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Abstract
Parameter prediction is essential for many appli-
cations, facilitating insightful interpretation and
decision-making. However, in many real life do-
mains, such as power systems, medicine, and engi-
neering, it can be very expensive to acquire ground
truth labels for certain datasets as they may re-
quire extensive and expensive laboratory testing. In
this work, we introduce a semi-supervised learning
approach based on topological projections in self-
organizing maps (SOMs), which significantly re-
duces the required number of labeled data points
to perform parameter prediction, effectively ex-
ploiting information contained in large unlabeled
datasets. Our proposed method first trains SOMs
on unlabeled data and then a minimal number
of available labeled data points are assigned to
key best matching units (BMU). The values esti-
mated for newly-encountered data points are com-
puted utilizing the average of the n closest la-
beled data points in the SOM’s U-matrix in tandem
with a topological shortest path distance calculation
scheme. Our results indicate that the proposed min-
imally supervised model significantly outperforms
traditional regression techniques, including linear
and polynomial regression, Gaussian process re-
gression, K-nearest neighbors, as well as deep neu-
ral network models and related clustering schemes.

1 Introduction
Parameter prediction is a fundamental aspect of numerous
data science applications, enabling the interpretation of in-
sights as well as aiding in decision-making processes [Barnes
et al., 2016][Candanedo et al., 2017][Jiang et al., 2021b]. In
the financial sector, it is crucial for predicting future stock
prices or investment returns [Thakkar and Chaudhari, 2021].
It is also instrumental in risk management and insurance,
where projecting potential losses is essential when designing
robust insurance policies and mitigation strategies [Kure et
al., 2022]. A specific application of parameter estimation is
often seen in power industries, particularly in operations in-
volving coal-fired power plants [Smrekar et al., 2010][Adams
et al., 2020]. These facilities utilize parameter estimation to

estimate future demand, forecast fuel properties, anticipate
maintenance needs, and assess potential environmental im-
pacts. By predicting these values, plants can optimize opera-
tional efficiency, plan budgets, and better comply with envi-
ronmental regulations. In effect, parameter estimation trans-
lates data-driven insights into quantifiable future predictions,
thus providing organizations with the necessary tools to make
informed and forward-looking decisions.

However, in practice, acquiring labeled data can be ex-
tremely expensive and time-consuming. Serving as the moti-
vating example and data generating process for this study, a
coal power plant needs to analyze coal property decomposi-
tions from a sensor which provides 512 spectra readings per
minute as coal flows through it in order to make real-time
operational decisions. This power plant has 12 cyclones, of
which only two were installed with expensive sensors that
record time series of these 512 channels of spectra readings.
From the time that the sensors were installed in 2020, only
three field tests were conducted to collect samples that were
sent to a lab for analysis. Concretely, these required human
specialists to travel to the power plant in order to find and col-
lect representative coal samples and then send those samples
to a lab for analysis; the lab analyzed the coal samples and
sent the results back after a few weeks. Each field test was
only able to acquire around 20 coal property analysis data
points, in each field trip for each cyclone.

Self-organizing maps (SOMs) [Kohonen, 1982] are a type
of artificial neural network that learn in an unsupervised fash-
ion, creating a low-dimensional representation of input data,
usually within a two-dimensional space. SOMs are well-
known for their unique ability to maintain the topological and
metric relationships of the original high-dimensional data,
making them a powerful tool for visualizing and interpreting
complex datasets, particularly those with many attributes or
observed variables [Kohonen, 2013][Vesanto and Alhoniemi,
2000][Kohonen et al., 1996].

The main hypothesis of this work is that a SOM can be
trained using a large amount of unlabeled data, learning how
properly represent the topology of the input data space, and be
readily used for cases where labeled data is limited. This has
resulted our design of a novel approach for semi-supervised
learning scheme – one that we also call minimally-supervised
– that utilizes topological projections within the SOM frame-
work. For the coal data example, only 67 labeled data points
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Figure 1: The proposed minimally supervised SOM modeling framework.

were available for a dataset of over 20k samples. In this algo-
rithm, the SOM is first trained on unlabeled data for cluster-
ing and then the few available labeled data points are mapped
to the trained SOM’s topology. Finally, we make use of the
distance relationship between an unknown data point’s best
matching unit (BMU) and its closest N labeled data points’
BMUs to dynamically craft parameter value predictions. The
performance of the proposed method is empirically tested
on coal fired power plant spectra data as well as appliance
energy consumption data; our results demonstrate that our
minimally-supervised learning approach works better other
powerful supervised and unsupervised learning methods.

2 Related Work
Semi-supervised learning / minimally supervised learning
primarily deals with the problem of learning from a lim-
ited number of labeled samples. It is widely used for clas-
sifications related tasks, such as natural language process-
ing (NLP) [Zhang et al., 2021][Qiang et al., 2023], image
and video analysis [Wang et al., 2020a][Wang et al., 2020b],
and anomaly detection [Villa-Pérez et al., 2021][Jiang et al.,
2021a][Azzalini et al., 2021]. For regression problems, semi-
supervised learning is mostly used for computer vision re-
lated tasks. Dai et al. propose Uncertainty-Consistent Vari-
ational Model Ensembling using Beyesian networks to im-
prove uncertainty estimations [Dai et al., 2023]. Rezagholi-
radeh et al. use semi-supervised generative adversarial net-
works for regression [Rezagholiradeh and Haidar, 2018].
Very few related works use semi-supervised regression for
data science. A.H.de Souza Júnior et al. porpose minimal
learning machine for supervised distance-based non-linear
regression and classification on multidimensional response
spaces [de Souza Junior et al., 2015]. Levatić et al. use semi-
supervised multi-target regression (MTR) for multi-target re-
gression [Levatić et al., 2015]. Kostopoulos et al. use semi-
supervised learing to predict the final grade of students who
take online courses [Kostopoulos et al., 2019]. Meattini et
al. proposed minimally supervised regression model for robot
hand grasping control [Meattini et al., 2022].

