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Abstract: The rapid development of urban industrialization has had many negative effects on the qual-
ity of water sources around cities. Long-term prediction of water quality can be of great help
to the conservation of water environment. This case tries to use several popular deep learning models,
such as RNN, LSTM, MLP, and Transformer-based models to predict the long-term integrated water
quality index in the Chaohu Lake area. The dataset is derived from daily monitoring data from four
monitoring sites within Chaohu Lake from 2019 to 2022, and the long-term prediction performance
of the model is evaluated using MAE and MSE as evaluation metrics. The experimental results
showed that all models selected in this case achieved good results within the study area, but Informer
performed more prominently (MSE = 0.2455, MAE = 0.2449) as the length of the prediction series
increased. Our results demonstrate the effectiveness of popular deep learning models in the field
of WQI prediction, especially the significant advantage of transformer-based models represented by
Informer in long-term water quality prediction, which will further provide an effective modern tool
for water quality monitoring and management.

Keywords: Chaohu Lake; deep learning algorithms; surface water quality; water quality index (WQI)

1. Introduction

Water is essential for human as well as natural systems and is the most critical resource
for ecosystem stability and sustainable social development [1]. In particular, surface
water is considered to be one of the most important ecological factors that play a role
in balancing the water cycle. However, with the continuous development of industrial
civilization, climate change, inappropriate human land resource utilization practices, and
gross negligence in water quality management have led to further increase in surface water
pollution [2,3]. Therefore, the assessment and estimation of river water quality level is
a great concern today. An accurate estimation and assessment of river water quality is
the basis of water environment management, which is important for the effective protection
of water environment.

To make the relevant staff in water environment assessment with practical and quan-
titative information, Brown et al. [4] proposed WQI, the water quality index, which is
calculated based on various physicochemical parameters of water (such as turbidity (TUR),
total nitrogen (TN), PH and other pollutant concentrations), aiming to effectively assess
the overall quality of water sources, and has been extensively used in the work related
to the field of water quality. However, on the basis of its large calculation volume, the pro-
cess of obtaining WQI requires a lot of time and effort of professional staff [3]. In addition,
the different calculation methods of WQI also lead to an increase in workload. Therefore,
improving the efficiency and estimation ability of WQI calculation exists a high practical
application value [5].
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At this stage of research, the comprehensive water quality index WQI prediction
by time-series prediction model can effectively assess the water quality and on this ba-
sis to achieve the early detection of pollution, timely prevention, and control of water
sources [6]. The good performance of deep learning in the case of large data size and
the more powerful information capture ability of covariate prediction methods have at-
tracted the attention of researchers. Emamgholizadeh et al. [7] used Multilayer Percep-
tron (MLP), Convolutional Neural Network (CNN) for water quality components during
the study of Karoon River water quality, and pointed out that all the applied models have
suitable performances in water quality prediction, among which MLP has slightly higher
prediction accuracy in all contexts, but it is not difficult to find in the final results that
these methods, although improved over previous ones, are still deficient in capturing
long-term dependence. Later, Beak et al. [8] created a new deep learning method by using
long short-term memory (LSTM) to conduct a study in the Nakong River basin in Korea,
simulating a variety of parameter variables affecting water quality conditions in the pro-
cess. LSTM itself solves the problems of gradient disappearance and gradient explosion
that exist in RNN-like methods when the network is deepened [9]. Such improvements
significantly improve the utilization of data and the accuracy of predictions of regional
water quality. However, it is still weak in capturing long-term dependence [10], and its
mastery of auxiliary variables as one of the models for covariate forecasting still needs to
be improved.

With the continuous development in the field of deep learning coupled with time
series prediction, Long Sequence Time-Series Forecasting (LSTF) has gradually started
to be noticed by researchers. Compared with short time-series prediction, LSTF is closer
to realistic scenarios [11], it can effectively capture the more accurate long-range correlation
coupling between output and input, and this kind of prediction can provide us with timely
warning of pollution criticality [12] and thus maintain the ecological environment. balance.
Therefore, LSTF is more suitable for realistic fields like water quality prediction assessment,
so this paper combines the above-mentioned classical deep learning models: MLP, RNN,
Transformer, and LSTM with the field of long-range time series prediction, and explores
the prediction ability of these models on LSTF problems while comparing with the long-
term time series prediction models FEDformer [13] and Informer [14] for a comparison
of each prediction performance.

In this case study, we have made three main contributions aimed at providing corre-
sponding assistance to subsequent researchers in the field of water quality:

1. For the particular study area of Chaohu Lake, the variables affecting the water quality
index WQI are grouped to find the best prediction effect and the corresponding
weighting proportion.

