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Abstract: This article is dedicated to the study of traffic flow forecasting at the intersection of
Bogishamol Street in Tashkent, Uzbekistan. In the context of the rapid growth of vehicular traffic and
frequent congestion, developing effective forecasting models is a pressing task that will help optimize
traffic flow management. The research examines and analyzes various machine learning methods,
such as decision trees, random forests, and gradient boosting, for predicting traffic intensity. The
data for the models was collected using video cameras installed at the intersection which provided
accurate and up-to-date traffic flow information. The main focus of the study is on the comparative
analysis of the performance of these methods. The comparison was made using various evaluation
metrics, such as the coefficient of determination (R2), mean squared error (MSE), and mean absolute
error (MAE). These metrics allowed for an objective assessment of the accuracy and effectiveness
of each method in the context of traffic flow prediction. The results of the study showed that the
gradient boosting model demonstrated the best performance among the methods considered. It
achieved the highest R2 values and the lowest MSE and MAE values, indicating its high accuracy and
ability to adequately predict changes in traffic flows. The decision tree and random forest models also
showed good results but were outperformed by gradient boosting in key indicators. The findings
have significant practical implications. They can be used to develop intelligent traffic management
systems aimed at increasing the capacity of roads and intersections. This, in turn, can help reduce
congestion, lower emissions of harmful substances into the atmosphere, and decrease economic costs
associated with traffic delays.

Keywords: traffic flow forecasting; machine learning; decision tree; random forest; gradient boosting;
coefficient of determination; mean squared error; mean absolute error; traffic management; intelligent systems

1. Introduction

In the rapidly developing city of Tashkent, the issues of managing traffic flows are
becoming increasingly significant and critical. Every day, a huge number of vehicles, total-
ing 900 thousand units, enter the city’s roads. This volume not only exceeds the designed
capacity of the infrastructure but also raises serious questions about the sustainability and
efficiency of urban traffic.

With a population exceeding three million people and an annual increase in motor
vehicles of 76 thousand units, the challenges of ensuring the efficiency of urban transport
have become an integral part of life for the residents of Tashkent. Dissatisfaction with the
lack of mobility, long traffic jams, economic losses, and a negative environmental impact
are all aspects that pose challenges requiring innovative and effective solutions.

To address the aforementioned traffic management issues in Tashkent, it is critically
important to use innovative approaches, including the application of machine learning
algorithms for forecasting traffic flows. This method allows for the analysis of vast amounts
of data and the identification of patterns in traffic movement, which in turn enables the
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optimization of traffic management and reduces its negative impact on the environment
and the city’s economy.

Forecasting traffic flow using machine learning algorithms allows not only for predict-
ing traffic volumes based on historical data but also for considering various external factors
such as weather conditions, time of day, and calendar events. This enables the creation of
more accurate forecasts, which in turn helps make more informed decisions regarding the
management of traffic flows.

2. Materials and Methods

The challenge of forecasting traffic flows and using these to develop solutions for
managing transportation systems is considered one of the most relevant topics in the
modern world. Many scientists conduct theoretical and practical research in this area,
leading to the development of unique algorithms, methods, and models. In this work, we
will also analyze articles related to our research, including works [1,2].

In articles [1–3], research was conducted on short-term traffic forecasting using extreme
gradient boosting (XGBoost). The authors of [3] note that fast and accurate short-term
traffic flow forecasting is an important condition for traffic analysis and management. In [4],
the authors investigated the issue of road safety in intelligent transportation systems (ITS)
focusing on intersections. They propose using nonparametric, nonlinear ensemble models
of decision trees to forecast traffic volume. It is also noted that intersections are the most
complex part of the road network, and most accidents are related to intersections.