With respect to the SOM, or Kohonen map, the origi-
nal efforts behind its proposal and initial construction fo-

cused on unsupervised clustering [Kohonen, 1982]. However,
later work showed that the SOM could be adapted for semi-
supervised learning, combining it with a K-nearest neighbors
(KNN) classifier to tackle different categorization tasks [Silva
and Del-Moral-Hernandez, 2011][Tian et al., 2014][Suchen-
wirth et al., 2014]. For regression problems, Hsu et al. pro-
posed a two-stage architecture using an SOM and support
vector regressor for stock price prediction [Hsu et al., 2009].
Riese et al. proposed a supervised and semi-supervised SOM
algorithm that was capable of unsupervised, supervised, and
semi-supervised classification as well as regression on high-
dimensional data [Riese et al., 2019]. The SOM has also be
seen integration/fusion with other regression methods, such
as support vector regression [Che et al., 2012][Dong et al.,
2015] and geographically-weighted regression [Wang et al.,
2020c] for domain-specific applications. To our knowledge,
this is the first work to utilize the SOM topology itself to per-
form parameter prediction, particularly in the context of min-
imally available annotated target samples.

3 SOM Topological Projections
A SOM is a neural system that learns/adapts in an unsuper-
vised fashion; it is a model that is used primarily for visualiza-
tion and dimensionality reduction [Kohonen, 1990]. SOMs
are able to transform high-dimensional data samples into a
low-dimensional map (usually two-dimensional) which can
be represented visually through what is known as a U-Matrix
– the learned map preserves the topological and metric rela-
tionships of the original data points. This makes SOMs par-
ticularly useful for visualizing complex datasets and recog-
nizing clusters or patterns within them.

In Kohonen maps, units are typically arranged using a
square (each unit has four neighbors) or a hexagonal (each
unit has six neighbors) map. As the SOM is trained, samples
are matched to their BMU and the BMU and its neighbor-
ing units within a radius are moved towards the sample; the
neighbors are pulled to a lesser degree depending on how far
away from the BMU they are within the map. This results
in neighboring units typically being closer to each other in
the map while still allowing the overall map to represent the
topology of the sample space.



Algorithm 1 SOM Topological Projection
1: function SOM(X-unlabeled, X-labeled, Y -labeled)
2: som = SOMClustering.fit(X-unlabeled) ▷ Cluster unlabeled data with SOM
3: U -Matrix = som.getU -Matrix()
4: DistanceGraph = DijkstraGraph(UMatrix) ▷ Build Dijkstra Shortest Paths Distance Graph
5: PairwiseDistance = DistanceGraph.getPairwiseDistance() ▷ Shortest distance between any two nodes
6: Labeled-BMUs = som.transform(X-labeled) ▷ Fit labeled data on trained SOM
7: ClosestNeighbors = findClosestNeighbor(PairwiseDistance, Labeled-BMUs,N)

▷ Find N closest neighbors and their pairwise distances for each node
8: EstimatedV alues = makeTable(ClosestNeighbors, Y -labeled,N) ▷ Calculate estimated values for each node
9: for x in X-unlabeled do

10: x-BMU = som.transform(x) ▷ Get unknown data point’s BMU
11: y-estimated = EstimatedV alues[x-BMU ] ▷ Look up its estimated values
12: function MAKEWEIGHTEDNEIGHBORTABLE(ClosestNeighbors, Y -labeled, N )
13: for x in X-unlabeled do
14: for n in N do
15: weight = 1/ClosestNeighbors[n] ▷ Weight is the inverse of pairwise distance
16: distance = Y -labeled[n]
17: SumWeight+ = weight
18: SumDistance+ = distance
19: Estimation[x] = SumDistance/SumWeight ▷ Get weighted average of closest neighbors
20: returnEstimation
21: function MAKELINESEARCHTABLE(ClosestNeighbors, Y -labeled, LineSearchMethod)
22: for x in X-unlabeled do
23: if LineSearchMethod == Linear then
24: model = LinearRegressor

25: if LineSearchMethod == Polynomial then
26: model = PolynomialRegressor

27: model.fit(ClosestNeighbors,Y-labeled)
28: Estimation[x] = model.predict[0] ▷ The estimated value is when x=0 in regression model
29: returnEstimation

This work utilizes the map topology to project values
for unlabeled data patterns given the integration of a small
number of labeled data points assigned to the map. Fig-
ure 1 presents a flowchart of our proposed method and Al-
gorithm 1 formally depicts the methodology. Concretely, the
SOM is first trained using unlabeled data and the labeled data
points are mapped to their best matching units wtihin the
SOM (marked as red dots in the U-Matrix depicted in Fig-
ure 2). Parameters for unlabeled data points during inference
can then be estimated by projecting values from their near-
est neighbors in the SOM as shown in Figure 2. The squares
with blue borders are the SOM units and the squares between
SOM nodes represent the distance between units, visualized
in varying shades of gray; darker colors represent a greater
measured distance between the nodes on either side of the
cell. The red dots represent the small set of labeled datapoints
that are fitted into the trained SOM.

Following this, also shown in Figure 2, an example new
unlabeled data point A is matched to its best matching unit
(the green cell). Dijkstra’s algorithm is then used to calculate
(given the distance between neighboring units in the SOM
graph) the shortest paths’ pairwise distance between the green
node and all of the nodes that contain labeled data (note that
this step can be calculated once for each unit in the SOM
and have the distances values saved to significantly improve
inference performance). The N nearest neighbors – in this
case, N = 3 – are selected (paths shown by green dotted

Figure 2: An example topological projection of an unlabeled data
point to a trained SOM topology with mapped labeled data.

lines) and then used for final parameter prediction.
This method is flexible given that any distance metric could

be employed in order to calculate distance values in the topo-
logical projection; in this work, we use the Euclidean distance
as it provided best results. Furthermore, the topological pro-
jection utilized to predict parameter values can also be carried
out in different ways. This work investigates using a weighted
average of the nearest neighbors as well as a regression based
on nearest neighbor distance measurements.

