
greenhouse gas emissions from the building sector. These systems require high investments which are returned through the heat
sales. Due to the changed climate conditions and building renovation policies, heat demand in the future could decrease, 
prolonging the investment return period. 
The main scope of this paper is to assess the feasibility of using the heat demand – outdoor temperature function for heat demand 
forecast. The district of Alvalade, located in Lisbon (Portugal), was used as a case study. The district is consisted of 665 
buildings that vary in both construction period and typology. Three weather scenarios (low, medium, high) and three district 
renovation scenarios were developed (shallow, intermediate, deep). To estimate the error, obtained heat demand values were 
compared with results from a dynamic heat demand model, previously developed and validated by the authors.
The results showed that when only weather change is considered, the margin of error could be acceptable for some applications
(the error in annual demand was lower than 20% for all weather scenarios considered). However, after introducing renovation 
scenarios, the error value increased up to 59.5% (depending on the weather and renovation scenarios combination considered). 
The value of slope coefficient increased on average within the range of 3.8% up to 8% per decade, that corresponds to the 
decrease in the number of heating hours of 22-139h during the heating season (depending on the combination of weather and 
renovation scenarios considered). On the other hand, function intercept increased for 7.8-12.7% per decade (depending on the 
coupled scenarios). The values suggested could be used to modify the function parameters for the scenarios considered, and 
improve the accuracy of heat demand estimations.
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Abstract

The relation between heat demand and outdoor temperature (heat power signature) is a typical feature used to diagnose abnormal 
heat demand. Prior work is mainly based on setting thresholds, either statistically or manually, in order to identify outliers in the 
power signature. However, setting the correct threshold is a difficult task since heat demand is unique for each building. Too 
loose thresholds may allow outliers to go unspotted, while too tight thresholds can cause too many false alarms. 
Moreover, just the number of outliers does not reflect the dispersion level in the power signature. However, high dispersion is 
often caused by fault or configuration problems and should be considered while modeling abnormal heat demand. 
In this work, we present a novel method for ranking substations by measuring both dispersion and outliers in the power signature. 
We use robust regression to estimate a linear regression model. Observations that fall outside of the threshold in this model are 
considered outliers. Dispersion is measured using coefficient of determination R2, which is a statistical measure of how close the 
data are to the fitted regression line.
Our method first produces two different lists by ranking substations using number of outliers and dispersion separately. Then, we 
merge the two lists into one using the Borda Count method. Substations appearing on the top of the list should indicate higher 
abnormality in heat demand compared to the ones on the bottom. We have applied our model on data from substations connected 
to two district heating networks in the south of Sweden. Three different approaches i.e. outlier-based, dispersion-based and 
aggregated methods are compared against the rankings based on return temperatures. The results show that our method 
significantly outperforms the state-of-the-art outlier-based method.
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1. Introduction

Decreasing distribution temperatures is one of the most important steps to increase efficiency in district heating 
(DH) systems and plays vital role for the integration of 100% renewable energy supply [1]. Current distribution 
setups have high supply and return temperatures which lead to large heat losses in the network and inefficient use of 
heat sources.

One of the factors contributing to this situation is abnormal heat demand caused by faults in customer heating 
systems and substations [2 - 4]. In many cases, such problems do not directly cause noticeable decrease in customer 
comfort; however, they influence the performance of the network as a whole, leading to higher return temperatures 
and flow rates. Low temperatures in district heating can only be achieved if such abnormal demands are detected and 
eliminated.

Heat power signature models estimate the heat consumption of a building as a function of external climate data. 
They are typically presented as plots of total heat demand versus ambient temperature, showcasing the unique 
characteristics of each building (both physical and related to the behavior of the occupants). Many previous studies 
have been analyzing heat power signatures to diagnose abnormal heat demand.

Most methods are based on detecting outliers in the power signature by, either manually or statistically, setting a 
threshold on the power signature. However, setting a correct one is not always possible, since loose thresholds often 
allow outliers to go undetected, while too tight thresholds tend to cause too many false alarms [3, 5].