Article [5] is dedicated to forecasting traffic flow in work zones on roads. It notes
that most existing traffic flow forecasting models do not consider the peculiarities of work
zones, which create conditions that are different from both normal operating conditions
and incident conditions. The study developed four models for forecasting traffic flow in
the planned work zones. These models include random forests, regression trees, multilayer
feedforward neural networks, and nonparametric regression. The authors investigated
both long-term and short-term traffic flow forecasting. Long-term forecasting involves
predicting 24 h ahead using historical traffic data, while short-term forecasting involves
predicting 1 h, 45 min, 30 min, and 15 min ahead using real-time traffic data.

The models were evaluated using data from work zones on two types of roads: a
highway and an arterial road in St. Louis, Missouri, USA. The research revealed that
the random forest model provided the most accurate forecasts for both long-term and
short-term traffic flow in work zones.

In addition, articles [6,7] propose a new hybrid model (CEEMDAN-XGBoost) for
forecasting traffic flow at the lane level, based on complete ensemble empirical mode
decomposition with adaptive noise (CEEMDAN) and extreme gradient boosting (XGBoost).
The CEEMDAN method is used to decompose the original traffic flow data into several
intrinsic mode functions components and one residual component. Then, XGBoost models
are trained and make predictions on the decomposed components, respectively. The
final forecasting results are obtained by integrating the forecasting results of the XGBoost
methods. For illustrative purposes, traffic flow data at the lane level obtained from remote
microwave traffic sensors installed on the 3rd ring road in Beijing are used to evaluate the
effectiveness of the CEEMDAN-XGBoost model.

In some literature, the issue of forecasting traffic flows when data is insufficient is stud-
ied. In [8–11], the problem of forecasting traffic flow in intelligent transportation systems
(ITS) applications is considered. It is noted that using an autoregressive integrated moving
average (ARIMA) or seasonal ARIMA (SARIMA) for traffic flow forecasting requires a large
amount of data to develop the model, which may be impossible in cases of insufficient data.

To address this problem, the authors proposed and evaluated a forecasting scheme
based on the Kalman filter (KF) method, which requires only a limited amount of input data.

In this study on traffic flow forecasting, a variety of methods and algorithms were
considered, ranging from linear regression to ensemble models. However, it is known
that many linear models do not have sufficient accuracy for forecasting. For this reason,
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nonlinear methods and models were extensively studied, collectively referred to as addi-
tive models. Additive models, including various types of neural networks and decision
trees, are able to capture nonlinear dependencies between variables and provide more
accurate results.

In the context of regression, the generalized additive model (GAM) is formulated as:

E(Y|X1, X2, X3, . . . Xn) = a + f1(X1) + f2(X2) + f3(X3) . . . fn(Xn) (1)

where E(Y|X1, X2, X3, . . . Xn)—the conditional expectation of the dependent variable Y
given the values of predictors X1, X2, X3, . . . Xn, a—constant (intercept) representing the
baseline level of the dependent variable Y when all predictors are zero, X1, X2, X3, . . . Xn—
are predictors, Y—response, fn—undefined smooth (nonparametric) functions.

In our work, we have focused on the nonlinearity of the problem and explored state-of-
the-art machine learning methods for predicting nonlinear dependencies. We delved into
the study of decision trees, random forests, and ensemble methods, as they are effective in
solving such tasks. Particularly noteworthy are decision trees, which find application in
many areas due to their simplicity and ease of interpreting results. Like any other method,
decision trees have their drawbacks, such as limited applicability and a tendency to over
fit [4,12]. The results of several studies [4,12–15] indicate significant improvements in
addressing the issues of limited performance and reliability that are inherent in decision
trees. Based on these studies, ensemble methods have been developed, which combine
multiple decision trees with various voting methods to select the optimal target label. These
enhancements help increase the accuracy and stability of predictions, making the model
more efficient and reliable.

