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ArctiqDC – Arctic Data centers project aims to strengthen the regional data centre 
industry's products, services, solutions and offerings to customers (parties) outside the 
region, nationally or internationally. This should be done by demonstrating and proving 
that; Investing and operating data centres in Arctic regions have low and among the 
lowest investment and operating costs in the world in terms of cooling and power 
distribution. 
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1 Introduction 
Arctiq-DC is a InterReg North funded project with a total budget of about €1´430´000 where 9 partners 
from Sweden and Finland are collaborating: Oulu University, Oulun Data Center, Aurora Data Center, SFTec, 
Xarepo, Hushållningssällskapet, Älvsbyns municipality, Hydro 66 and RISE Research Institutes of Sweden as 
coordinator. The project duration is almost three years and consist of six main activities where the fourth is 
about cooling and heat reuse from data center. This report describes the trails that were made for 
evaluating data center excess heat as heat source for biomass drying. 

1.1 Data Center 
Data centers are energy intensive and stand for around 1% of the global electricity usage [1]. The 
informational and technology (IT) equipment stands for most of the usage, but cooling system and 
infrastructure redundancy (UPS) can play a part as well. The IT equipment uses electricity to store, process 
and transmit data. These operations generate heat, which in turn needs to be removed by a cooling system. 
This heat is usually just exhausted as excess heat to the ambiance instead of being reused. One of the 
reasons is that the heat is bound to air with low temperature, in best case around 40°C, low heat capacity 
and low density, resulting in a very low energy density. Another problem is that the excess heat output 
varies with the season. The excess heat output during the winters is down to 10% of the summers’ output 
[2]. 

There are several different types of cooling system where this study uses an evaporative direct free air-
cooling system. This means that outdoor air is directly supplied from the outside to the cold aisle of the 
server room. It is then pushed through the servers to the hot aisle to remove the excess heat, and 
exhausted from the building. Some of the air will be recirculated and mixed with outdoor air to keep supply 
temperature within the recommendations of ASHRAE’s [3] thermal guidelines. Very hot days with 
temperatures above the recommendations, 27°C, will imply the use evaporative cooling to bring the 
temperature down. The evaporative cooler will also be used during the winter to humidify the air to reduce 
the risk of electrical static discharge in order to protect the IT equipment. 

1.1.1 Boden Type Data Center 

The Boden Type Data Center was an EU-funded project with the aim to build and operate a prototype of 
the most energy and cost-efficient data center in the world with high efficiency application and 
simultaneously low operating cost. To reach this goal, the stakeholders decided to combined application of 
new and already available solutions in the data center market, targeting a Power Usage Effectiveness (PUE) 
of 1.1 or lower. 

The data center was designed by H1 Systems as shown in Figure 1 and the construction ground was 
identified, allocated and leased from the Municipality of Boden. For this, a heterogeneous data center 
landscape emerged, with the goal to implement 3 different style of IT environment, modelling the heat 
dissipation, power usage and physical shape differences: ASIC-based targeted computing equipment, HPC – 
High Performance Computing, and the Conventional IT mix. The machinery mainly consists of cooling 
equipment designed and deployed by consortium member EcoCooling with the target of free-cooling, high-
efficiency and world-class serviceability and tune-ability. Cooling equipment was tested under extreme 
weather conditions, non-typical summer months with 30 – 40°C and the region-specific winters, resulting in 
an operative temperature range of 60 – 65°C. 
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Figure 1, BTDC One IT Load content and design around the data center function. 

The IT-load for the data center is composed of mixed elements, including Open-Compute rack triplets 
populated by OCP servers, market-standard 19” so-called "Conventional IT-equipment", and highly 
customized, non-OEM, target-specific equipment. 

1.2 Data Center Energy Reuse 
For the evaluation of data center energy reuse, there is a number of metrics to be used [4], the most 
common ones are PUE, Energy Reuse Effectiveness (ERE), and Energy Reuse Factor (ERF). The latter is 
calculated as shown in Equation 1. 

𝐸𝑅𝐸 = 𝑃𝑈𝐸 (1 − 𝐸𝑅𝐹)   (Eq. 1) 

The Energy Reuse Factor (ERF) is a metric that focuses on the energy that is normally exhausted as heat to 
highlight the excess heat as a resource and for this equation 2 is normally used by the data center branch. 

𝐸𝑅𝐹 =    (Eq. 2) 

Here, EDC is the energy supplied to data center including energy for the IT, the infrastructures for power and 
cooling and the facility. Ereuse is heat reused in processes that are outside of the data center, which can be 
described as equation 3, below. 

𝐸𝑅𝐹 =   (Eq. 3) 

The system boundary for calculating the ERF of a data center system is shown in Figure 2. 
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Figure 2, the energy reuse factor for a data center system and its components. 

The blue dashed line is the boundary of the data center. Energy in the form of electricity from different 
sources is supplied to the data center. If other resources are used, for example thermal energy, these 
should also be accounted for. This energy is then used for cooling, power distribution and IT. These 
processes will generate excess heat that will be transported out of the data center. The amount of energy 
that is reused of this excess heat will be used to calculate the ERF, the rest of the excess heat is categorized 
as rejected energy. 

Notice that in case of an energy storage inside the data center, where some of the energy is used 
elsewhere, EEXCESS, that energy should be subtracted from the total energy input. 

1.3 Biomass drying 
Currently, the use of biomass as renewable energy source is being considered the principal mean of 
mitigating climate change, increasing the demand for low-carbon energy and lower dependence on fossil 
fuels. The European Union Communication COM/2014/015 has established that the Member States should 
reach 27% in primary energy from renewable sources by 2030. Among these resources, forest biomass 
plays an important role under the Renewable Energy Directive (RED), which targets the contribution of 20% 
in renewable energy by 2020. Due to these new directives in the EU countries, the wood consumption for 
energy generation is expected to grow from 573 Mm3 (5 EJ) in 2020 to 752 Mm3 (6.6 EJ) in 2030 [5]. 

The heating and cooling (H&C) – the majority being heating – represents more than 50% of the final energy 
consumed in the EU, thus, the H&C sector is at the center of EU’s decarbonization strategy. Considering 
absolute terms, in 2017, the renewable heat had more impact (102.189 ktoe) than the renewable 
electricity (86.682 ktoe), in terms of energy. The recast of the RED for the period 2021 – 2030 sets the 
indicative target of an annual increase of 1,3 percentage points (pp) of renewables in the final heat 
consumption, with the possibility to include a maximum of 40% waste heat. However, the renewables in 
Europe have currently only a share of 19.5% in the heating sector, most of the heat still being produced by 
fossil fuels. Considering the renewables share, 86,6% of the total EU use in 2017 was that of bioheat [6]. 
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In general terms, 85% of the European solid biomass is used for bioheat production (the rest being mainly 
used for bioelectricity). For both environmental and economic reasons, this is mostly sourced from by-
products of forest management operations and the wood industry. With this vital share, bioenergy and 
especially that of solid biomass is a key driver towards meeting the renewable energy targets in the heating 
sector. Bioheat reached 88.481 ktoe in 2017 and the related greenhouse gas (GHG) savings were estimated 
to be around 296 MtCO2eq, representing more than the current annual emission of Czech Republic, 
Hungary, and Austria put together. The total EU’s bioheat has increased by 70% since 2000 to 2017, +49% 
for the bioheat in the residential sector, +44% in the industry, +229% in the derived heat, +378% in the 
commercial and public services sector. This shows that households, industries, district heating, etc. are 
increasingly relying on biomass which is dissimilar to traditional fuels in a way of showing a very dynamic 
market, growing on average by 3,2% every year since 2000. Figure 3 shows the total consumption of 
bioheat in Europe, considering the share of different sectors in each Member State [6]. 

 

Figure 3, share of the different sectors on the final energy consumption of bioheat in the EU28 Member States in 2017 
(%). Source: Eurostat [6]. 

Considering the industrial sector, the consumption of bioheat has a high importance in countries such as 
Belgium, Finland, Ireland, Portugal, Sweden, and Slovakia. Industries represented 16% of the final energy 
consumption in the EU in 2017 (excluding electricity consumption), and only 13% of this industrial energy 
consumption (excluding electricity) was from renewables, almost entirely bioenergy (99%). Meaning that 
there is around 149.000 ktoe from non-renewable sources to be replaced (plus the non-renewable part of 
the electricity used) [6]. 

In the wood forest supply chain, the moisture content of the wood chips is critical for the whole production 
chain because it has an adverse effect on their storage and determines the payment of the suppliers (which 
is proportional to the calorific value of the fuel) [7]. When wood is burnt, water evaporates before the 
wood begins to decompose, and thermal energy is required to warm and vaporize the water, which 
reduces the wood’s heating values and the burning fuel temperature. For this reason, the heating value of 
dry wood (5.3 MWh/ton) is significantly higher than the value measured for fresh wood (2.2 MWh/ton) [8]. 
Therefore, when energy applications are intended, the wood biomass needs to be properly prepared, 
usually by reducing the moisture content to 15 – 25%. 