3.1 Weighted Average Projection
Given the N nearest labeled neighbors, with parameters np,
a weighted average estimation for each parameter ep can be



predicted given the distance from each unlabeled data point’s
BMU to each of that BMU’s neighbors, d(BMU,n):

ep =

∑N
n=1 np · 1

d(BMU,n)∑N
n=1

1
d(BMU,n)

.

3.2 Regression Projection
Alternately, each neighbor distance and labeled parameter
value can be used as x/y pairs to train regression estimators. If
the x value is the distance between the unknown node and its
neighbors, then f(x) is the parameter value, which is known
based on the neighbors. This facilitates the use of regression
in the context of conducting parameter prediction, where the
the estimated value is f(x = 0). This work investigates esti-
mating parameters for both linear and polynomial regressors.

4 Experimental Setup
4.1 Dataset
This work utilizes two real-world datasets from the energy
domain. The first one was a primary motivation for this work
and was collected from a coal fired power plant’s cyclones.
The unlabeled input data is per-minute coal sample spectra
readings, each with 512 channels, which was collected from
the years 2021 through 2023. This unlabeled data consists of
more than 20K data points. Of these, only 67 data points were
taken as samples and sent to a lab for coal property analysis
in order to generate labeled values for training a predictor.
The 13 labeled coal properties for prediction provided by the
laboratory analysis were: BaseAcidRatio, AshContent, BTU,
H2OContent, NaContent, FeContent, AlContent, CaContent,
Kcontent, MgContent, SiContent, SOContent, TiContent.

The second dataset is appliance energy usage in a low en-
ergy house [Candanedo et al., 2017]. The appliance energy
usage can be affected by things such as the temperature and
humidity of the environment in the low energy house. The
energy dataset was recorded every 10 minutes and also has
approximately 20K data points. The dataset contains 27 input
parameters, including energy use of light fixtures, the humid-
ity and temperature of different rooms in the house, as well as
weather data from outside of the house. This dataset serves
as a baseline/benchmark given that all data points contain our
prediction parameter target (appliance energy usage), which
lets us remove this parameter target from varying amounts of
data points, allowing us to examine how well our algorithm
performs with more or less data (given its semi-supervised
nature), as compared to other benchmark methods.

4.2 Experimental Setting and Preparation
This work explored using both regression (supervised) meth-
ods as well as unsupervised clustering methods. For the su-
pervised regression tasks, the labeled data (67 datapoints for
the coal data and varying quantities for the appliance data)
were divided into training and test datasets. The training con-
sisted of 80% of entire labeled dataset (53 samples for the
coal data), and each test dataset had the remaining 20% of
the labeled dataset (14 datapoints for the coal data). The su-
pervised methods compared against included linear regres-
sion, polynomial regression, a deep neural network (DNN)

regressor, Gaussian process regression (GPR), and K-Nearest
neighbors (KNN). For unsupervised learning, we compare the
clustering performance between Density-Based Spatial Clus-
tering of Applications with Noise (DBSCAN) and SOM. Un-
fortunately most of the semi-supervised learning models are
designed for computer vision or NLP applications, and the
code for some semi-supervised learning work for data sci-
ence was not available [de Souza Junior et al., 2015][Li et
al., 2017] for us to compare to.

Each experiment was repeated 10 times (each experimental
trial seeded uniquely) on a MacBook Pro with Intel Core i9
processors. Code is available at [REMOVED for REVIEW].
We utilized k-fold (k = 5) cross validation for hyperparame-
ter tuning as well as to select the optimal model configuration.
The best model chosen was then tested on the testing dataset.
The input dataset is high-dimensional for the coal data (512
parameters); therefore, all of those regression tasks used the
top principal components (PCs) which represented 80% of
the variance from principle components analysis (PCA) used
to conduct dimensionality reduction. For the coal data, the
top 31 PCs represented 80% of the data’s total variance.

As data normalization methods can affect model training
results given that they might alter the original data distribu-
tion, all experiments were performed using min-max scaling
(or feature scaling), standardization (z-score normalization),
and robust normalization. Min-max scaling does not change
the data distribution, however it can be heavily affected by
large outliers. Standard normalization assumes that the fea-
ture distribution is approximately Gaussian and is less sen-
sitive to outliers as compared to min-max scaling. Robust
normalization utilizes the median and interquartile range to
transform the data and is the most robust to data outliers out
of the three normalization schemes.

5 Results
5.1 SOM Hyperparameters
Apart from the SOM training hyperparameters (e.g., learn-
ing rate, radius, training epochs etc), which can be tuned in
experiments, we found that two major hyperparameters sig-
nificantly affected the performance of our proposed method.

The first parameter (that our scheme is sensitive to) is the
SOM’s grid size, as we found that this significantly affects
the clustering results as well as how spread out the labeled
data points are. Figure 3 presents how the same labeled data
points are distributed on SOMs with size 10×10 and 30×30
(from the perspective of the coal data set). The two SOMs are
trained with the same training hyper parameters and, in the
figure, the red dots mark labeled data points. The numbers
next to the red dots are the identifier (ID) of each labeled data
point. In the 10×10 SOM U-Matrix, many labeled data points
are clustered together, such as data point ID = 4, 6, 10 and
52, where data points are more spread out in the 30 × 30
SOM U-Matrix. The more spread out the labeled data points
are, the better the parameter value estimation result is, since
the SOM more accurately reflects the sample space topology.

The second parameter our method is sensitive to is the
number of neighbors used for weighted average parameter
value estimation. Table 1 further depicts that increasing the



(a) U-Matrix size 10x10

(b) U-Matrix size 30x30
Figure 3: Labeled data point mappings in SOMs trained on the un-
labeled coal data with different grid sizes.

number of neighbors used in the topological projection does
not necessarily yield better value estimation results. Our re-
sults indicate that it is more ideal to use the labeled data points
near the unknown point for the weighted average estimation.

Table 1 shows the average prediction root mean squared
error (RMSE) using different SOM sizes and number of near-
est neighbors over 10 repeated runs using different data nor-
malization methods for the coal dataset. The best RMSE for
each of the different data normalization methods are marked
in bold font. Different data normalization schemes affect the
final optimal SOM model due to their impact on the outliers
as well as distribution of the original data [Singh and Singh,
2020]. Nevertheless, the best RMSE for using three nor-
malization methods are fairly close; however, using min-max
scaling gives the best results.