On the other hand, outliers are not the only symptom for abnormality in the power signature. High dispersion is 
also an indication of a problem such as faults or poor control [4], therefore must be taken into account. Existing
methods that are based on counting outliers are not able to take dispersion into account. Combining both types of 
indicators requires a new approach.

In this work, we propose a novel method for ranking buildings by measuring both dispersion and outliers in their 
heat power signature and present large-scale analysis of district heating customers. Our method first produces two 
different lists by ranking substations using number of outliers and dispersion separately. Then, we merge the two 
lists into one using the Borda Count method.

Three different approaches, i.e., outlier-based, dispersion-based, and aggregated are evaluated against average and 
maximum return temperatures measured all the buildings in five different categories connected to two district 
heating networks in south of Sweden.

Based on those results, we conclude that outliers alone are not enough to identify abnormal heat demand in the 
buildings. The importance of also considering dispersion is clearly visible in analyzing high temperatures. The state-
of-the-art outlier-based approach does not perform well alone for ranking abnormal buildings and it is significantly 
outperformed by dispersion-based and aggregated methods.

2. Related Work

The energy signature (ES) is a well-known method for the analysis of building energy consumption. It has been 
widely used for characterizing energy or heat demand behaviors of buildings in various studies.

[6] used ES methods for weather correction which aims to normalize energy consumption so that it becomes the 
representative of a building’s expected long-term performance. In [7], a similar approach is applied to the entire DH 
network. Single heat power signature per year was plotted from heat load measurements of all the buildings 
connected to the network in order to compare different heat seasons.

ES based methods have also been applied for the estimation of the amount of heat losses due to transmission and 
ventilation by quantifying the buildings' total heat loss coefficient [8 - 14]. In addition, they have been investigated 
to correctly estimate balance temperature in order to separate demand from space heating and domestic hot water 
[15].   

ES methods provide useful information on buildings' energy performance in DH systems by analyzing correlation 
between the average heating power and outdoor temperature. Therefore, they have also been analyzed for the 
detection of anomalies or deviations in heat demand behaviors [4, 16]. Those approaches commonly implement 
outlier detection methods based on thresholding strategies to estimate errors in the energy signatures [3, 17-20].
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(a) Abnormal Building: Ta = 45ºC, Tm = 77ºC    (b) Abnormal Building: Ta = 57 ºC, Tm = 72 ºC     (c) Normal Building: Ta = 27 ºC, Tm = 30 ºC

Figure 1: Thresholds based on standard deviation of the residuals.

     (a) Abnormal Building: Ta = 45ºC, Tm = 77ºC     (b) Abnormal Building: Ta = 57 ºC, Tm = 72 ºC (c) Normal Building: Ta = 27 ºC, Tm = 30 ºC

Figure 2: Thresholds based on median absolute deviation of the residuals.

However, defining the correct threshold is a difficult task. Identifying thresholds manually requires extensive 
human effort and domain knowledge. It is extremely time-consuming considering the number of buildings in a DH 
network. On the other hand, automatic determination of thresholds using statistical models is also very challenging 
since it requires finding an optimum strategy which will maximize the outlier detection performance while limiting 
false alarms. We demonstrate the difficulty of this task in Figure 1 and 2 by comparing two commonly used 
statistical thresholding strategies.

Those strategies are applied to the power signatures of three buildings estimated by linear regression. Two of the 
buildings are selected as abnormal examples whose return temperatures are high, and one is normal having low 
return temperature measurements. In Figure 1, thresholds are defined based on standard deviation (𝜎𝜎𝜎𝜎 ) of the 
residuals. The wider and the tighter thresholds respectively correspond to 3𝜎𝜎𝜎𝜎 and  2𝜎𝜎𝜎𝜎 above and below the 
regression line. The second strategy applies modified z-scores [21] which are computed using median absolute 
deviation of the residuals. The threshold is set so that modified z-scores do not exceed 3.5 for the wider case, and 
not exceed 2.5 for the tighter threshold.

