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Abstract 

This paper presents an optimized monocular vision measurement method integrating 

semantic segmentation and prior geometric features into the Monodepth2 framework. 

By introducing a semantic segmentation module, we achieve collaborative optimiza-

tion of global depth estimation and local object-level depth refinement (e.g., precast 

concrete components). The method employs fixed-weight spatial correction based on 

prior geometric constraints such as object symmetry, avoiding computational com-

plexity associated with dynamic weight adjustment. Experimental results demonstrate 

that under 36×30 grid partitioning, the corrected mean absolute error and root mean 

square error reach 0.0071 and 0.0096 respectively, showing over 96% improvement 

compared to conventional methods. Indoor testing on standard concrete specimens 

validates sub-millimeter accuracy under single-image monocular conditions, provid-

ing a new paradigm for quantitative applications in construction scenarios. 

Keywords: Monodepth2; prior geometric features; semantic segmentation; fixed-

weight correction; monocular vision measurement; concrete component symmetry 

1. Introduction 

In 3D spatial perception and measurement, the acquisition of depth information is the core 

foundation for target spatial localization, size measurement and attitude estimation. Com-

pared with technical solutions relying on multi-sensor fusion, such as multi-ocular vision 

or LIDAR, monocular vision systems exhibit unique application potential in large-scale 

spatial measurement scenarios by virtue of their advantages of simple structure, low cost, 

and strong environmental adaptability. However, the monocular imaging process irrevers-

ibly loses the depth dimension in 3D space, and how to recover accurate depth information 



from 2D images has become a key technical bottleneck in this field. Existing studies have 

demonstrated that monocular depth estimation methods based on deep learning can achieve 

end-to-end depth prediction, but their accuracy and robustness in complex scenarios are 

still limited by the deficiencies in the generalization ability of the data-driven mechanism, 

especially for the target objects with significant geometric features, the traditional methods 

are difficult to break through the intrinsic limitations such as edge blurring, scale ambiguity, 

and so on. 

Current monocular depth estimation methods are mainly categorized into three major tech-

nical routes: supervised, semi-supervised and unsupervised. Supervised learning methods 

achieve optimization by constructing a direct mapping relationship between the predicted 

depth and the true depth, such as Eigen et al [1] proposed a two-stage depth estimation 

framework, which captures the global context through a coarse-grained network, then op-

timizes the local depth values by a fine-grained network, and further constructs a multiscale 

network architecture [2] to support cross-task training. DORN [3] adopted an ordered classi-

fication strategy instead of traditional regression, combined with expansion convolution to 

expand the sensory field and significantly improve the edge accuracy. To address the object 

boundary ambiguity problem in depth estimation, Ramamonjisoa et al [4] proposed a depth 

position resampling method, while Zhu et al [5] fused the semantic segmentation results to 

design a microscopic edge deformation loss, forcing the predicted depth to be aligned with 

the semantic edges, and S2R-DepthNet [6] enhanced the structured feature learning capa-

bility by suppressing the depth smoothing region. Despite the excellent performance of 

supervised methods, their strong dependence on dense depth truth values limits practical 

application scenarios. 

Semi-supervised learning has attempted to combine labeled and unlabeled data. For exam-

ple, Kuznietsov et al [7] proposed a loss function that fuses the two types of data, but it still 

requires partial depth truth, and the performance fails to significantly outperform super-

vised methods. In contrast, unsupervised methods are self-supervised training through view 

reconstruction, such as Garg et al[8] reconstructing views based on binocular images, and 

Godard et al [9] designing left-right consistency loss to enhance geometric con-

straints.Monodepth2 [10] introduced a minimum reconstruction loss with a motion masking 

mechanism to mitigate dynamic scene interference, and DNet[11] and Adv-Depth [12] en-

hanced global context-awareness through densely connected layers and generative adver-

sarial networks, respectively. Although unsupervised methods do not require depth truth, 

their accuracy still lags behind that of supervised methods, especially in dynamic scenes 

with scale drift problem [13-14] 