In the case of the forest wood, the chips are usually dried in open air for several months (ca. 9 months), 
having an initial moisture content ranging from 30 – 62%, which directly influences their calorific value. The 
forest energy is divided into different sources, depending on its origin. In Finland and Sweden, the main 



ArctiqDC – Arctic data centers 2019 – 2021   pg. 5 

sources are small-size trees from young stand thinning sites, logging residues and stump wood from clear 
cutting areas. The moisture content of the wood varies mainly according to (i) the wood density, (ii) the 
tree’s age and (iii) its species, since (i) the wood density tends to be inversely proportional to its moisture 
contents, (ii) the age of the tree changes the proportion of heart wood (dryer part of the tree), and (iii) the 
moisture is partly determined by the tree heritage. A broad range of moisture content has been observed 
for Finnish trees: freshly felled small-sized Scots pine and spruce trees contain between 50 – 60% of 
humidity, and birch trees present between 40 – 50% of moisture content [8]. The fresh wood chips (50 - 
60% of humidity) display calorific values between 6 to 8 GJ/Mg, while for air-dried wood chips (10 - 20% of 
humidity), it increases to 14 – 16 GJ/Mg, which can reach approximately 19 GJ/Mg upon complete drying 
[7]. The specification of moisture contents depends on the targeted application of the wood: wood for 
household fires should have moisture contents between 15 – 20 %, wood that needs to be stored should 
not exceed 25% in humidity, and wood used as fuel in heating plants of less than 1 MW should not contain 
more than 40% of humidity [8]. 

The commercial value of the wood chips is related to their calorific value, which is inversely proportional to 
the moisture content of the materials. Therefore, in order to improve the price of the final products, the 
forestry industry needs to decrease the moisture content of the harvest, thus, increasing the calorific value 
of the materials. Currently, the traditional wood forest supply chain spends between nine and twelve 
months to dry its production naturally, leaving the raw materials (with humidity of 50 – 60%) in open places 
until they reache the final moisture content of approximately 25%. This process is not only slow and causes 
mass losses due to decay, but also implies low cost-efficiency for the overall production and does not 
generate possibilities of valorizing the side-streams of the production. 

In light of these main issues faced by the wood forest producers, optional way is to implement an artificial 
drying operation to speed up and optimize the production of the wood forest industry. Currently, such 
processes are not being generally used because the existing drying technologies have too high investments 
and operational costs, especially the costs of heat, which makes the drying operation unprofitable. A 
unique and innovative solution proposed for the problem through the usage of the ModHeat® drying 
technology is tested in Arctiq-DC project. ModHeat® is a Finnish patented drying technology, which can use 
waste heat for industrial drying, presenting considerably lower costs (CAPEX and OPEX) than its 
competitors, being a feasible option for creating a fast wood forest supply chain. 

The patented ModHeat® dryer technology applies a breakthrough working principle (see Figure 4), allowing 
the material’s circulation through changeable and stackable modules, assembled in a compact container. 
The wet material is fed to the dryer from the top, and moved inside the container with paddles on identical 
modular layers, while hot air is blown in the opposite direction of the material flow. The hot air used for 
drying is redirected from waste heat generated by industrial processes. The dried material exits from the 
bottom of the container. The continuous movement and mixing of the material are major innovation 
features of ModHeat®, ensuring the constant quality of dried material, overcoming the issues related with 
conventional dryers and adhesive materials. The ModHeat® technology considers the complex nature of 
the drying process by taking into account all the transport phenomena (mass, heat and momentum) and 
the material features. 

Since ModHeat® conducts the drying process through direct convection and implies low-operational costs, 
it is highly effective for drying particulate solids and low-value materials, enabling the conversion of side-
streams into valuable products. This unique working principle of ModHeat®, utilizing the waste heat for 
industrial drying, generates significant positive environmental impacts due to its high energy-efficiency, 
when compared with competitors. The power and capacity of the dryer can be adjusted according to the 
number of modules and the temperature of the blast air. The modular construction enables changes in the 
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drying capacity based on the material-specific needs. A hydraulic control of the material flow enables the 
use of discontinuous and versatile waste heat streams for drying. 

 

Figure 4, the operating principle of ModHeat® dryer. 

1.4 Drying process analysis and parameter prediction  
The utilization of the heat recovery from data center (BTDC, Boden) to biomass drying (SFTec) results in 
process data, which can be utilized to optimize the drying process via machine learning. The goal is to 
develop methods for analyzing process data measured from biomass dryer and to apply artificial 
intelligence and statistical modeling techniques to predict desired parameters of the process. The long-
term goal is to develop a dynamic model, which can predict, for example, next two weeks based on the last 
two weeks data in adaptive manner. 

In this research, two model were developed: Model 1 for predicting the moisture difference between the 
start and end moisture of biomass and Model 2 for predicting the absolute humidity of the exhaust air. The 
moisture of biomass is not measured continuously, which is why the size of the data in Model 1 will remain 
small. On this account, the Model 2 was developed with the assumption that exhaust air absolute humidity 
correlates with the moisture of biomass, and because there was more data available for humidity 
modelling. In other words, the more humid waste air is, the more moisture is captured, and the biomass is 
drier. 

1.5 Life Cycle Assessment 
In order to utilize biomass as a source of renewable energy, it needs to be pre-dried first. Most common 
approaches to biomass drying were explained in section 1.2. Their operations require distinct setup, part of 
which consists of heat source used for drying, such as heat contained in open air or waste heat from 
industrial processes. 

Since the main driver for using biomass as energy source is its renewability linked to increasing 
environmental concerns, it is important to understand the environmental impact of biomass and the 
degree to which this impact varies based on the pre-processing steps, including the way in which the wood 
is dried. A common way to compare various product alternatives is Life Cycle Assessment (LCA), which 
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evaluates different alternatives of a functional unit, all of which fulfil the same function. In line with the 
goal of Arctiq-DC project, it is of essence to assess the environmental sustainability of reusing waste heat 
from data center operations. Therefore, an LCA of biomass drying is undertaken according to ISO 14040. 
The first two steps of the assessment, namely Goal and scope definition, and Inventory analysis, are 
explained and defined in chapter 2 – Method. Finally, the third and fourth steps of LCA - Impact 
assessment, and Interpretation, are provided in chapter 3 – Results. 

1.6 Aim and objectives 
As part of the Arctiq-DC project, work package 4.2 (Heat recovery), the study has focused on the design, 
preparations, and implementation of a full-scale test campaign of biomass drying with waste heat from the 
data center in Boden, Sweden. The objectives to be evaluated for a data center perspective were as 
follows: 

 How does the excess heat temperature affect the drying performance? 
 How does the air speed through the dryer affect the drying performance? 
 How does the biomass feeding rate through the dryer affect the drying performance? 
 What is the environmental performance of the drying with excess heat in comparison to natural 

free air drying? 
 How does the biomass dryer improve the Energy Reuse Factor of the data center? 
 Which are the most important control variables behind the biomass humidity and what can be 

done to increase the effectiveness of the biomass drying process? 
 How well are the short-term future humidity and the moisture of biomass predicted from the 

current measurements? 

For achieving these objectives, a close cooperation on the test implementation was established with 
project partners RISE, Oulu University, Luleå University, SFTec, and BTDC project team, consisting mainly of 
H1 Systems and ECOcooling. 
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2 Method 
This section shows the physical set up for the biomass drying campaign, that was carried out during in the 
fall of 2020 in Boden, and the coherent test plan for the drying of about 120 m3 wood chips. In order to be 
able to analyze and evaluate the drying process, a secure and robust data collection system was needed, 
making the base for the life cycle assessment and evaluation of energy reuse factor. 

2.1 Test setup 
The wood biomass drying test campaign was implemented during September 2020. The main preparations 
of the test campaign and installations of the testing facilities at BTDC Boden data center were done on 
September 7th – 11th. The biomass drying tests were planned with the goal of evaluating the efficiency of 
drying biomass with the waste heat from a data center. The variables effecting the drying, and the 
conditions available at the testing site were analyzed to plan the test campaign. Duration of the test 
campaign was two weeks and additional work was done before the test campaign to prepare the testing 
facilities for the full-scale tests. The initial layout of the test set up in Figure 5 as follow: 

1. Hopper (feeding buffer) 
2. Conveyer (supply wet biomass) 
3. Material feeder 
4. Dryer Container 
5. Data center (BTDC) 
6. Ducting supply air 
7. Exhaust air fan 
8. Ducting exhaust air 
9. Conveyer (extracting dried biomass)  

 

Figure 5, the layout of biomass drying test setup where the ModHeat® dryer is installed to the testing site BTDC (Boden, 
Sweden). 
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The ModHeat® dryer was connected straight to the BTDC data center by a ducting system and an opening 
through the wall into POD2 where warm air was extracted from an area of 60 m2. 