The wider thresholds in both cases are able to identify outliers in the first abnormal buildings, but they fail 
detecting the second building showing high dispersion. Tighter thresholds are instead able to detect outliers in both 
the anomalous building; however, they also mistakenly mark some of the data in normal building as outliers, which 
leads to a high false alarm rate.

3. Method

In our approach, we rank buildings by measuring the “degree of abnormality” on heat power signatures with 
three different methods, i.e., outlier-based, dispersion-based and aggregated ranking. Power signatures of the 
buildings are estimated using robust regression in order to eliminate the influence of the outliers on model 
estimation.
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3.1. Robust Regression

Ordinary Least Squares (OLS), a typical approach used to estimate energy signatures, is highly sensitive to 
outliers. Since parameter estimation is based on the minimization of squared error, even the presence of few outliers 
can have distorting influence and makes results of regression analysis including confidence intervals, prediction 
intervals, R2 values, t-statistics, p-values, etc. unreliable [21].

Robust regression methods try to overcome those issues by providing robust estimates when outliers are present 
in the data. In our work, we apply Random Sample Consensus (RANSAC) algorithm [22] to do robust estimation of 
model parameters of power signatures in the presence of outliers. RANSAC is an iterative approach which fits the 
regression line to subsets of data until the model with most inliers and the smallest residuals on the inliers is chosen. 
The process continues unless either user-defined fixed number of iterations or threshold for the minimum number of 
samples that would be accepted as inliers to generate a final model is reached.

RANSAC has been shown to be a very robust approach for parameter estimation, i.e., it can estimate the 
parameters with a high degree of accuracy even when a significant number of outliers are present in the data set 
[23].  However, there are several drawbacks that should be taken into account while applying this approach. For 
example, we do not have prior knowledge on the ratio of outliers in power signature for every building in our data 
set. Therefore, setting stopping criterion such as maximum number of iterations or inliers is not trivial. In our case, 
we set the ratio of outliers to 20% when fitting the regression line since having false positives does not wildly affect 
parameter estimation. We estimate the regression line and residuals with this method. However, we employed a 
different approach to compute the final number of outliers in order to avoid high number of false alarms produced 
by RANSAC and also computed R2 measures removing those outliers.

In order to demonstrate the benefits of using robust models in this problem, we conducted an experiment 
comparing goodness-of-fit of each power signature estimated by traditional OLS and RANSAC method.

First, OLS and RANSAC methods are separately fitted to each power signature. Then, we measure R2 scores of 
all the models estimated by OLS and RANSAC. In order to avoid influence of outliers, R2 scores are computed on 
observations excluding outliers determined by both OLS and the RANSAC. We use a statistical threshold on 
residuals to detect outliers which is explained in section 3.2 explicitly.

According to R2 results, RANSAC method has better goodness-of-fit score on 61% of the all power signatures. 
We also conduct Student's t-test [24] to conclude whether R2 scores are significantly lower in the models estimated 
by OLS in comparison to RANSAC algorithm.

The null hypothesis is H0: 𝜇𝜇𝜇𝜇1 −  𝜇𝜇𝜇𝜇2 ≥ 0, alternative hypothesis is Ha: 𝜇𝜇𝜇𝜇1 −  𝜇𝜇𝜇𝜇2 < 0 and significance level is 
𝛼𝛼𝛼𝛼 =  0.05. The t-statistics of single-tailed test is 𝑇𝑇𝑇𝑇 =  −2.349835 and 𝑝𝑝𝑝𝑝 =  0.00944. The p-value (0.00944) is 
lower than significance level (0.05). Therefore, at 5% level of significance, the test provides sufficient evidence that 
the power signatures estimated by OLS have lower goodness-of-fit than the ones estimated by RANSAC algorithm.

