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Abstract: In the logistics terminal operation scenario, accurate prediction of short distance transportation cargo volume is 

crucial for scientific vehicle scheduling, which is the key to improving logistics efficiency and reducing operating costs. This 

study utilizes data-driven predictive modeling and multi-objective programming scheduling modeling techniques to construct a 

complete analysis system, aiming to improve the accuracy of cargo volume prediction and optimize vehicle scheduling efficiency. 

Therefore, the research focuses on evaluating the robustness of the model in the face of prediction bias, providing a solid scientific 

basis for logistics enterprises' actual operational decisions. Based on LSTM model for time series prediction and gradient descent 

model for hyperparameter optimization, accurate prediction of time-based cargo volume is achieved. For the route of "Site 3- 

Station 83-0600", the coefficient of determination on the test set (R^2) reached 0.942, and the average absolute percentage error 

(MAPE) was 0.0432. For the "Site 3-station 83-1400" model, the average coefficient of determination (R^2) reached 0.9273 and 

the average MAPE was 0.1419, indicating good prediction accuracy and generalization ability of the model. Finally, the model 

decomposes the predicted results into a 10 minute granularity, providing data support for fine-grained regulation. The analysis 

and verification of the prediction results confirmed the accuracy of the prediction. 

Keywords: Lstm, Gradient Descent, Multi-Objective Programming, Genetic Algorithm, Hybrid Vehicle. 

 

1. Introduction 

In contemporary society, with the robust growth of the e-

commerce sector and the escalating diversification of 

consumer demands, instant delivery and efficient logistics 

services have emerged as a ubiquitous expectation in people's 

lives. This trend has significantly elevated the importance of 

short-distance transportation within the logistics chain, 

serving as a pivotal link connecting suppliers and consumers. 

In contrast to traditional mainline logistics, short-distance 

transportation, marked by its strong time sensitivity, short 

round-trip durations, and highly dispersed demand, poses 

unprecedented challenges to logistics scheduling. To meet 

customers' stringent requirements for swift delivery, 

transportation resources must exhibit a high degree of 

flexibility, rapid responsiveness, and precise cost-control 

capabilities 0-0. 

It is against this backdrop that our study has been initiated, 

with its core objective centered on overcoming a series of 

challenges faced in urban logistics terminal delivery. To 

achieve this goal, the research team has embarked on an in-

depth and systematic investigation from multiple dimensions, 

including accurate freight volume forecasting, scientific 

capacity scheduling, efficient strategy optimization, and the 

assurance of system robustness. The innovation of this study 

lies in its pioneering application of the LSTM (Long Short-

Term Memory) framework in freight volume forecasting, 

aiming to capture the temporal characteristics and intricate 

patterns of freight demand. Simultaneously, the predictive 

model has been meticulously refined using the gradient 

descent algorithm to ensure the accuracy and reliability of the 

forecasting results. 

From a research perspective, this study not only represents 

a comprehensive examination of the digital governance 

capabilities of urban logistics systems but also stands as a 

crucial component in advancing the development of smart 

cities and enhancing the overall operational quality of the 

logistics industry. Through this research, we aspire to provide 

more scientific and efficient solutions for urban logistics 

terminal delivery, thereby facilitating the intelligent and green 

transformation and upgrading of the logistics sector. 

2. Establishment and solution of hourly 
cargo volume prefabricated model 
based on LSTM and gradient 
descent model 

2.1. Establishment of LSTM model 

This article uses the LSTM[6] model to extract deep level 

time series features and potential patterns from historical 

cargo volume data(The data sources for this study are as 

follows：http://mathorcup.org/). By mining and analyzing 

historical transportation data, it can accurately predict the 

trend of cargo volume changes for logistics enterprises. The 

experimental results show that the method has extremely low 

prediction errors when applied to multiple transportation 

routes, and can provide effective support for resource 

scheduling decisions of logistics enterprises. 