The test campaign itself took place on September 14th – 24th. During the installations of the facilities and 
implementation of the 2 weeks test campaign, SFTec´s staff was on site at Boden, Sweden. SFTec staff took 
care of the material handling, operating the drying process and measurements of the material during the 
test campaign. All the relevant quantities were measured during the test campaign to evaluate the overall 
efficiency of biomass drying with the waste heat from the data center. 

SFTec´s responsibilities for the test campaign included transportation of the testing equipment (the dryer 
and accessories) to the testing site, installation of the testing equipment on site (Figure 5) and also 
implementation of the biomass (wood chips) drying for two weeks. The instrumentation (installation of 
measurement sensors) of the dryer and the data collection was done in cooperation with SFTec, RISE and 
BTDC partner EcoCooling. 

The overall test plan, which was implemented for two weeks, is shown in Table 1, where the main variables 
during the test campaign were: 

a) At data center end: 
- The hot aisle temperature (30/42°C) representing a traditional and high-performance computing 

data center, which was achieved by the varying the operation modes for the cooling equipment. 
 

b) At container dryer end: 
- Air flow rate at inlet (50/100%), which was adjusted with the dryer´s fan speed. 
- Material feeding rate (50/75/100 %), which was adjusted to control the material flow volume to the 

dryer. The material flow rates were 2, 2.7 and 3 m3/h. 

Table 1, the test plan of biomass drying test campaign. 

 

2.2 Energy Reuse Factor 
To evaluate the energy reuse in the biomass drying process, the ERF matrix is used. The energy input of the 
data center is defined in equation 4, where EDC is the electricity used by the IT, the cooling system, and the 
facility. 

𝐸 = ∑ 𝐸 + 𝐸 + 𝐸   (Eq. 4) 

Additionally, to find the energy reused (Ereuse) in the biomass drying process, the enthalpy (hdryer) difference 
and air mass flow (mair) for the container were used, as shown in equation 5. 

𝐸 = ∑ �̇� ℎ  − ℎ   (Eq. 5) 

TEST PLAN - IMPLEMENTED

Date Sep 14 Sep 15 Sep 18 Sep 21 Sep 25
Variables Test 1 Test 2 Test 3 Test 4 Test 5 Test 6 Test 7 Test 8 Test 9 Test 10 Test 11

Data 
center

Hot aisle target 
temperature [°C]

42 42 42 42 42 42 30 30 30 30 30

Feeding rate [%] 100 100 50 50 75 75 100 100 75 50 50
Material flow 

[m3/h]
3 3 2 2 2,7 2,7 3 3 2,7 2 2

Fan speed [%] 50 100 100 50 50 100 50 100 50 100 50
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Furthermore, to keep the evaluation of the biomass dryer as a heat recovery solution fair, the thermal 
losses in the ducting between the data center outlet and the dryer inlet were excluded in the calculations 
of the energy reuse, in line with equation 6. 

𝐸𝑅𝐹 =
∑ ̇   

∑
   (Eq. 6) 

The datasets with collected data were separated per test, and linearly resampled to get synchronized data 
points. 

2.3 Data gathering 
The data gathering during the test period consisted of data from four independent systems, see Figure 6, 
whereas the first three system were Inputs. The first system, EcoCooling’s internal system, collected 
environmental data from the Computer Room Evaporative Cooling (CREC) units which were responsible for 
keeping the servers cool and the data center aisles at desired temperatures. The second system, SFTec 
ModHeat®, consisted of two different data gatherers, where System A collected temperature, and relative 
humidity levels inside the dryer. Whereas System B (developed in collaboration with LAPIN AMK) collected 
temperature, relative humidity, and air speeds going in and out of the dryer container. The third system 
from RISE collected temperature and humidity, volumetric flows entering and leaving the drying container. 
Since both the inlet and outlet temperature and humidity were very important data points both loggers 
were used to avoid data loss. The fourth and final system, BTDC Data Collection, gathered electric power 
usage data of the servers, the dryer, the CREC units and local weather data at the data center site. 

 

Figure 6, the data gathering data flow, where input sources are located to the left and outputs on the right. 

As seen in Figure 6, the RISE Collection Hub functioned as a bridge between most of the independent 
gatherers allowing the CREC units to be aware of the current temperatures and air flows going through the 
dryer for better control. It also pushed collected data to the long-time storage (BTDC Collection system). 
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2.3.1 Sensor positioning and type 

The RISE system used digital SHT31-D sensors for collecting temperature and relative humidity and were 
positioned at multiple points of the ventilation ductwork leading to and from the dryer (see point 1, 3 and 6 
in Figure 7. 

 

NUMBER SENSOR TYPE SYSTEM DESCRIPTION 
1 SHT31-D RISE Data Center (POD2) supply temperature and relative humidity 
2 EMSF RISE Supply ducting volumetric air flow sensor 
3* SHT31-D RISE Container (dryer) inlet temperature and relative humidity 
3* HMD65 SFTec Container (dryer) inlet temperature  
4 HMD65 SFTec Container (dryer) outlet temperature  
5 EMSF RISE Extract ducting volumetric air flow sensor 
6 SHT31-D RISE Container (dryer) outlet temperature and relative humidity 
7 Unknown EcoCooling Hot- and cold aisle temperatures  

Figure 7, overall sensor placement (seen from above) and sensor descriptions for the BTDC data center site. *Multiple 
sensors at the same location at different heights. 

EMSF volumetric flow sensors were also connected to the RISE system (see point 2 and 5 in Figure 7) and 
were mounted inside the ductwork (see Appendix A and B for positions at different angles). 

 

Figure 8, sensor positioning within the ModHeat® dryer. 

The SFTec System B used HMD65 temperature and humidity sensors (see point 3 and 4 in Figure 7) and 
they were mounted in the ductwork entering and leaving the dryer. For the SFTec System A, the sensors 
were mounted in a straight vertical line, with a sensor on levels 1, 3, and 5 inside the dryer (Figure 8). 



ArctiqDC – Arctic data centers 2019 – 2021   pg. 12 

The EcoCooling temperature sensors were located within the hot and cold aisles of POD2 inside the data 
center (see point 7 in Figure 7). 

2.3.2 Data aggregation 

The SHT31-D sensors were connected via I²C to a Raspberry Pi, which acted as Collection Hub for 
connecting different sensors. The EMSF Measuring Devices were also connected to the Raspberry Pi but 
over Modbus RTU instead. The Pi itself was then connected to ethernet inside the data center and could 
then send the aggregated data to Zabbix, which is the main data collection software used in the BTDC Data 
Collection Chain. For a more detailed description of the BTDC Data Collection Chain, see APPENDIX D. The 
Raspberry Pi also exported its aggregated data to the EcoCooling CREC Units via Modbus TCP/IP, to enable 
seeing what was going on outside the data center. 

SFTec System A was connected to the Raspberry Pi via LAN cable and communication was send using 
MODBUS TCP/IP and System B pushed data to the Collection Hub over via a RESTful Web API, made 
available by the Raspberry Pi. 

2.4 Data-driven modeling 
In this research, two different modeling methods were used: Linear model (LM) based on ordinary least 
square regression and Gradient Boosting Machines (GBM) regression model [9]. The both modeling 
methods are the type of supervised learning, which is one of the subcategories of machine learning. In 
supervised learning, the algorithms are trained on labeled data. The LM enabled predicting the moisture 
difference between the start and end moisture of biomass.  The GBM allowed predicting the absolute 
humidity of the exhaust air. These methods were used with the goal of finding root causes behind the 
biomass end moisture, which can help to optimize the initial settings for drying process. 

Explainable artificial intelligence (XAI) methods have been used to increase the understandability of the 
modeling results [10]. With XAI methods, the interpretation of the black box models can be increased. Also, 
GBM itself increases the transparency by providing information about the strength of the importance of 
each variable of the model. In addition, the effect on the response variable can be visualized with 
Accumulated Local Effects Plots (ALE) [11]. In GBM, the relative importance of the input variables is 
determined by their occurrence on the splits during the decision tree building process, and how much each 
variable then improves the mean squared error (MSE) of the whole prediction model. The interactions 
between variables are also important, and the strength of interactions can be estimated in GBM. In LM, 
model’s ability to generalize new data have been inspected based on Leave-one-out-cross-validation 
(LOOCV) [9]. LOOCV leaves out one data point and trains the model with the rest of the data points and 
repeats that as many times there are data points. In this way, the prediction error and generalization 
capability of the model can be estimated more reliable. 

With machine learning methods, the wood drying process has been successfully optimized in many 
applications. Chai et al. have simulated the wood moisture content during the high frequency drying 
process with back propagation neural network algorithms and Gebreegziabher et al. have developed a 
mathematical model to determine the optimum drying level of wood chips [17] - [18]. In addition, Onsree 
et al. have used GBM for predicting the yield of solid products obtained from biomass torrefaction 
processes with a good accuracy [19]. 