2. The perspective of the field of water quality forecasting from short sequence to the new
field of long sequence time-series forecasting proved that LSTF has more excellent
control ability in the relationship between multiple variables, and LSTF can solve
the actual long-term water quality forecasting problem, proved the degree of suitabil-
ity of long series forecasting and water quality forecasting.

3. Compare the prediction results of LSTF model informer and several popular deep
learning models for long sequence, find out the best long sequence forecasting model
under one specific field of water quality prediction, and provide effective modern
prediction tools and tools for water quality prediction.

2. Study Area

Chaohu Lake (31°42′∼32°25′ N, 116°23′∼118°22′ E) is one of the five major freshwater
lakes in China in the middle and lower reaches of the Yangtze River. It is located in central
Anhui Province, China, with a perimeter of 176 km, an average depth of 2.89 m, an area
of 780 km2, and a volume of 2.07 billion m3 [15]. The lake is mainly recharged by surface
runoff, with a watershed area of 13,486 km2 and 35 rivers along the lake [16]. Chaohu Lake
has a northern subtropical temperate monsoon climate with significant monsoons and four
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distinct seasons. The average annual temperature of the entire basin is between 15 and
16 °C, the active cumulative temperature is above 4500 °C, the frost-free period is above
200 days, the annual temperature difference is above 25 °C, and the annual precipitation
contour of 1000 mm passes through the district boundary [17]. The main roles of the basin
are shipping, water supply, irrigation, aquaculture, tourism, and many other functions.
Figure 1 illustrates the land use pattern of the Chaohu Lake watershed, with urban land
(red blocks) dominating the upstream, while the peripheral areas of the watershed are
dominated by paddy fields for cultivation and aquaculture, while the downstream is
dominated by scattered industrial and other special land uses [15,18].
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Figure 1. Distribution of utilization types in the Chaohu Lake watershed.

In a study published by Zhang et al. [19] in 2022, it was noted that the annual average
amounts of total nitrogen and total phosphorus in the basin were estimated to be 10,832 t/a
and 781 t/a. This case study also shows that the load intensity within the watershed
is unevenly distributed, and soil erosion, precipitation intensity, and population density,
as the three key factors driving N and P losses, show a positive correlation with the intensity
of N and P losses. In addition, the studies by He et al. and Ren et al. [20,21] both showed
that the water quality pollution of Chaohu Lake mainly originated from the rapid popula-
tion growth and economic development, and the high-intensity human activities further
deteriorated the water quality. Untreated domestic sewage, industrial wastewater, and mas-
sive application of pesticides in major tributaries, all of which have caused accumulation
of nutrients in their water bodies, increased net primary productivity, increased eutrophica-
tion, shrinking of lakeshore ecological zones, elevated lake bottoms and accelerated aging
of the lakes. It is extremely important to establish a water quality prediction model that
meets the long-term needs to cope with the changing trends in the future stages [22].

The data for this study was selected from some monitoring sections in the Chaohu
basin, which are located at the latitude and longitude as shown in Table 1. By analyz-
ing the geographic environment of the monitoring points on the map, including relative
location, topography, climate, vegetation, soil, and distribution in the upstream and down-
stream of the basin, three more representative monitoring sections in Figure 2: Lakeside,
Chaohu Shipyard, and the Zhaojia River intake area were chosen as cases for this study
to implement the proposed model.
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Table 1. Longitude and latitude distribution of Chaohu water quality monitoring section.

Serial Number Monitoring Section Longitude/(°) Latitude/(°)

1 New River Intake Area 117.3183 31.5930
2 West Half-Lake Center 117.3754 31.6444
3 Chaohu Damkou 117.8221 31.5933
4 Chaohu shipyards 117.7178 31.6237
5 East Half-Lake Center 117.6193 31.5186
6 Zhong Miao 117.4623 31.5778
7 Zhaoge River Intake Area 117.5472 31.4338
8 Huang Lu 117.6265 31.5979
9 Lakeside 117.4317 31.6707
10 Pai River Intake Area 117.3069 31.6644
11 South Inter River Intake Area 117.4008 31.6733
12 Hangbu River Intake Area 117.3397 31.7053
13 Baishi Tianhe Intake Area 117.4592 31.4692
14 Hangbu River Intake Area 117.4050 31.5419
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Figure 2. Distribution of water quality monitoring section points in Chaohu Lake.