5.2 Coal Dataset Results
Weighted averaging (WAVG) as well as linear and polyno-
mial regression were tested as our scheme’s topological pro-
jection on the coal dataset. The experimental SOM sizes and
number of nearest neighbors tested were the same as those in
Table 1. Table 2 shows the best RMSE for all experiments
using weighted neighbors and both regression methods1. The
weighted neighbor approach performs the best as compared
to linear and polynomial regression under all three data nor-

1Full result tables are included in the Supplementary material.

Table 1: SOM validation RMSE under various data normalizers,
topologies, and number of nearest neighbors N used for estimation.

N=3 N=5 N=7 N=10 N=12 N=15
Minmax Normalization

10x10 7.64e2 7.28e2 7.09e2 7.29e2 7.38e2 7.48e2
15x15 8.71e2 8.20e2 8.33e2 8.33e2 8.31e2 8.06e2
20x20 8.37e2 7.87e2 7.31e2 7.29e2 7.28e2 7.31e2
25x25 6.50e2 6.58e2 6.44e2 6.69e2 6.79e2 6.65e2
30x30 8.79e2 7.56e2 7.97e2 8.61e2 8.61e2 8.58e2

Standard Normalization
10x10 8.14e2 7.61e2 7.77e2 7.74e2 7.69e2 7.81e2
15x15 7.71e2 7.43e2 7.59e2 7.70e2 7.78e2 8.15e2
20x20 8.07e2 7.85e2 7.50e2 7.57e2 7.72e2 7.64e2
25x25 7.05e2 7.25e2 7.23e2 7.11e2 7.43e2 7.27e2
30x30 6.68e2 7.87e2 7.43e2 6.66e2 6.76e2 6.96e2

Robust Normalization
10x10 7.76e2 7.67e2 7.93e2 7.88e2 7.77e2 7.86e2
15x15 8.06e2 7.92e2 8.04e2 8.00e2 7.98e2 7.96e2
20x20 7.08e2 6.83e2 6.91e2 7.17e2 7.27e2 7.36e2
25x25 6.90e2 7.04e2 7.11e2 7.42e2 7.30e2 7.44e2
30x30 9.74e2 8.77e2 8.15e2 8.76e2 8.59e2 8.57e2

Table 2: SOM weighted average versus line search.
Minmax Standard Robust

WAVG 6.44e2 6.66e2 6.83e2
Linear 7.75e2 7.62e2 7.90e2

Polynomial 1.77e3 1.48e3 1.65e3

Table 3: Random guessing baseline RMSE.
X∼U X∼N X∼U X∼N

B/A 0.05 0.03 Ca 7.58e5 7.91e5
Ash 1.17 0.68 K 1.01e5 1.25e5
BTU 9.26e4 6.22e4 Mg 1.76e5 1.02e5
H2O 7.22 3.62 Si 4.91e7 2.63e7
Na 1.27e6 1.11e6 SO 9.39e6 5.72e6
Fe 3.55e6 1.79e6 Ti 9.85e3 8.90e3
Al 3.74e6 3.11e6 Average 5.25e6 3.01e6

malization methods. Therefore, we used this scheme for the
remaining experiments.

5.3 Topological Regression vs Regression Methods
Our proposed method uses very few labeled data points for
unknown data estimation. Generally, other supervised meth-
ods perform very poor when training data examples are lim-
ited and input data is high dimensional. In these experiments,
to get a sense of how these baseline methods perform, we
tested supervised regressions method such as linear regres-
sion, polynomial regression, GPR, DNN, and KNN.

Tables 3, and 4 show the validation prediction RMSE in
the original scale of each coal (data) property, across all the
experimental methodologies. Experiments are conducted us-
ing all three data normalization methods: Minmax, Standard,
and Robust. Table 4 shows the results using Minmax nor-
malization, using Standard and Robust normalization shows
similar results as Minmax. The results of using Standard and
Robust normalization can be found in the Appendix. Table 3
provides a baseline, with the first column X ∼ U showing
RSME using random predictions based on the uniform dis-
tribution of each coal property’s value range, and the second
column X ∼ N shows the random predictions using the nor-
mal distribution of each coal property data value. As the orig-
inal dataset contains an extremely limited number of labeled
data points for validation of the regression methods, the val-
idation RMSE of those methods can be very high. We use



Table 4: Min-max RMSE results.

Linear Polynomial GPR DNN KNN SOM
RBF Matern RAND AVG LS WAVG

B/A 0.09 0.02 0.13 0.03 0.05 0.01 2.03e2 1.56e2 0.26 0.11
Ash 0.64 0.61 1.35 0.22 0.96 0.19 2.43e3 2.01e3 1.32 0.57
BTU 1.16e5 4.40e4 3.42e4 2.86e4 9.86e4 1.22e4 9.52e5 8.60e5 3.79e2 1.45e2
H2O 7.02 3.59 9.38 2.41 4.06 1.07 1.04e4 9.83e3 3.38 1.31
Na 2.60e6 2.75e6 4.11e6 1.25e6 2.01e6 2.32e5 7.59e6 6.84e6 1.53e3 5.19e2
Fe 3.10e6 1.94e6 2.12e6 1.99e6 4.70e6 1.07e6 1.27e7 1.14e7 1.84e3 8.27e2
Al 3.80e6 3.33e6 9.10e6 1.05e6 2.06e6 6.08e5 1.82e7 1.63e7 2.68e3 9.75e2
Ca 8.50e5 7.22e5 7.54e5 3.30e5 1.04e6 2.04e5 8.79e6 8.00e6 1.23e3 5.56e2
K 1.58e5 1.10e5 2.88e5 5.22e4 1.05e5 4.72e4 3.80e6 3.50e6 3.46e2 1.51e2