ArctiqDC – Arctic data centers 2019 – 2021   pg. 13 

2.5 LCA - Environmental sustainability 

2.5.1 Goal and scope definition 

The goal of the LCA undertaken in this campaign was to assess the sustainability of drying biomass with 
waste heat from data center, compared to biomass drying utilizing free air. Since biomass is seen as an 
input for further industrial processes, the study has a cradle-to-gate character. The intended application of 
this LCA is to promote optimization of biomass drying process, and to demonstrate possibilities of data 
center waste heat reuse. Therefore, the goal meets the definition of Comparative assertion disclosed to the 
public, which is “an environmental claim regarding the superiority or equivalence of one product versus a 
competing product, which performs the same function” [12]. The intended audience consist of industry 
players primarily involved in data center operations and biomass production. 

The LCA study considers the state of art biomass drying process in 2020 in northern Europe, with empirical 
data from tests conducted in Boden, Sweden. This selection was made, as there is a growing number of 
data centers established in the Nordics producing excess heat, which needs to be utilized elsewhere and as 
these locations are rich on wood suitable for biomass. The study uses the most recent data available. The 
total size of the study is 5 months, largely devoted to data collection for modelling of high-detail data 
center, to provide a good estimate of environmental impacts of waste heat, essential for the biomass 
drying. 

The primary function fulfilled by the system examined is expressed by the following functional unit: 
production of 1 m3 of dry wood chips. The alternatives fulfilling the equivalent function are A1: drying by 
data center waste heat, A2: drying in open air. Based on the alternatives, the reference flows chosen are 1 
m3 of dry wood chips dried by data center waste heat, and 1 m3 of dry wood chips using open air. 

2.5.2 Inventory analysis 

With regards to system boundaries, it is assumed that all foreground processes involved in biomass drying 
are part of the economy. A flow, where a particular attention was paid to with regards to the economy 
versus environment system boundary, is the flow of wood chips. However, as the main focus of the study is 
the drying process of the wood chips, biomass is modelled as an economic flow and it is assumed that the 
raw wood, a part of the environmental system boundary, is part of a background process, which results in 
an output of wood chips. 

After a discussion concerning water usage in Boden data center, it was decided to model the system 
without water inflow, as this is not required for the cooling purposes. Regarding the direct emissions from 
foreground processes, samples of air from data center were taken and analyzed by a third party, analyzing 
over 600 substances. As the air flowing out of the data center is not filtered and is also not preserved in the 
building, it is assumed that it leaves the data center, having identical emission content to what was 
measured. Data on direct emissions from ModHeat® operations are not considered and were not 
measured, given the time constraints. 

In addition, the following processes were cut off: energy needed to assemble the data center, the servers 
and the ModHeat® unit, the power distribution system, the cooling process and production of racks. 
Moreover, the transport of wood chips from forest to the storage place near Boden, where they were 
stored, is excluded. 

Data collected can be divided into two main groups, namely data center data and biomass drying process 
data. In order to model a data center in a relatively high resolution, information on data center “shell” is 
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obtained from [13], which served as a basis of Schneider Electric’s White Paper 66. The data on the servers 
originates from [14]. The emissions from operating a data center were sampled by ICE data center, RISE and 
measured by ALS Global. Information on ducting needed to connect a data center to biomass drying area is 
measured by RISE internally. 

When it comes to the biomass drying, the data comes partially from SFTec, as they have expertise in the 
field and are product owners of ModHeat®, and partially from the measuring system put in place by ICE 
data center, RISE. The latter consists of power usage. 

The LCA model is designed in SimaPro software due to its availability, using the ecoinvent 3.7 database for 
the background process data. 

 

Figure 9, illustration of back- and foreground processes in an LCA model. 

The flowchart above illustrates different processes considered in an LCA model (Figure 9). The blue 
rectangles represent background processes, in other words those that come from a database, and inputs 
and outputs of which are not measured, calculated, or edited by the LCA practitioner. Flows from the 
background form an input to the foreground processes in white, which are part of the system studied and 
which are set up by the LCA practitioner. While background processes in general contain information on 
emissions resulting from these processes, the foreground emissions need to be researched and modelled 
by the LCA practitioner. The reference flow is the output flow of the system, which is being assessed in the 
study, along with reference flows from other relevant alternatives. 
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3 Results 
The following section presents how the testing was practically carried out and which humidity levels were 
reached. Furthermore, the data gathered, the energy reuse factor, and parameter prediction were 
analyzed. Based on BTDC and ModHeat® material composition, a life cycle assessment was preformed, 
comparing the environmental impact of the data center drying system compared with natural drying. 
Finally, a techno-economic evaluation was undertaken for two data center setups, representing a 
traditional and high-performance computing data center. 

3.1 Biomass drying 
The test campaign of biomass drying commenced with a start-up day to test the facilities, instrumentation, 
and data collection connections. The wood chips were stored on the testing site at separate skips and were 
loaded to the hopper with a wheel loader (Figure 10). From the hopper, the material was fed to the feeder 
via the conveyer belt (Figure 11) located on top of the dryer. The material volume flow during the test 
campaign was adjusted to 2, 2.7 and 3 m3/h with control of the feeder speed. 

 
Figure 10, the wood chips feeding to the hopper during the test campaign. 
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Figure 11, the wet material input conveyer belt to the dryer´s feeder, where the material is fed to the dryer. 

The input drying air was taken directly from the BTDC building, namely from room POD2. The ducting 
through the data center wall was connected to the dryer´s air supply channel with ø 630 mm ducting 
(Figure 12). The length of ducting from the data center to dryer was 28 meters (Figure 13), so some 
pressure and heat losses were present during the test campaign. The air volume flow from data center to 
dryer was adjusted by the exhaust fan speed of the dryer. The temperature and relative humidity of drying 
air was measured from the air intake of POD2. 

 
Figure 12, the air temperature and moisture measurement point at data center for the RISE gatherer. 

POD2 T(°C) and 
RH (%) sensor 
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Figure 13, the connection tubing between data center and dryer for the warm air. 

The air was channeled to dryer’s air chamber and sucked through the dryer and dryable material bed. 
Based on the amount of fed material, the movement of paddles with hydraulics was adjusted to move the 
material inside the dryer. The inlet air quality to dryer was measured from the dryer air chamber 
(temperature and relative humidity (RH)). From the dryer, the exhaust air was conducted with exhaust 
ducting to the atmosphere. The exhaust air temperature and RH were measured from the exhaust ducting 
(Figure 14). 

 
Figure 14, the supply and exhaust air ducting of the pilot setup. 



ArctiqDC – Arctic data centers 2019 – 2021   pg. 18 

To evaluate the dryer’s efficiency, the wood chips’ moisture content before and after drying was measured 
with humimeter BMA-2, which is a moisture meter for measuring the moisture content of biomass. 

The aim of test campaign was to keep test conditions as constant as possible to assess the dryer’s efficiency 
in fixed conditions. Three main variables were altered during the test campaign: 

- the supply air temperature, which was changed based on the data center hot aisle temperature 
(30/42°C) 

- the supply/exhaust air volume flow (50/100% fan speed) 
- the material volume flow rate (50/75/100% feeding rate of the dryer’s feeder). 

The implemented test plan and main measurements of test campaign are shown in Table 2. 

Table 2, the implemented test plan with main measurement results of the two weeks test campaign drying of wood 
chips. 

 

The tests started with the setup of higher supply air temperature from the data center to the dryer. During 
the first week, the IT load was kept high and the hot aisle temperature at around 42°C. During the second 
week, the hot aisle temperate was lowered to around 30°C. 

Test campaigns duration was planned to be around 8 hours per test including the preparation and warming 
up time before start. Actual processing time varied between 3 – 6 hours. Because of the limited time, the 
tests were planned to implement with constant setting to validate the dryer efficiency, and not by aiming 
to a certain end moisture content of wood chips. Also, the ambient weather conditions changed during the 
two-week test campaign, which had its own effect on the supply air temperature (long ducting with heat 
loses) and on the material moisture content. After rainy days, it could be observed, that the material initial 
moisture content before drying was high, over 50%. 

