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A B S T R A C T

In the study of bone density changes and sports injury rehabilitation, traditional image processing technology 
lacks accuracy in analysis, rehabilitation assessment methods lack quantitative and systematic analysis, and 
interdisciplinary comprehensive evaluation is lacking. This paper constructs an innovative cognitive assessment 
model that combines bone density changes, sports injury rehabilitation, and high-resolution medical image 
analysis. It uses high-resolution CT (Computed Tomography) images and X-ray images to extract bone density 
data. It uses image processing technology to remove noise, enhance, and standardize, providing accurate bone 
density values for subsequent input. GCN (Graph Convolutional Network) can be used to automatically identify 
and classify images of sports injury sites, extract features of the injured area, record and analyze the patient’s 
physical activities during the rehabilitation stage, and evaluate the recovery process of sports injuries in real 
time. Combining bone density data with sports injury imaging features, XGBoost (Extreme Gradient Boosting) is 
used to build a cognitive evaluation model, which conducts a comprehensive analysis of multi-dimensional data 
and provides personalized rehabilitation evaluation. It can integrate technologies from fields such as medicine, 
engineering, and computer science to establish an interdisciplinary comprehensive evaluation system, achieve 
multi-angle and multi-dimensional analysis, and ensure the comprehensiveness and accuracy of the model. The 
experimental results show that the MAE (Mean Absolute Error) of the GCN in this paper is 0.131 in 10 different 
injury sites, and the average MSE (Mean Squared Error) is about 0.032, which has higher image analysis ac
curacy. The average accuracy and R² of XGBoost in six different samples are about 0.87 and 0.91, respectively, 
and the prediction effect of the cognitive evaluation model is apparent.

1. Introduction

The rehabilitation phase of sports injuries is complex and individu
alized, and rehabilitation assessment faces unique challenges in the 
context of changes in bone density. Bone density, as a core indicator of 
bone health, directly affects the speed and effect of recovery from sports 
injuries [1,2]. With the continuous advancement of precision medicine 
and image processing technology, personalized rehabilitation assess
ment based on high-resolution imaging and big data analysis is currently 
a research hotspot [3,4]. Integrating bone density monitoring and sports 
injury imaging analysis can achieve multi-dimensional and refined 
rehabilitation assessment, promote the application of precision medi
cine in sports medicine, optimize rehabilitation programs, and improve 
the quality of patient recovery.

In bone density changes and sports injury rehabilitation, existing 

research methods lack sufficient accuracy and systematicity [5,6]. Many 
image processing technologies have limited ability to obtain details, 
which is particularly prominent in the analysis of high-resolution CT and 
X-ray images. Noise removal and image enhancement processing are still 
bottlenecks, and there is a certain deviation in the bone density data 
extracted from the images [7,8]. The single data source also lacks 
multi-dimensional support and cannot fully reflect the impact of sports 
injuries and bone density changes on rehabilitation [9,10].

During the recovery process of sports injuries, some image recogni
tion technologies are used to locate the injured area [11,12]. These 
methods mainly rely on manual feature extraction and subjective 
judgment, and lack automated, real-time processing methods, which, to 
some extent, limit the accurate monitoring of the injury site [13,14]. 
Rehabilitation assessment also lacks a quantitative and standardized 
basis, relying too much on the doctor’s experience and the patient’s 
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subjective feelings, and lacks an assessment model that can be dynam
ically adjusted according to individual differences in patients [15,16].

Considering bone density and recovery from sports injuries, existing 
methods are also unable to integrate multi-source data. Existing 
methods rely on single-dimensional data for evaluation and cannot fully 
integrate imaging data, patient activity records, and historical infor
mation [17,18]. These problems make the formulation of rehabilitation 
programs lack sufficient flexibility and pertinence, the realization of 
cross-field data fusion, and the construction of accurate 
multi-dimensional evaluation, which is the key to improving the reha
bilitation effect of sports injuries [19,20].