3. Data and Methods
3.1. Data Collection and Processing

In 2019, Anhui Province released The Chaohu Lake Basin Water Pollution Manage-
ment Regulations, which will be officially implemented in 2020. In response to this policy,
we selected the water quality monitoring data of Chaohu Lake from 2019 to 2022 for pre-
dictive modeling to ensure that the model matches the current stage of water quality,
while aiming to provide a modern tool for water quality prediction in Chaohu Lake and
to provide assistance for subsequent studies. Daily water quality data have been collected
from the Chaohu Lake basin between 2019–2022 were obtained from the water quality
monitoring reports provided in the 2022 summary by the China Environmental Quality
Monitoring Bureau, which includes ten variables relevant to WQI calculations [23]: water
temperature (°C), pH, CODMn, turbidity (TUR), dissolved oxygen (DO), total nitrogen
(TN), ammonia nitrogen (NH4-N), nitrite (NO2-N), total phosphorus (TP), nitrate nitro-
gen (NO3-N). Sampling, preservation, storage, and analysis procedures followed national
surface water monitoring guidelines.
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With reference to the water quality parameters that have been collected and a number
of current related studies, the integrated water quality index method proposed by PESCE
and EUNDERLIN [23] was chosen to calculate the WQI by nine parameters, and the formula
for WQI is expressed as follows:

IWQI =
∑n

i=1 CiPi

∑n
i=1 Pi

(1)

In the above equation, i is the total number of parameters included in the study; Ci
is the normalized value of parameter i (Table 2); Pi is the weight assigned to the water
quality parameter according to its effect on primary health perception (Table 3), the maxi-
mum weight of the parameters known to affect water quality is 4 and the minimum is 1.
The accuracy of these parameter values have been verified in several studies [24,25], and
IWQI which is calculated on this basis by the above equation, is the integrated water quality
parameter WQI that we need afterward.

Table 2. WQI calculation table.

Parameters Relative Weight (Pi)
Normalization Factor (Ci)

100 90 80 70 60 50 40 30 20 10 0

T/°C 1 21/16 22/15 24/14 26/12 28/10 30/5 32/0 36/–2 40/–4 45/–6 45/–6
pH 7 7∼8 7∼8.5 7∼9 6.5∼7 6∼9.5 5∼10 4∼11 3∼12 2∼13 1∼14

TUR/NTU 2 5 10 15 20 25 30 40 60 80 6100 100
DO/(mg/L) 4 >7.5 7 6.5 6 5 4 3.5 3 2 >1 1
TN/(mg/L) 2 0.1 0.2 0.35 0.5 0.75 1 1.25 1.5 1.75 62 2

NO4-N/(mg/L) 3 0.01 0.05 0.1 0.2 0.3 0.4 0.5 0.75 1 61.25 1.25
NO2-N(mg/L) 2 0.005 0.01 0.03 0.05 0.1 0.15 0.2 0.25 0.5 61 1
NO3-N(mg/L) 0.5 2 4 6 8 10 15 20 50 6100 100

TP/(mg/L) 1 0.01 0.02 0.05 0.1 0.15 0.2 0.25 0.3 0.35 60.4 100
CODMn/(mg/L) 3 1 2 3 4 6 8 10 12 14 615 15

Table 3. Chaohu WQI.

Comprehensive Water Quality Index Interval Water Quality Conditions

91– 100 Excellent
71–90 Good
51–70 Medium
26–50 Average
0–25 Poor

As visible in Table 3, the calculated WQI ranges from 0 to 100, and the better value
symbolizes the better water quality situation According to the WQI score, the water quality
is divided into five different levels: I Excellent (90–100 points), II Good (71–90), III Medium
(51–70), IV Average (26–50), and V Poor (0–25) [26].

Under the guidance of the above method, the water quality parameters collected from the se-
lected monitoring segments in the Chaohu Lake basin were analyzed and processed to obtain
the descriptive statistics of the WQI variables as shown in Table 4 and to calculate the WQI
for the corresponding time periods. In addition, the calculated WQI shows that the overall
water quality situation in the Chaohu Lake basin varies widely, with specific values ranging
from good excellent (WQI = 85) to average quality (WQI = 46) varying.
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Table 4. Daily monitoring data of water quality variables in Chaohu Lake and descriptive statistics
of WQI during 2019–2022.