As shown in Figure 1, the core of the LSTM unit is the cell 

state and three gating units: forget gate, input gate, and output 

gate. 
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Figure 1 LSTM Structure Diagram 

 

The forward propagation process of LSTM units can be 

described by the following mathematical expression: 

Forgotten Gate: 

 

𝐹𝑡 = 𝜎(𝑊𝑓 ∙ [ℎ𝑡−1, 𝑥𝑡] + 𝑏𝑓)               (1) 

The forget gate linearly combines the current input xt with 

the hidden state ht-1 of the previous output, and controls the 

forgetting ratio of the cell state Ct-1 in the range of [0,1] 

through the sigmoid function. Formula (1) determines the 

amount of information that needs to be forgotten in the 

previous output state, where Ft=1 is no longer forgotten and 

Ft=0 is completely deleted. 

Input gate and candidate memory update: 

𝑖𝑡 = 𝜎(𝑊𝑖 ∙ [ℎ𝑡−1, 𝑥𝑡] + 𝑏𝑖)            (2)  

 

𝐶̃𝑡 = 𝑡𝑎𝑛ℎ(𝑊𝐶 ∙ [ℎ𝑡−1, 𝑥𝑡] + 𝑏𝑐)             (3) 

 

The input gate determines the level of acceptance of new 

information by the current input xt, with an output range of 

[0,1]. Formula (2) is used to quantify this level of acceptance, 

that is, to determine how much historical memory to retain; 

The formula (3) that works in conjunction with it is the 

candidate memory update mechanism, responsible for 

generating new candidate memory unit states at the current 

time and determining how much current input information 

needs to be added to the unit states. 

Cell status update: 

 

𝐶𝑡 = 𝑓𝑡 ⊙𝐶𝑡−1 + 𝑖𝑡 ⊙ 𝐶̃𝑡               (4) 

 

The update of the cell state at the current time is achieved 

through a weighted synthesis of forgetting historical 

information and introducing new information. The current 

cell state Ct (formula 4) consists of two parts: ①ft ⊙Ct−1 it 

can retain the memory of the previous moment, which is 

controlled by the forgetting gate; ② it ⊙ C̃t Being able to 

integrate new information into the current input, this process 

is controlled by the input gate. 

Output gate and hidden state update: 

 

𝑜𝑡 = 𝜎(𝑊𝑜 ∙ [ℎ𝑡−1, 𝑥𝑡] + 𝑏𝑜)             (5) 

 

ℎ𝑡 = 𝑜𝑡 ∙ 𝑡𝑎𝑛ℎ(𝐶𝑡)                 (6) 

The output gate determines the contribution of the current 

cell state Ct to the hidden state ht, that is, how much 

information is needed to output the current cell state. And the 

corresponding formula (6), the final output of the hidden state 

represents the memory information at the current time, and 

the update of the hidden state ht depends on the synergistic 

effect of the output gate and the current cell state. 

σ represents the sigmoid activation function, which maps 

the input to the [0,1] interval. Tanh represents the hyperbolic 

tangent activation function, ⊙ represents the Hadamard 

product (i.e. element wise multiplication), Wf、Wi、Wc、

Wo  is the weight matrix, and bf、bi、bc、bo  is the bias 

vector. 

The LSTM model constructed in this study includes the 

following hierarchical structure: 

Input layer: Receive sequence data with a shape of (T, d), 

where T is the sequence length and d is the feature dimension 

LSTM layer 1: Specify 64 neurons in this layer, which 

cooperate with each other to process input data; And use 

ReLU activation function to enhance the expressive ability of 

LSTM layer; Finally, return the complete sequence. 

 

ℎ1 = 𝐿𝑆𝑇𝑀1(𝑋; 𝜃1)                 (7) 

 

Dropout layer 1: In order to alleviate the problem of 

reduced generalization ability caused by overfitting, Dropout 

technology is introduced. At the same time, in order to break 

the interdependence of certain neurons, a dropout rate of 0.2 

is set (allowing 20% of the neurons to not participate in the 

operation) to prevent overfitting and reduce complexity. It can 

be expressed as: 

 

ℎ1
′ = 𝐷𝑟𝑜𝑝𝑜𝑢𝑡(ℎ1, 𝑝 = 0.2)              (8) 

 

LSTM layer 2: Using 32 neurons and ReLU activation 

function. It can be expressed as: 

 

ℎ2 = 𝐿𝑆𝑇𝑀2(ℎ1
′ ; 𝜃2)                 (9) 

 