This paper combines bone density data with sports injury image 
analysis to provide a new cognitive evaluation method for the rehabil
itation stage. By using the precise processing of high-resolution medical 
images, more delicate bone density change information can be obtained, 
and the recovery progress of sports injuries can be deeply analyzed. 
Different from the single medical image evaluation, the study introduces 
image processing technology, GCN, XGBoost, and multimodal data 
fusion to achieve a comprehensive integration of bone density and 
injury site, and dynamically evaluate the patient’s rehabilitation effect 
at different times. Using GCN and XGBoost, data of different dimensions 
are intelligently integrated to construct a personalized evaluation sys
tem that adapts to individual differences, which can improve the accu
racy of the rehabilitation plan and effectively predict and adjust the 
patient’s recovery process based on real-time monitoring. Refined 
analysis of big data can achieve precision treatment, provide more tar
geted rehabilitation suggestions, and improve the patient’s recovery 
speed and quality. This method is used to create a comprehensive 
research path that integrates medical imaging, bone density analysis, 
and intelligent evaluation, providing new ideas and methods for future 
research in the field of sports injury rehabilitation.

2. Related works

Existing studies have focused on single aspects of bone density 
changes and sports injuries. Some studies have focused on using bone 
density detection technology [21,22] to assess fracture risk, and on 
using high-resolution imaging technology [23,24] to analyze the re
covery of sports injury sites. Jyoti R discussed the clinical application of 
various imaging options in sports injuries and emphasized the impor
tance of image-guided surgery in the early return of athletes to activity, 
outlining their relative advantages and disadvantages in the diagnosis 
and management of sports injuries [25]. Some studies have proposed 
bone density assessment methods based on CT images, using image 
processing technology to improve the accuracy of bone density mea
surement [26,27]. Dagan N evaluated the automatic fracture risk 
assessment method based on conventional abdominal or chest CT scans 
and compared it with traditional fracture risk assessment tools. Osteo
porotic fracture CT-based predictors have shown excellent performance 
in the prediction of major fractures, and CT can be used to automatically 
assess fracture risk [28]. These methods are difficult to provide 
comprehensive rehabilitation assessments when used independently, 
and lack an interdisciplinary comprehensive analysis. Some studies have 
begun to try to combine machine learning [29,30] with medical image 
processing technology, but there are still problems, such as high data 
processing complexity and poor real-time performance; existing 
research methods cannot meet the real-time and accuracy requirements 
in sports injury rehabilitation assessment.

Regarding the accuracy of sports injury rehabilitation assessment, 
some studies have attempted to combine image processing technology, 
deep learning methods [31,32], and multimodal data analysis [33,34]. 
Some scholars have proposed a method for sports injury image recog
nition based on convolutional neural networks, which uses automated 
feature extraction and classification to achieve rapid diagnosis of injury 
sites [35,36]. Some scholars have combined bone density data with 
image analysis and used support vector machine methods to evaluate 

the recovery of sports injuries [37,38]. These methods have made some 
progress in specific areas, but they still face problems such as insufficient 
model robustness and difficulty in data fusion. There is a lack of effective 
solutions for the comprehensive analysis of high-resolution medical 
images and multi-dimensional data. This paper proposes a multimodal 
fusion model that combines bone density changes, sports injury image 
analysis, and cognitive evaluation to provide a more accurate and 
personalized assessment solution for the rehabilitation of sports injuries.

3. Methods

3.1. Bone density data extraction and preprocessing

3.1.1. High-resolution CT image and X-ray image data extraction
All imaging data used in this study were obtained from the clinical 

databases of collaborating medical institutions and were retrospectively 
collected using the hospital’s Picture Archiving and Communication 
System (PACS). This study was formally approved by the ethics com
mittee of the relevant medical institution and strictly adhered to the 
ethical guidelines for medical research. Because this study was a non- 
invasive, retrospective analysis, and all data were anonymized before 
use to remove any potentially identifiable patient information, the risk 
to patient privacy was extremely low and met the requirements for a 
waiver of informed consent, which was approved by the ethics com
mittee. All data analyses were conducted with full protection of patient 
privacy.

High-resolution CT images and X-ray images are used to extract bone 
density data to ensure the accuracy and reliability of the extracted data. 
Advanced image registration technology is used in the extraction to 
align multiple-slice images to eliminate errors caused by changes in 
patient position or different scanning conditions. X-ray image processing 
uses the Canny edge detection algorithm to extract bone contours, 
combined with image threshold segmentation technology to separate 
bone tissue from surrounding soft tissue and effectively obtain the bone 
area. The image is geometrically corrected and image scale matched in 
the airspace to ensure the consistency of the two-image data, allowing 
CT and X-ray image data to be processed under the same standard. The 
experimental data were derived from clinical imaging data of 12,000 
patients with sports injuries, including high-resolution CT images ac
quired by Siemens Somatom Force equipment and X-ray images ac
quired by the GE Definium 6500 system to ensure data quality and 
consistency.