Parameter Unit Minimum Average Median Standard Deviation

T °C 3.8 17.66 16.4 ±8
PH / 4.09 7.71 7.68 ±2.96
TP mg/L 0.005 0.091 0.78 ±2.21
DO mg/L 0.01 8.41 8.69 ±14.35
TN mg/L 0.05 2.59 1.97 ±18.61

NO4-N mg/L 0.025 0.347 0.164 ±6.74
TUR / 0.1 65.51 45.1 ±1813.35

CODMn mg/L 0.25 4.095 3.98 ±24.15
WQI / 46.875 66.03 66.25 ±27.7

The water quality variable monitoring data collected in this case study were daily wa-
ter quality from 2020 to 2022, totaling 40,400 items, and were divided into two datasets [27]:
75 percent of the data will be used for the training process of the model and 25 percent
for the testing process. This classification method, which is widely used in such data-driven
modeling as time-series prediction, was able to achieve relatively good Experimental
results [5,27].

3.2. Predictive Models for Deep Learning

Focusing on the specific field of water quality, this paper chooses the long sequence
time series forecasting method (LSTF) which is closer to the real situation to predict the se-
lected water quality parameter WQI. In the model, we compare the deep learning models
such as MLP, RNN, LSTM, Transformer, etc., which are often used in short sequence time
series forecasting research, and the newly proposed Informer and FEDformer models
in the field of LSTF in recent stage. Exploring their ability in solving the specific LSTF prob-
lem of water quality forecasting, the following is a comparison of LSTF and the Informer
model, with the best benefits, are presented.

3.2.1. Long Sequence Time Series Forecasting

In many practical applications, we need predictions for long series time series, such
as sensor network monitoring [28], stock price trends [29], and water quality forecasting.
As explored in this paper, such predictions can provide us with timely warning of pollution
thresholds and thus maintain ecological balance, which is important for social and ecologi-
cal development. LSTF is closer to realistic scenarios than short-term predictions because
a large number of time series of past behaviors are needed to support in its predictions.
This also reflects the need for LSTF models to have high computational predictive power,
that is, to effectively capture more accurate long-range correlations between outputs and
inputs. The results in Figure 3a, similarly, shows that, as Zhou et al. [14] states, the LSTF
can extend beyond the short-range prediction limit for predicted sequences after training,
and longer than short-range time-series predictions.

However, LSTF does not perform as well as we expected due to the limitations
of the predictive model at this stage. Despite the fact that it has better coverage and can be
better used as a forecasting tool for planning and implementation, few people choose to use
it. We can see that Figure 3b shows the MSE scores of models such as RNN, MLP, LSTM,
and Transformer. These models are usually used for short-term prediction, and when
the prediction type changes from short-term to long-term, the MSE scores of these models
increase with the growth of the prediction sequence, while the inference speed decreases
significantly. Therefore, when the prediction type changes from short-term to long-term
and the length of the input sequence reaches 48, the MSE loss of the corresponding model
is no longer acceptable [14] and is not suitable for solving the problem of LSTF class with
long sequence of inputs.
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Figure 3. (a) Comparison of the limit sequence lengths that can be predicted by LSTF and SSTF.
(b) Prediction length and accuracy of prediction results.

3.2.2. Informer

At this stage, Transformer models are constantly applied in various fields of deep
learning, and they all show very good performance. In the field of temporal prediction,
Transformer shows its profound potential in capturing long-range dependencies [14], which
shows a new possibility to solve the above-mentioned problems faced by LSTF. After this,
a large number of experimental studies have shown that there is extremely good compati-
bility between the intrinsic properties of the Transformer and the LSTF, but the Transformer
model alone suffers from three major problems [30]: high quadratic computational com-
plexity of self-attention; memory bottleneck of stacked layers under long sequence inputs
and slow inference speed when predicting long sequence outputs. Therefore, the original
Transformer model is not suitable for direct use in solving problems in LSTF. Therefore,
in order to effectively utilize Transformer’s grasp of long sequence features and apply
it to LSTF, Zhou’s team [14] modified the structure of the original Transformer and pro-
posed an improved long sequence time-series prediction model, Informer. They verified
the potential value of the model during testing, Transformer’s ability to capture individual
long-term correlations between the output and input of long sequence time sequences.
In addition, in the structure of the model Informer proposed improvements for the three
major defects faced by Transformer in solving the LSTF problem, respectively, as follows
Figure 4 shows the general architecture of Informer proposed by zhou’s team [14].

Figure 4. The overall architecture of Informer.