Mg 1.37e5 4.26e4 2.29e5 5.08e4 1.45e5 2022e4 5.39e6 4.95e6 4.60e2 1.88e2
Si 2.66e7 2.90e7 6.55e7 6.35e6 4.07e7 4.10e6 1.08e8 9.88e7 8.82e3 3.48e3
SO 1.46e7 4.51e6 5.04e6 4.56e6 1.45e7 2.20e6 4.32e7 3.98e7 3.46e3 1.48e3
Ti 1.26e4 8.43e3 2.48e4 3.05e3 6.05e3 9.63e2 1.43e6 1.33e6 1.17e2 45.16

Average 4.00e6 3.27e6 6.71e6 1.20e6 5.03e6 6.54e5 1.62e7 1.48e7 1.61e3 6.44e2

Table 5: Energy Data RMSE
50 100 200

Minmax Standard Robust Minmax Standard Robust Minmax Standard Robust
Linear 1.72e4 1.72e4 1.72e4 9.05e3 9.05e3 9.05e3 7.50e3 7.50e3 7.50e3
Poly 7.85e3 5.49e3 1.01e4 1.23e4 1.20e4 1.59e4 1.03e4 9.93e3 1.10e4
DNN 5.35e3 5.58e3 5.25e3 7.35e3 7.73e3 7.03e3 6.52e3 6.36e3 6.44e3
KNN 5.44e3 6.65e3 6.26e3 6.90e3 6.84e3 7.01e3 5.71e3 6.02e3 6.41e3

GPR(RBF) 5.93e3 5.10e3 6.23e3 7.25e3 6.97e3 7.82e3 5.81e3 5.48e3 6.25e3
GPR(Matern) 5.06e3 4.83e3 6.09e3 7.11e3 6.82e3 7.20e3 5.78e3 5.91e3 5.75e3
SOM WAVG 8.32e1 8.57e1 8.04e1 8.75e1 8.69e1 8.48e1 9.01e1 9.25e1 9.14e1

Table 6: GPR and DNN testing RMSE using 1600 training samples.
Minmax Standard Robust

GPR(RBF) 6.81e3 6.85e3 7.82e3
GPR(Matern) 6.68e3 6.74e3 7.54e3

DNN 8.38e3 1.20e4 8.24e3

random guessing RMSE to show if a method is valid at mak-
ing predictions, i.e., do they beat random guessing. We then
further compare the SOM topological projections to powerful
methods including Gaussian processes (GPs) and DNNs.

Classical Methods We tested two classical methods, linear
regression and polynomial regression. Notice that the predic-
tion performance of these methods is close to random guess-
ing. Polynomial regression performs slightly better than lin-
ear regression with min-max normalization while linear re-
gression performs better using the other two normalization
methods. Since the results show the RMSE of each coal prop-
erty value’s in the unnormalized data scale, depicting the av-
erage performance across all coal properties is biased to pa-
rameters with higher value range, we do not over-speculate
on the average RMSE provided in the bottom row.

Gaussian Process Regression (GPR) is a non-parametric,
Bayesian approach to regression that employs a probabilis-
tic framework for learning and inference [Williams and Ras-
mussen, 1995], which has shown strong performance on
small sized datasets. We used two kernel functions for
GPR: Constant ∗ RBF (a radial basis function kernel) and
Constant∗Matern (a Matern generalized RBF kernel). The
hyperparameter tuning range for the two kernel functions can
be found in the supplementary materials. GPR regression re-
sults are generally better than random guessing and classical
methods but not significantly so.

Deep Neural Network (DNNs) offer a powerful, nonlinear
approach to tackling high-dimensional regression problems.
After applying PCA to the input data features, we obtain 31

(transformed) features, upon which a simple DNN is further
applied to conduct regression/estimation. The structure of the
DNN we crafted can be found in supplementary materials.
The DNN performs better with the min-max scaling method,
but generally worse than the GPR methods. As DNNs gen-
erally require large training datasets to obtain good-quality
performance, this was expected.

K-Nearest Neighbors (KNNs) is a simple but widely used
method for regression tasks. The Naive KNN predicts values
by taking the average values of its ”k” nearest neighbors. The
results show KNN outperforms other methods in predicting
2-3 coal properties for coal dataset, however it generally still
performs worse than our proposed methods.

The Self-Organizing Map. To show that the distance on
the U-Matrix plays an important role in parameter value esti-
mation, we also tested the use of non-weighted average val-
ues of randomly selected neighbors, non-weighted average
values of closest neighbors, as well as linear regression on
closest neighbors (polynomial regression is not shown due to
the poor performance we found it exhibited). The results in
Table 4 demonstrates that using the average value of random
neighbors (SOM RAND) performs the worst (as expected), us-
ing average value of closest neighbors (SOM AVG) does bet-
ter than random neighbors, and linear regression (SOM LS )
among closest neighbors is better than average closest neigh-
bors. Note that using the weighted average of closest neigh-
bors (SOM WAVG) does the best over all proposed methods
as well as other regression methods. In general, we find that
SOM WAVG performs orders of magnitude better than the
other methods for almost all coal properties.

5.4 Unsupervised DBSCAN
It is possible to apply the idea of using the clustering re-
sult and the distance values among adjunct clusters for
value estimation in other schemes beyond the SOM. In light



Figure 4: DBSCAN with PCA.

of this, we explored using another unsupervised clustering
method for the weighted average value estimation, i.e., DB-
SCAN (Density-Based Spatial Clustering of Applications
with Noise) [Ester et al., 1996] which is an unsupervised clus-
tering algorithm known for its ability to effectively group data
points in high-dimensional spaces. DBSCAN identifies dense
clusters, distinguishing them from sparser noise regions,
making it highly suitable for high-dimensional datasets.

DBSCAN requires two main parameters: eps and
min samples. eps is the maximum distance between two
samples for one to be considered as in the neighborhood of
the other. min samples is the number of samples in a neigh-
borhood for a point to be considered as a core point; this in-
cludes the point itself. The plot below show the number of
clusters and cluster size using min samples = 3 and differ-
ent eps. Figure 4 show the relationship of using different eps
and the number of clusters, size of the biggest, average, and
smallest cluster, and the number of outliers on the original
data and data with 80% variance preserved utilizing PCA.