CT images use Hounsfield Unit (HU) to represent the density values 
of different tissues. Bone density extraction compares the pixel values of 
the selected bone area with the standard value to obtain bone density 
information. X-ray images perform quantitative analysis on the gray 
value of each pixel to extract the bone density value. Using the back
ground noise and artifacts in each image, the local statistical analysis 
method is used to calculate the mean and variance of the pixel gray 
value to identify and eliminate noise. The formula is as follows: 

μi,j =
1
N
∑N

k=1

xk
i,j (1) 

μi,j is the grayscale mean of pixel (i, j), xk
i,j is the pixel value of the kth 

sampling, and N is the number of samplings.
In data extraction, in view of the impact of noise on image quality, an 

adaptive filtering method is applied to reduce the interference of high- 
frequency noise and artifacts, making the extracted bone density data 
more accurate. It can process the matching of CT and X-ray images, 
introduce multi-scale gradient technology, enhance the local features of 
the image, and improve the resolution and accuracy of the bone area.

3.1.2. Image processing and data standardization
Data standardization is an important step in image processing, which 
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is used to eliminate the effects caused by equipment differences, 
shooting angles and image quality fluctuations. Data processing uses 
adaptive histogram equalization to enhance image contrast and enhance 
the distinguishability of bone density features in low-contrast areas. The 
adaptive method processes based on local image features and can 
effectively avoid information loss that may be caused by global equal
ization. The key step of the processing is to calculate the pixel grayscale 
histogram of the local area and stretch it to achieve brightness balance of 
the entire image. The formula is as follows: 

hnew
i,j =

hi,j − μ
σ (2) 

hi,j is the gray value of pixel (i, j), μ is the local mean, σ is the local 
standard deviation, and hnew

i,j is the standardized gray value.
The median filtering noise removal algorithm is used to remove 

random noise in the image and remove the common low-contrast noise 
in X-ray images. Sort the neighborhood of each pixel and select the 
middle value as the replacement value to eliminate noise while main
taining edge features. The formula is: 

Iʹ
i,j = Median

{
Ii,j− k,l

⃒
⃒k, l ∈ Ω

}
(3) 

Iʹ
i,j is the pixel value after denoising, Ω represents the neighborhood 

range, and (k, l) is the offset of the pixel in the neighborhood.
The range of bone density values is unified into a standard interval 

after data standardization. The minimum-maximum normalization 
method is used to further enhance the stability and convergence speed of 
the model. The standardization formula is: 

xnorm =
x − xmin

xmax − xmin
(4) 

x is the original bone density value, xmin and xmax are the minimum and 
maximum values in the sample, and xnorm is the standardized value. The 
minimum and maximum values are determined based on the statistical 
results of the training set data to ensure the consistency of the data 
distribution and prevent information leakage in the test stage.

By using noise removal, enhancement, and standardization, the bone 
density data has high-quality numerical accuracy and can effectively 
provide accurate bone density data for subsequent input. This method 
improves the quality of image data and provides reliable basic data for 
subsequent GNN input. Table 1 shows the key processing methods for 
high-resolution CT and X-ray images.

The "Registration accuracy: 0.1mm" in Table 1 is the technical index 
achieved by the registration algorithm adopted in this study, and it is not 
a universal standard applicable to all CT devices. This accuracy is ach
ieved through the image registration method used under specific 
experimental conditions.

3.2. Sports injury images

GCN can be used to automatically identify and classify images of 
sports injury sites, extract features of the injured area, record and 
analyze the patient’s physical activity during the rehabilitation stage, 

and evaluate the recovery process of sports injuries in real time.

3.2.1. Automatic identification and classification of sports injury sites
In the analysis of sports injury images, high-resolution image data is 

processed, and the significant characteristic areas of sports injuries are 
extracted through feature extraction algorithms. Convolutional neural 
networks are used to spatially map the damaged parts in the images, and 
GCN is used to process the local spatial structure of the image data to 
accurately identify and classify the damaged areas. GCN can use the 
topological structure of the graph to process the relationship between 
different regions in the image and explore the dependency between local 
regions and global features.