The first is the quadratic computational property of self-attention. The dot product
operation of Mechanism makes the time complexity and space complexity of each layer
O
(

L2), which makes the computational processing time of the model rise significantly
with the increase of the length of the prediction sequence, and is not suitable for LSTF. In
contrast, subsequent work has shown that the distribution of Self-Attention Probability is
sparse; in fact, only a few dot product pairs contribute most of the attention, while the rest



Appl. Sci. 2022, 12, 11329 8 of 16

is negligible and obeys a long-tailed distribution. Based on such results, Informer proposed
ProbSparse self-attention based on the original one, which reduces the spatio-temporal
complexity from O

(
L2) to O(LlogL)

A(Q, K, V) = softmax

(
QKT
√

d

)
V (2)

Among them, Q is the query vector, K is the key vector, V is the value vector, and
d is the number of columns of the Q, K matrix which is the dimension of the vector.
ProbSparse self-Attention enables the model to have higher arithmetic power when solving
the LSTF problem in dealing with a long sequence of inputs, and at the same time its
sampling result is the same for each head when sampling the key randomly for each
query, that is, the sampled key is the same. But since each layer of self-attention first does
a linear transformation of Q, K, and V, this makes the query and key vectors corresponding
to different heads at the same position in the different sequence, i.e., each head takes
a different optimization strategy. Each head is stitched together and the final output matrix
is obtained by fusion as follows:

MHSA = Concat
(

head 1 . . . head h
)

(3)

Moreover, Informer proposes the Self-Attention Distilling operation permission to con-
trol the attention scores in J-Stacking Layers for the memory bottleneck of the Transformer,
which reduces the memory usage of J stacking layers. In order to enhance the robustness
of distillation operations, the encoder architecture of informer also builds multiple encoder
stacks, gradually reducing one distillation operation layer and half of the input length
at a time, and finally stitching all the stack outputs together, using self-attention distillation
operations to reduce the redundancy generated in the attention results and refine the main
attention, reducing the total memory usage from O

(
L2) to O((2− ∈)LlogL), which also

leads to a more scalable model when receiving long sequence inputs. At the same time,
the dynamic decoding operation of the original Transformer makes dynamic decoding
(step-by-step inference) worse than other prediction models, and the speed drop is more
obvious in the case of long-term prediction, so Informer proposes the Generative Style De-
coder. Using a standard decoder structure consisting of a stack of two identical multi-head
attention layer, generative inference can effectively mitigate the speed drop in the long-term
prediction problem by feeding the following vectors into the decode:

Xt
f eed_de = Concat(Xt

token, Xt
0) ∈ R(Ltoken+Ly)×dmodel (4)

where start token Xt
token is the known sequence before the target sequence and Xt

0 is
the timestamp sequence of the target sequence. Compared with the original decoding
method, generative inference enables the model to obtain all the predicted data in just one
forward step by changing the original decoding method, so that the model only needs one
forward step to get all of the predicted data and decode all elements at once, which is more
efficient than dynamic decoding.

In addition, not only local timing information but also hierarchical and agnostic
timestamps are required in the input of LSTF problems. It is difficult to adapt directly
to the conventional self-attentive mechanism, and the query-key mismatch between the
encoder and decoder degrades the prediction performance. The embedding of the input
consists of three independent parts.

1. Local timestamp. The contextual information is preserved by a fixed location embed-
ding, the location encoding of the original Transformer:
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PE(pos, 2j) = sin

 pos

(2Lx)
2j

dmodel

; PE(pos, 2j + 1) = cos

 pos

(2Lx)
2j

dmodel

 (5)

Among themj ∈
{

1, . . . ,
⌊

dmodel
2

⌋}
2. Global timestamps. The global timestamp is represented by a learnable stamp em-

bedding SE(pos) with a restricted vocabulary (up to 60, at the finest granularity per
minute). That is, the self-focused similarity computation has access to the global
context and the computational consumption is tolerable of long inputs.

3. Alignment dimensionality. The scalar context xt
i is mapped to the dmodel dimensional

vector ut
i using a one-dimensional convolutional filter (width 3, step 1).

Finally, by using the above three steps, the sequence of feed-in models can be obtained

X t
feed [i] = αut

i + PE(Lx×(t−1)+i) + ∑
p

[
SE(Lx×(t−1)+i)

]
p

(6)

In the above equation, i ∈ {1, . . ., SE(pos)}, α is a factor that balances the size be-
tween the scalar mapping and the local/global embedding, and if the sequence input is
normalized, then α = 1.

3.3. Building Deep Learning Forecasting Models

In the process of model construction, the selection of data is required to ensure that
there are a sufficient number of variables and that these variables have a sufficient informa-
tion base to support the first important step of predicting WQI. At the same time, ensuring
a sufficient amount of information and a sufficient base of information can effectively avoid
adverse effects on the prediction performance and improve the accuracy of the model. Nine
WQI variables were identified as potential inputs.