The exhaust fan capacity for its part limited the energy available for drying, as the air flow rate was limited 
to exhaust air volume flow rate from 1,94 m3/s to 2,7 m3/s (6984 m3/h to 9720 m3/h). The difference 
between supply and exhaust air volume flow rates can be explained with leakages of air to the dryer during 
the processing. The volume fraction of air leakage is bigger, when the fan speed is reduced to 50%, as the 
net positive suction power in the air channel is lower, which leads to increased possibility of air leakage to 

TEST PLAN - IMPLEMENTED

Date Sep 14 Sep 15 Sep 18 Sep 21 Sep 25
Day 6 Day 7 Day 10 Day 11 Day 15

Test 1 Test 2 Test 3 Test 4 Test 5 Test 6 Test 7 Test 8 Test 9 Test 10 Test 11
Hot aisle target 
temperature [°C]

42 42 42 42 42 42 30 30 30 30 30

Hot aisle (avg.) [°C] 40,6 41,9 40,3 41,5 38,5 40,2 35,1 35 33,4 33,5

Supply Air flow 

(avg.) [m3/s]
1,04 2,43 2,45 1,30 1,29 2,28 1,06 2,13 0,96 2,19

Exhaust Air flow 

(avg.) [m3/s]
2,10 2,72 2,7 1,94 1,94 2,72 2,10 2,72 1,94 2,7

Feeding rate [%] 100 100 50 50 75 75 100 100 75 50 50

Material flow 

[m3/h]
3 3 2 2 2,7 2,7 3 3 2,7 2 2

Fan speed [%] 50 100 100 50 50 100 50 100 50 100 50
Duration [h] 6 5 6 6 4 5 3,5 3,5 3 4 3

Dried biomass [m3] 18 15 12 12 10,8 13,5 10,5 10,5 8,1 8 6

Start time 12:00 10:00 14:35 9:53 15:15 10:00 14:30 9:30 14:20 8:55 14:00
End time 19:30 14:30 19:45 15:15 19:15 14:30 18:00 13:10 17:45 13:00 17:00 (?)

Start avg. (%) 50 58,27 53 52,98 53,15 54,13 50,2 52,9 47,94 46,14

End avg. (%) 43,47 42,8 44,43 44,8 51,3 45,68 49,15 48,6 48,43 43,98
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enter the dryer from the ambience. With increased fan speed (100%) the difference between supply and 
exhaust air volumetric flow decreases as the leakage volume decreases. To consider the effect of air 
leakage on the dryer’s efficiency, the ambient (weather) air conditions were measured. The ambient air 
temperature and relative humidity were used as condition data (describing the quality of air and the 
environment) for air leakage and the volumetric flow of air leakage was evaluated based on the difference 
between supply and exhaust air volume flows. The power utilized for drying was calculated as 

�̇� = ∑ �̇� 𝜌 ℎ  − ℎ   (Eq. 7) 

where Vair is the exhaust air volume flow [m3/s], ρ is exhaust air density [kg/m3] and h is specific enthalpy 
[kJ/kg] which result in the drying power [kW]. 

The dryer’s energy efficiency is represented by value of energy used to evaporate 1 kg of water from 
material (kWh/kgH2O). Based on the measured values, the power available for drying based on the air 
quality information of supply, exhaust and air leakage was calculated (Eq. 7). And the dryer efficiency was 
calculated as: 

𝜂 =
̇

  (Eq. 8) 

Where Q is drying power [kW], mH20 is the overall mass of water flowing out, including the exhaust air 
[kg/h] and ƞ is the dryer efficiency [kWh/kgH2O]. 

The mass flow of evaporated water from exhaust air is based on the volumetric flows of air and quality 
information. It was calculated to compare the values with water evaporation measurements based on the 
change in material moisture content before and after drying. The main results of the test campaign are 
shown in Table 3. 

Results from tests 10 and 11 are not shown in the table due to several interruptions during the test 
campaign and difficulties with measurements of material moisture content, which adversely impacted the 
accuracy of the data. 

Table 3, the measured and calculated efficiency values of each test. 

 

The measured material moisture content before and after drying showed a variation of moisture removal 
from 11 to over 100 kgH2O per hour. The calculations of moisture-based water removal from material are 
dependent on measurement accuracy, sampling accuracy and material flow volume 
measurements/throughput time. As the supply air from data center has an initial relative humidity due to 
moisture from data center cooling, the relative humidity of the dryer's supply air varied from 12 – 24%. The 
relative humidity of supply air limits the evaporation capacity of the drying air. The mass flow volume of 
water to dryer in the supply air varied from 14 to 68 kgH2O/h depending on volumetric air flow. 
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The power available for drying with the low temperature heat varied from 16 – 30 kWh, at supply air 
temperature of 28 - 31°C, and from 27 – 56 kWh at the supply air temperature of 36 – 39°C.  On the other 
hand, the air evaporation capacity of utilized air varied from 29 – 50 kgH2O/h based on: 

- supply air temperature 
- relative humidity 
- volumetric air flow (fan speed) 

The ModHeat® efficiency varied from 0,7 to 1,58 kWh/kgH2O and a few cases show values lower than 0,7 
kWh/kgH2O, which is unrealistic, as the theoretical minimum energy needed for wood chip drying is 0,694 
kWh/kgH2O (marked italic in the Table 3). 

The variation in dryer’s efficiency shows that even if the implemented test plan was designed to control the 
conditions of dryer, several variables affecting the overall system led to variations in the results. The 
efficiency values show that there is a clear potential to utilize waste heat from data center for drying of 
biomass, but the air temperature and thus the evaporation capacity of low temperature air is limited. Also, 
the fixed air volume flow rates limited the evaporation capacity of drying air during this test campaign. 

3.2 Data collection 
All data collected during the test campaign was stored in a timeseries database for easy access. The total 
number of collected data points for the test campaign was almost at 5 million and its total size corresponds 
to almost 20 MB of data as shown in Table 4. 

Table 4 of collected metrics and their corresponding number of data points. 

METRIC COUNT METRIC COUNT METRIC COUNT 
brightness 31428 energy 616612 humidity 556475 
current 231512 flow 311612 power 1019228 
direction 94280 frequency 77120 power factor 231426 
precipitation 125718 temperature 586873 twilight 31425 
pressure 62856 speed 31427 uvindex 31426 
radiation 31427 thd 462136 voltage 462466 
METRIC COUNT SIZE 
total 4995447 ~ 20 MB 

 

For visualization a tool called Grafana was used which provided easy access to specific time ranges and 
enabled downloading data as CSV files. 
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Figure 15, showing four graphs for the complete time span of the test campaign. 

The graph in the top left in Figure 15 shows the temperatures leaving the datacenter and then entering and 
leaving the dryer. Some of the values seem to be static which they were during the nights and weekends 
when the sensor values were not updated, but the gatherer unfortunately still saved the old values hence 
the horizontal lines in the graph. Top right shows volumetric air flows where one thing to notice was that 
during the first week the supply airflow was higher than the extract due to broken flow sensor which got 
fixed over the weekend. Bottom left is the power usage of the dryer where it is easy to spot when the 
hydraulics was operating due to the alternating values going up and down in blue. The last graph to the 
right shows the relative humidity for the different sections during the campaign. 

 

Figure 16, showing an additional four graphs from the test campaign. 

The top left graph of Figure 16 shows how the weather precipitation changed during the tests whereas the 
top right graph showcases the outdoor humidity. At the bottom left the outdoor temperature and 
dewpoint is presented and the last graph to the right shows how the temperatures within the cold and hot 
aisles of the changes during the campaign. 

3.3 ERF 
By using the measured data, different analyses can be done for finding the energy reuse factor. On such 
analysis, namely the correlation between the feeding rate and fan speed is shown below for the two hot 
aisle temperatures (Figure 17). 
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Figure 17, the energy reuse factor for the biomass trail correlating the feeding rate and fan speed. 

As shown, the fan speed is directly related to the energy reuse factor, where higher airflow means more 
energy is reused. It is also clear that a higher excess heat temperature means that more heat is reused. 

Notice that both tests 3 and 10 had higher energy reuse factor than test 6 and 8, even though the feeding 
rate was lower. During test 3, the outside temperature was lower than during test 6, which resulted in 
higher heat losses due to higher heat transmission to the outside and due to mixing with outdoor air 
sucked into the dryer. Two things stood out when comparing test 8 and 10. Firstly, it was more humid 
outside during test 10, which meant that the air carried more heat with the same airflow. Secondly, the 
average supply airflow was higher in test 10, indicating a run with fewer interruptions. 

3.4 Data-driven modeling 
Two machine learning models are presented in detail in next two sections. Afterwards, the models are 
summarized and compared on a general level. The models cannot be compared directly because different 
modeling methods are used, and the response variables differ. In Figure 18, the flowchart of the modeling 
processes from the measurements to predictions is presented.  

 

Figure 18, flowchart of data analysis processes of two different models. 

3.4.1 Model 1: Biomass moisture difference 

The data consists of (N) 15 biomass start and end moisture measurements. The humidity of biomass has 
been measured as spot checks and written down manually. The moisture pairs have been selected, so that 
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there is at least one-hour delay after start moisture measurement. Instead of predicting the biomass end 
moisture, the difference between start and end moisture was predicted with linear regression model (LM). 
During the modeling process, the variable selection has been done based on the modeling results. In the 
final model, there were 9 variables. In this LM-model, the difference between biomass start and end 
moisture, called dependent variable, is predicted by these 9 independent variables. 