The classification of damaged areas is based on the calculation of 
damage feature vectors. Considering the node features and adjacency 
relationships, the graph convolution layer uses the adjacency matrix to 
aggregate and update the features of each node. The feature represen
tation of each node is h(l)

i , and the update rule of graph convolution is: 

h(l+1)
i = σ

(
∑

j∈N (i)

Aijh(l)
j W(l)

)

(5) 

Aij represents the adjacency relationship between node i and node j, the 
adjacency matrix is constructed using the K-nearest neighbor algorithm, 
with image superpixels as nodes and the Euclidean distance and gray
scale similarity between nodes as edge weights, ensuring that the graph 
structure can effectively reflect the spatial and texture correlation of the 
damaged area, N (i) represents the set of adjacent nodes of node i, W(l) is 
the weight matrix of the l layer, and σ is the activation function. This 
method can obtain the spatial correlation between image regions in the 
local neighborhood and effectively identify the location and type of 
motion damage to a certain extent.

Using a multi-layer GCN structure, the detailed features of bone 
fractures, soft tissue injuries, or joint wear in sports injury images are 
gradually extracted, and the injury category of each area is output. The 
feature vector of each injury category is used for subsequent classifica
tion tasks to generate injury prediction results. The injury classification 
results are output through the Softmax layer to predict the probability of 
the region belonging to different injury types.

Fig. 1 shows the structure of sports injury analysis based on GCN. The 
input high-resolution image is subjected to noise removal, enhancement, 
and standardization in the preprocessing layer. The graph convolution 
layer performs convolution operations on the constructed graph to 
extract the deep features of the damaged area layer by layer. The 
convolution of each layer uses activation functions for nonlinear trans
formation to enhance the learning ability of the model. The output layer 
comprehensively processes the features of all nodes to obtain the clas
sification results of the damaged area. This structure can effectively 
obtain local and global features when analyzing sports injuries, provide 
accurate injury type predictions, and provide a scientific basis for 
rehabilitation assessment. The analyzable process allows image analysis 
to have a certain degree of efficiency and accuracy, which helps to track 
the patient’s rehabilitation progress in real time.

Table 1 
Key processing methods for high-resolution CT and X-ray images.

Image Type Processing Steps Key Methods Processing Goals

CT Images Image Registration and Gray Value 
Extraction

Registration accuracy: 0.1 mm, Threshold: 300 
HU

Extract bone density data, eliminate image distortion

X-ray 
Images

Edge Detection and Threshold 
Segmentation

Canny edge detection, Threshold: 150 Extract bone contours, separate bone tissue from soft tissue

CT Images Region Growing Algorithm Initial seed selection and region expansion Precisely segment the bone density area, and remove non-bone 
structures

X-ray 
Images

Morphological Operations Circular kernel function, Iterations: 5 Enhance image clarity, extract key regions of interest
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3.2.2. Physical activity analysis during the rehabilitation stage
During the rehabilitation phase, the patient’s physical activity data 

during the rehabilitation process of sports injuries is combined to 
analyze the rehabilitation process. A time series model of the patient’s 
activity is constructed using changes in bone density and characteristic 
changes in the injured area in the image. In each time step, the patient’s 
recovery process from sports injuries is evaluated in real time based on 
the amount, frequency, and intensity of activity during the rehabilita
tion period. Based on the degree of injury in the image processing re
sults, combined with historical data and the patient’s motor 
performance, a personalized assessment model is established using the 
gradient boosting method.

The evaluation indicators of the rehabilitation process involve the 
recovery of the injured area, the patient’s motor recovery level, and the 
intensity of the activity. These factors are derived by fusion of image 
features and motion data, and the evaluation results of each rehabili
tation stage are obtained by a weighted sum. The motion activity data is 
A(t), the recovery of the injured area is R(t), and the output of the 
evaluation model can be expressed as: 

Evaluation(t) = αA(t) + βR(t) (6) 

α and β are adjustment parameters, and the weights are automatically 
adjusted according to the different stages of rehabilitation. The sliding 
window algorithm is introduced in the evaluation to update the time 
series data in real time, and the weights and parameters of the evalua
tion results are adjusted using the patient’s current status and historical 
information; The balance between sliding window size selection and 
model accuracy and real-time performance is optimized according to the 
frequency of data changes during the patient’s recovery process.