In the field of monocular 3D target detection, researchers have attempted to make up for 

the lack of depth estimation through geometric constraints with a shape prior. The anchor-

based design M3D-RPN [15] and the anchor-free framework CenterNet[16] both realized end-

to-end detection through 2D-3D parameter regression, but the direct regression strategy is 

difficult to obtain accurate depth information. Although two-stage methods such as 

Deep3Dbox [17] and GS3D [18] guided the 3D parameter estimation through a 2D detection 

frame, the introduction of geometric constraints still cannot completely solve the depth 



ambiguity problem. Some studies tried to combine pre-trained depth estimation networks, 

such as MonoDIS[19] with pseudo-lidar representations to enhance spatial perception, but 

the depth estimation error is directly transferred to the detection module and the long-tailed 

distribution problem of the pseudo-point cloud has not yet been effectively solved [20]. No-

tably, the Deep MANTA algorithm proposed by Chabot et al [21] predicted 2D/3D parame-

ters and part locations simultaneously through multi-task learning, while Barabanau et al 
[22] utilized CAD model matching to achieve geometric inference, and although such meth-

ods introduced a shape prior, the model generalization capability was limited by the diver-

sity of predefined templates. 

Existing monocular depth estimation methods face three critical challenges in large-scale 

spatial measurement applications. First, global depth estimation struggles with scale con-

sistency in the absence of absolute depth references, often leading to cumulative errors that 

propagate through the measurement process. Second, local geometric details such as target 

edges and contour features are prone to smoothing, limiting the recovery of fine structural 

information. Third, multi-source information fusion mechanisms remain underdeveloped, 

hindering the utilization of target-specific geometric constraints for adaptive optimization. 

While some studies have attempted to incorporate geometric a priori knowledge, these ap-

proaches typically rely on rigid templates or oversimplified geometric assumptions, lack-

ing the capability to explicitly model and dynamically correct complex contour features. 

Addressing these limitations, this paper proposes a Monodepth2-based monocular vision 

measurement framework that integrates semantic segmentation and prior geometric feature 

constraints. The methodology establishes a global depth foundation through unsupervised 

Monodepth2 estimation, followed by semantic-guided localization of measurement re-

gions-of-interest (ROIs) to enable detail-preserving local depth refinement. A fixed-weight 

correction module is introduced to apply target-specific geometric constraints (e.g., con-

crete component symmetry), achieving spatial regularization of depth maps through ex-

plicit geometric modeling. This multi-scale fusion approach effectively resolves scale in-

consistency in global estimation while preserving local geometric details. 

(1) Global depth foundation construction via Monodepth2 for baseline spatial representa-

tion 

(2) Semantic-guided ROI extraction and local depth enhancement to preserve target details 

(3) Prior-constrained depth correction module for explicit geometric regularization 

The proposed method mitigates foreground-background confusion through semantic seg-

mentation and reduces depth estimation errors by over 96% in standard concrete compo-

nent testing. Indoor experimental validation demonstrates sub-millimeter accuracy under 

single-image monocular conditions, offering a robust solution for construction-scale quan-

titative measurement. 

2. Materials and Methods 



This section may be divided by subheadings. It should provide a concise and precise de-

scription of the experimental results, their interpretation, as well as the experimental con-

clusions that can be drawn. 

2.1. Motivation 

First, image semantic segmentation enables more sophisticated processing of the original 

image and obtains richer feature and semantic information, which allows us to focus on 

observing and analyzing the object of our interest, such as the person shown inFigure 1, 

without being affected by other objects. 

  
(a) (b) 

Figure 1. Example of image semantic segmentation: (a)RAW Image; (b) Semantic Segmentation. 

2.1.1. Spatial geometric relations of the global image 

Through image semantic segmentation, it can be seen from Figure 2that the originally com-

plex picture can be simplified into ① a group of people (athletes and distant audiences), ② the ground (grass), and ③ the background (trees and the sky), and their hierarchical 

relations of near-middle-far in space. 

In addition, there are several very important a priori pieces of information that can be used 

here: 

(1) These persons are all adults in terms of their basic characteristics, and in this case, their 

heights are close to each other. 