The vertical dash line shows the potential eps for cluster-
ing and its corresponding number of clusters and the num-
ber of outliers. When it reaches the highest number of total
clusters, the amount of outliers are around 20K and all clus-
ters are extremely small. When the number of outliers drops
significantly, the biggest cluster contains almost all the data-
points, which left very little room for (effective) value estima-
tion. Clustering using DBSCAN without PCA shows similar
trends, and the result can be found in the Appendix. The re-
sults with DBSCAN shows that not all unsupervised learning
clustering methods work with the proposed semi-supervised
scheme in comparison to the SOM.

5.5 Energy Dataset
The coal dataset has a very limited number of labeled data
points, we utilize the energy dataset to study the effectiveness
of SOM topological projections using different quantities of
labeled data points for training. We utilized 50, 100, and 200
randomly selected labeled data points, with regression mod-
els using 80% for training, and 20% for validation. For the

SOM topological projection, we utilized the remaining data
points as unlabeled data, removing the prediction parameter
target. Table 5 presents the weighted average value projection
compared to the other regression methods. From these re-
sults, we observe that the SOM does significantly better than
the other regression methods.

To further explore the regression capability of GPR and
DNN on even larger training dataset, GPR and DNN mod-
els were trained on datasets containing 1600 data points and
tested on sets with 200 data points. The validation results are
shown in Table 6. Comparing results in Table 5 and 6, even
training with significantly more training data does not nec-
essary improve the performance of complex regression mod-
els in our problem contexts. Note that the SOM topologi-
cal projections, even when using a greatly limited set labeled
data patterns (even just 50 labeled samples), still outperforms
these methods by several orders of magnitude.

6 Conclusion
This paper proposed a minimally supervised learning algo-
rithm based on topological projections in a self-organizing
map (SOM). Our scheme first clusters the unlabeled data
within an SOM, then utilizes the distance between SOM units
to create a graph that can be used to compute the shortest
paths in the SOM topology space between nodes using Dijk-
stra’s algorithm. Labeled data points are then mapped to the
SOM where ultimately predictions of unlabeled data points
can be made by utilizing topological projections based on the
closest labeled nearest neighbor units from the best matching
unit of the unlabeled data.

We investigated utilizing both a weighted average and re-
gression methods to perform the parameter prediction given
the nearest neighbors and found that the weighted average
method has the best performance. Our results also show
that our proposed SOM method performs orders of magni-
tude better than other supervised learning regression meth-
ods, such as classical linear and polynomial regression, Gaus-
sian process regression, and deep neural networks, as well as
an unsupervised learning scheme, such as DBSCAN. We also
show that our methods still significantly outperform super-
vised methods even when the supervised models are provided
much more labeled training data.

Our neural map method provides a promising approach
for semi-supervised learning, particularly offering a viable,
effective scheme for large, mostly unlabeled, datasets, par-
ticularly in instances when very few data points are la-
beled/annotated. The scheme is effective with high dimen-
sional data and further results can be easily visualized through
the use of U-Matrices. Our work also provides interesting av-
enues for future research endeavors, such as efforts that study
others methods for performing the topological projections in-
herent to our computational framework. Additionally, as our
neural method is easily visualized via a U-Matrix, this system
could be used to facilitate explainablity in model predictions.
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Feldheim, and Dominique Deramaix. Data driven predic-
tion models of energy use of appliances in a low-energy
house. Energy and buildings, 140:81–97, 2017.

[Che et al., 2012] Jinxing Che, Jianzhou Wang, and Guangfu
Wang. An adaptive fuzzy combination model based on
self-organizing map and support vector regression for elec-
tric load forecasting. Energy, 37(1):657–664, 2012.

[Dai et al., 2023] Weihang Dai, Xiaomeng Li, and Kwang-
Ting Cheng. Semi-supervised deep regression with
uncertainty consistency and variational model ensem-
bling via bayesian neural networks. arXiv preprint
arXiv:2302.07579, 2023.

[de Souza Junior et al., 2015] Amauri Holanda de Souza Ju-
nior, Francesco Corona, Guilherme A Barreto, Yoan
Miche, and Amaury Lendasse. Minimal learning machine:
A novel supervised distance-based approach for regression
and classification. Neurocomputing, 164:34–44, 2015.

[Dong et al., 2015] Zibo Dong, Dazhi Yang, Thomas Reindl,
and Wilfred M Walsh. A novel hybrid approach based on
self-organizing maps, support vector regression and parti-
cle swarm optimization to forecast solar irradiance. En-
ergy, 82:570–577, 2015.

[Ester et al., 1996] Martin Ester, Hans-Peter Kriegel, Jörg
Sander, Xiaowei Xu, et al. A density-based algorithm for
discovering clusters in large spatial databases with noise.
In kdd, volume 96, pages 226–231, 1996.

[Hsu et al., 2009] Sheng-Hsun Hsu, JJ Po-An Hsieh, Ting-
Chih Chih, and Kuei-Chu Hsu. A two-stage architecture
for stock price forecasting by integrating self-organizing
map and support vector regression. Expert Systems with
Applications, 36(4):7947–7951, 2009.

[Jiang et al., 2021a] Jehn-Ruey Jiang, Jian-Bin Kao, and Yu-
Lin Li. Semi-supervised time series anomaly detection
based on statistics and deep learning. Applied Sciences,
11(15):6698, 2021.

[Jiang et al., 2021b] Yiqi Jiang, Chaolin Li, Lu Sun, Dong
Guo, Yituo Zhang, and Wenhui Wang. A deep learning al-
gorithm for multi-source data fusion to predict water qual-
ity of urban sewer networks. Journal of Cleaner Produc-
tion, 318:128533, 2021.

[Kohonen et al., 1996] Teuvo Kohonen, Erkki Oja, Olli Sim-
ula, Aari Visa, and Jari Kangas. Engineering applica-
tions of the self-organizing map. Proceedings of the IEEE,
84(10):1358–1384, 1996.

[Kohonen, 1982] Teuvo Kohonen. Self-organized formation
of topologically correct feature maps. Biological cyber-
netics, 43(1):59–69, 1982.