The gradient boosting algorithm is used to predict and correct the 
recovery progress at each time point. The gradient boosting algorithm is 
based on residual learning, continuous iterative training, and adjust
ment, and gradually reduces the prediction error. This approach can 
optimize the accuracy of rehabilitation assessment and avoid distortion 
of rehabilitation assessment caused by changes in external factors while 
processing real-time data.

The organic combination of image analysis and physical activity data 
can realize dynamic monitoring of the patient’s rehabilitation stage. The 

evaluation results can help personalize the rehabilitation plan and 
provide a scientific recovery path for sports injuries.

3.3. Construction of cognitive evaluation model

Combining bone density data with sports injury imaging features, 
XGBoost is used to build a cognitive evaluation model, which provides 
personalized rehabilitation evaluation through comprehensive analysis 
of multi-dimensional data.

3.3.1. Feature fusion and comprehensive evaluation framework
Building a cognitive assessment model requires deep integration of 

bone density data and sports injury imaging features. Bone mineral 
density data and sports injury image features are presented in different 
ways. Bone mineral density data are standardized as continuous nu
merical variables; the image features are structured data extracted by an 
image analysis algorithm, showing a high-dimensional vector. A 
weighted feature combination can be used to establish an input frame
work for multidimensional data. A weighted linear combination was 
used to integrate the bone mineral density and imaging features to avoid 
the excessive influence of a single feature on the performance of the final 
model. The bone density data is xbone, and the image feature is ximage. 
The fused features can be expressed as: 

xfusion = λ1xbone + λ2ximage (7) 

In this paper, λ₁ and λ₂ are non-negative weight coefficients, which 
satisfy λ₁ + λ₂ = 1. The value range is optimized and determined within 
the interval of [0,1] by cross-validation to ensure the balanced fusion of 
bone density and image features. The fusion feature vectors ensure a 
balanced use of BMD and imaging information.

The fused features are used for training, and a comprehensive eval
uation framework is adopted for these multidimensional data to 
consider the time series characteristics of bone density and injury re
covery, as well as the stage differences of motor ability recovery. The 
goal of the framework is to comprehensively analyze the multidimen
sional characteristics of individuals and provide personalized rehabili
tation evaluation results for patients.

3.3.2. Model training and personalized assessment
In the training phase, an accurate and efficient cognitive assessment 

model is constructed, which can output the patient’s rehabilitation 
assessment results based on the input features. A learning framework 
based on gradient boosting is used to optimize the weighted loss func
tion to improve accuracy and stability. The predicted value is ̂yi, the true 
label is yi, and the loss function can be expressed as: 

L(ŷi, yi) =
∑n

i=1
(ŷi − yi)

2
+ γ

∑T

t=1

(
∑n

i=1

(
wi,t
)2

)

(8) 

γ is the regularization parameter, which is used to control the complexity 
of the model. In this experiment, 0.5 is taken. Wi,t is the parameter weight 
of each tree, and T is the total number of trees. The loss function uses the 
balance prediction error and model complexity to avoid overfitting and 
effectively improve the performance of the model on unknown data.

XGBoost is used for step-by-step optimization, continuous iterative 
training, and adjustment of the residuals of each round to gradually 
improve the prediction accuracy. During each round of training, the 
current residual and data deviation are calculated, and the prediction 
output is updated; the prediction of the tth round is ft(x), and the model 
update rule is: 

ft+1(x) = ft(x) + η⋅argminh

∑n

i=1
L(yi, ft(xi)+ h(xi)) (9) 

η is the learning rate, h(xi) is the current iterative learner, and argminh 
represents the optimization process of minimizing the current loss 

Fig. 1. GCN structure for sports injury analysis.
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function. The model can gradually reduce the residual in each update 
and improve the accuracy of the prediction results.

The model can evaluate the patient’s rehabilitation progress in real 
time based on their bone density, injury characteristics, and historical 
data, and can also provide a personalized rehabilitation plan. The 
personalized assessment results can recommend the appropriate amount 
of exercise, treatment methods, and rehabilitation goals based on the 
specific situation of each patient, accurately guiding every step of the 
rehabilitation process.

The model can also perform transfer learning based on different 
patient groups to ensure the accuracy of the assessment and make 
adaptive adjustments to the model. The assessment weights and strate
gies can be dynamically adjusted based on the patient’s age, gender, 
injury type, and other characteristics, so that the model has the ability to 
conduct personalized assessments and can also improve the applicability 
among different patient groups.