(2) These people are on two “layers”, the athlete near the center of the picture is on the 
proximate layer; the spectator in the distance is on the other layer. 

(3) Using the basic information in (1) and (2), we can estimate the perspective transfor-

mation relationship in this sample space, which helps us to optimize the estimated depth 

data. 



 

Figure 2. Schematic diagram of spatial geometric relationships in global images. 

2.1.2. Geometric feature rectification of measurement objects 

An object (ROI) whose size needs to be evaluated is called a measurement object, such as 

the target object with the calibration plate in Figure 3(a). First, the measurement object is 

separated from the scene by the image semantic segmentation in Section 3.3 (as shown in 

Figure 3(b)); then, the measurement object is measured in combination with the calibration 

plate, and the image sensor is also calibrated (Figure 3(c)). 

   
(a) (b) (c) 

Figure 3. Schematic diagram of geometric features in local ROI images:(a)RAW Image with ROI; (b) ROI and 

its spatial modeling;(c)Calibrated model. 

2.2. Algorithm procedure 
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The algorithm procedure of monocular vision measurement based on the optimization of a 

priori geometric features is shown inFigure 4, which is mainly divided into two parts: the 

model rectification process based on a priori geometric features; and the method of mo-

nocular vision measurement based on the optimization of a priori features. 

First, the internal and external parameters of the camera are obtained through camera cali-

bration; then, the samples with a priori information (e.g., KITTI dataset with depth data 
[23]) are obtained. Second, the rectification method of a priori geometrical features is estab-

lished, and the correction formula is established through the perspective transformation 

model and the depth value correction to calculate the correction coefficients by using the a 

priori information. Finally, the rectification model is obtained. Among them, the rectifica-

tion method starts learning on the full-area depth estimation and local ROI estimation re-

spectively, which is helpful to alleviate the global depth estimation scale inconsistency 

problem and reduce the cumulative error problem in the absence of an absolute depth ref-

erence. The local ROI depth estimation can better deal with the local details, avoiding the 

erroneous estimation generated by the confusion of the foreground target object (ROI) and 

the background. 

Then, in specific applications, the target object ROI is obtained by using image semantic 

segmentation technique, and then the global depth estimation of the original image and the 

local estimation of the ROI image are carried out respectively by depth estimation methods, 

and finally the estimation results are corrected and fused by the correction model, so as to 

obtain optimized measurement results. 

 

Figure 4. Algorithmic procedure framework diagram. 
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3. Method Design 

3.1. Calibration method based on a priori geometric features 

In monocular vision measurement, global depth estimation often faces the problems of 

scale inconsistency and cumulative error. In this paper, a calibration method based on a 

priori geometric features is proposed, which combines the target geometric features and 

perspective transformation model to achieve depth optimization. 

3.1.1. Basic spatial relations 

As shown in Figure 5(a), the target surface is modeled as an ideal rectangle, and the quad-

rilaterals in the photographic image (determined by the vertices a ,b ,c , and d of the 

Monodepth2 depth estimation) are mapped back to the standard rectangles by a perspective 

transformation. 

Depth weight adjustment: near camera regions (e.g., ab edges) are more accurately depth 

estimated by imposing smaller constraint errors in the transform parameters, which is 

equivalent to assigning higher weights to the transform matrix coefficients (Figure 5(b)). 

  
(a) (b) 

Figure 5. Schematic diagram of spatial relations for linear depth rectification based on perspective transfor-

mation models.: (a)The fundamental error relationship indicates that estimated error grows proportionally with 

increasing distance.; (b) As the error exhibits non-uniform variation across multiple directions, grid partitioning 

is employed to perform individual correction on each region. 

3.1.2. Error distribution assumptions 

Depth estimation errors usually increase with distance, assuming a linear relationship be-

tween error and distance, as in Eq. 1. 
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( )( )1true rawd z z d=  +
, (1) 

 

where ߝ(݀) is the error function, which needs to be evaluated by a priori information mod-

eling. 