According to Table 5, which shows the weights assigned to each water quality pa-
rameter in the Chaohu basin under the influence of primary health perception [24,25], we
can find that DO has the largest weight, followed by NH4

+, COD, TN, TUR, TP, and T.
It is worth mentioning that here we selected the parameters that were assigned weights
in the test basin under primary health perception, taking into account the fact that Chaohu
Lake is mainly polluted by agriculture and industry. The parameters that were given
weights were grouped into combinations from large to small (Table 6), and a “trial-and-
error” approach was used to determine the combination of parameters that gave the best fit
to the prediction models [31]. These models were evaluated during the testing process. In
this study, three libraries (python-based packages), sci-kit learn, torch, and NumPy, were
used to develop a temporal prediction model for predicting WQI.

Table 5. Weight assignment of each water quality parameter.

Variable Names DO NH4
+ COD TN TUR TP T

Weight 4 3 3 2 2 1 1

Table 6. Grouping of water quality variables based on assigned weights S1–S10.

Groups Predicted Input Variables

S1 DO
S2 DO NH4

+

S3 DO TUR
S4 DO COD
S5 DO COD NH4

+

S6 DO COD NH4
+ TN

S7 DO COD NH4
+ TUR

S8 DO COD NH4
+ TN TUR

S9 DO COD NH4
+ TN TUR TP

S10 DO COD NH4
+ TN TUR TP T
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3.4. Performance Evaluation of Deep Learning Prediction Models

Mean absolute error (MAE) and mean square error (MSE) was applied in this model
to evaluate the statistical values of the efficiency of the two models to indicate the degree
of fit between the predicted and actual values. The MAE was used to show the deviation
between the actual and predicted values, and the MSE was used to measure the degree
of similarity between the two medium data [32].

MAE =
1
n

n

∑
i=1
|ỹi − yi| (7)

MSE =
1
n

n

∑
i=1

(ỹi − yi)
2 (8)

In the above equation, n is the total number of predicted values, Oi is the observed
value, O is the average of the observed values, Pi is the predicted value

4. Results and Discussion
4.1. Forecasting Performance Analysis of Deep Learning Models Based on 10 Classifications

In forecasting the Chaohu WQI, we set 10 different combinations of expected relevant
feature variables based on the corresponding weights. In addition, we used six different
deep learning models for covariate prediction based on different groupings, and MAE
and MSE were used as two different metrics to evaluate the performance of the prediction
models. The experimental results for all models and variable groupings are recorded
in Table 7. In total, 10 × 6 = 60 different cases of predictive ability of the corresponding
models. Among the many prediction options, combining the two different performance
parameters, Informer-S8 shows the best prediction performance in solving LSTF problems
like water quality prediction: MSE = 0.2455 and MAE = 0.2449. In addition, compared
with other classical models for short-term time series prediction, the newly proposed
LSTF models: FEDformer and Informer, when dealing with problems like water quality
prediction plus long series input, do have the corresponding prediction accuracy and have
achieved better fitting results in various variable classifications.

Table 7. Efficiency statistics of 6 DL models for 10 combinations of input variables during testing.

Models S1 S2 S3 S4 S5 S6 S7 S8 S9 S10

MLP MSE 0.8678 0.5191 0.8721 0.6705 0.4562 0.5092 0.4569 0.3605 0.3427 0.3319
- MAE 0.6785 0.5881 0.6776 0.5324 0.3529 0.3961 0.3676 0.3675 0.3555 0.3523

RNN MSE 0.6441 0.6264 0.6184 0.6005 0.6157 0.6263 0.6168 0.5836 0.5794 0.5821
- MAE 0.6168 0.6352 0.6142 0.6007 0.6131 0.6294 0.6147 0.5957 0.5863 0.5981

LSTM MSE 0.7075 0.6247 0.5942 0.6537 0.6764 0.7175 0.6589 0.6533 0.6247 0.5914
- MAE 0.6552 0.5949 0.5954 0.6196 0.6261 0.6463 0.6152 0.6181 0.6114 0.6041

Transformer MSE 0.3339 0.3431 0.3175 0.3687 0.3475 0.3669 0.3122 0.3304 0.3591 0.3673
- MAE 0.4652 0.4686 0.4629 0.4865 0.4863 0.4852 0.4432 0.4598 0.4853 0.4915

FEDformer MSE 0.4575 0.3867 0.4778 0.5031 0.5432 0.5182 0.5445 0.5272 0.5182 0.7165
- MAE 0.5382 0.4919 0.5747 0.5789 0.6021 0.5724 0.5991 0.5901 0.5663 0.6914