[Kohonen, 1990] Teuvo Kohonen. The self-organizing map.
Proceedings of the IEEE, 78(9):1464–1480, 1990.

[Kohonen, 2013] Teuvo Kohonen. Essentials of the self-
organizing map. Neural networks, 37:52–65, 2013.

[Kostopoulos et al., 2019] Georgios Kostopoulos, Sotiris
Kotsiantis, Nikos Fazakis, Giannis Koutsonikos, and
Christos Pierrakeas. A semi-supervised regression algo-
rithm for grade prediction of students in distance learning
courses. International Journal on Artificial Intelligence
Tools, 28(04):1940001, 2019.

[Kure et al., 2022] Halima Ibrahim Kure, Shareeful Islam,
Mustansar Ghazanfar, Asad Raza, and Maruf Pasha. Asset
criticality and risk prediction for an effective cybersecurity
risk management of cyber-physical system. Neural Com-
puting and Applications, 34(1):493–514, 2022.
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A Experimental Details
A.1 SOM Hyperparameters
Table 7 shows the hyperparameters used for all SOM (self-
organizing map) experiments.

Table 7: SOM hyperparameters

Learning Rate Start 0.5
Learning Rate End 0.05
Radius MAX max(N -Columns,N -Rows)/2
Radius MIN 1
Neighborhood Function Gaussian
Train Epochs 20,000
Initialization Method Random
Distance Metric Euclidean

A.2 Gaussion Process Regression
Table 8 shows the GPR (Gaussion process regression) model
initial hyperparameter range for the coal and energy dataset
experiments.

Table 8: GPR Initial Hyperparameter Range

Kernal α C Length Scale Nu
C · RBF [1e-5, 1e-1] [1e-5, 1e1] [1e-1, 10.0]

C · Matern [1e-5, 1e-1] [1e-5, 1e1] [1e-1, 10.0] [0.1, 2.5]

A.3 Deep Neural Networks
Table 9 shows the DNN (deep neural network) structure for
the coal dataset. The coal dataset has 31 features after PCA as
inputs to the DNN. Table 10 shows the DNN structure for the
energy dataset. The energy dataset has 27 input parameters to
the DNN.

B Additional Results
B.1 SOM Line Search
Table 11 shows the full results of topological projection us-
ing linear regression of the SOM closest neighbors. Ta-
ble 12 shows the full results of topological projection using
polynomial regression of the SOM closest neighbors.

B.2 SOM vs. GPR Prediction Plots
Figure 5 and 6 compare all 13 SOM and GPR estimated coal
properties. In the plots, the lab analysis values are the true la-
bels. The SOM results use leave-one-out value estimation, so
it is possible to make estimations on all 67 data points. GPR
(and the other regression methods), however, use the first 53
datapoints for training. The plots show the validation perfor-
mance on the 14 testing data points. From the plots we see the
GPR performance is not stable on different coal properties. It
can make valid estimations for more stable coal properties
such as Ash content, however it does not make valid predic-
tions for coal properties such as Al and Ca content. Further,
it performs extremely poorly for Na content which has wide
oscillations.

Table 9: DNN Model Structure

Layer (type) Output Shape Activation
Dense (31) (None, 31) ReLU
Dense (15) (None, 15) ReLU
Dense (10) (None, 10) ReLU
Dense (1) (None, 1) Linear

Table 10: DNN Model Structure

Layer (type) Output Shape Activation
Dense (27) (None, 27) ReLU
Dense (15) (None, 15) ReLU
Dense (10) (None, 10) ReLU
Dense (1) (None, 1) Linear

B.3 Topological Regression vs Regression Methods
Table 13 and 14 show the validation prediction RMSE in the
original scale of each coal (data) property, across all the ex-
perimental methodologies, using Standard and Robust data
normalization methods.

B.4 DBSCAN
Figure 7 show the relationship of using different eps and the
number of clusters, size of the biggest, average, and smallest
cluster, and the number of outliers on the original data with-
out utilizing PCA.



(a) Al Content (b) Ash Content

(c) Base Acid Ratio (d) Na Content

(e) Ca Content (f) Fe Content

(g) H2O Content (h) K Content

Figure 5: SOM vs GPR Estimated Coal properties



(a) Mg Content (b) Na Content

(c) Si Content (d) SO Content

(e) Ti Content

Figure 6: SOM vs GPR Estimated Coal properties (Continued)



Table 11: Validation RMSE of SOM Linear Line Search

N=3 N=5 N=7 N=10 N=12 N=15
Minmax Normalization

10x10 5.34e4 6.44e3 1.44e3 1.09e3 9.52e2 9.45e2
15x15 1.51e4 1.92e3 1.52e3 1.35e3 1.27e3 1.18e3
20x20 4.98e3 1.75e3 1.28e3 9.98e2 9.34e2 9.15e2
25x25 3.25e4 1.46e3 1.14e3 1.00e3 8.68e2 7.75e2
30x30 8.16e4 1.61e3 1.44e3 1.57e3 1.34e3 1.23e3

Standard Normalization
10x10 1.05e4 5.62e4 1.60e3 1.17e3 1.01e3 8.91e2
15x15 1.04e4 2.10e3 1.55e3 1.31e3 1.21e3 1.14e3
20x20 6.56e3 2.64e3 1.55e3 1.13e3 9.91e2 9.09e2
25x25 5.79e3 1.71e3 1.21e3 9.82e2 9.63e2 8.81e2
30x30 6.58e3 1.76e3 1.38e3 8.62e2 8.02e2 7.62e2

Robust Normalization
10x10 9.69e3 7.49e3 2.77e3 1.25e3 9.98e2 9.88e2
15x15 8.72e3 2.05e3 1.45e3 1.25e3 1.16e3 1.09e3
20x20 9.06e3 2.11e3 1.20e3 9.51e2 8.83e2 8.52e2
25x25 5.07e3 1.45e3 1.16e3 1.09e3 8.59e2 7.90e2
30x30 9.71e4 2.13e3 1.38e3 1.73e3 1.86e3 1.60e3