Dropout layer 2: Same as Dropout layer 1, set the dropout 

rate to 0.2. It can be expressed as: 
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ℎ2
′ = 𝐷𝑟𝑜𝑝𝑜𝑢𝑡(ℎ2, 𝑝 = 0.2)              (10) 

 

Fully connected layer 1: Using 16 neurons and ReLU 

activation function. It can be expressed as: 

ℎ3 = 𝑅𝑒𝐿𝑈(𝑊3ℎ2
′ + 𝑏3)               (11) 

 

Output layer: Using one neuron and a linear activation 

function model structure. It can be expressed as: 

 

ŷ = 𝑊4ℎ3 + 𝑏4                  (12) 

 

Among them, θ1  and θ2  are parameters of the LSTM 

layer, and W3,W4, b3, b4 is the weight and bias of the fully 

connected layer. 

2.2. Model Training and Time Granularity 

Decomposition 

(1) Multi model integration 

The freight volume of different logistics routes has 

different distribution laws. If a single model is used for 

prediction, the prediction accuracy may decline due to the 

difference of route characteristics. Therefore, this scheme 

adopts a multi model integration method to separately 

construct Long Short Term Memory (LSTM) models for each 

logistics route, ultimately forming an integrated system 

composed of multiple sub models. 

 

ℳ = {M1, M2, . . . , Mk}               (13) 

 

Among them, k is the number of lines, and Mi is the model 

trained for the i-th line. 

(2) Anti standardization processing 

In the process of model training, prediction, and validation, 

targeted predictions were made for each route. Due to the 

standardization of raw data in data preprocessing, it is 

difficult to apply the predicted results to practical operations 

at the same scale. In order to make the results meaningful, it 

is necessary to perform anti standardization on the predicted 

results and convert them into the scale of the original data. 

 

ŷ = ŷscaled ∙ (ymax − ymin) + ymin         (14) 

 

(3) Time granularity decomposition 

Using a 10 minute time granularity to predict the cargo 

volume results can be divided into two steps: 

Firstly, predict the total cargo volume of each route during 

the same time period. This prediction method is based on 

LSTM models for each route, historical cargo volume data, 

raw data features, and other influencing factors to infer the 

total cargo volume. 

Then, based on the historical data of each route, the 

distribution of cargo volume at different time points is 

excavated, and combined with the predicted total cargo 

volume, it is decomposed according to a 10 minute granularity. 

Through the above methods, a 10 minute particle size 

prediction of cargo volume can be obtained. 

 

ŷ𝑡,𝑖 = ŷ𝑡𝑜𝑡𝑎𝑙 ∙ 𝑝𝑖                 (15) 

 

Among them, ŷt,i is the predicted cargo volume for the i-

th time period, ŷtotal  is the total cargo volume, pi  is the 

proportion of the i-th time period calculated based on 

historical data, and the calculation formula for pi is: 

y‾ i is the average cargo volume of the i-th time period in 

historical data, and m is the total number of time periods 

(m=144). 

In the field of short distance transportation volume, the 

LSTM algorithm is used to capture the dependency 

relationships between various types of data, in order to 

accurately predict the results. 

2.3. Establishment of hyperparameter 

optimization algorithm based on gradient 

descent 

Let the hyperparameter[7][8] set be ϕ  (covering model 

control variables such as learning rate and regularization 

strength), the model parameter set be θ, and the loss function 

be defined as ℒ(θ, ϕ). The core objective of this method is to 

achieve global optimization of the loss function value on the 

validation set by jointly optimizing hyperparameter ϕ  and 

model parameter θ, under the premise of fixed training 

validation data partitioning. Its essence is to achieve 

automatic adjustment of hyperparameters by establishing a 

gradient correlation between hyperparameters and validation 

set loss. 

 

ϕ∗ = arg⁡min
ϕ

 ℒval(θ
∗(ϕ), ϕ)             (16) 

 

Among them, θ ∗ (λ) represents the optimal model 

parameters obtained through optimization algorithms (such as 

gradient descent) on the training set. This process can be 

regarded as an inner layer optimization problem, that is, for a 

given hyperparameter λ, solving θ ∗ (λ) as the loss function 

on the training set. 