A detailed examination of decision tree methods is discussed in [4,13,16,17]. In [17,18],
four of the most widely used algorithms, CART (classification and regression trees), C4.5,
CHAID (chi-squared automatic interaction detection), and QUEST (quick, unbiased, efficient,
statistical tree), are compared. [16] compares the algorithms ID3 and C4.5, C4.5 and C5.0, and
C5.0 and CART. The research results indicate that the best algorithm for machine learning is
C4.5. However, it is known that this algorithm is mainly used in classification tasks. In our
case, we will use the CART algorithm since our task pertains to regression.

Having studied the mentioned sources, we can move on to how to construct a decision
tree algorithm for regression tasks. To do this, we need to have data, including training and
test sets. Let’s assume that we have a set of input data X and corresponding output vectors
Y, such that (xi, yi) for i = 1, 2, . . . , n where xi =

{
xi1, xi2, . . . , xip

}
with p features. Then,

we should split the data based on some feature xip to divide our data into two parts Xl(left)
and Xr(right), thus creating the tree structure represented in Figure 1.
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To select nodes for splitting the most informative features, we need to define the
objective function that we will optimize using the tree learning algorithm. In this case, our
objective function is to maximize the information gain at each split, which is defined as
follows (2):

IG(Rm, p) = I(Rm)−
|Rl |
|Rm|

I(Rl)−
|Rr|
|Rm|

I(Rr), (2)
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where IG(Rm, p) is the information gain when partitioning set Rm by feature p, I(Rm) is
the impurity of the original set Rm before the split, |Rl | and |Rr| are the number of instances
in subsets Rl and Rr after the split, respectively, |Rm| is the total number of instances
in the original set Rm, I(Rl) and I(Rr) are the impurities of subsets Rl and Rr after the
split, respectively.

In regression tasks, the mean squared error (MSE) is usually chosen as the impurity.

I(R) =
1
|R|∑

n
i=1

(
yi − f̂ (x)

)2
, (3)

where I(R) is the impurity of node R, |R| is the number of instances in node R, yi is the
actual value of the target variable for instance i, f̂ (x) is the predicted value of the target
variable for instance i.

As mentioned above, ensemble methods have been developed to improve the draw-
backs of decision trees, which have been studied in articles [4,6,11,12,14,19–25].

Bagging is an ensemble machine learning method used to improve the stability and
generalization of machine learning models. The idea behind bagging is to use not just one
model, but several b1, b2, . . . , bn models trained on different subsets of data R1, R2, . . . , Rn,
to improve the quality of the model’s prediction. Subsequently, the results of all models are
combined, for example, by averaging (4), to obtain a more stable and accurate prediction [22,26].

f̂ (x) =
1
n∑n

i=1 bi(x), (4)

where n is the number of base models in bagging, bi(x) is the predicted value of the target
variable for the object x using the i-th base model.

Random forest is also an ensemble machine learning method used for both classifica-
tion and regression tasks. It is based on the idea of combining multiple decision trees into
one model [20,24,27,28].

To build a random forest, several random subsamples R1, R2, . . . , Rn with replacement
are first formed from the original dataset R. Then, a separate decision tree h1, h2, . . . , hn is
built for each subsample. When building each node of the tree, a random subset of features
is selected. After all the trees are built, their results are combined, for example, by majority
voting for classification tasks or averaging for regression tasks, to obtain the final prediction
result of the random forest model.

Boosting is a machine learning method used to improve the performance of models
by combining several weak models into one strong model. The main idea of boosting is
to sequentially train models on data, focusing on examples where previous models made
mistakes. Each new model attempts to correct the errors of the previous one, and, as a
result, the combination of all the models allows for a more accurate and generalizable
model [3,23,25,26].

Boosting can be used with various base models, but decision trees are most commonly
used (5).

f̂ (x) = ∑n
i=1 αibi(x), (5)

where αi is the weight coefficient for the i-th model, and bi(x) is the prediction of the i-th
base model for object x.

In boosting, the main goal is to minimize the error functional (quality criterion) by
sequentially adding new models that correct the errors of the previous ones (6).