Furthermore, we demonstrate that the estimation of power signatures between those two methods differs 
significantly for a large portion of substations. Figure 3 shows an example substation where the two methods result 
in significantly different models. Crucially, in our dataset, there are 250 more buildings that have higher difference 
between R2 values from OLS and RANSAC than the example building represented in Figure 3. In other words, for 
almost 30% of the buildings, the importance of using robust regression is even more significant than for the 
example.

3.2. Outlier-based ranking

In the literature, a widely applied measure for determining the “degree of abnormality” in buildings is the 
“number of outliers” in the power signature.

“Number of outliers” is determined by setting a statistical threshold on the distribution of the residuals. Under the 
normality assumption, 95.45% and 99.73% of the values lie within two (2𝜎𝜎𝜎𝜎) and three (3𝜎𝜎𝜎𝜎) standard deviations of 
the mean, respectively. However, the presence of outliers and the effect of other factors on power signature lead to 
violation of the assumption of normally distributed residuals.
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                                                       a) OLS (b) RANSAC

Figure 3: Difference between OLS and RANSAC in the presence of outliers

For non-normally distributed data, only 75% of the distribution's values are guaranteed to lie within (2𝜎𝜎𝜎𝜎) of the 
mean and 89% within (3𝜎𝜎𝜎𝜎), according to Chebyshev's inequality [25]. Considering that, we set the threshold to (3𝜎𝜎𝜎𝜎)
around the mean of the residuals in order to ensure an upper-bound of approximately 11% on the false positive rate.

Given outdoor temperature 𝑥𝑥𝑥𝑥𝑖𝑖𝑖𝑖 in power signature, let 𝑦𝑦𝑦𝑦𝑖𝑖𝑖𝑖 be the actual heat load, 𝑦𝑦𝑦𝑦�𝑖𝑖𝑖𝑖 be the predicted heat load, 
𝑟𝑟𝑟𝑟𝑖𝑖𝑖𝑖 = 𝑦𝑦𝑦𝑦�𝑖𝑖𝑖𝑖 − 𝑦𝑦𝑦𝑦𝑖𝑖𝑖𝑖 be the residual and 𝜇𝜇𝜇𝜇 and  𝜎𝜎𝜎𝜎 , be the mean and standard deviation of the distribution of the 
residuals 𝐷𝐷𝐷𝐷(𝜇𝜇𝜇𝜇,𝜎𝜎𝜎𝜎). Then, the outliers are determined as follows:

𝑓𝑓𝑓𝑓(𝑥𝑥𝑥𝑥𝑖𝑖𝑖𝑖 ,𝑦𝑦𝑦𝑦𝑖𝑖𝑖𝑖) = �𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑟𝑟𝑟𝑟, 𝑜𝑜𝑜𝑜𝑓𝑓𝑓𝑓  𝑟𝑟𝑟𝑟𝑖𝑖𝑖𝑖 − 𝜇𝜇𝜇𝜇 ≥ 3𝜎𝜎𝜎𝜎
𝑜𝑜𝑜𝑜𝑖𝑖𝑖𝑖𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑟𝑟𝑟𝑟,             𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜ℎ𝑜𝑜𝑜𝑜𝑟𝑟𝑟𝑟𝑒𝑒𝑒𝑒𝑜𝑜𝑜𝑜𝑒𝑒𝑒𝑒𝑜𝑜𝑜𝑜       𝑟𝑟𝑟𝑟𝑖𝑖𝑖𝑖~𝐷𝐷𝐷𝐷(𝜇𝜇𝜇𝜇,𝜎𝜎𝜎𝜎) (1)

      
Finally, all the buildings are sorted based on “the number of outliers” in decreasing order so that buildings that have 
“higher degree of abnormality” are placed higher in the list.

3.3. Dispersion ranking

In the second approach, the dispersion in the heat power signature is used as "degree of abnormality". In order to 
measure it, we use coefficient of determination (R2). This is a statistical metric that evaluates the scatter of the data 
points around the fitted regression line. Since power signatures with lower R2 values are more dispersed, we 
therefore define them as having higher “degree of abnormality”.