Informer MSE 0.3071 0.2601 0.2962 0.2951 0.3033 0.2416 0.2458 0.2455 0.2545 0.2685
- MAE 0.3536 0.3902 0.3306 0.3455 0.3389 0.2921 0.2563 0.2449 0.2567 0.2615

4.2. The Performance of Popular Models in the Field of Short-Term Prediction on LSTF

Among the models selected in this case study, by comparing each classical model
commonly used for short-term time series prediction except Informer and FEDformeer,
it can be found that Figure 5 shows MLP-S10 (MSE = 0.3319, MAE = 0.3523), LSTM-S10
(MSE = 0.5914, MAE = 0.6041), RNN-S9 (MSE = 0.5794, MAE = 0.5963), and Transformer-
S7 (MSE = 0.3122, MAE = 0.4432) achieve the best prediction results in their respective
domains. The MLP-S10 performs the best among these, with the lowest values of both
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MSE and MAE among many model groups, the best fitting the MSE and MAE of MLP-S10
have the lowest value, i.e., the best fit, among many model-groups. However, it is not
difficult to see that the classical Deep Learning model often used in short-term prediction
in solving the LSTF class water quality prediction problem,the accuracy of prediction, which
shows a positive ratio with the number of input feature variables, in general, increases
as the number of input variables increases. Although, the grouping with the highest
prediction accuracy is not necessarily the one with the highest number of variables, in
general, the group with the best prediction must have an accumulation of the number
of variables. It is easy to see from Figure 6, such models in the face of water quality
prediction problem, as the type of input feature variables continue to reduce, the actual—
prediction of the goodness-of-fit also decreases continuously. In addition, in the face
of long series of inputs, the prediction model’s ability to grasp the features also decreases
as the length increases. Overall, the prediction effect of such models are highly volatile, and
the performance is not as good as that of LSTF-type models, so it is not suitable for solving
this type of problem for long sequence input plus water quality prediction for the case.

Figure 5. The best performance model for the corresponding algorithm during the test period
observes and predicts the temporal variation of the WQI values: (a) MLP-S10 (b) LSTM-S10 (c) RNN-
S9 (d) Transformer-S7.
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In addition, it is clear from what Figure 5 shows us that the model, which is used
for short-term forecasting, is better in the case of smooth fluctuations when facing the LSTF
problem. However, in the case of large fluctuations, the fit is poor, and the degree of control
over the hidden laws of the predictor variables was lacking, which, in reality, means
relatively weak control over seasonal patterns and cyclical changes. The characteristics
of LSTF can make up for this deficiency, which shows us that LSTF has excellent adaptability
and trial value in this field. This also directs our attention to the use of the LSTF, which is
closer to real life, to solve related problems.

Figure 6. Changes in MSE of the model in different variable groupings.

4.3. Performance of LSTF Models in Long Sequence Time Series Forecasting Species

Informer and FEDformer, which were proposed as models to solve the LSTF problem,
did show different degrees of accuracy than the other four classical short-term time-series
forecasting research models when solving the water quality forecasting plus long se-
quence input problem. Figure 7 shows both Informer-S8 (MSE = 0.2455, MAE = 0.2449)
and FEDformer-S9 (MSE = 0.3867, MAE = 0.4919) achieved better performance assess-
ments than the other models. The data summarized in Table 7 above are plotted as MSE
(Figure 3a) and MAE (Figure 8b) from S1 to S10 by different models to obtain Figure 8.
According to the undulating condition of the Figure 8, Informer and FEDformer, a class
of LSTF models, have good and stable forecasting effects in the context of long sequence
forecasting with different feature inputs, and compared with other models, it has better
adaptability and closer to the realistic environment.

Informer is the best model among the 6 deep learning models in the field of long-term
water quality prediction of Chaohu Lake, and the histogram of the performance index
of each model at the best performance grouping by Figure 8 shows that Informer is much
better than the other 5 time-series prediction models in the prediction of long-term water
quality index WQI. And in Figure 8 of the forecast loss graph for each group of Informer,
we can see that Informer has a high degree of confidence in the long series input, and
measures the low volatility of the forecast loss values for different groupings.
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(a)

(b)

Figure 7. Observed and predicted time variation of WQI values using the best performance model
based on the LSTF algorithm during the test period: (a) Informer-S8 (b) FEDformer-S9.

Figure 8. Changes in MSE of the model in different variable groupings: (a) MSE loss (b) MAE loss.