3.1.3. A priori information constraints 

Global constraints on the depth estimation results are imposed by utilizing known infor-

mation about the target surface such as width ܹ and height ܪ. For example, to invert the 

depth value by the rectangle size after perspective transformation, the rectangle size after 

perspective transformation should satisfy Eq. 2. 

/real pixel avgW W z f= 
, (2) 

where ݖ௔௩௚ is the average depth of the rectangle area, and ݂ is the focal length of the 

camera. 

If the depth estimation is inaccurate, ܹ × ݂ will deviate from the true value and ݖ௔௩௚ 

needs to be adjusted by correction. 

3.1.4. Calculation of correction coefficient 

Assuming that the depth error grows linearly with distance, the correction formula is shown 

in Eq 3. 

( )( )1corr raw maxz z k d d=  +  −
, (3) 

where ݀ denotes the distance from the current point to the camera, supplied by ݐݏݎ௠௢௡௢; ݀௠௔௫  denotes the maximum distance of the rectangular area (e.g., the average depth of the ܿ݀ side); and ݇ denotes the correction coefficient, which controls the rate of decay of the 

error with distance. 

3.1.5. Correction algorithm design 

As shown in Fig. 5(b), based on the calculation of correction coefficients in a single direc-

tion, it is generalized to the two directions of the surface of the target area, and then the 

correction algorithm is designed. 

First, the rectangular region is layered by depth, such as into ݊ = 15 networks (the com-

putation and standard deviation are lower when ݊ = 15), and the average depth ݖ௜ and 



pixel width ௜ܹ of each layer are calculated. Assuming that the error of each layer is related 

to the distance, the equation is established, as shown in Eq. 4. 

( )( )max1i i iW W f z k d z=   +  −
, (4) 

Then, the error is minimized by least squares fitting ݇ (Eq. 5):  

( )( )max1
min 1i

n

ik
i iW W f z k d z

=
−   +  −

, 
(5) 

After solving for ݇, the correction formula is applied to all depth values, and iterative cal-

culations are performed so that the corrected rectangular dimensions ௣ܹ௜௫௘௟  and ܪ௣௜௫௘௟  
satisfy the a priori size constraints. 

Algorithm 1: The regional depth correction algorithm 

Input: 

estZ : Raw depth map (estimated by Monodepth2) 

W  and H :Target surface nominal dimensions 

f  Camera focal length 

n , m : Grid partition parameters ( row colum count) 

MIN_DEPTH : Valid depth threshold 

Output: 

correctedZ  Rectified depth map 

 

Procedure: 

1. Initialization: 

Create empty matrix mnK   

Calculate grid dimensions: /x W m= , /y H n=  

2. Grid-based Processing: 

for i  = 1 to n  do 

for j  = 1 to m  do 

a. Extract region ( ) ( )1 , 1 ,ij i y i y j x j x =  −   −      

b. Collect samples: 

( ) ( ) ' , | , MIN_DEPTHij esi tj x y Z x y =    

3. Geometric Constraint Modeling: 



 

3.2. Monocular depth estimation network based on Monodepth2 

The unsupervised monocular depth estimation method adopts a self-supervised learning 

strategy to realize the implicit learning of depth information by constructing image recon-

struction constraints, which effectively circumvents the dependence on the labeled depth 

data. The core mechanism is to minimize the pixel-level difference between the recon-

structed image and the original input image, so as to establish the representation relation-

ship of the scene geometry. Inspired by the principle of Structure-from-Motion (SfM) [24], 

If '

ij ≥ Minimum Sample Count then 

a. Construct constraint equations: 

( ) ', ijx y  : 

( )( ) ( ) ( )/ /,x est x targetx c f Z j x c Z fx y−  =  −   

( )( ) ( ) ( )/ /, yest tary gety c f Z i x c Z fx y−  =  −   

b. Convert to matrix form: 
ijk b=A  

where 
'2 1ij 

A  ,
'2 ij

b


  

4. Parameter Optimization: 

( )2
argminijk k b R k= − +A  

5. Adaptive Weighting: 

( )( )'