I(α, b) = ∑n
i=1 L

(
yi, f̂ (x)

)
→ min, (6)

where I(α, b) is the loss function, n is the total number of observations in the dataset,
L
(

yi, f̂ (x)
)

is the loss function dependent on the true value yi and the predicted value

f̂ (x). Parameters α and b are those values adjusted to minimize this loss function.
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Another method is the gradient boosting algorithm, which is widely used in clas-
sification and regression tasks. The difference between gradient boosting and classical
boosting is that gradient boosting uses gradient descent to tune the model parameters,
while classical boosting uses the method of reweighting objects.

3. Problem Formulation

In this study, we consider an intersection located on Bogishamol Street in Tashkent,
Uzbekistan, as the object of research. To manage this intersection using an intelligent
system, we need parameters of traffic flow in these directions. These parameters include
traffic intensity, traffic density, and average speed.

The information necessary for forecasting traffic flows can be obtained from cameras
installed along this road. Here are the data on vehicles moving from west to east, collected
from video cameras and presented in Table 1 below.

Table 1. Dataset traffic flow.

Index Datetime Junction Vehicles Day Week Month Year Hour

0 1 January 2023
00:00:00 1 340 1 7 1 2023 0

1 1 January 2023
01:00:00 1 320 1 7 1 2023 1

2 1 January 2023
02:00:00 1 320 1 7 1 2023 2

3 1 January 2023
03:00:00 1 280 1 7 1 2023 3

4 1 January 2023
04:00:00 1 280 1 7 1 2023 4

5 1 January 2023
05:00:00 1 360 1 7 1 2023 5

. . . . . . . . . . . . . . . . . . . . . . . . . . .

The data were collected from all four directions at the intersection, with a total of
17,373 records. However, we are analyzing information obtained only from one direction
when developing the forecasting algorithm. The average and median values of daily traffic
intensity and the average traffic volume on weekdays and weekends are presented in
(Figure 2) below.
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The analysis of the graph in Figure 2a, which represents the mean and median values
of traffic flow by hour of the day, indicates that the minimum road congestion occurs during
nighttime, approximately from 0 to 5 h, when the number of vehicles is around 500–900.
From 6 a.m., there is a significant increase in traffic flow, reaching a peak between 8 and
10 a.m. with the number of vehicles around 1500–1660. After this, there is a slight decrease.
However, starting from 11 a.m., a new rise begins, reaching its maximum around 5–6 p.m.
(approximately 1600–1700 vehicles). In the evening, after 6 p.m., the number of vehicles
gradually decreases until the end of the day.

The second graph in Figure 2b demonstrates the differences in traffic flow by day of
the week for each hour. On weekdays (Monday to Friday), there are two distinct peaks:
the morning peak around 8 a.m. and the evening peak around 5 p.m., corresponding to
the start and end of the workday. On Saturday and Sunday, the number of vehicles is
significantly lower compared to weekdays. On weekends, traffic flow remains relatively
stable throughout the day, with a slight increase around noon, especially on Sunday.

Thus, the data show that the highest road congestion occurs during the morning and
evening hours of weekdays, which is associated with rush hour traffic. On weekends,
the traffic flow is significantly lower and more evenly distributed throughout the day,
indicating reduced activity on these days.

To achieve a more precise data analysis, it is essential to utilize a correlation matrix.
Correlation is a crucial tool in data analytics as it allows us to determine the degree of
association between the changes in different variables. In the context of machine learning,
correlation analysis helps identify significant relationships between variables, which aids
in simplifying the model, removing irrelevant data, and accelerating the training process.
For instance, if the number of cars significantly varies depending on the day of the week
and the time of day, as shown in the correlation matrix (Figure 3), these variables will be
critical for predicting traffic flow. Correlation analysis also plays a vital role in preventing
multicollinearity, thereby enhancing the stability and interpretability of the model.
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After identifying significant relationships, the data is divided into training and test
sets in a ratio of 80/20 or 70/30. This ensures a balance between having sufficient data for
training and for evaluating the model’s performance. Model evaluation can be performed
using metrics such as mean squared error (MSE), mean absolute error (MAE), and the
coefficient of determination (R2). These metrics provide a quantitative assessment of



Eng. Proc. 2024, 70, 14 7 of 14

the model’s accuracy and predictive capabilities, enabling researchers to determine the
effectiveness of the model in capturing the underlying data patterns.