As stated earlier, the outliers can also influence R2, in particular, they can lead to low scores although the 
linearity of the model is satisfied. We reduce the effect of such misleading examples by removing the outliers 
detected with the thresholding strategy before calculating the R2 scores. Then, the final ranking is produced by 
sorting all the buildings according to their R2 values.

3.4. Aggregated approach

The Borda Count method [26] is a traditional voting method that was developed in the 18th-century and broadly 
applied as aggregation strategy to combine rankings produced by different algorithms. 

Given a particular ranking as a sorted list of elements, the method works by assigning a score to each member of 
the list according to its relative position. Once the method is applied to different rankings, the final aggregated 
ranking is a sorted list based on the sum of scores of each element. This method can be seen as equivalent to 
combining ranks by their mean [27].
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4. Results

4.1. Data

     The dataset used in this study is comprised of smart meter readings from buildings connected to the district 
heating systems in Helsingborg and Ängelholm in the South-West of Sweden. The data set consists of hourly 
measurements of heat, flow, supply, and return temperatures on the primary side of the substations from the whole 
year 2016. In this study, we only use the heat measurements of the buildings in five customer categories: multi-
dwelling buildings, industrial demands, health-care social services, public administration buildings, and commercial 
buildings. The number of buildings is approximately 1700. 

Problems in smart meter devices can cause missing or erroneous readings in customer records. Therefore, we 
apply a data preprocessing step to deal with incorrect meter readings. Customers that have missing heat load or 
return temperature measurements for at least one consecutive day are excluded from the analysis. Shorter periods of 
missing values are filled using linear interpolation of surrounding values. Meter readings that have identical values 
for more than one day are also excluded. As a result, we include 896 buildings in this study. 

For the buildings with good quality of data, heat power signatures are extracted based on the daily average heat 
load and average daily outdoor temperatures. We only consider days when the average outdoor temperature is below 
10ºC. It has been shown that when the space heating is not the main source of the heat demand in a building, there is 
no strong correlation between outdoor temperature and the temperature difference between supply and return pipes. 
Instead of examining balance temperature for each signature, we simply set it to 10 ºC as stated in [3].

4.2. Evaluation

In this section, we conduct experiments to evaluate our novel method, which measures both dispersion and 
outliers by comparing with dispersion-based and outlier-based methods individually. Each method separately 
produces a ranking of the most anomalous buildings, and we evaluate those rankings using return temperature 
measurements of the buildings. For each building, we calculate average (denoted Ta) and maximum (denoted Tm)
return temperatures measured on the same dates as the heat loads in the power signatures. Clearly, both are relevant 
from the optimization of DH networks perspective, but they capture different aspects. While Ta values indicate long-
term return temperature behavior, the Tm captures the most extreme operation of a building.

We present two different strategies to evaluate that buildings which have high rankings are actually problematic. 
The first strategy, “accuracy at the top” shows the ratio of abnormal buildings, compared to normal ones, near the 
top of the ranking. We compute “accuracy of top N buildings” as (𝑁𝑁𝑁𝑁𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎/(𝑁𝑁𝑁𝑁𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎 + 𝑁𝑁𝑁𝑁𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎)) where 
𝑁𝑁𝑁𝑁𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎 and 𝑁𝑁𝑁𝑁𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎 are number of normal and abnormal buildings, respectively, among the top N ranked 
buildings. Buildings that have Ta higher than 35ºC or Tm higher than 45ºC are considered to be abnormal in this 
strategy.