1

mean i

z

jest

w
Z 

=
 +

 

( )1ij z ij z neighbork w k w k=  + −  # Neighbor interpolation preserved 

6. Depth Rectification: 

( ) ( ) ( ), , , ,corrected ij est ijZ x y k Z x y x y=     

7. Post-processing: 

Apply multi-scale fusion: 

( )
1

upsample
lfinal l corrected

L

l

Z w Z
=

=    # Variable name corrected 

where L  is pyramid levels, 
lw  is weight coefficients 



the Monodepth2 algorithm [10] is chosen as the basic framework in this study to construct 

an end-to-end monocular depth estimation system through the joint optimization of depth 

estimation network and bit position estimation network. 

The network architecture of Monodepth2 contains two core modules, depth estimation and 

pose estimation. The depth estimation network takes the monocular image sequence as 

input, and uses the encoder-decoder structure for feature extraction and reconstruction. The 

encoder is based on the ImageNet pre-trained ResNet convolutional neural network, which 

generates feature maps at different scales through multi-stage downsampling; the decoder 

up-samples low-resolution features layer by layer to the original image size through a full-

resolution multi-scale fusion strategy, and ultimately outputs high-precision depth maps 

with the same resolution as the input. The architecture realizes the effective fusion of multi-

scale features through the depth supervision mechanism, which significantly improves the 

detail preservation ability of depth estimation while maintaining the computational effi-

ciency. Considering the powerful feature extraction capability of the ResNet architecture 

and its universality in image tasks, Monodepth2 is chosen as the base framework in this 

study to realize accurate depth and geometric size estimation of target objects in a scene. 

3.3. Image semantic segmentation method based on UNet++ 

UNet++, as a deeply supervised encoder-decoder architecture, demonstrates significant ad-

vantages in image semantic segmentation tasks[25]. Its core innovation lies in the construc-

tion of a nested dense jump connection mechanism, which reconfigures the information 

transfer path between the encoder and decoder through a multi-level feature fusion strat-

egy. Specifically, the architecture introduces redesigned jump connection modules on top 

of the traditional U-shaped network, and these modules fuse the encoder's layers of feature 

maps with the corresponding layers of the decoder across scales through dense connections, 

effectively mitigating the semantic gap between the encoder and the decoder's feature 

space. The network architecture of UNet++ consists of the encoder, the decoder, and the 

convolutional module nested in the middle. The encoder uses a pre-trained convolutional 

neural network (e.g., ResNet or VGG) for feature extraction to generate a multi-scale fea-

ture pyramid, while the decoder progressively restores the spatial resolution through up-

sampling operations and integrates feature information from different layers of the encoder 

through dense hopping connections. This design enables the network to capture both low-

resolution semantic information and high-resolution detailed features, and further improves 

the gradient propagation efficiency and model convergence speed by introducing auxiliary 

loss functions in multiple intermediate layers through the deep supervision mechanism. 

Considering the advantages of UNet++ in multi-scale feature fusion and boundary refine-

ment, this study adopts this architecture to realize pixel-level semantic segmentation of the 

target region in the scene. Through the nested jump connection mechanism, the network 

can effectively integrate the shallow texture information and deep semantic features, which 



ensures the computational efficiency and significantly improves the segmentation accuracy 

and edge localization ability of the measured objects in complex scenes. 

4. Experimental design 

In order to verify the effectiveness of the method in this paper, a binocular vision experi-

mental setup shown in Figure 6is constructed in this paper. The system consists of two 

sensors installed in parallel: the main sensor uses Intel RealSense D415 depth camera1; its 

fusion of RGB images and depth images, with 65 ° × 40 ° Horizontal and Vertical Field of 

View (Depth Field of View, FOV)), depth accuracy of better than 2% at 2 meters (in line 

with ISO 23798 standards), RGB frame The auxiliary sensor is Cell Phone, equipped with 

a 1920×1080 RGB camera with the same resolution as D415, which is used to simulate the 

monocular vision measurement requirements in real application scenarios. 