In Figure 19, the dependent variable moisture difference versus the predicted values can be seen and the 
model results are shown in detail in Figure 20. It seems that the model can predict the moisture difference 
quite well, even 89% of the variation in the moisture difference is explained by the independent variables 
based on R-squared R2 value, but the adjusted R2 value seems to be quite low (0.69). Adjusted R2 takes into 
account the numbers of variables in a model, too. A large gap between R2 and adjusted R2 usually means 
that there are non-significant variables in the model. As can be seen from the variable listing, the most 
significant variables based on p-values are POD2 supply temperature (p=0.01), supply flow (p=0.01) and 
outdoor absolute humidity (p=0.02). In addition, the coefficient plot with 95% confidence intervals in Figure 
21 reveals that, based on the estimated intervals, there is a lot of uncertainty in the independent variables 
and few of them intersecting the reference line at 0, meaning that they are not significant. In this case, the 
non-significant variables are absolute precipitation quantity and relative exhaust air humidity, whereas 
other variables seem to have an effect on the biomass moisture difference. 

 

Figure 19, scatterplot of moisture difference and the fitted values. 
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Figure 20, linear regression model results for moisture difference. 

 

Figure 21, Coefficient plot with 95% confidence intervals for each independent variable. 

Due to the small sample size, the result of utilizing regression methods was very limited. There were also 
some quality problems with the measurements and differences between two test weeks, so the analysis 
and modeling results need to look very critically. In addition, the model’s ability to generalize new data 
seems to be weak based on LOOCV. In this validation, the resulting R2 value is only 0.57. The generalization 
of this model remains quite poor. 

3.4.2 Model 2: Exhaust air absolute humidity 

In this modeling case, two weeks’ dataset was available, although with some limitations. The available data 
is divided into training (75%) and test (25%) sets so that every fourth observation (in chronological order) 
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belongs to the test set. Independent variables, which are used to train the model, are 5 min average values. 
The dependent variable exhaust air absolute humidity is the absolute humidity after one hour and a half, 
compared to the starting situation. In this case, the exhaust air absolute humidity is predicted with GBM 
regression model. There are some differences between the values of certain variables depending on the 
test week. Four of them (namely supply air temperature, container supply temperature, container supply 
humidity and POD2 supply humidity) are shown in Figure 22, with week 1 turning to week 2 at time index 
267. Naturally, the reason for the differences is that supply air temperature from the datacenter changes. 
In the first week, it was around 40°C and in the second week approximately 30°C. On this account, only the 
measurements from the first week are used so that the data is more uniformly distributed without large 
shift. Only one test period, about 5 - hour data, was left out from the first week because of the lack of 
reliable data. To train the final GBM model, there were 140 observations available. 

 

 

Figure 22, Supply air temperature, container supply temperature, container supply humidity and POD2 supply humidity 
values on the Y-axis, and the running numbers in chronological order on the X-axis. The supply air temperature is 
reduced for the second week. In the first week, temperature was around 40°C and in the second week around 30°C, and 
consequently there are clear differences between the values in the first and second week (267th) in each plot. 

The modeling results are shown in Table 4, below. The modeling accuracy is quite good, with MSE of 0.03, 
RMSE equal to 0.16 and R2 of 0.91. Based on the R2 value, 91% of the variation in air humidity is explained 
by the independent variables. The adjusted R2 (0.82) is only a slightly lower than R2. These metrics are 
calculated from the test data, so the generalization of this model is rather good. Figure 23 shows the 
scatterplot between the residuals and the predicted values. The residual is the difference between the 
actual and the predicted value of the absolute humidity. The red line seems to be quite near the zero line. 
Thus, the model can predict quite accurately what the exhaust air absolute humidity will be after one hour 
and a half with present settings. 
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Figure 23, Scatterplot between residuals and predicted values. 

The root causes behind the exhaust air humidity can be considered by calculating the importance of each 
variable in the model. The importance value describes how much the variable affects humidity. The variable 
importance is calculated by alternating variables one by one and measuring how much the performance 
decreases. The performance loss is measured with the MSE. The plot of importance values is shown in 
Figure 24. The variable importance plot shows that the most important variable is the POD2 supply 
humidity. In addition, the container supply humidity, absolute quantity of the precipitation, exhaust air 
temperature, POD2 supply temperature, container supply temperature and supply flow have a strong effect 
on exhaust air absolute humidity, whereas current speed, relative outdoor humidity and container exhaust 
temperature have a weak effect on exhaust humidity. 

 

Figure 24, the variable importance plot. 

The effect of each variable on the dependent variable is visualized with Accumulated Local Effects (ALE) 
plots. Figure 25 shows the ALE of the exhaust air absolute humidity. ALE shows the main effect of the 
variable at a certain value compared to the average prediction of the exhaust air absolute humidity of GBM 
and also the distribution of data points. As can be seen, the predicted exhaust air absolute humidity is 
higher when the POD2 supply humidity is below 12.8% (normalized value 0.53), the container supply 
humidity is below 15.5% (normalized value 0.28) and the exhaust air temperature is below 16.6°C 
(normalized value 0.53). Clearly, rainy weather has a strong effect on drying process, which can mean that 
there are air leakages in dryer. The predicted exhaust humidity is significantly lower when the amount of 
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rainfall is high. In summary, this ALE analysis indicates that the exhaust air absolute humidity is predicted 
higher if the air humidity coming from the data center to dryer is low, the exhaust air temperature coming 
out from the dryer is low and the amount of rainfall is small. In this case, the moisture of the biomass 
would probably be also lower after drying process. 

 

 

Figure 25, the accumulated local effects (ALE) of the selected variables to the predicted humidity of GBM (black solid 
line) are on the Y-axis and the distribution of data points (black bars) on the X-axis. The values on the X-axis are 
normalized. 

The modelling results are also dependent on the interactions of the variables. In addition to analyze 
variables independently, the interactions between variables can be studied as well. The interactions can be 
seen in Figure 26. It shows how strongly the variables interact with one another. For each variable, there is 
an interaction strength value, which corresponds to the proportion of explained variance of f(x) in the 
range of 0 - 1. Zero means that there is no interaction, and if all variation depends on the interaction of 
given variable, the value is one. As can be seen, POD2 supply humidity, the absolute quantity of the 
precipitation and relative supply air humidity have the highest values. It is also possible to visually find the 
strongest interaction partners for each variable. In Figure 27, the interaction strengths between the most 
important variable and the other variables are shown. Clearly, the strongest interaction partner for the 
POD2 supply humidity is the absolute quantity of the precipitation. There are also interactions between 
relative supply air humidity, exhaust air flow and exhaust air temperature. This interaction analysis points 
out, that the weather conditions have a large effect on the biomass drying process, which supports the 
previous variable importance analysis. The amount of rainfall affects behind the other variables, which 
indicates that if the drying system would have better airtightness, the drying process could be more 
effective. Now, the possible air leakages reduce the effectiveness of the drying process. 
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Figure 26, the overall interaction strength for each variable independently. 

 

Figure 27, the 2-way interaction strengths between the most important variable POD2 supply humidity and the other 
variables. 

3.4.3 Summary of the models 

The summary of the two developed data-driven models is shown in Table 5. The variables used are listed in 
order of importance based on the used model analysis so that the first variable is the most significant and 
the last is the least significant. The three most important variables are marked in red in both models. In 
addition, a short interpretation of the model performance is written in last column. As can be seen, the 
adjusted R-squared (R2), which describes the quality of the model, is 0.57 in Model 1 after validation, which 
means that only 57% of the variation in the moisture difference is explained by the independent variables, 
whereas the corresponding percentage value for the Model 2 is 82%. These models can’t be compared 
directly, because they predict different things and the modeling methods differ. But the purposes of the 
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models are same, both models try to find out right settings to get drier biomass. From this point of view, 
the Model 2 manages clearly better. 

Table 5, summary of the developed data-driven models. 

Model Dependent 
variable 

Description N Independent variables Model 
metrics 

Interpretation 

1 Biomass 
moisture 
difference 

Linear regression 
model (LM); 
predicts the 
difference between 
the start and end 
moisture of biomass 

15 POD2 supply temperature 
supply flow 
humidity outdoor absolute 
container supply humidity 
exhaust air temperature 
Supply air relative humidity 
container exhaust humidity 
precipitation quantity absolute 
exhaust air relative humidity 

MSE=1.34 
RMSE=1.16 
R2 =0.89 
Adjusted R2 
=0.69 
  
LOOCV: 
RMSE=3.3 
R2 =0.57   
  

89% of the variation in 
the moisture difference is 
explained by the 
independent variables 
based on R2 value. But 
the adjusted R2 indicates 
lower accuracy 0.57. 
Also, leave-one-out-
cross-validation (LOOCV) 
reveals that the model 
performance is low. One 
reason for that is too 
small sample size. 

2 Exhaust air 
absolute 
humidity 

Gradient Boosting 
Machines (GBM); 
predicts the 
absolute humidity of 
the exhaust air after 
one hour and a half 
with present 
settings. 