In this study, we used machine learning algorithms such as decision trees, random forests,
and ensemble methods for forecasting. This choice was made because these models have
proven to be simple to use in practice and have demonstrated good results in many areas.

4. Results

In this section, an assessment and comparison of the results are conducted. To evaluate
our models, we use the aforementioned metrics. For building traffic flow forecasting
models, we use the Python programming language version 3.11.5. This work is carried
out in the Anaconda environment, which provides a convenient package and virtual
environment management. In the development process, we make use of several libraries,
including scikit-learn (sklearn), numpy, pandas, and matplotlib.

Initially, we will forecast the traffic flow using a decision tree with a maximum branch-
ing depth (max_depth) of 5, 10, 100, and 200 (Figure 4). We will evaluate the forecast quality
on a sample that will be split using the train_test_split method, as well as on a unique
sample that contains data for 24 h and was not used in the model training process.
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Figure 4. Prediction results using the decision tree algorithm (a) test dataset with max_depth = 5; 
(b) validation dataset with max_depth = 5; (c) test dataset with max_depth = 50; (d) validation 

Figure 4. Prediction results using the decision tree algorithm (a) test dataset with max_depth = 5;
(b) validation dataset with max_depth = 5; (c) test dataset with max_depth = 50; (d) validation
dataset with max_depth = 50; (e) test dataset with max_depth = 100; (f) validation dataset with
max_depth = 100.
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Figure 4 presents the results of the decision tree model with depths of 5, 50, and 100 for
a visual comparison. Graphs a, c, and e show the prediction results based on the test dataset,
where the black lines represent actual values, and the dashed lines indicate predicted values.
Graphs b, d, and f illustrate the model’s performance on a validation dataset collected on
10 June 2023, which was not used in either the training or testing datasets.

To understand the impact of tree depth on model performance, we evaluated a decision
tree regressor with varying maximum depths using two datasets: a test sample and a
validation dataset from 10 June 2023. The performance metrics include the coefficient of
determination (R2), mean squared error (MSE), mean absolute error (MAE), and training
time in seconds. The results are summarized in Table 2 below.

Table 2. Decision tree model result.

Maximum
Tree Depth Data

Metrics Training
Time (s)R2 MSE MAE

5
Test Sample 0.89 18,110.99 89.87

0.0034Check data (10 June 2023) 0.83 7656.67 70.50

50
Test Sample 0.94 10,233.33 65.0

0.0194Check data (10 June 2023) 0.83 7666.66 71.66

100
Test Sample 0.94 10,100.00 63.33

0.0285Check data (10 June 2023) 0.83 7500.00 70.00

200
Test Sample 0.94 10,266.66 65.00

0.0389Check data (10 June 2023) 0.80 8733.33 81.66

For the test sample, the following trends were observed. As the tree depth increased,
the R2 value improved from 0.89 at depth 5 to 0.94 at depths 50, 100, and 200, indicating
a better fit of the model to the data. MSE and MAE values significantly decreased with
increasing depth, from 18,110.99, and 89.87 at depth 5 to approximately 10,233.33, and 65.00
at depths 50, 100, and 200, respectively. This shows that deeper trees provide more accurate
predictions. As expected, the training time increased with tree depth, rising from 0.0034 s
at depth 5 to 0.0389 s at depth 200. Although the increase in training time is noticeable, it is
relatively small compared to the improvements in the performance metrics.