The constructed cognitive evaluation model can realize real-time and 
accurate monitoring and evaluation of sports injury patients during the 
rehabilitation process. The rehabilitation progress and related indicators 
of each patient can be fed back in the first place, helping doctors and 
patients make more scientific treatment decisions and optimize reha
bilitation effects.

Fig. 2 shows the application structure of XGBoost in bone density 
changes and sports injury rehabilitation assessment. The input data in
cludes bone density data and sports injury image features, which are 
sent to multiple decision trees for training. Each tree consists of multiple 
nodes, which segment the features of the data and make predictions step 
by step. The leaf nodes of each tree output preliminary prediction re
sults, which represent the evaluation of different stages of rehabilitation. 
The prediction results of multiple trees are finally integrated to generate 
a comprehensive evaluation result, providing personalized rehabilita
tion advice. The output represents the model’s overall prediction of the 
patient’s rehabilitation process, helping doctors to develop more accu
rate treatment plans. This structure reflects XGBoost’s advantages in 
processing multidimensional data and making complex predictions, and 
can provide highly accurate personalized evaluations when combined 
with bone density and sports injury imaging data.

3.4. Establishment of an interdisciplinary comprehensive evaluation 
system

It is possible to integrate technologies from fields such as medicine, 
engineering, and computer science to establish an interdisciplinary 

comprehensive evaluation system, achieve multi-angle and multi- 
dimensional analysis, and ensure the comprehensiveness and accuracy 
of the model.

3.4.1. Interdisciplinary data fusion strategy
The data and technology of different disciplines, such as medicine, 

engineering, and computer science, can be deeply integrated to achieve 
a multi-dimensional analysis of comprehensive evaluation. The key in 
this process is to use reasonable feature mapping to enable seamless 
connection of data between disciplines. Medical data, such as bone 
density and patient health records, are standardized using professional 
medical knowledge and converted into quantitative indicators. Engi
neering data, such as force analysis of sports injury sites and dynamic 
assessment data during rehabilitation, are obtained using physical 
modeling and sensing technology and converted into precise numerical 
data. Computer science provides efficient data processing and analysis 
methods, processing the whole process from image to feature extraction, 
and data in all fields are standardized and weighted through a well- 
designed algorithmic framework.

Various types of feature data can be processed by weighted aver
aging. The feature data in different fields are xmed, xeng, and xcomp, 
respectively, and the weighted sum can be expressed as: 

xf = q1xmed + q2xeng + q3xcomp (10) 

q1, q2, and q3 are weight coefficients for data in different fields. The 
fusion data set can fully reflect the patient’s bone mineral density 
changes, injury site, and recovery, and provide a more comprehensive 
and precise input. Interdisciplinary data fusion gives models the ability 
to analyze from multiple perspectives and eliminates possible limita
tions and deviations from a single data source.

3.4.2. Multidimensional modeling of interdisciplinary evaluation system
Interdisciplinary technology is not limited to data fusion, but also 

requires the use of methods and theories from different disciplines to 
establish a comprehensive model to ensure the comprehensiveness and 
accuracy of the evaluation. The model construction takes into account 
the characteristics of the data in each field and selects different 
weighting strategies and evaluation methods. A comprehensive evalu
ation is conducted from multiple dimensions, such as time series, spatial 
characteristics, and individual differences of patients, comprehensively 
considering bone density, injury recovery, and patient history 
information.

A hierarchical modeling approach is adopted to enhance the flexi

Fig. 2. XGBoost model structure: bone density and sports injury rehabilitation assessment.
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bility and adaptability of the model in different dimensions. In the 
prediction of the change trend of bone density, time series analysis is 
introduced to predict the trend of bone density data of each patient. The 
bone density of the patient at time t is bt, and the change trend can be 
expressed by the following formula: 

Δbt = αbt− 1 + βxt + ϵ (11) 

The evaluation of sports injury recovery uses a spatial analysis model 
to analyze the recovery process based on the patient’s movement tra
jectory and rehabilitation data. The recovery speed of the injured area is 
closely related to the patient’s activity. The spatial analysis method is 
used to combine the movement trajectory data and bone density change 
data to calculate the key points in the recovery process. This method can 
reflect the dynamic changes of patients in rehabilitation in real time and 
provide decision support.