140 
  
(training 
105 / 
test 35) 

POD2 supply humidity     
container supply humidity   
precipitation quantity absolute  
exhaust air temperature                
POD2 supply temperature         
container supply temperature   
supply flow      
Supply air relative humidity  
container exhaust humidity  
temperature outdoor actual  
exhaust flow       
humidity outdoor absolute   
Supply air temperature    
exhaust air relative humidity     
container exhaust temperature         
humidity outdoor relative    
Current speed                      

MSE=0.03 
RMSE=0.16 
R2=0.91 
Adjusted R2 
=0.82 

91% of the variation in 
the air humidity is 
explained by the 
independent variables 
based on R2 value. The 
adjusted R2 indicates 
only slightly lower 
accuracy 0.82. These 
metrics are calculated 
from test data so the 
model’s ability to 
generalize is quite good. 

 

3.5 LCA 

3.5.1  Flowcharts of two alternatives 

As mentioned in section 2.5, two reference flows are examined in LCA. Figure 28 and Figure 29 below 
depict the flowcharts of both reference flows, illustrating the processes involved. The main difference 
between them comes from heat source for drying and the complexity of modelling reflecting the 
distinctness of the two drying methods. This is due to the lack of industrial processes involved in the 
traditional free air drying of wood chips. 
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Figure 28, alternative 1: biomass drying by data center waste heat. 

 

Figure 29, alternative 2: biomass drying in open air. 

Due to system complexity of Alternative 1, Figure 28 is split into three sub-figures, the first showing the 
base of the system (27A), the second zooming in on the server assembly (27B), and the last one 
demonstrating the data center ’shell’ (27C), or the builiding in which it is operating. These are shown in 
Appendix C. 

3.5.2  Characterization results 

After modelling the two alternatives, they were compared based on ILCD characterization method. The 
results overview is given in Table 6 below. 
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Table 6, Characterization results of two drying alternatives based on ILCD method. 

 

Given the significant difference in involvement of industrial processes in the two alternatives, it is not 
surprising to note that the reference flow of alternative 2 shows a considerably lower environmental 
impact. 

Although both alternatives focus on drying of 1 m3 of biomass chips, A2 also takes into consideration losses 
of material at roadside, estimated at 10% of the final dry mass [8]. Therefore, if the emissions 
corresponding to the additional 10% of material were subtracted, the remaining impact of A2 would be 
equal to the impact of wood chips contained in A1. One could then attribute all the remaining impact in A1 
to the infrastructure and processes related to production of waste heat from data center and of ModHeat® 
unit.  

It is important to mention that both alternatives were modelled using wood chips, due to a lack of other 
background processes which would reflect the second alternative better. It can be, thus, supposed that the 
emissions of A2 are somewhat overestimated.  

3.6 Technoeconomic 
The technoeconomic viability of utilizing the data center waste heat for biomass drying was evaluated 
based on the test campaign measurement results. In case of use of the wood chips for power production, 
the material moisture content plays an important role, especially at the small heat plants. The wood chips 
energy value is based on the moisture level of the material. As a reference case, drying of wood chip from 
initial moisture content of 50 - 25% was calculated. Based on the measured air quality values, the supply air 
temperature in lower data center temperature case was 29°C at the dryer inlet and relative humidity (RH) 
15%. The exhaust temperature in turn was 12,6°C and RH 79%. Figure 30 shows the results of required 
rates of volumetric air flow and power to produce the wood chips with 25% moisture content. The 
production capacity of dryer is also evaluated based on the calculated dryer efficiency values. The low 
temperature of waste heat increases the air volume flow rate to reach the necessary energy supply for 
drying. One option to control the volumetric air flow rate to dryer is to adjust the feeding rate and the 
processing parameters (hydraulics – material movement) to increase the contact time with drying air and 
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dried material. With lower air supply temperature, the dryer’s production capacity is around 0.55 – 1 loose-
m3/h depending on the dryer’s efficiency. 

 

Figure 30, required power and evaporation capacity to produce wood chips with 25% moisture content with 32°C air 
from data center, and the production capacity based on the dryer’s efficiency. 

With similar target values of material moisture content (50 - 25%), utilization of higher supply air 
temperature in drying was calculated. The supply air temperature to the dryer was assumed to be 39,13°C 
and RH 15%. The results of calculations collected to Figure 31. With the higher supply air temperature, the 
dryer’s production capacity is 0.7 to 1.29 loose-m3/h. 
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Figure 31, the necessary power and evaporation capacity to produce wood chips with 25% moisture content with 40°C 
air from data center, and the production capacity based on the dryer’s efficiency. 

Based on the data center low and high temperature cases shown in Figure 30 and Figure 31, the production 
capacity values and the annual energy recovery levels by utilization of waste heat for the biomass drying, 
are shown in Figure 32 and Figure 33. When calculating the annual energy recovery, it is assumed that all 
the utilized energy from the data center is recovered energy. The annual energy utilized for drying with the 
data center supply air temperature of 32°C is +666 MWh/a, which would mean annual use of 100 tons of 
coal (23,9 MJ/kg) to produce same amount of energy and same time including avoidance of -227 tons of 
CO2 emissions (Figure 32) [15] - [16]. The material energy value increases after drying from 50% moisture to 
25% annually is +619 MWh, which means increased energy product potential of a power plant with +41 
household annual heating energy production. 
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Figure 32, annual heat energy use for drying and its effect on the wood chip energy content with data center air 
temperature of 32°C.  

The simplified cost-benefit analysis is only based on energy value increase in case of data center 
temperature of 32°C Table 7. 

Table 7, the simplified cost benefit analysis of drying wood chips with 32°C data center waste heat air. 

Data Center Temperature 32°C with air volume flow rate 27 000 m3/h 

Sales 
Volume  
[loose –m3/a] 

Price  
[€/loose-m3] 

Sum  
[k€] 

Dry woodchips (25 %) 8560 20 171.2 

Sum   171.2 

OPEX 
Volume  
[loose –m3] 

Price 
[€/loose-m3] 

Sum  
[k€] 

Raw material 1: small 
diameter energy wood 

8560 14.56 124.6 

 MWh/a €/MWh Sum [k€] 

Heat 666 0 0 

Electricity 160 90 14.4 

 Workload €/a  

Staff 0.5 50000 25.0 

Sum   164.0 

TOTAL PROFIT   7.2 

CAPEX   Sum  
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[k€] 

Dryer  small  100 

Peripherals    40 

Sum   140 

   Years 

Payback time    19.5 

 

With the higher data center supply temperature of 40°C, the annual energy recovery increases to +866 
MWh/a, and the material energy value increases annually in power plant use with +747 MWh/a (Figure 33). 
With dried material, the annual energy production increase in power plant practically means +50 
households annual increased energy production. To produce the same amount of “extra” energy with coal 
means using 112 tons of coal annually, and at the same time, there is a potential to avoid -245 tons of CO2 
compared to coal use as a raw material [15] - [16]. 

 

Figure 33, annual heat energy use for drying and its effect on the wood chip energy content with data center air 
temperature of 40°C. 

The simplified cost-benefit analysis is only based on energy value increase in case of data center 
temperature of 40°C is shown in Table 8. 

Table 8. The simplified cost benefit analysis of drying wood chips with 40°C data center waste heat air. 

Data Center Temperature 40°C with air volume flow rate 27 000 m3/h 

Sales 
Volume  
[loose –m3/a] 

Price  
[€/loose-m3] 

Sum  
[k€] 

Dry woodchips (25 %) 10320 20 206.4 

Sum   206.4 
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OPEX 
Volume  
[loose –m3] 

Price 
[€/loose-m3] 

Sum  
[k€] 

Raw material 1: small 
diameter energy wood 

10320 14.56 150.3 

 MWh/a €/MWh Sum [k€] 

Heat 866.7 0 0 

Electricity 160 90 14.4 

 Workload €/a  

Staff 0.5 50000 25.0 

Sum   189.7 

TOTAL PROFIT   16.7 

CAPEX   Sum  
[k€] 

Dryer  small  100 

Peripherals    40 

Sum   140 

   Years 

Payback time    8.4 

 

The payback period of dryer investment, based solely on the energy value increase caused by drier wood 
chips, is long in relation to general investment payback period expectations. The elevated air temperature 
increases the dryer performance by around 20%, which has a major effect on the overall cost-efficiency, as 
only the material quality increase benefits are considered. A more detailed the cost-benefit analysis is 
needed to evaluate the profitability of drying with waste heat from data center. A wider cost-benefit and 
value chain analysis could consider other costs saving of the dried material use at power production, such 
as increased efficiency of power plant (because of the dried raw material), decreased maintenance costs, 
decreased oil usage (the oil used as a substitute fuel at low load seasons at heating plant, summer), 
decreased CO2 emissions and more efficient logistics of material. Artificial drying speeds up the material 
cycle time and decreases the need of long-term roadside storage (natural drying for 9 months). Accelerated 
production chain also decreases the wood decay losses before utilization. 