In the experiment, the RGB images acquired by D415 and iPhone are used as depth esti-

mation inputs, and the depth images acquired by D415 are used as the Ground Truth of the 

training data, as well as for supervised correction and performance verification of the 

model training process. The two cameras are calibrated to control the spatial reprojection 

error within 0.5 pixels, ensuring that the geometric calibration accuracy meets the meas-

urement requirements. 

 

Figure 6.Schematic diagram of the experimental apparatus. 

 
1https://realsenseai.com/stereo-depth-cameras/stereo-depth-camera-d415/ 



4.1. Internal parameter calibration 

In this paper, the planar calibration method proposed by Zhang [26] was used to calibrate 

the camera parameters. As shown inFigure 7, the joint calibration of the camera's internal 

and external parameters is accomplished by acquiring multiple sets of RAW images of 

checkerboard grid calibration plates with different attitudes. The calibration process satis-

fies the Overall Mean Error (OME) threshold of reprojection error is less than 0.5 pixel; 

and sub-pixel level accuracy of corner detection (optimized by Harris algorithm). 

 

Figure 7.Sample internal parameter calibration. 

The calibration results were analyzed as shown inFigure 8(a), with OME= 0.39 pixels. 

where img5 (error 0.62pixel) and img8 (error 0.58pixel) have a sudden increase in error 

due to the large tilt angle of the viewing angle, which is consistent with the error analysis 

model in Section 3.1. The orthographic view should also be used as much as possible when 

measuring the measurement object. As shown in Figure 8(b), the 3D reconstruction results 

show that the calibration plate plane fitting error is less than 1mm, which verifies the cali-

bration accuracy. 
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(a) (b) 

Figure 8. Calibration process based on Zhang[26]: (a)Reprojection error analysis of the sample image; (b) Sche-

matic of 3D spatial reconstruction. 

The internal parameter matrix, translation vector and rotation matrix can be obtained after 

calibration. 

The camera internal parameter matrix is shown in Eq. 6. 

925.4294 0 0

0 923.9288 353.1766

0 0 1

IntrinsicMatrix

 
 =  
   , 

(6) 

That is, ௫݂ = 925.4294, ௬݂ = 923.9288 , ܿ௫ = 0, ܿ௬ = ݏ ,353.1766 = 0. 

The translation vector is shown in Eq. 7. 

 -78.6910 -45.8527 1195.3614TranslationVector =
, (7) 

The rotation matrix is shown in Eq. 8 as follows. 

0.7178 0.0215 0.6959

0.0195 0.9998 0.0107

0.6960 0.0059 0.7180

RotationMatrix

− 
 = − 
   , 

(8) 

4.2. RAW image preprocessing 

To visually validate the method's effectiveness, the calibration sample img1 from Figure 

9was selected as a representative case. Using the D415 camera, the target's RGB image 

(Figure 9(a)) and corresponding depth image (Figure 9(b)) were acquired. Subsequently, 

the Monodepth2 self-supervised framework was employed to perform depth estimation on 

the sample, with the results visualized as a heatmap (Figure 9(c)). 



   
(a) (b) (c) 

Figure 9. RAW image preprocessing workflow:(a)RAW Image with ROI; (b) Depth image acquired by 

D415;(c)Depth estimated by Monodepth2. 

As shown in Figure 9(c), the camera position was slightly biased toward the left side of the 

measurement object, leading to a theoretically brighter (i.e., closer) left region compared 

to the right—a result consistent with expectations. However, it is noteworthy that while the 

depth (brightness) distribution of the measurement object's main plane appears non-uni-

form, this inconsistency with the actual "planar" nature of the object indicates the presence 

of estimation errors. 

4.3. 3D Perspective transformation and error analysis  

The original depth map (.npy format) of the ROI area was converted to a 3D point cloud, 

and then MATLAB was used to generate the scatter plot shown in Figure 10and the surface 

model shown inFigure 11. It can be seen that there is a significant error between the esti-

mated “plane” and the real value. 
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Figure 10.3D scatter plot of ROI region. 

 

Figure 11.Estimated plane vs. true plane. 