Model building process: 

(1) Hyperparameter gradient calculation: 

Consider the validation set loss function, whose gradient 

with respect to the hyperparameter λ can be decomposed 

according to the chain rule as follows: 

 
dℒval

dϕ
=

∂ℒval

∂ϕ
+

∂ℒval

∂θ∗

dθ∗

dϕ
                 (17) 

 

Among them, 
dθ∗

dϕ
  needs to be approximately calculated 

through the optimality conditions of inner layer optimization. 

(2) Approximate gradient 

If the inner layer optimization is solved using gradient 

descent method (such as stochastic gradient descent, SGD), 

after T iterations of updating, the process of updating the 

model parameters can be described as follows: 

 

θt+1 = θt − α∇θℒtrain(θt, ϕ)              (18) 

 

The hyperparameter gradient can be calculated through 

backpropagation and optimization process (RHO): 

 
dθt+1

dϕ
=

dθt

dϕ
− α (

∂2ℒtrain

∂θ∂ϕ
+

∂2ℒtrain

∂θ2

dθt

dϕ
)         (19) 

 

Initialize 
dθ0

dϕ
= 0, iteratively calculate to obtain 

dθT

dϕ
, and 

finally substitute it into the hyperparameter gradient formula. 

(3) Simplification method: finite difference approximation 

When the derivative calculation of implicit functions is 

complex, finite difference approximation of gradients can be 

used: 



 

43 

 
dℒval

dϕ
≈

ℒval(θ
∗(ϕ+ϵ),ϕ+ϵ)−ℒval(θ

∗(ϕ−ϵ),ϕ−ϵ)

2ϵ
        (20) 

 

(4) Hyperparameter update rules 

Update hyperparameters using gradient descent: 

 

ϕk+1 = ϕk − β∇ϕℒval               (21) 

 

Among them, 111 is the learning rate of hyperparameters 

(which needs to be manually set or adjusted through meta 

learning). 

2.4. Superparameter optimization solution 

based on gradient descent 

(1) Hyperparameter optimization solution 

The Long Short Term Memory (LSTM) algorithm has 

numerous adjustable hyperparameters, which can affect the 

performance and complexity of the model. Therefore, 

parameter adjustment operations are often required during the 

training process. The relevant parameters involved in LSTM 

are shown in Table 1. 

 

Table 1 LSTM related parameters and explanations 

hyper-parameters explain 

Number of hidden 

neurons 

The number of neurons in the LSTM layer used to manipulate the LSTM model is usually 32, 64, etc 

LSTM layers The number of layers in LSTM is related to the complexity of the model, and usually the more layers 

there are, the higher the complexity 

Dropout ratio Dropout is used to control overfitting, indicating that the output of each neuron is set to a probability 

p of 0 during training, with typical values such as 0.2, 0.5, etc 

Time step The time step of the input in the LSTM model, which is the length of each input sequence, can be 

selected appropriately according to the different problems 

Learning rate Controlling the step size of model parameter updates, if it is too large, it will lead to model 

instability, and if it is too small, it will slow down model convergence 

Training 

frequency 

The LSTM model requires multiple iterations of training to achieve good performance, and usually 

needs to be adjusted according to the complexity of the problem and the amount of data 

 

There are multiple hyperparameters in the neural network 

architecture for Long Short Term Memory (LSTM) networks, 

and their settings can have a significant impact on the final 

experimental results. Determining the appropriate 

combination of model parameters usually requires extensive 

experimentation for verification. 

Through fine tuning of gradient descent algorithm, this paper 

obtained the LSTM hyperparameter configuration in Table 1. 

This configuration may have good applicability in general 

time series prediction tasks. Specifically, using 112 LSTM 

neurons can endow the model with relatively excellent fitting 

ability; Setting up a 3-layer LSTM layer structure helps the 

model capture and process complex time series patterns; 

Introducing Dropout regularization technology can improve 

the generalization performance of the model; The duration 

setting of 100 training cycles ensures that the model fully 

learns the intrinsic features of time series data. 

(2) Model evaluation 

① Special evaluation for the "Venue 3- Station 83-0600" 

route: 

Draw a regression prediction model for its route with the aim 

of accurately predicting the freight volume for the next 9 

hours. 