The second strategy, “average temperature at the top”, shows the average Ta and Tm values of top ranked
buildings. We compute average Ta (𝑇𝑇𝑇𝑇�𝑎𝑎𝑎𝑎) and average Tm (𝑇𝑇𝑇𝑇�𝑎𝑎𝑎𝑎) of top N buildings as follow:

𝑇𝑇𝑇𝑇�𝑎𝑎𝑎𝑎 =
∑ 𝑇𝑇𝑇𝑇𝑎𝑎𝑎𝑎𝑛𝑛𝑛𝑛
𝑁𝑁𝑁𝑁
𝑛𝑛𝑛𝑛=1
𝑁𝑁𝑁𝑁

                                                                                                                                                           (2)

𝑇𝑇𝑇𝑇�𝑎𝑎𝑎𝑎 =
∑ 𝑇𝑇𝑇𝑇𝑚𝑚𝑚𝑚𝑛𝑛𝑛𝑛
𝑁𝑁𝑁𝑁
𝑛𝑛𝑛𝑛=1
𝑁𝑁𝑁𝑁

                                                                                                                                                          (3)

Figure 4 shows accuracies at top N buildings according their Ta and Tm values. Dispersion-based method and 
aggregated method show very similar performance in Ta accuracy (cf. Figure 4(a)). However, aggregated method
converges at the level of 94% (red line), while dispersion-based method settles at 92% (blue line).  
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                             (a) Ta accuracies among top ranked buildings                               (b) Tm accuracies among top ranked buildings                               

Figure 4: Accuracies at the top 

There are minor differences along the way, but they are not significant. On the other hand, the outlier-based method 
achieves significantly lower accuracy of 83% (yellow line), and actually fails to detect the most severely abnormal 
building.

In terms of accuracy based on Tm, the aggregated approach significantly outperforms both dispersion-based and 
outlier-based methods. It perfectly identifies (achieving 100% accuracy) the top 27 abnormal buildings, and flattens 
at 94% similar (cf. red line in Figure 4b). Dispersion-based approach is hindered by several false positives near the 
top of the ranking, but its accuracy increases with the number of customers and reaches to 92% (blue line). The 
outlier-based approach, again, shows by far the worst performance, with final accuracy of only 66% (yellow line).

In Figure 5, the results of average temperatures at the top are shown. Dispersion-based (blue line) and aggregated 
(yellow line) methods start and get flattened at the same temperature in both cases (cf. Figure 5(a) and Figure 5(b)). 
Dispersion-based method shows slightly higher 𝑇𝑇𝑇𝑇�𝑎𝑎𝑎𝑎 until top 10 buildings (cf. blue line in Figure 5(a)), while 
aggregated method is almost constantly better at 𝑇𝑇𝑇𝑇�𝑎𝑎𝑎𝑎 until convergence (cf. red line in Figure 5(a)). Buildings that got 
higher rankings by the outlier-based approach show significantly lower return temperatures (cf. yellow line in Figure 
5(a) and Figure 5(b)).

We present two different results, since they capture different types of abnormality, both of which can be 
important. It is crucial to notice that our proposed method outperforms state-of-the-art in either case. In particular, 
the buildings that are experiencing long-term problems are likely to be characterized by large Ta, while abrupt 
failures will cause unusually high Tm; however, those latter ones may not affect Ta significantly if they are quickly 
fixed. An anomaly detection method needs to detect both kinds of problems -- and as shown in Figures 4 and 5, the 
proposed method exactly provides that.

                              (a) Average Ta of top ranked buildings                                    (b) Average Tm of the top ranked building

Figure 5: Average temperature at the top.
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5. Conclusion

In this work, we postulate that ranking abnormal buildings should be done based on power signatures estimated 
using robust regression and needs to include measuring both dispersion and outliers. We propose a novel method for 
doing that, based on combining building rankings to measure their “degree of abnormality”.

We've conducted experiments on large-scale data from substations connected to two district heating networks in 
south of Sweden. We have compared our method against the state-of-the-art outlier-based approach. Return 
temperatures of the buildings have been taken as reference for two different types of evaluation which we referred as 
“accuracy at the top” and “average temperature at the top”. The first one has shown the ratio of abnormal buildings 
ranked on the top, while the second one has shown average return temperatures of top abnormal buildings.

The results demonstrate that dispersion-based and aggregated methods significantly outperform the state-of-the-
art approach.
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