4.4. Grid Partitioning Impact on Correction Accuracy 

As shown inFigure 11, this paper employs a regional segmented correction method, which 

divides the entire Region of Interest (ROI) into M×N segments to calculate correction co-

efficients k individually. The following experiments verified the impact of different parti-

tioned regions on correction performance. Figure 12to Figure 14demonstrate the correction 

effects under various grid partitions. The comparison of correction errors in Table 1reveals 

a significant reduction in error as the number of grid segments increases. Considering com-

putational complexity, subsequent experiments adopted the M×N=36×30 grid partition 

configuration.  



 

Figure 12.Correction Error Comparison:12*10. 

 

Figure 13.Correction Error Comparison:36*30. 



 

Figure 14.Correction Error Comparison:60*50. 

Table 1.Error Analysis of Correction under Different Grid Partitions. 

Grid Partitions 
MAE RMSE 

Before After Before After 
12*10 0.2416 0.0200 0.2678 0.0261 
36*30 0.2416 0.0071 0.2678 0.0096 
60*50 0.2416 0.0040 0.2678 0.0057 

4.5. Error Correction and Result Analysis 

The ROI is corrected by some methods, so as to compare the accuracy difference of differ-

ent methods: 

Mean Normal Plane: the mean normal plane is parallel to the xy-plane, and the values of 

all the ROI points are averaged to get the value of the mean normal plane, which is then 

used to construct the mean normal plane. 

Least Squares Plane: a plane that is fitted by least squares to all ROI points. 

RANSCA plane: the ROI point cloud is treated with anti-outlier treatment, and then the 

least squares fitting is performed on the treated ROI points. 

The test results are shown inFigure 15 ~Figure 17. 



 

Figure 15.Correction method: averaging method. 

 

Figure 16.Correction method: least squares method. 



 

Figure 17.Correction method: RANSCA method. 

As shown inTable 2, the errors of this paper's method are compared with the comparison 

method. 

Table 2.Comparison table of error analysis. 

By comparing MAR and RMSE, it can be concluded that the average normal plane has the 

smallest error with the true plane, therefore an original ROI point cloud can be optimized 

into this plane first, and then further optimized towards the true plane. 

4.6. Quantitative Analysis of Correction Errors Across Operating Conditions 

To further validate the effectiveness of the proposed method under different operating con-

ditions, we conducted verification through the following multiple sets of experiments. As 

shown inFigure 18, Operating Condition 1 consists of four smaller bricks spliced into a 

single object to be measured, with chamfers on the brick edges. However, due to the small 

size of these chamfers, the depth sensor failed to effectively recognize them, and the image 

semantic segmentation also failed to distinguish the chamfers (potentially interpreting them 

as surface textures of the object). The corrected result is shown in Figure 19.As shown in 

Figure 20, Operating Condition 2 uses concrete test blocks spliced into two independent 

objects, each composed of 3×2 concrete test blocks. Similar to Condition 1, the system 

correctly identified the two independent objects but failed to recognize the individual 

blocks composing them. The corrected result is shown inFigure 21.As shown inFigure 22, 

Methods MAE RMSE 
Baseline (No Method) 0.2416 0.2678 

Mean 0.2396 0.2665 
LSM 0.2406 0.2674 

RANSCN 0.2416 0.2685 
Ours 0.0071 0.0096 



Operating Condition 3 uses concrete test blocks spliced into four independent objects, each 

composed of 2×1 concrete test blocks. The depth image estimated by Monodepth2 exhib-

ited lower discrimination compared to Conditions 1 and 2, but the overall error remained 

lower than that of Condition 2 (as shown inFigure 23).Table 3presents the error comparison 

under different operating conditions. 

(1) Operating Condition 1 

   
(a) (b) (c) 

Figure 18. Operating Condition 1:(a)RAW Image with ROI; (b) Depth image acquired by D415;(c)Depth esti-

mated by Monodepth2. 

 

Figure 19.Operating Condition 1:Correction Error Comparison. 