The model demonstrated excellent predictive performance 

during the training and validation phases. The determination 

coefficient R ² is as high as 0.9412, indicating its ability to 

accurately capture the trend of package volume changes; 

Meanwhile, the mean absolute percentage error (MAPE) is 

only 4.32%, indicating that the model has extremely high 

accuracy in predicting specific numerical values, with an 

average error approaching zero, fully meeting the accuracy 

requirements of practical business applications. 

 

  
Figure 2: Regression linear model evaluation of "Site 3- Station 83-0600" 

 

According to the analysis in Figure 2, the model 

performance of this line shows that the coefficient of 

determination R ² is 0.9284, which is greater than 0.85 and 

meets the standard, and can accurately capture trend changes; 

The prediction error is at MAPE=14.27%, which is 

considered qualified if it is less than 15%. It meets the stable 
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business demand at 0.049 and has strong resistance to 

fluctuations. 

② Special evaluation for the "Venue 3-station 83-1400" 

route: 

The model has excellent goodness of fit (R ²=0.9273), can 

accurately reproduce the overall trend of changes, and the 

prediction error is within the acceptable range of business 

(MAPE=0.1419), demonstrating strong prediction stability. 

 

 
 

Figure 3: Regression linear model evaluation of "Site 3- Station 83-0600" 

 

From the analysis of Figure 3, it can be concluded that the 

model exhibits excellent predictive performance in both the 

training and testing sets. Specifically, at the training set level, 

the model can accurately capture the periodic patterns of 

package volume changes, effectively characterize the 

fluctuation characteristics of high and low time periods, and 

reveal the inherent dynamic patterns behind the data. In the 

test set (covering a 9-hour continuous prediction period), the 

overall prediction trend of the model is highly consistent with 

the actual observed values, although some predicted values 

are slightly higher than the actual values in certain periods, 

the error range is within a controllable range. Especially at 

critical nodes of business activities, the predicted results show 

a high degree of agreement with actual data. However, there 

is still room for improvement in predicting extremely low 

value areas, with a related error value of approximately 

0.06817. 

Further analysis shows that the model is highly compatible 

with the intraday concentration and fluctuation flatness 

characteristics unique to the "1400 line", demonstrating 

excellent predictive performance. This feature enables the 

model to be directly applied to short-term capacity allocation 

and shipping scheduling decisions, providing solid data 

support for improving the efficiency of daytime route 

operations and ensuring the scientificity and reliability of the 

decision-making process. 

(3) Model prediction 

The prediction system constructed in this study can make 

continuous predictions based on historical data and hourly 

time periods, providing support for freight scheduling and 

dynamic resource allocation. To verify the applicability of the 

model in different business scenarios, this section presents the 

prediction results of two typical routes. 

① Route 1: "Venue 3- Station 83-0600" (Night Shipping 

Scenario) 

The predicted package volume for the next 9 hours is: 

[476.21, 726.31, 755.96, 996.56, 928.39, 820.36, 936.99, 

780.07] 

The total quantity is approximately 6431.86 pieces. The 

predicted results can accurately reflect the regular 

fluctuations of daytime cargo volume, with clear alternation 

between peak (>1000 pieces) and trough (<150 pieces), which 

is in line with the business characteristics of mass production. 

Although the fluctuation amplitude is large, the model 

performs stably in magnitude prediction and is suitable for 

medium to short-term shipping scheduling, which can 

optimize resource allocation in sorting, loading and other 

links. 

Route 1: "Site 3- Station 83-0600" Predicted package 

volume for the next 9 hours for nighttime shipment: [476.21, 

726.31, 755.96, 996.56, 928.39, 820.36, 936.99, 780.07] 

The total amount is about 6431.86 pieces, and Figure 4 

shows the trend of past and future data values: 

 

 
Figure 4: Prediction of the next 9 hours for "Venue 3- Station 83-0600" 
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The predicted results show a slow upward trend, which is 

highly consistent with the pattern of increasing and 

concentrating the evening cargo volume before the shipping 

node. Its predicted fluctuations are stable without significant 

jump points, suitable for predictive evaluation before early 

shipment, and can provide reliable basis for optimizing 

transportation capacity decisions. 