For the control data, the results were somewhat different. The R2 value remained
relatively stable around 0.83 at depths 5, 50, and 100, but slightly decreased to 0.80 at
depth 200. This indicates that while deeper trees fit the training data better, they may not
generalize as well to new data. MSE values showed minor changes: 7656.67 at depth 5
and a slight decrease to 7500.00 at depth 100, but MSE increased to 8733.33 at depth 200,
indicating potential overfitting. MAE values remained stable around 70 at depths 5, 50,
and 100, but increased to 81.66 at depth 200, further suggesting a decline in performance in
the new data.

From this analysis, we can conclude that increasing the maximum tree depth generally
improves model performance on the training and test samples, as evidenced by higher
R2 values and lower MSE and MAE values. However, the control data results indicate
that excessively deep trees (depth 200) may lead to overfitting, reducing the model’s
ability to generalize to new data. The optimal tree depth should balance between training
accuracy and generalization ability, with depths around 50–100 providing the best overall
performance for our datasets.

Next, we will consider ensemble methods, starting with random forest. For the
random forest model, we will tune two main hyperparameters: the maximum depth of
the trees in the forest (max_depth) and the number of trees in the forest (n_estimators).
To evaluate the forecasting quality, we will use the methods mentioned earlier, including
R2 (coefficient of determination), MSE, and MAE. The research results are presented in
Figure 5 and in Table 3. The figure shows not all stages, but only those non-visual changes
when tuning the hyperparameter.
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dataset with max_depth = 50 and n_estimators = 10, 100, 500, 1000; (b,d,f,h): Predictions on the
validation dataset with max_depth = 50 and n_estimators = 10, 100, 500, 1000.

Figure 5 presents 8 images depicting the predictions of the random forest model with
a maximum tree depth of 50 and the number of trees varying from 10 to 1000. Graphs a, c,
e, and g show predictions on the test sample, while graphs b, d, f, and h display predictions
on the validation sample, similar to the decision tree models. A more detailed analysis was
conducted based on the data presented in Table 3.
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Table 3. Random forest model result.

Maximum Tree
Depth Data

Metrics Training
Time (s)