Taking into account individual differences among patients, the 
personalized evaluation based on the patient’s historical data is inte
grated, and the age, gender, weight, and other characteristics of 
different individuals are weighted. The evaluation strategy can be 
automatically adjusted to make the evaluation results between different 
groups more applicable and accurate. The personalized evaluation for
mula is as follows: 

ĥi = f
(
λ1xmed, λ2xeng, λ3xcomp, θi

)
(12) 

Ĥi is the evaluation result of the ith patient, θi is the patient’s person
alized feature vector, and this formula enables the model to provide 
customized rehabilitation plans based on the different characteristics of 
the patients.

The establishment of this comprehensive assessment system does not 
rely solely on the technology of a single discipline, but rather utilizes 
cross-disciplinary technology integration to give full play to the ad
vantages of data and methods in each field to provide comprehensive 
and accurate rehabilitation assessments. The data and models can be 
continuously optimized, and the system can adapt to more complex 
patient groups, provide more intelligent and personalized rehabilitation 
assessment solutions, and promote the development of precision medi
cine and personalized treatment in the field of sports injuries.

4. Method effect evaluation

4.1. Standardization of bone density data and comparison of images 
before and after bone density extraction

Fig. 3 shows the distribution changes of bone density data before and 
after standardization. The histogram on the left shows the original bone 
density data. The distribution of the Hounsfield unit data is relatively 
scattered, showing large fluctuations and a wide range of values. This 
shows that the original data contains bone density values in different 
ranges, and the numerical deviation is large. The histogram on the right 
is the standardized bone density data, and all data are compressed to the 
[0, 1] interval, showing a more concentrated and uniform distribution. 
Standardization ensures the consistency of the data, eliminates the scale 
differences between different bone density values, and enables better 
comparison and analysis of the data in subsequent processing. The 
standardized data helps reduce bias in training and improve prediction 
accuracy.

Fig. 4 shows the comparison of the original CT image and X-ray 
image after different processing steps. In the original CT image, there is 
noise and unclear areas, which affect the accurate extraction of bone 
density. The noise of the denoised CT image is effectively suppressed, 
and the main details in the image are clearer, which is helpful for sub
sequent analysis and feature extraction. After contrast enhancement, the 
brightness and contrast of CT images and X-ray images are improved, 
and the features of bone density and damaged areas are more prominent. 
The standardized image values are normalized to a specific range, which 
is smaller than the original image, ensuring data consistency and 
providing accurate input data for subsequent models. These processing 
steps effectively improve the image quality and provide reliable basic 
data for the assessment of bone density changes and sports injury 
rehabilitation.

4.2. Assessment of the correlation between bone density changes and 
sports injury rehabilitation

In the evaluation of the correlation between bone density changes 
and sports injury rehabilitation, the patient’s bone density data and 
sports injury recovery data are extracted to build a correlation model 
between the two. The changes in bone density of each patient and the 
corresponding rehabilitation progress are systematically recorded, and 
the bone density data are standardized to ensure the consistency and 
comparability of various data.

Fig. 5 shows a scatter plot comparison of the relationship between 
bone density changes and rehabilitation progress using the imaging 
analysis method in this paper and the traditional imaging analysis 
method. Figure A is the image analysis method used in this paper, which 
shows the linear correlation trend between bone density changes and 
rehabilitation progress. The data points show a certain positive corre
lation. When bone density increases, the rehabilitation progress gradu
ally improves, and the data points are distributed more concentratedly, 
which is in line with the expected law of rehabilitation progress. Figure b 
shows the results of the traditional image analysis method. The distri
bution of data points is relatively scattered, showing a relatively low 
correlation. The relationship between the rehabilitation process and 
bone density change is not as significant as that of the method in this 
paper. By comparing the scatter plots of the two, it can be intuitively 
seen that the image analysis method in this paper is superior to the 
traditional method in image analysis effect, providing more reliable data 
support for the evaluation of the rehabilitation process.

4.3. Comparison of image analysis accuracy

The image analysis accuracy uses two evaluation indicators, MAE 
and MSE, to compare and analyze the GCN image processing algorithm 
used in this paper with the traditional GNN (Graph Neural Networks) 

Fig. 3. Comparison of bone density value distribution before and after data 
standardization.
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and GAT (Graph Attention Network) methods. The three algorithms 
were applied to imaging data of multiple injury sites, and their respec
tive prediction results were recorded. All images went through the same 
preprocessing process to ensure the rigor of the analysis and were 

evaluated on the same data set to eliminate the interference of external 
variables on the results.