(2) Operating Condition 2 

   
(a) (b) (c) 



Figure 20. Operating Condition 2:(a)RAW Image with ROI; (b) Depth image acquired by D415;(c)Depth esti-

mated by Monodepth2. 

 

Figure 21.Operating Condition 2:Correction Error Comparison. 

(3) Operating Condition 3 

   
(a) (b) (c) 

Figure 22. Operating Condition 3:(a)RAW Image with ROI; (b) Depth image acquired by D415;(c)Depth esti-

mated by Monodepth2. 



 

Figure 23.Operating Condition 3:Correction Error Comparison. 

Table 3.Comparison Table of Error Analysis and Operating Conditions. 

Operating Condition 
MAE RMSE 

Before After Before After 
1 0.3011 0.008 0.3343 0.011 
2 0.5487 0.0229 0.6804 0.0683 
3 0.4722 0.0212 0.5337 0.0389 

Experimental results demonstrate that the proposed method exhibits significant accuracy 

advantages and robustness in monocular vision-based spatial measurement. As shown in 

Table 1's grid division comparison experiments, refining grid density from 12×10 to 60×50 

progressively reduces correction error: the corrected Mean Absolute Error (MAE) de-

creases from 0.0200 (12×10 grid) to 0.0040 (60×50 grid), while the Root Mean Square 

Error (RMSE) drops from 0.0261 to 0.0057. This trend validates the effectiveness of the 

multi-scale feature fusion strategy in optimizing local depth details through finer grid par-

titions.Table 2's performance comparison further highlights the method's superiority: at 

36×30 grid, our approach achieves MAE = 0.0071 and RMSE = 0.0096, outperforming 

traditional methods by a significant margin (average plane: MAE = 0.2396, least squares 

plane: MAE = 0.2406, RANSCA: MAE = 0.2416). The geometric constraint-based correc-

tion module dynamically allocates weights to mitigate foreground-background confusion, 

demonstrating its critical role in enhancing estimation accuracy.Notably, under complex 

background conditions (Table 3-Scenario 3), where four independent objects composed of 

2×1 concrete blocks are measured, the corrected MAE/RMSE remains low at 

0.0212/0.0389, outperforming Scenario 2 (3×2 concrete blocks, MAE = 0.0229, RMSE = 

0.0683). This indicates that semantic segmentation effectively isolates measurement tar-

gets from cluttered environments, while geometric constraints suppress cumulative errors 

in dynamic scenes. 

Overall, the integration of semantic guidance, multi-scale feature fusion, and geometric 

constraint correction substantially enhances Monodepth2's depth estimation precision, 

achieving state-of-the-art performance in both structured and moderately complex 



scenarios. Future work will focus on validating the method for curved/irregular geometries 

and refining semantic segmentation boundaries for higher ROI extraction accuracy. 

5. Conclusions 

This study proposes an optimized Monodepth2-based monocular vision measurement 

framework integrating semantic segmentation and prior geometric feature constraints. By 

introducing a fixed-weight correction module, the method achieves collaborative optimi-

zation of global depth estimation and local object-level geometric refinement, addressing 

the scale ambiguity inherent in monocular systems. Experimental validation on precast 

concrete specimens demonstrates that under 36×30 grid partitioning, the corrected MAE 

and RMSE reach 0.0071 and 0.0096 respectively, representing over 96% improvement 

compared to conventional approaches. Key innovations include: 1) a semantic-guided ROI 

extraction mechanism that filters distant non-target objects, 2) a symmetry-constrained 

fixed-weight correction strategy leveraging concrete component geometry, and 3) a multi-

scale feature fusion architecture balancing precision and computational efficiency. While 

the current implementation achieves sub-millimeter accuracy on planar objects, limitations 

persist in handling curved/irregular geometries and potential ROI extraction errors from 

semantic segmentation boundary inaccuracies. Future research will extend verification to 

complex geometries, explore LiDAR-vision fusion for enhanced robustness, optimize net-

works for real-time deployment, and investigate self-supervised learning paradigms to re-

duce dependency on labeled data. This work advances monocular measurement technology 

toward practical applications in intelligent construction and industrial metrology. 
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