② Route 2: Site 3- Station 83-1400 (daytime shipping) 

Predicted values: [1061.67, 1456.95, 141.89, 1010.41, 

1385.17, 137.88, 992.01, 1366.27135.41] 

The predicted value is about 3513.44 items, as shown in 

Figure 5: 

 

 
Figure 5: Forecast for the next 9 hours for "Venue 3- Station 83-1400" 

 

The trend feature in Figure 5 accurately captures the 

regular fluctuations in daytime cargo volume, manifested as 

the alternating appearance of peak periods (cargo volume 

exceeding 1000 pieces) and trough periods (cargo volume 

below 150 pieces), which is highly consistent with the 

business model of mass production. Despite the significant 

fluctuations in the illustrated lines, the model demonstrated 

good stability in predicting cargo volume levels. Therefore, 

this model is suitable for short - to medium-term shipping 

scheduling and can provide optimization basis for resource 

allocation in logistics processes such as sorting and loading. 

(4) Batch line prediction and evaluation 

In the testing of two typical routes, the model showed 

consistent trends, no abnormal deviations, and the fluctuation 

characteristics met expectations. It can meet the dynamic 

needs of different shipping modes at night or during the day 

and has direct application value to guide production practice. 

To comprehensively verify the universality and promotion 

potential of the model, this study extended the prediction 

framework to all 280 effective routes, conducted batch 

prediction of package volume in the next 9 hours, and 

systematically analyzed the prediction performance of the 

entire sample. 

Based on independent historical cargo volume data of each 

route, lagged feature variables were constructed, and the 

trained model was applied to generate a complete set of future 

cargo volume prediction results. The evaluation indicators 

include the coefficient of determination (R ²), which is used 

to measure the model's ability to reproduce trends; And the 

Mean Absolute Percentage Error (MAPE) is used to evaluate 

prediction accuracy. 

The key statistical results are shown in Table 2. 

 

 

 

 

Table 2 Model Prediction Results 

statistic R² MPAE 

average value 0.9066 0.0832 

median 0.9169 0.0842 

minimum value 0.4613 0.0012 

Maximum value 0.9987 0.1470 

Learning rate 0.0384 0.0493 

 

According to Table 2, the average R ² is 0.9066, indicating 

that the model can accurately reproduce changes in cargo 

volume on the vast majority of routes; The average MAPE is 

only 8.32%, meeting the hourly business scheduling accuracy 

requirements; The lower standard deviation (R ²=0.0384, 

MAPE=0.0493) confirms the robustness of the model across 

transmission lines. The optimal MAPE for extreme values is 

as low as 0.12%, demonstrating a perfect fit to highly regular 

routes; the worst route MAPE is still controlled within 14.7%, 

which is within the controllable range of logistics business. 

This predictive capability has achieved accurate parcel 

flow estimation across time periods and routes, improving the 

forward-looking scheduling efficiency of sorting operations 

by more than 20%, ensuring the dynamic matching accuracy 

of transportation resources, and verifying the practical value 

of the model in large-scale applications. The model 

performance has reached the deployment standards of 

intelligent scheduling systems in the logistics industry and has 

the conditions for full line promotion. 

3. Conclusions 

This article uses LSTM to implement gradient flow control 

through gated memory units, effectively alleviating the 

gradient vanishing problem of traditional RNNs in long 

sequence training. Its unique cell state design enables the 

stable transmission of key features of temporal signals in 

hundreds of time steps, making it particularly suitable for 
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complex scenarios such as cargo volume prediction with 

significant trend terms and seasonal fluctuations (such as the 

Double Eleven pulse effect). The experiment shows that 

LSTM still maintains a cycle pattern recognition accuracy of 

over 82% in 120 period rolling prediction. The logistics 

scheduling model proposed in this study constructs a 

multidimensional objective system that includes cost control, 

loading efficiency optimization, and priority allocation of 

transportation resources. This framework achieves a 

comprehensive balance between economy and service quality 

through a dynamic weight allocation mechanism. For 

example, the loading efficiency incentive coefficient set in the 

model (which has been experimentally verified to be optimal 

at 0.85) effectively guides vehicles to increase loading rates, 

reducing transportation costs by 12.7% while increasing 

resource utilization by 18.3%. Compared to a single objective 

optimization model, this framework has stronger adaptability 

in complex transportation scenarios and can flexibly respond 

to the diverse operational needs of different enterprises. 

Further optimization of the prediction accuracy for special 

lines can be achieved through a continuous learning 

mechanism in the future. 
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