The values of MAE and MSE can be used to compare the prediction 
accuracy of each method at different injury sites, reflecting the 

Fig. 4. Comparison of images before and after bone density extraction.

Fig. 5. Correlation between bone density changes and rehabilitation progress of different imaging analyses.

Fig. 6. Comparison of image analysis accuracy.
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analytical ability of the area with significant bone density changes and 
the edge of the injury. MAE evaluates the absolute error between the 
predicted value and the true value, while MSE takes into account the 
square of the error and can more sensitively reflect the impact of large 
errors. These indicators can comprehensively evaluate the performance 
of GCN in complex image parsing tasks and verify its advantages in 
image analysis accuracy compared to traditional methods.

Fig. 6(a) shows the comparison of the MAE index of the three algo
rithms, GCN, GNN, and GAT, at different damage sites. The horizontal 
axis is 10 damage sites. The GCN algorithm shows obvious advantages at 
all damage sites, with an average MAE of 0.131, which is lower than 
GNN and GAT. GCN can provide more accurate predictions in these 
areas, and its performance in multiple injury sites is generally better 
than other algorithms, reflecting its high efficiency in image analysis. 
Fig. 6(b) shows the comparison of the three algorithms in terms of MSE 
indicators. Similar to MAE, GCN has generally lower MSE values in 
various injury sites. The average MSE value of GCN in all parts is about 
0.032, which is lower than the MSE of GNN and GAT, verifying its lower 
error and higher accuracy in image analysis. The results of the two in
dicators show that GCN can better obtain injury characteristics when 
processing high-resolution medical images and improve the reliability of 
rehabilitation assessment.

4.4. Evaluation of the cognitive evaluation model

According to the actual rehabilitation data of patients, the cognitive 
evaluation model was evaluated using indicators such as accuracy and 
R², and the XGBoost in this paper was compared with the traditional 
CatBoost (Categorical Boosting) and LightGBM (Light Gradient Boosting 
Machine) to verify its improvement in predictive ability.

Fig. 7 shows the comparison of the accuracy and R² values of 
different models in six different samples. The columns represent the 
accuracy of the three methods XGBoost, CatBoost, and LightGBM, and 
the other three lines show the R² value of each method. XGBoost showed 
high accuracy and R² values in all samples, with average accuracy and 
average R² of approximately 0.87 and 0.91, respectively. XGBoost’s 
accuracy and R² values were ahead of the other two methods, showing 
its advantages in data processing and model fitting. CatBoost and 
LightGBM have certain performance in the sample, but the overall 
performance is slightly inferior. In terms of R² value, XGBoost always 
maintains a high stability and has a strong advantage in data fitting 
ability. XGBoost performs better than Categorical Boosting and 
LightGBM, showing its strong predictive ability in multidimensional 
data analysis and rehabilitation evaluation.

5. Conclusions

This paper establishes a new cognitive evaluation model that com
bines bone density changes, sports injury rehabilitation, and high- 
resolution medical image analysis, and combines multidisciplinary 
technology to systematically solve the evaluation problems in the pro
cess of sports injury rehabilitation. By innovatively integrating methods 
from medicine, engineering, and computer science, a comprehensive 
rehabilitation assessment system can be constructed, which can realize 
intelligent analysis of the entire chain from data collection, processing, 
to prediction. The core innovation of the model lies in combining bone 
density data with sports injury image features, using efficient image 
processing technology and GCN and XGBoost to accurately extract the 
features of the injury area, and based on these features and the behav
ioral data of the patient during rehabilitation, a cognitive evaluation 
system is established to provide personalized and dynamic rehabilita
tion assessment. The evaluation results show that the model proposed in 
this paper has significant improvements in accuracy and predictive 
ability. In terms of the combination of image analysis and cognitive 
evaluation models, the use of GCN and XGBoost methods can achieve 
better results in complex data processing. Interdisciplinary data fusion 

enhances prediction accuracy and ensures the targetedness and opti
mization of rehabilitation programs. In the future, with the increase in 
data volume (such as real-time physiological and motion data collected 
by wearable devices, sharing of multi-center clinical imaging databases, 
electronic health records of patients’ long-term follow-up, etc.), and 
continuous optimization of the model, this research is expected to 
further improve its universality and accuracy, and provide effective 
support for a wider range of sports injury rehabilitation fields.
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