Table 12: Validation RMSE of SOM Polynomial Line Search

N=3 N=5 N=7 N=10 N=12 N=15
Minmax Normalization

10x10 2.46e16 2.86e16 1.19e5 8.70e3 3.25e3 2.26e3
15x15 2.22e17 1.86e15 1.75e4 4.39e3 3.11e3 3.02e3
20x20 3.02e5 2.50e4 4.91e3 2.94e3 2.83e3 2.00e3
25x25 1.20e15 3.42e4 1.06e4 3.37e3 3.41e3 1.77e3
30x30 1.25e16 2.56e4 1.20e4 7.73e3 4.31e3 3.42e3

Standard Normalization
10x10 8.95e15 3.15e16 3.52e15 5.30e3 3.37e3 2.16e3
15x15 1.79e16 4.12e4 1.20e4 5.03e3 3.86e3 2.74e3
20x20 8.55e14 1.43e5 1.97e4 8.17e3 3.95e3 2.63e3
25x25 8.62e16 2.15e4 7.58e3 2.84e3 3.19e3 2.19e3
30x30 1.67e15 2.94e4 9.03e3 2.14e3 1.83e3 1.48e3

Robust Normalization
10x10 4.44e16 7.72e16 8.59e4 7.86e3 8.01e3 2.66e3
15x15 9.23e16 4.97e4 1.40e4 5.82e3 4.29e3 2.85e3
20x20 4.12e16 8.97e4 9.82e3 3.03e3 2.60e3 1.65e3
25x25 7.35e5 1.25e4 8.99e3 3.59e3 2.23e3 1.78e3
30x30 1.83e16 1.09e5 9.48e3 1.18e4 1.08e4 4.33e3

Figure 7: DBSCAN without PCA.



Table 13: Standard RMSE Table

Linear Polynomial GPR DNN KNN SOM
RBF Matern RAND AVG LS WAVG

B/A 0.09 0.04 0.01 0.02 0.04 0.01 44.79 6.25 1.64 0.10
Ash 0.47 0.63 0.20 0.19 0.56 0.22 4.48e2 41.04 9.71 0.57
BTU 9.86e4 4.80e4 2.92e4 2.78e4 4.82e4 1.18e4 1.16e5 2.81e4 1.89e3 1.41e2
H2O 6.01 4.04 2.10 2.08 2.92 1.14 7.55e2 73.02 14.42 1.30
Na 2.69e6 2.64e6 1.43e5 4.91e5 1.90e6 1.48e5 9.19e5 1.49e4 9.49e3 5.50e2
Fe 3.30e6 1.28e6 1.13e6 1.38e6 2.70e6 1.00e6 1.10e6 7.27e4 3.16e4 8.50e2
Al 3.23e6 1.23e7 7.01e5 6.63e5 3.16e6 4.58e5 2.12e6 1.27e5 1.60e4 1.03e3
Ca 7.83e5 1.53e6 4.55e5 3.64e5 7.62e5 1.99e5 9.21e5 9.46e4 1.91e4 5.63e2
K 1.42e5 5.36e5 7.43e4 4.88e4 1.08e5 2.96e4 3.25e5 5.07e4 2.62e3 1.54e2

Mg 1.20e5 7.69e4 2.86e4 4.51e4 6.51e4 2.52e4 3.73e5 7.08e4 6.30e3 1.91e2
Si 2.19e7 1.12e8 5.44e6 5.19e6 3.33e7 4.95e6 9.32e6 2.01e6 4.20e4 3.57e3
SO 1.52e7 3.59e6 3.00e6 3.17e6 1.08e7 2.24e6 3.82e6 1.12e6 1.77e4 1.56e3
Ti 1.11e4 4.21e4 2.91e3 3.46e3 5.49e3 5.65e2 1.36e5 3.57e4 6.27e2 46.65

Average 3.65e6 1.03e7 8.46e5 8.75e5 4.06e6 6.97e5 1.47e6 2.79e5 1.13e4 6.66e2

Table 14: Robust RMSE Table

Linear Polynomial GPR DNN KNN SOM
RBF Matern RAND AVG LS WAVG

B/A 0.08 0.15 0.01 0.02 0.05 0.01 26.62 25.71 0.34 0.12
Ash 0.64 0.42 0.21 0.20 0.52 0.19 2.80e2 1.43e2 1.30 0.59
BTU 8.05e4 4.02e4 2.82e4 2.80e4 1.21e5 1.19e4 9.35e4 3.78e4 4.50e2 1.61e2
H2O 4.98 3.32 2.21 2.19 4.99 1.04 5.01e2 2.20e2 3.59 1.38
Na 2.65e6 4.67e6 5.26e4 2.64e5 2.68e6 1.68e5 6.27e5 3.44e5 1.95e3 6.10e2
Fe 2.52e6 1.23e6 1.01e6 1.51e6 3.58e6 1.16e6 6.95e5 3.37e5 2.11e3 8.41e2
Al 3.75e6 5.01e6 4.54e5 4.40e5 2.86e6 4.58e5 1.88e6 7.74e5 2.92e3 1.08e3
Ca 1.00e6 1.33e6 6.17e5 5.13e5 1.09e6 2.21e5 7.73e5 3.51e5 1.39e3 5.85e2
K 1.40e5 5.37e5 8.74e4 4.94e4 1.36e5 2.73e4 3.29e5 1.32e5 4.21e2 1.56e2

Mg 1.17e5 7.31e4 2.47e4 3.40e4 7.13e4 2.50e5 2.66e5 1.16e5 4.40e2 2.01e2
Si 2.88e7 5.59e7 3.68e6 5.66e6 3.78e7 3.49e6 7.35e6 3.13e6 9.27e3 3.69e3
SO 1.11e7 3.19e6 2.39e6 2.53e6 1.05e7 2.22e6 2.77e6 1.15e6 4.48e3 1.50e3
Ti 1.31e4 1.95e4 1.24e3 1.45e3 8.81e3 7.80e2 1.30e5 5.71e4 1.30e2 48.23

Average 3.85e6 5.54e6 6.42e5 8.49e5 4.52e6 5.99e5 1.15e6 4.95e5 1.81e3 6.83e2
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