Number of
TreesR2 MSE MAE

5
Test Sample 0.90 17,565.05 81.47

0.0311

10

Check data (10 June 2023) 0.84 7038.63 64.38

50
Test Sample 0.95 8891.83 54.08

0.1154Check data (10 June 2023) 0.85 6682.83 65.08

100
Test Sample 0.95 7976.50 54.58

0.1221Check data (10 June 2023) 0.83 7529.33 75.00

200
Test Sample 0.94 9952.83 62.41

0.1279Check data (10 June 2023) 0.87 5721.16 58.75

5
Test Sample 0.90 17,075.49 80.45

0.2513

100

Check data (10 June 2023) 0.86 5876.40 59.33

50
Test Sample 0.95 7849.14 49.04

0.9674Check data (10 June 2023) 0.88 5298.39 59.35

100
Test Sample 0.95 7985.61 51.82

1.0987Check data (10 June 2023) 0.87 5643.26 61.15

200
Test Sample 0.95 7594.58 48.84

1.4277Check data (10 June 2023) 0.88 5181.05 59.10

5
Test Sample 0.90 17,360.18 81.02

1.3963

500

Check data (10 June 2023) 0.86 6015.21 60.00

50
Test Sample 0.95 7961.16 50.78

5.7024Check data (10 June 2023) 0.88 5253.31 57.68

100
Test Sample 0.95 7553.86 48.86

6.5222Check data (10 June 2023) 0.88 5214.09 57.93

200
Test Sample 0.95 7926.87 51.12

8.1768Check data (10 June 2023) 0.88 5232.73 58.07

5
Test Sample 0.90 17,337.28 81.18

4.0789

1000

Check data (10 June 2023) 0.86 5882.79 59.38

50
Test Sample 0.95 7955.41 50.45

12.1822Check data (10 June 2023) 0.88 5181.50 57.78

100
Test Sample 0.95 7875.57 50.86

12.6484Check data (10 June 2023) 0.88 5126.79 57.56

200
Test Sample 0.95 7786.01 49.76

13.4858Check data (10 June 2023) 0.87 5533.47 59.43

Analyzing the results, it can be observed that increasing the number of trees in the
forest improves the prediction metrics. For example, with 10 trees and a tree depth of
50, the coefficient of determination R2 on the test sample is 0.95, the mean squared error
(MSE) is 8891.83, and the mean absolute error (MAE) is 54.08. The training time for this
configuration is 0.1154 s. When increasing the number of trees to 100, R2 remains at 0.95,
but MSE decreases to 7849.14, and MAE to 49.04, with a training time of 0.9674 s. Similar
improvements are observed with further increases in the number of trees to 200 and 1000,
although increasing the number of trees beyond 100 does not significantly improve the
metrics but substantially increases the training time.

The validation sample also shows improved prediction accuracy with an increasing
number of trees. For instance, with 10 trees, R2 is 0.85, MSE is 6682.83, and MAE is
65.08. When increasing the number of trees to 100, R2 rises to 0.88, MSE decreases to
5298.39, and MAE to 59.35, with a training time of 0.2513 s. With further increases to
1000 trees, the metrics on the validation sample show consistently high results, confirming
the overall trend of improved model accuracy with more trees, although the training time
also increases, which must be considered when choosing model parameters.

Therefore, based on the obtained results, it can be concluded that the optimal param-
eters for the random forest model include a maximum tree depth of 50 and a number of
trees of 100. These parameters provide high prediction accuracy on both test and validation
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samples while maintaining acceptable training time. However, it should be noted that
further increasing the number of trees to 1000 does not significantly improve the metrics,
making it more rational to use 100 trees to avoid excessive training time without substantial
improvement in prediction quality.

The last model that is most commonly used for predicting nonlinear regression tasks
is gradient boosting. In gradient boosting, we need to tune 3 parameters: the maximum
depth of the trees, the number of trees in the ensemble, and the learning rate. The results of
the gradient boosting research are presented in Figure 6 and Table 4.
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Table 4. Gradient boosting model result.

Maximum Tree
Depth Data

Metrics Training
Time (s)