4.4. Discussion

There are six Deep Learning models in this comparison, and, in general, they are
divided into two categories: classical models for short-term forecasting, RNN, LSTM, MLP,
Transformer, and long sequence time series forecasting models, Informer, and FEDformer.
The performance parameters of each model in solving LSTF water quality WQI forecasts
for a specific study area was experimentally measured, and we found that all models have
excellent forecasting ability, and among them, the LSTF models are basically better than
other models, and Informer is the most excellent forecasting model. In addition, we found
that different prediction models have different groups of feature variables for the best
prediction results in solving LSTF problems, which also proves that DL models do not have
the same effect when facing different combinations of feature variables as inputs. The MLP
and LSTM have the best prediction performance in the case of S10, while FEDformer
and RNN have the best results in the case of S9, while Informer and Transformer have
the highest prediction accuracy in the cases of S8 and S7, respectively.

Based on the field of water quality prediction, Informer has a better prediction perfor-
mance than fedformer and other models, and its accuracy and seasonal grasp of the actual
application area have good performance; for the prediction area, water quality predic-
tion and water quality assessment will be affected by the local natural environment and
has its own regional characteristics, so in a particular environment, the best performance
of the Deep Learning time series prediction model will also change. In other studies, Zhou’s
team [33] chose the LSTM model for the comparison of two different regions, Lake Tai and



Appl. Sci. 2022, 12, 11329 14 of 16

Lake Victoria, and it was the model with the highest prediction accuracy. In the study, and
similarly, in the case study of Poyang Lake basin by He’s team [22], the VCLM outper-
formed the LSTM model and achieved a better performance. After that, in Khoi’s [34] water
quality prediction study of Labuan River, it shows us that most models change in the face
of different regional models by comparing them with 12 different ML models. Therefore,
the optimal prediction model in a specific study area may not necessarily be able to achieve
the migration of other regions, so the water quality prediction assessment model with
regional generality is still the main core of exploration now.

An important factor affecting the prediction effect between the same prediction model
is the consideration of cross-influence between variables, placed in the prediction of water
quality composite index, WQI, in addition to the characteristic parameters of water quality
testing hydrological characteristics (such as flow rate, icing period, and sand content) land
use class, land use classification and climate (temperature, precipitation) and other factors
of the composite impact. Although these parameters cannot directly affect the water quality,
in time series prediction, the more features are considered and the more interrelationships
are set, which can help our predictions to be closer to the real environment. This will also
give the opportunity for deep learning prediction models to have higher accuracy and
provide more modern tools for subsequent research.

5. Conclusions

In this case study, by assigning different weights to the variables affecting the compre-
hensive water quality index, WQI, according to their strength of influence, and conducting
experiments with 10 different groupings respectively, it was demonstrated that in the pro-
cess of long sequence time series forecasting, the corresponding optimal variable groupings
are not the same for different Deep Learning models. Therefore, in the process of water
quality prediction, adjusting the variables involved in the prediction is also an important
part of the model performance, and through comparative experiments, this paper provides
the best combination of variables relative to this one specific area of Chaohu Lake to provide
guidance for subsequent research.

After that, we shift the water quality forecasting from short sequence to long sequence
time series forecasting. In the selection of models, we chose six different deep learning
models including four classical models RNN, LSTM, MLP, and Transformer in the field
of short-term forecasting, and two newly proposed long-term forecasting models Informer
and FEDformer. The prediction effectiveness of each model is evaluated by two different
performance evaluation parameters, MSE and MAE, in order to select the most suitable
model for long-term water quality forecasting and the corresponding grouping of variables.
By comparing the actual-predicted value of the degree of fit that is MSE and MAE two
major measurement parameters to select the prediction model with the highest accuracy
in predicting the composite water quality index WQI. Combining LSTF and water qual-
ity prediction field, we can easily see that it can extend to the time prediction limit is
more long-term, the stronger the grasp of the relationship between variables, its stronger
ability to sense in advance is more suitable for the practical application of the field and
the prevention of the development.

In terms of results, by comparing the degree of fit of the actual-predicted values
in Table 7, i.e., the two main measurement parameters MSE and MAE, it is easy to see
that Informer is ahead of other models in terms of prediction performance when solving
the practical problem of water quality prediction domain + long time series input, and
also has better performance than other models in the face of different sets of variables,
while Informer -S8 is the best prediction case among them (MSE = 0.2455, MAE = 0.2449).
In solving the LSTF Chaohu Lake water quality prediction problem, the model effect
Informer > FEDformer > MLP > Transformer > RNN > LSTM, so in this particular area
of long-term water quality prediction, Informer has a better adaptability and use prospects,
can improve the accuracy of WQI prediction, which is conducive to better management
to improve Water quality, effective pollution prevention.
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