One of the main questions in the cost-benefit analysis and the future possibilities to utilize the data center 
waste heat to drying is, how the energy used for drying is valuated and how the benefits from drying are 
allocated to different operators in the overall value chain operating/handling the material. Case specific 
analysis is needed to evaluate the overall profitability. The implemented two weeks piloting campaign as a 
part of the Arctiq-DC project shows that the drying is possible, but needs further detailed evaluation of the 
implementation in relation to the scale of data center and the aimed production capacities. 
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4 Discussion 
The full-scale test campaign of biomass drying with waste heat from data center showed, that the 
temperature of excess heat has a significant effect to the drying performance. With low temperature 
excess heat drying is possible, but it has its effect on the performance and that way on the cost-efficiency. 
Other factor to the dryer’s performance is the available volumetric air flow (rate), which for its part defines 
the energy available for drying and the evaporation capacity of the dryer. As the excess heat temperatures 
from data center are fixed, that simplifies the utilization on the one hand, but leaves the air volume flow 
and material throughput time as the major adjustable quantities to adjust the drying performance, on the 
other. 

The variation of dryer’s efficiency shows that even if the implemented test plan was done to control the 
conditions of dryer, several variables effecting to overall system led to variation in the results. The dryer’s 
efficiency values shows that there is a clear potential to utilize excess heat from data center for drying of 
biomass, but the air temperature and thus the evaporation capacity of low temperature air is limited. Also, 
the fixed volumetric air flow rates limit the evaporation capacity of drying air during the test campaign. The 
cost-efficiency of utilization of excess heat for drying is highly related to the overall value chain of dryable 
product. Overall, drying of biomass with waste heat enables one way to utilize and store the excess heat 
from data center to biomass, and thus increase the efficiency of power production or utilization of dried 
biomass for production of more valuable products. 

The overall outcome of the data gathering was a success, where data was gathered and saved from 
multiple systems without any greater issues during the entire test period, and it could afterwards be 
exported and analyzed. Unfortunately, there were some problems, only discovered once everything was 
installed and running at the BTDC site. Two of the issues were related the EMSF volumetric flow sensors, 
one of which broke during the initial fan testing of the ModHeat® exhaust fan. The plastic part responsible 
for ensuring correct flow measurement broke loose at max speed of the fan, hence resulting in that 
incorrect measured air flows and too low. This and was not fixed until the following weekend. The other 
problem was that the sensors were under dimensioned for the final airflows used during the trials, causing 
the meters to max out and being unable to capture the maximum flows. The flow sensors used were the 
largest available at the retailer, and it was unfortunate that its maximum limit was not observed. In 
addition, there was a software-related problem with the SFTec System A collecting temperatures within the 
dryer. A recent update, before the container was shipped to Sweden, caused the collection software not to 
run and gather the temperatures, resulting in inability to save and observe data, even though it was 
connected to the RISE Collection Hub. 

As mentioned in the method, the raw data were resampled, and a frequency was chosen for each trial as 
the longest interval between two data points for all variables, except for the temperature of the hot and 
cold aisle. Due to issues with data collection system integration, data gaps in the measurement for the hot 
and cold aisle temperature in some cases become long. Fortunately, these variables were very stable during 
each trial and resampling them to a higher frequency than measured was deemed possible without 
affecting the accuracy of the data. 

The biomass end moisture prediction is a challenging task because the target variable is not easily 
measurable. In this research, a small set of initial measurements was captured before and after the drying 
process. Due to the small data size and the quality problems of the measurements, the modeling accuracy 
remains low. Instead of the biomass actual end moisture, the exhaust absolute humidity is more easily 
measurable. Because of the fact that the more humid exhaust air is, the more moisture is captured from 
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the material and the biomass itself is drier, the root cause analysis behind the exhaust air humidity can 
reveal some of the root causes also behind the biomass moisture. 

The most important cause behind the exhaust absolute humidity is the amount of humidity which exhausts 
from the data center (The POD2 supply humidity). But beside that, the way air humidity changes along the 
way from the data center into the dryer also matters and so does the supply humidity (the container supply 
humidity) in the beginning of the drying process. This research revealed that the weather conditions also 
have a strong effect on the drying process. Especially, the rainy weather reduces the effectiveness of the 
biomass drying process because of quality changes of the leakage air. Based on the data analysis, three 
threshold values were found to increase the exhaust absolute humidity. The POD2 supply humidity should 
be below 12.7%, the container supply humidity below 15.3% and the exhaust air temperature below 16.4°C. 
In case these threshold values are exceeded, the process settings can be changed. There are possibilities to 
increase the drying time and decrease the feeding rate to get dryer biomass out. Based on the analysis of 
variables’ interaction, the weather conditions also affect other independent variables, hence if the drying 
system would have better airtightness, the drying process could be more effective. To avoid too strong 
effect of the humid weather conditions, the pipe between the data center and the dryer should be shorter 
and air tighter. Similarly, the air entry and output of the dryer should be designed air tighter. Consequently, 
the air leakages will be decreased and the effectiveness of the biomass drying will be increased. 

The developed model can predict quite accurately what the exhaust air absolute humidity will be after one 
hour and a half with present settings, and the generalization capability of this model is also quite good 
based on the metrics calculated on the independent test data. The 82% of the variation in the exhaust air 
absolute humidity is explained by the independent variables used in model. Of course, more research 
needs to be done to ensure that the model also indirectly predicts the biomass end moisture. It will be 
possible to develop model further in the dynamical form if more data is available for model training and 
testing. With dynamic model, it would be possible to make more long-term predictions of end moisture and 
control the system in adaptive manner.  

The LCA study analyzing the experiment faced multiple limitations, mostly related to lack of data. Many 
approximations and assumptions had to be made, whether for the lack of relevant bills of materials, or due 
to incompatibility between units. To be more specific, oftentimes the real-life data was presented in 
different units from those present in ecoinvent database, such as surface vs. volume. This led to additional 
assumptions to be made, whether on density of materials or depth of objects to obtain the third dimension 
needed. Additionally, energy necessary for construction of infrastructure was unknown and thus cut-off. As 
mentioned in the characterization results, both alternatives were modelled using the same stream of wood 
chips, which does not reflect the reality of the second alternative. All these considerations could have 
influenced the impact results, however, could not be avoided due to the lack of time and data availability. 
Finally, the LCA results clearly showed that drying biomass in open air is more environmentally sustainable. 
Nonetheless, in real-life situations, multiple sides of an issue need to be taken into consideration, such as 
the time saved in industrial drying, the land needed for free air drying and the loss of material. Additionally, 
a question arises whether comparing a highly industrial process with a mainly natural drying is ‘fair’, given 
the obvious implication that industrial processes are generally less sustainable due to the impact embodied 
in the necessary infrastructure. Still, presence of an LCA of industrial biomass drying process is desired, as it 
gives an understanding of its environmental impact and puts it into context. 
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5 Conclusions 
This report presents the trials to apply data center excess heat in biomass drying. Based on the results and 
analyses, the following conclusions were made: 

 A higher excess heat temperature affects the drying performance in a positive way. 
 A higher air speed through the dryer affects the drying performance in a positive way. 
 No correlation between the drying performance and biomass feeding rate could be observed. 
 As expected, the environmental impact of drying biomass via data center excess heat had a larger 

environmental impact than drying it in open air. The difference in environmental performance can 
be attributed to the infrastructure contained in the industrial drying process, namely both the data 
center itself, as well as ModHeat® drying unit. 

 By using biomass drying as excess heat application about 30% of the data center power could be 
recovered as drying power. 

 The most important control variables, in decreasing order, for biomass drying are according to: 
o Linear regression model: 

 POD2 supply temperature, 
 Supply flow 
 Humidity outdoor absolute. 

o Gradient Boosting Machines: 
 POD2 supply humidity, 
 Container supply humidity, 
 Absolute precipitation quantity. 

 The short-term future humidity and the moisture content of biomass could be predicted with an 
accuracy of 57% with linear regression model and 82% with Gradient Boosting Machines. 

In general, for generating the highest drying efficiency the focus should be on increasing the air 
temperature and volume flow rate, and simultaneously, air humidity into the dryer should be decreased. 
The energy reuse factor up to about 30% shows that biomass drying is a suitable application in areas where 
that type of service is required. 
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7 Appendices 
APPENDIX A – Supply Ductwork and Sensor Placement 

 
 
 

NUMBER SENSOR TYPE DESCRIPTION 
11 SHT31-D Data Center (POD2) supply temperature and relative humidity 
9 SHT31-D Container inlet temperature and relative humidity 
7 EMSF Measuring Device Supply ducting volumetric air flow sensor 

 

APPENDIX B – Exhaust Ductwork and Sensor Placement 

 

 

NUMBER SENSOR TYPE DESCRIPTION 
13 SHT31-D Container exhaust temperature and relative humidity 
12 EMSF Measuring Device Exhaust ducting volumetric air flow sensor 

 

  

12 13 
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APPENDIX C – Zoomed in flowchart of Alternative 1 

 

 

Figure 27A: The foreground processes.  

 

 

Figure 27B: Zoom in on Server assembly process according to JRC [14]. 
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Figure 27C: Detailed process of data centre building according to Schneider Electric [13]. 
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APPENDIX D – BTDC Data Collection 

 