Number of
TreesR2 MSE MAE

5
Test Sample 0.77 40,839.59 152.09

0.0336

10

Check data (10 June 2023) 0.68 14,301.64 94.40

50
Test Sample 0.83 29,548.97 133.62

0.2292Check data (10 June 2023) 0.58 18,588.58 102.10

100
Test Sample 0.83 29,554.94 133.61

0.2032Check data (10 June 2023) 0.53 21,041.60 113.48

200
Test Sample 0.83 29,620.03 133.85

0.3072Check data (10 June 2023) 0.58 18,850.12 103.04

5
Test Sample 0.95 8164.95 58.61

0.2658

100

Check data (10 June 2023) 0.93 3111.93 41.69

50
Test Sample 0.94 10,142.93 64.51

1.5672Check data (10 June 2023) 0.83 7558.89 71.70

100
Test Sample 0.94 10,169.79 64.64

1.6543Check data (10 June 2023) 0.81 8572.35 80.74

200
Test Sample 0.94 10,154.36 64.65

1.6959Check data (10 June 2023) 0.84 7197.00 73.87

5
Test Sample 0.96 6300.24 44.27

1.4633

500

Check data (10 June 2023) 0.92 3595.85 50.44

50
Test Sample 0.94 10,148.91 64.42

3.6159Check data (10 June 2023) 0.83 7307.61 71.42

100
Test Sample 0.94 10,162.14 64.49

3.6710Check data (10 June 2023) 0.83 7425.88 71.87

200
Test Sample 0.94 10,120.40 64.04

5.049Check data (10 June 2023) 0.81 8381.52 77.81

5
Test Sample 0.96 6917.45 48.90

4.0559

1000

Check data (10 June 2023) 0.90 4361.04 55.85

50
Test Sample 0.94 10,127.18 64.22

4.1851Check data (10 June 2023) 0.85 6560.22 69.74

100
Test Sample 0.94 10,170.76 64.57

4.2626Check data (10 June 2023) 0.82 7809.50 72.91

200
Test Sample 0.94 9952.83 62.41

4.7457Check data (10 June 2023) 0.87 5721.16 58.75

Analysis of Table 4 shows that with a maximum tree depth of 5 and n_estimators set
to 10, the model achieves an R2 value of 0.77 on the test sample and 0.68 on the check data.
MSE and MAE values are 40,839.59 and 152.09, respectively, for the test sample, indicating
moderate accuracy with relatively high errors. As the tree depth increases to 50, the R2

value improves to 0.83 for the test sample and 0.58 for the check data, with MSE decreasing
to 29,548.97 and MAE to 133.62 for the test sample, showing improved performance but
still relatively high errors for the check data.

When the maximum tree depth is set to 5 and the number of trees increases to 100, the
model’s performance significantly improves. The R2 value reaches 0.95 for the test sample
and 0.93 for the check data, with MSE dropping to 8164.95 and MAE to 58.61 for the test
sample. This demonstrates the effectiveness of increasing the number of trees to improve
model accuracy and reduce errors. Further increasing the number of trees to 500 and 1000
shows only marginal improvement in R2 values, with the test sample reaching 0.96 and the
validation dataset 0.92, indicating diminishing returns in performance gains.

Similarly, with max_depth set to 50, the results show stable performance with R2

values around 0.94–0.95 for the test sample and 0.81–0.84 for the check data, with MSE
and MAE remaining relatively stable across different tree quantities. This suggests that
increasing tree depth can improve model performance up to a certain point, after which
gains are minimal.
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Therefore, the optimal performance of the gradient boosting model is observed with a
maximum tree depth of 5 and n_estimators set to 100, achieving high accuracy with an R2

value of 0.95 for the test sample and 0.93 for the check data, as well as low errors with MSE
8164.95 and MAE 58.61. Further increasing the number of trees beyond this point yields
only slight performance improvements, indicating the model fully utilizes its capabilities
with this configuration.

Analyzing all three models, we came to the following conclusions: decision tree
provides a simple and interpretable model, suitable for tasks where the explainability
of decisions is important. However, it is prone to overfitting and less robust to data
changes. Random forest improves accuracy and robustness by using an ensemble of trees
but requires more computational resources and is less interpretable. Gradient boosting
offers the highest accuracy and the ability to handle complex data but at the cost of high
computational expense and the need for careful tuning. Therefore, the choice of model
depends on the specific requirements of the task: decision tree is suitable for quick and
interpretable solutions, random forest for balancing accuracy and robustness, and gradient
boosting for maximum accuracy on complex data.

5. Conclusions

This study conducted research on forecasting traffic flow at the intersection of Bo-
gishamol Street in Tashkent, Uzbekistan. Various machine learning methods were used,
including decision trees, random forest, and gradient boosting. The results showed that
the gradient boosting model exhibited the best performance in terms of the coefficient of
determination (R2) and mean squared error (MSE).

An important result of the study was the identification that simple machine learning
models, such as decision trees, can provide good results in forecasting traffic flow. This
confirms the thesis that in machine learning practice, model simplicity is often rethought
as complexity.

The results of this study can be useful for the development of intelligent traffic man-
agement systems, which in turn can contribute to improving road and intersection capacity,
as well as reducing environmental problems and economic costs.

In the future, it is planned to expand this research by including data from other
directions at the intersection in the analysis, as well as considering other methods of
forecasting traffic flow to achieve more accurate results.
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